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Abstract

Brain function emerges from interactions between multi-scale networks that can be modeled as
a set of interconnected neural mass models (NMM). While biologically inspired, these models
cannot directly reproduce the physics of laminar electrophysiology since they are not embedded
in a 3D space. Here we present a novel modeling framework to properly simulate multi-laminar
recordings by adding a physical layer to a generic version of a NMM, what we call LaNMM. Using
this formalism, we propose a specific model architecture able to represent fast (gamma) and
slow (alpha) oscillations of laminar recordings and show it can reproduce experimental findings
such as depth-frequency distribution, cross-frequency phase and amplitude coupling. While
most of the experimental findings are based on LFP data, susceptible to volume conduction
artifacts, we also analyse multi-laminar recordings of the prefrontal cortex of macaque monkeys
in order to extract more local measurements such as bipolar-LFP (nE) and current source
density (CSD), and use them to fit the model parameters with the depth power profiles. We
first observe that even if the dynamical parameters of the model are kept fixed, the dynamics of
physical quantities, including power profiles of LFP/nE/CSD, are highly sensitive to the choice
of synapse locations. Beyond our specific application with LFP multi-probe measurements in a
macaque model, this physically realistic modeling framework can be helpful to understand the
neural mechanisms behind the origin of oscillation generators in the brain and shed some light
into the controversial measuring issues of LFPs, bipolar-LFPs and CSD as well as provide a

better model for the coupling of NMM dynamics with EEG/MEG recordings.

Keywords: Laminar Neural Mass Model, Local Field Potential, Relative Power, Laminar

Recordings






Chapter 1

Introduction

1.1 Background and motivation

Brain function is the result of interactions between specialized, spatially-segregated areas of
brain networks [I]. For this reason, the brain can be modeled as a complex and dynamic
multi-scale network to explore the relationship between function and the underlying structure
(for a review see [2, 3]). In an earlier study [4], we proposed to represent the human brain as
a network of biologically realistic neural mass models (NMM), fitting model parameters with

subject-specific structural (MRI, DTI) and functional (EEG) data.

As a starting point, in that first study we relied on Jansen and Rit’s NMM [5] to describe cortical
column dynamics, with important limitations. On the one hand, this model can represent
oscillations only in one specific band for each parameter configuration. This can be a limitation
when modeling disorders such as Alzheimer’s disease, where there are multifrequency alterations
[6]. This can be remedied as in [7], but at the cost of considerably increasing the complexity of
the model. On the other hand, neural mass models do not per se reproduce the physics of laminar
measurements such as Local Field Potentials (LFP) or Current Source Density (CSD), since
they are not embedded in a physical 3D space. They do however provide a handle on synaptic
current sources and membrane potential, where physics modeling can begin. Physics modeling is
necessary to properly contrast model outputs with real electrophysiological recordings, including

LFPs, or, further down the line, EEG or MEG data.

There exist computational studies in the literature where NMM parameters are estimated from

rodent MUA, LFP and CSD data [8, [0, [10} [IT]. The approach taken in these papers to simulate

1



2 Chapter 1. Introduction

the laminar electrophysiological recordings is to sum the average membrane potential of the
populations of each layer as proxy for CSD [§] or to use simpler models and directly extract
the average membrane potential or firing rates of the pyramidal populations as the represented
MUA [9], LPF [1I] or CSD [I10] measurements. Other whole-brain computational models used
the same approach to relate with more macroscopic electrophysiological recordings (e.g., EEG)
in humans [12, [13] 14]. Yet, all these modeling approaches do not represent the NMM in space,
thus failing to realistically extract the laminar physics unlike other detailed compartment models

|15, [16).

The first objective of this thesis is to create a framework to model the cortical column physics
by embedding our NMM (Appendix in a physical matrix. In this framework, we can assign
coordinates in space (vertical axis) of apical and basal dendrites of the pyramidal populations
and therefore, the locations of each input synapse, which produce a flow of ions across the
membrane (a synaptic current). Then, using Poisson equation (the equation that governs the
distribution of electrostatic potential in biological media), we can extract the voltage profiles
(LFP), the normal component of the field (nE, or bipolar LFP) and CSD. We call this framework

laminar neural mass modelling, or LaNMM.

In order to model cortical circuitry dynamics, we derive a LaNMM model adapted to simulate
multi-laminar LFP recordings of the prefrontal cortex (PFC) of two macaque monkeys doing
a working memory task, which will be called McLaNMM. This dataset comes from previous
experimental work by A. Bastos and colleagues [17]. In that study, the main findings were that
1) LFP power was strongest in the gamma band (30-250 Hz) for superficial layers and in the
alpha/beta band for deep layers and that 2) there was a positive modulation index and a negative
Amplitude-Amplitude Coupling (AAC) from deep alpha to superficial gamma oscillations, as
well as a causal drive from deep to superficial alpha band (estimated with Granger Causality,

GQ).

The findings by Bastos et al. were in alignment with other studies where multi-laminar data from
the visual cortex of non-human primates were recorded [18, 19, 20} 2], 22] 23, 24]. Nonetheless,
there are some experimental discrepancies in these studies regarding the recording site (e.g., not
visual cortex) and the type of measurement. Bollimunta et al. [25], using bipolar-LFP and CSD
measurements, found alpha in superficial layers for all areas, but only in deep layers for the
visual cortices, and a drive from superficial to deep layers of alpha in IT (GC). Ninomyia et al.

(2015) [26], also using bipolar-LFP and CSD measurements, could replicate the findings in V1
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but not in SEF. Finally, Haegens et al. [27] found an increase of alpha power in deep layers
with LFP, but a shift towards superficial layers using CSD measurements (see [Appendix Al for a

literature review table with different animals, recording areas, tasks and measurement type).

A possible explanation for these discrepancies is that LEPs are recorded with respect to a distant
reference point and they represent the spatial line integral of the electric field (AV = — f: E-dl),
thus susceptible to volume conduction of currents originating from other near or remote sites and
common reference noise, which can affect the power distribution and the coupling measurements
(e.g. GC). Ultimately, it would be desirable to avoid referencing and/or volume conduction
issues by computing either the local normal electric field (approximated as the first spatial
derivative of the voltage along the linear array, which removes the referencing issue but not
volume conduction confounds) or the CSD (approximated as the second spatial derivative of the
voltage multiplied by the tissue conductivity, which takes care of both problems). CSD analysis
reveals the location, direction (inwards or outwards) and strength of the flow of ions, and is

widely used to distinguish the laminar location of recording sites [28, [17, 29).

In relation to this, the second objective of this work is to try to shed some light into these
issues by estimating the power profile distribution across the laminae of PFC in macaque
monkeys by computing bipolar-LFP (nE) and CSD from the available multi-laminar data
[17], together with the exploration of the different coupling schemes between the generators of

oscillatory activity.

Based on the initial LFP findings [17], the first version of the model, which we will refer to as
McLaNMM, since it simulates laminar physics of macaque depth recordings, is composed of a
population of neurons in superficial layers oscillating in gamma and a population of neurons in
deep layers oscillating in alpha. We have added a connection from deep to superficial layers in
order to simulate the drive from deep alpha to superficial gamma rhythms and other coupling
metrics such as MI and AAC. Finally, we derive the second version of the model by fitting the
parameters (synapse locations) with the preprocessed data (LFP, nE and CSD) to provide a
mechanistic understanding of the distribution of the oscillation generators across the laminae of

PFC in macaque monkeys.

1.2 Objectives

To sum up, the main objectives of this study are: 1) extend the NMM formalism to properly
simulate LFP, bipolar-LFP (nE) and CSD measurements and 2) process collected LFP data to
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extract bipolar-LFP and CSD measurements to then fit our model parameters.

1.3 Structure of the Report

This thesis is structured as follows. In the [Materials and Methods| section, we describe the multi-

laminar dataset and its preprocessing, the models used in this study (Synapse-driven NMM) and
the extension of the NMM formalism to properly represent laminar physics (LaNMM). Next, we
propose a specific LaNMM model to fit the macaque data (McLaNMM). In the section,
we first try to replicate the results obtained in [I7] with our dataset and study the influence of

the reference contact on the relative power profiles, complementing it with bipolar-LFP and

CSD power profiles. Then, with the first version of the model proposed in the [Materials and|
we try to replicate the LFP-based findings in [I7]|. Finally, we provide an updated

model that replicates the power profiles of LFP, nE and CSD measurements.



Chapter 2

Materials and Methods

In this section, we first describe the multi-laminar LFP recordings from macaque monkeys. This
data is from the same experimental dataset as in [I7] but involves different animals. Then,
we describe the Synapse-driven NMM, a useful reformulation of the work done by Lopes Da
Silva and van Rotterdam in the 70s [30, B1, [32], later used in models such as Jansen and
Rit [5] or Wendling [33]. This reformulation is done to generalize the equations and be more
flexible to create different column architectures. Next, we define the model architecture in
order to represent alpha oscillations driving gamma oscillations, which is a combination of two
well-known mass configurations, Jansen and Rit [5] and PING [34], 35]. Finally, we develop the
physical elements of the model to be added to a general NMM in what we call the LaNMM
formalism (Laminar NMM). This allows us to place the neuronal dynamics in space to implement
electromagnetic features and compare model outputs with LFP data [I7]. The specific model in
this study —with parameters optimized to fit multi-laminar LFP data from macaques— is what
we call McLaNMM. In we provide a summary table of the symbols used in the

next sections.

2.1 Multi-laminar recordings

LFPs from the prefrontal cortex (VLPFC, 46dv, 8A) of two macaque monkeys (Macaca mulatta)
were recorded using a linear array of multi-laminar probes (16 contact, U and V, Plexon) while
the animals were performing a working memory task, as described in [17]. For this study, we
selected the delay period of the task, and the transition between superficial and deep layers

was defined by a visual evoked CSD analysis of the LFPs, where the earliest reliable current

5



6 Chapter 2. Materials and Methods

sink was used as the zero point to align all the trials and sessions. We removed the contacts
belonging to the CSF as in [17], ending up with an average of 11 contacts per session. The
reference (ground) of the LFP recordings was on the PFC chamber. We also extracted the
first spatial derivative of the voltage along the linear array (nE, bipolar-LFP) and, in order
to minimize volume conduction and common noise confounds we computed the second spatial

derivative multiplied by the conductivity of the gray matter (CSD).

2.2 Synapse-driven NMM

Neural mass models (NMM) are essentially mathematical abstractions of the dynamics of the
average membrane potential and firing rates of a population of neurons in a cortical column [36].
In essence, a second order differential equation describes the currents in each of the synapses
that a neuronal population m receives from another one, n. A synapse represents the conversion
from an input pre-synaptic firing rate (¢,) to a membrane potential alteration of the membrane
potential (t,,,.,) of the post-synaptic neuron, which we represent with the linear operator L1

(a linear temporal filter),

Umsn (t) = L;nLn (Cmen Pn (t))

Lmen (Umen (t)) = Cren Pn (t)

(2.1)

where C,,.,, is the connectivity constant between the populations. Note that, for simplicity,
we use the index notation s to represent the connection/synapse from one neuronal population
to another, such that s = {m < n: C,,, # 0}. Then the linear operator that describes the

synapse dynamics is defined as

Lo (us(t)) = Ais (TS% + 2% + %) (1) (2.2)

where A; is the average excitatory/inhibitory synaptic gain and 75 the synaptic time constant.

In turn, the post-synaptic neuronal population sums the membrane perturbation from each
of the synapses or external perturbations (such as an external electric field), converting its

membrane potential (v,,) to an output firing rate (¢,,) in a non-linear manner using a sigmoid
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function,

Um(t) = Zus(t)

Pm(t) = om (Um(t)> (2.3)

2¢
Om (Um@)) - 1+ er(voo—vm(t))

where g is half of the maximum firing rate of each neuronal population, v is the value of the
potential when the firing rate is ¢y and r determines the slope of the sigmoid at the central

symmetry point (vg, ¢o). See Table [3| for the standard parameter values of the model equations.

This is what we call a Synapse-driven formulation of a NMM (Fig. , and the model equations
are derived from the original Jansen and Rit NMM [5]. See for the detailed

formulation of the model.

Synapse § Populationn
251
1 Un Pn
(pn—o©- LS U Uy On —
Us

Figure 1: Diagram of the two fundamental components of the synapse-driven formalism. Each
synapse s is represented by the linear operator L;'. A neuronal population n is represented
by the summation of all the pre-synaptic membrane perturbations u,, and by the non-linear
transformation o, of its membrane potential v, into its firing rate ¢,,.

2.3 Model architecture

In order to generate the dynamics found in previous studies [17), 20, 19, 21}, 26], 37, 24], which
found alpha oscillations driving gamma activity, we have combined two well known computational
models. Slow oscillations are represented by the Jansen and Rit NMM [5], and the fast ones by
the PING model [34], 35], described in [Appendix B.2| and [Appendix C| respectively.

The Jansen-Rit model (Fig. and B, layers IV and V/VI) is composed by a population
of pyramidal neurons, P, a population of excitatory cells (interneurons or other pyramidal
populations in layer IV), E, and a population representing slow inhibitory interneurons, I
(e.g. somatostatin expressing cells). PING (Figl2]A and B, layers II/III) is composed of two
populations: a pyramidal population, P’, and fast oscillatory interneuron population, I’ (e.g.

parvalbumin+ basket cells). The connectivity between these models is directed from slow to fast
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Figure 2: A) Diagram of the model equations. B) Illustration of the neuronal populations with
synapse location sites (the locations are used in LaNMM, section . C) Membrane potential,
vp, of each population and its power spectrum with the mean of the external input noise given
by @er+ = 200. D) Bifurcation diagram with respect to the mean of external input, .., modeled
as pink noise.

(Cs, Fig. [2), as suggested by experimental data [17, 18] 21), 23], 26], 24]. The geometric/anatomical
connectivity in this case is not taken into account at this stage to keep the model as simple as
possible, focusing just on the dynamics. Fig[2] C shows the membrane potential of each of the
populations (color-coded) and its PSD profile for an external input noise ¢¢,; with a mean of
200 Hz. Fig[2] D is the bifurcation diagram of the model with respect to the mean input noise of

@ext (also color-coded).

The parameters of the model (Fig. [2|) are described in Table , and the equations, expressed in
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the synapse-centric formalism in [Appendix B] are the following:

== Cl(,OE == claE(vE) == OlO'E (U4(t))
= Copr = Cyor(vr) = Coop(us(t))

(2.4)

Table 1: Model parameters. The parameters for the deep neural populations are taken from [5],

and for the superficial populations from [35]. The only additional parameters defined are the
ones associated to synapse s = 6, so that deep oscillations modulate the superficial ones.

[ Synapses [ Cs | A; mV) [ 75 (s1) [ layer |

1 108 3.25 100 5)
2 33.75 -22 50 5
3 1 3.25 100 1
4 135 3.25 100 5
5 33.75 3.25 100 5
6 40 18 108 2
7 10 18 108 2
8 560 -30 132 2
9 0.0067 18 100 1
10 40 18 108 2
11 400 -30 132 2

2.4 LaNMM and McLaNMM

By LaNMM we mean here a framework to build specific laminar models that unite the synapse-
centric formalism with physics. Here we describe a specific model built using this framework,
that we call McLaNMM. The name reflects the fact that we have designed it to match macaque

intracortical data.

More specifically, we work with a column of layer width A, cortical width 6k, and with a uniform

conductivity o. Given their anatomical characteristics (elongated form factor, which enhances
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the effects of electric field on membrane polarization), organization (horizontal connectivity,
homogeneous orientation in cortical patches and temporal synchronicity), cortical pyramidal

cell synapses are the main electric current and field generators 38|, 39].

The apical and basal dendrites of the pyramidal populations, with locations across the vertical z
axis (Figf3| z € [1,6]) will be the location of the input/output currents of each of the synapses
(sinks and sources, respectively). Each synapse perturbation us has its own location in space
now (z;) and will produce a flow of ions across the membrane and, therefore, a synaptic current,
I, (Amperes). Moreover, the membrane perturbation generated by an injected current depends
on several factors, including cell morphology and membrane conductivity. We represent these

factors with a gain factor 7, (A/mV) and write

Nt (21) if z; is the location of s
Ii(z) = (2.5)
0 Otherwise

Note that, for simplicity, we have removed the time dimension of the equations.

Each injected current is accompanied by a capacitive return current (charge conservation),
generated by charges accumulated in the membrane. In the current version we model this by
assuming two isotropic media with conductivities o = 0.40 S/m (gray matter) and oo = 1.79
S/m (CSF) [40] and a common planar boundary (Fig[3]A). The potential induced by a set of

point current sources in a space with two conductive media separated by a plane is [38]:

Vo= S ae (e 7 2

Here R (z) and Ry(z) are the distances from current source and mirror current source to

the recording point (z), respectively (Fig). Once the potential is evaluated, the normal
component of the electric field can be computed from its gradient. We can estimate the CSD

(A/m3) from the electric potential using

CSD(z) = — (V(z +z) =2V (2)+ V(z— 52)) (2.7)

o
(02)?
where o (S/m) is the tissue conductivity (|41} [42]). The values at the boundary layers are not
evaluated. We assume, based on previous studies [43], that inputs to apical dendrites (layer
location z,) create a CSD contribution at the basal dendrites at two locations (layer z, and

2p+1) with half contribution to each, since there are more dendritic ramifications at the soma of
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the pyramidal neuron (Fig[3B). On the other hand, inputs to the basal dendrites (z;) create a

return also on the layer above (z,1). That is,
CSD(z,) ZI 24)

CSD(z,) ZI e ——ZI %) (2.8)
CSD(zp41) ZI 2 ——ZI 2q)

with (charge conservation) ) CSD(z) = 0.

In FigBC-E we can observe the different measurements that we can extract from this physical
layer of the NMM (éz = 1/72). The synapse locations are specified in Table [I]and in Fig[2A.
We can further extract from this model the dipole current density J, outward normal to the
surface, generated by each pyramidal population, which can be used, for example, to predict
scalp potential measurements in a rapid manner. Furthermore, this model allows for a realistic

representation of the interaction with an external electric field, such as transcranial magnetic or

electrical stimulation. For further details, see [Appendix D]

Al Z'-‘---b\fsf Z5)--2 B) . ” Source
I
\\ 1] o
2 Il 8
N T 3
27 B v 1 3
g = /21a Iy 3,
AV V - IR B . -~
Zp Qﬁk
L To(zp) )
X Rt s
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@
< o 2
— 3 3
3 < 2
= 3 3
— aw
T T T T 0.0 —-58.08 T T T T Sink
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Figure 3: LaNMM and physical features of the McLaNMM. A) Diagram of the equation . B)
Schematic representation of the CSD configuration as in equation C) Voltage profile of the
McLaNMM taken from equation [2.6, D) What we call the normal component of the electric
field (E,), which is the differential of V across the vertical axis(z). E) The CSD as computed in

Equation [2.7]
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2.5 Simulation specifications

The models above have been implemented in Python 3.0. We’ve developed an in-house code
PyLaNMM 1.0 as part of Neuroelectrics’ Turing library for hybrid brain modeling |4, 44]. This
is a synapse-oriented / object-oriented implementation with hierarchical classes for synapse,
neuron, column and cortex, using a fourth order Runge-Kutta solver with a sampling rate of 500
Samples/s. The implementation calls for specification of a sampling frequency, an architecture
for the column as well as of external inputs (synaptic and electric field). After the model is run,

noise is added (20% of standard deviation of signals) prior evaluation of connectivity metrics.



Chapter 3

Results

3.1 Multi-laminar recordings data analysis

We first used the model to replicate the main results in Bastos et al. (2018) [I7] using available
data from the same experimental protocol, i.e., processing multi-laminar LFP recordings with
the reference in the PFC chamber. The only limitation was that since we didn’t have access
to data from two adjacent probes in this dataset we could not compute the Granger Causality
measures as in [I7]. Nonetheless, we focused on replicating 1) the relative voltage power peak
on superficial layers in the gamma band and on deep layers in the alpha/beta, 2) the positive
modulation index (voltage PAC) and 3) the negative voltage AAC from deep alpha/beta to

superficial gamma.

To evaluate the difference in voltage power across each laminar probe, we normalized the power
at alpha/beta (4-22 Hz) and gamma (50-250 Hz) frequency bands (as in [I7]) and averaged
them for all animals, PFC areas, sessions and trials (Fig.). The peak gamma power (red
line) occurred in superficial layers, 200 um above the sink, and the peak of alpha/beta power
(blue line) occurred in deep layers, -1000 ym below the sink. The intersection point between
the profiles occurred between -200 pm and -400 pm, very close to the location of the CSD sink.
Hence, gamma power was prominent in superficial layers and alpha/beta power in deep, as in

Bastos et al. (2018) [17].

To test whether the phase/amplitude of the slower frequency band coupled with the amplitude
of the higher-frequency band, we used phase-amplitude coupling (PAC), amplitude-amplitude
coupling (AAC) and Modulation Index (MI). Both PAC and AAC are computed extracting

13



14 Chapter 3. Results

the phase and amplitude of the band-passed signals (in alpha/beta and gamma bands) using
the Hilbert transform. The MI is computed as the entropy of the phase-amplitude histogram,
with phase measured in the alpha/gamma band and the amplitude in the gamma band. The
statistical significance of these values was assessed with a one sample, two-tailed t-test, where
the null hypothesis was that the average is not different from zero (scipy.stats.ttest 1samp in

Python).

We found that the influence from superficial alpha/beta phase modulated both superficial and
deep gamma amplitude (Fig. and C) and that the influence of deep alpha/beta amplitude
modulated superficial gamma amplitude (Fig). Nonetheless, most of the AAC values were
not significant. These results do not seem to be consistent with the findings of Bastos et al. [17],
even though here we used different animals and there could be some unidentified differences in

the data-processing.

We then further investigated the effect on these metrics 1) when using a local reference (i.e., the
first gray matter contact) instead of the global reference used here (PFC chamber) and 2) when
computing the local normal electric field and the CSD (Appendix .

3.2 Measurement study

To explore the effect of the reference point in the LFP measurements, we have computed the
LFP power profile of the same data with different reference points: the PFC chamber (Fig,
same as in Fig[4A), the first electrode contact in the gray matter (Fig[jB) and the last (Fig[5(C).
To complement these results we also evaluated the relative power of the bipolar-LFP (or nE)
and CSD measurements (Fig[5D), in order to mitigate the impact of possible far-field sources

and referencing artifacts, and get the local current flow.

We observe that the reference point location has a big impact on the LEFP power profiles, leading
to a peak of the alpha power in superficial layers when the reference is located in the last contact

of the probe.

Considering the definition of voltage, AV = — f; E - dl (where a is the reference location and
b the location of the measured point), and the results obtained for bipolar-LFP and CSD
measurements, we can see that the alpha and gamma generators could be placed in superficial
layers. If we observe the LFP profiles of alpha in Fig[pA,B and C, between contact by and bg

there is a significant increase in power compared with the power between bg and by, where it
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Figure 4: LFP measurements averaged across sessions, trials and animal specimens. A)
Normalized power averaged across low (4—22 Hz, blue line) and high (50—250 Hz, red line)
frequencies. Error bars £ 2 SEM. B) Modulation Index (MI) and C) Phase-Amplitude Coupling
(PAC) between the phase of alpha/beta oscillations and the amplitude of gamma oscillations. D)
Amplitude-Amplitude coupling between the amplitude of alpha/beta oscillations and amplitude
of gamma oscillations. The dashed black line denotes the transition from superficial to deep
layers. White entries represent pairs of contacts that did not show statistically significant
measures (p-value>0.05, testing the null hypothesis that the average is not different from 0 in a
1 sample, 2-tailed t-test)

plateaus. That means that the spatial integral in the vertical axis sums significant power of
alpha between the contacts in superficial layers compared with the ones in deep layers. Moreover,

the peak of alpha in nE and CSD measurements occurs in superficial layers as well.

Altogether, we found that both gamma and alpha oscillatory generators could be located in

superficial layers, as opposed to what it was previously reported in Bastos et al. (2018) [17].

3.3 Voltage measurements in McLalNMM

We first sought to replicate the same results as in Bastos et al. (2018) [I7] with the McLaNMM
model (Fig. We used the parameters specified in Table |1}, with gain factors 7ge, = 107° for
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Figure 5: LFP relative power profiles with different reference points, bipolar-LFP and CSD. A)
LFP relative power, same as in Fig@A, with the reference in the PFC chamber. B) Same LFP
data re-referenced to the first contact of the gray matter. C) Same LFP data re-referenced to the
last contact. D) Bipolar-LFP (nE) and CSD relative power profiles, invariant of the reference
point. The yellow contact, a, denotes the reference point, and b. the different measurements in
contacts ¢ = 2,6, 10. The transition between superficial and deep layers happens between the
contact 5 and 6.

the deep layer populations and 7, = 107 for the superficial ones, in order to take into account
the amount of synapses in each layer and the population morphologies (sampling rate 500 S/s

and simulation time 60 s).

Spectral Granger Causality (GC), a measure of statistical prediction between time series [45],
was computed using the spectral connectivity library in Python, for simulated LFPs of two
different columns with independent input noise sources (Fig[6]A). We found that GC spectrum
had peaks in the alpha/beta range, and that directed interactions were asymmetric: deep layer
alpha/beta drove superficial layer alpha/beta more than the other way around. These findings
are identical to those found in Bastos et al. (2018) [17].

To evaluate the difference in voltage power across layers, we normalized the power of alpha
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(8-14 Hz) and gamma (30-50 Hz) frequency bands for one cortical column (Fig[6B). Similar to
Bastos et al. (2018) [I7], the peak gamma power (red line) occurred in superficial layers and

the peak of alpha (blue line) occurred in deep layers.

To test whether the phase/amplitude of the slower frequency band coupled with the amplitude
of the higher-frequency band we used the same metrics as in the previous section: MI, PAC,
and AAC. We found that the influence of deep alpha phase coupled with superficial gamma
amplitude, and that it was stronger from deep to superficial than in the reverse direction (Fig@C

and D). Moreover, deep layer alpha power was negatively correlated with superficial gamma

power (Fig@E).

These findings, even if simplistic, are aligned with the results of Bastos et al. (2018) [17],
suggesting that this model can properly simulate the main features of multi-laminar LFP

recordings of macaque monkeys.

3.4 Model fit with power profiles

As mentioned in the introduction, we also wanted to explore the model performance in simulating
the power profiles for different measurements: LFPs (voltage), bipolar LFPs (normal component
of the electric field, nE) and CSD. Since the current model configuration was just to represent

the voltage measurements, we have explored different model parameters configurations in order

to obtain the desired power profiles (Fig[7A).

The choice of parameters was such that the dynamics of the model didn’t change, so we had the
same oscillatory activity in the populations, but the physics did. For this reason, we chose just
the parameters that influenced the physical measurements: the location of the synapses (Table

[1] location) and the synaptic gain 7,.

We explored all possible combinations of such parameters and found that changing the synaptic
gain, 7,, we didn’t obtain any realistic profile distribution. With the change in the synapse
locations we found more realistic profiles. The one that best matched the data is shown in
Fig, where we just change the location of the synapse s = 2 (Table , corresponding to the
synapse from the slow inhibitory interneuron to the pyramidal one in deep layers, from location
5 to location 1. This result is consistent with the anatomical circuitry of a column, where the
slow interneurons, such as somatostatin expressing cells, synapse to the apical dendrites instead

of the basal ones [40], 47, [48].
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Discussion and Conclusions

4.1 Discussion

The relative power distribution across layers depends on the choice of the measure-
ment. Figures 5| and show that the distributions of the relative power varies significantly
depending on the type of measurement. The distribution of the peak of alpha power shifts
to superficial layers when measuring CSD or bipolar-LFPs, in agreement with other existing
studies [I8, 27]. Altogether, most of the studies that find the peak of alpha in deep layers are
based mostly on monopolar LFP recordings, with a remote reference away (on top) from the

electrode contacts 17, 20} 19| 49, 23].

The reference issue can be addressed by using bipolar measurements or CSD estimates. Monopo-
lar measurements (LFP) and bipolar-LFPs, unlike CSD measurements, are susceptible to volume
conduction from remote sources since they represent the spatial integral of the electric field
(AV = — fabE - dl) between two reference points. Therefore, in order to properly interpret
LFP measurements, it is important to take into account the slope of the LFP power signal and
complement it with more local measurements such as nE, CSD or MUA [25, [I8]. Another way
to complement the measurements is to re-reference the data to more local electrode contacts, as

studied by [26, 23] 27].

A recent study supports our findings regarding the location of alpha sources using micro- and
macro-electrodes in epileptic patients, suggesting that alpha is dominated by currents and firing
in superficial layers and that it reflects short-range supragranular feedback that propagates from

higher- to lower-order cortex and thalamus [50]. Further work employing laminar simultaneous

20
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recordings in different brain areas of animal models can shed light to determine if this is

consistent across species and tasks.

It is important to note that other factors may influence the power profiles across layers: recording
area [27), 26], 25], task type [23, I8, 27, 24], and experimental procedures, such as electrode
placement [26]. The proper identification of the transition between superficial and deep layers,
which should also depend on the recording site |29, [19, 26], can also be a confound when
comparing across studies. Therefore, future work should consider thoughtfully all these factors
and not generalize the conclusions to other areas and tasks, while trying to establish a golden

standard for the experimental procedures (as suggested by [20]).

Our modeling framework can help shed some light into the generation of cortical
rhythms across the laminae. In this study we showed that our modeling framework is
able to represent the different oscillatory rhythms across layers and couplings (Fig@, and the
different laminar measurements extracted from multi-contact electrodes (Fig. in a physically
realistic manner. Moreover, the choice of synapse locations has proven to be a critical element
to fit the model to the available data, and has driven the model to a realistic architecture with

the slow inhibitory interneuron synapse in layer I.

Limitations. There are several limitations regarding the physical modeling framework we
propose in this study (LaNMM). First, when estimating the voltage of the cortical column model
(Eq. , we assume the column can be represented as a single dipole and that the measurement
point is relatively far from it. In reality, there is a field of dipoles in the cortical surface/patch
and the measurement contact can be placed exactly where the main dipole is located [39]. Other
modeling approaches, such as describing the sources as homogeneously distributed in the the
horizontal plane, can be explored. Moreover, in our estimation of CSD from data we implicitly
assume that all currents occur in a vertical axis, whereas in order to properly extract the CSD
we need measurements in 3D space. This assumption could be supported by the fact that
pyramidal cells are oriented perpendicular to the surface and they are thought to be the source

of cortical dipoles for they elongated shape [39, 3§].

Another limitation of this work is that the presented model (McLaNMM) is a relatively simple
model, which has just two pyramidal populations located in deep and superficial layers, oscillating
in alpha and gamma bands, respectively. This model architecture is inspired by the experimental
work of Bastos et al. (2018) [I7] and references therein. We didn’t explore all possible locations

for the pyramidal populations. These were fixed, and then only the synapse locations in their
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apical or basal dendrites were varied.

As future work, we can explore all range of possibilities: pyramidal cell locations, synapse
locations, and even creating new synapses (without changing much the oscillatory dynamics), in
order to explore other models proposed in the literature [17, 29, 511, [50]. Furthermore, we could
analyze different input schemes (for ¢..;), which instead of using pink noise, could represent

different oscillatory rhythms as proxy for inputs from other cortical areas or the thalamus [50].

4.2 Conclusions

In this study we extended the NMM formalism (LaNMM) to simulate electrophysiological
measurements from laminar multiprobes. We used this framework to simulate and match several
features of LFP recordings from macaque data. This was achieved with a specific laminar model:
McLaNMM. We fitted model parameters and architecture in order to match the relative power
profiles across depth for alpha and gamma oscillatory activity, for different measuring schemes
including the LFP itself as well as bipolar-LFP and CSD. This resulted in the McLaNMM
architecture —including the specification of synaptic locations, which proved to be an important
element. This physically realistic modeling framework will be helpful to understand the neural
mechanisms behind the origin of oscillation generators in the brain and shed some light into the

controversial issues regarding the measurement of LFPs, bipolar-LFPs and CSD.
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Appendix A

Literature review table

Table 2: Literature Review on layer specific oscillations and couplings (Order by publication
date). Abbreviations: Rat in Vitro (RV), Rat (R), Macaques (M), Rhesus Monkeys (RM),
Humans (H), Computational Model (CM), Marmoset (Mt), Resting-State (R-S), Visual Evoked
Potentials (VEP), Working Memory (WM), Local Field Potential gradients (LFPg), Superficial
layers (Sup.), Deep layers (Deep), layer (1), Granger Causality (GC). Red colored text indicates
discrepancies in the general findings [17]

’ Ref. ‘ Animal‘ Area ‘ Task ‘ Measure ‘ Sup. ‘ Deep‘ Couplings ‘
Roopun
RV Al, S1 - Cell rec. 5 52 -
(2006)[53]
MUA
a
Bollimunta V2, V4, LFP- GC from Deep a to Sup in V2 and
M Sensory @ (v2,
(2008)[25] IT bipolar va) V4 but the opposite for IT.
CSD
Sun R-S and
R V1 Cell rec. 0 a -
(2009)[54] visual
Roopun RV,
Al, P - Cell rec. ¥ B -
(2010)[55] CM
Maier R-S, Coherence between Sup-Sup and
M A\ LFP v @
(2010)[20] Visual Deep-Deep but not Sup-Deep.
Buffalo V1, V2, MUA,
RM Visual 0 « -
(2011)[19] V4 LFP
LFP,
Bollimunta Visual, CSD (au-
M V1 «@ « GC: Deep « drives Sup «
(2011)[18] auditory ditory),
MUA
LFP-
Spaak +PAC and -AAC from Deep a to
M Vi1 R-S bipolar ¥ «
(2012)[21] Sup v
CSD
Giraud H, R-S 0
Al SEEG ¥ PAC from 6 in I-IV to Sup ~.
(2012)[51] CcM Speech (Iv)
Xing MUA
M V1 Visual ¥ - -
(2012)[22) LFP
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Smith
M V1 Visual LFP 0 « -
(2013)[9]
van CSD,
Kerkoerle M V1, V4 Visual MUA, ¥ « GC: Deep a drives Sup «
(2014) 23] LFPs
Godlove
M SEF Visual LFP ¥ - -
(2014)[29]
Sotero ’ 0, PAC: from 6, a to 7y in the same lay-
R S1 R-S CSD o,
(2015) |56] 5 B, ers (mostly Sup).
v
Y
+PAC/MI between « phase in Deep
Ninomiya LFP-
M V1, SEF | R-S, VEP ¥ e’ and v amplitude in Sup (V1, not
(2015)[26] bipolar
SEF).
R-S LFP
Haegens V1, S1, «@ «
M Sensory MUA -
(2015)[27] Al CSD| LFP
Stim. CSD
Nandy
M Vi1 Attention | LFP - B,
(2017)[57)
Bastos LFP GC of a from Deep to Sup., +MI
M PFC WM ¥ «a
(2018)[17] MUA and -AAC from Deep «, 8 to Sup ~
ECpG, PAC/MI: § phase modulated 6
Front. iEEG, power. Both ¢, 6 in Sup. modulated
Halgren R-S vs.
i H Temp. LFPg- 6,0 - the power of «, 3, in both states of
(2018)[58] Sleep
Par. bipolar, the rest of the layers, and the power
CSD was maximal in the up phase.
Bonaiuto Visual At-
H V1, S1 MEG ~y «a -
(2018)[37] tention
Johnston 8ad, lat- 0 «
Mt Visual LFP -MI of Deep « to Sup. 7.
(2019)[24] Parietal 8ad | 8ad




Appendix B

From Jansen and Rit to a Synapse-driven

model

B.1 Jansen and Rit model description

In 1993 Jansen and Rit [59] developed a model of a cortical column which consists of three
different neural populations: Pyramidal neurons (P), inhibitory interneurons (/) and excitatory
interneurons (E). The state variables of the model are the membrane potential and the firing
rate of the neuron populations, and they are linked by two different transformations that shape
the classical properties of neurons: the pulse-to-wave, h(t), and wave-to-pulse, o(v) functions

52, 60].

The o(v) operator, also called "wave-to-pulse", introduces a nonlinear component that transforms

the average membrane potential of a population, v(t), in mV', into the average firing rate, o(t):

olt) = o (0(0) = T (B.1)

where ¢ is half of the maximum firing rate of each neuronal population, v is the value of the
potential when the firing rate is ¢y and r determines the slope of the sigmoid at the central

symmetry point (vg, o). See Table [3| for the standard parameter values of the model equations.

The h(t) operator, also called "pulse-to-wave", converts the average rate of action potentials

into an average post-synaptic potential, either excitatory, hg1(t), or inhibitory, hy(t). The

37
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Table 3: Parameters, description and standard values of the JR synapse model. Values taken
from [5]

Parameter | Description Value
As Average excitatory and inhibitory synaptic gain i;;3:747i2—2'37.j‘5/mV
- Time constant of average excitatory and inhibitory post | 71345 = 10051
s synaptic potentials Ty = 50571
C; = 108.
. . Cy = 33.7
c. Average number of synaptic contacts between population Oy =1
types Oy = 135.
Cs = 33.75
Vo Potential when 50% of the firing rate is achieved 6mV
©wo Half of the maximum firing rate 2.5 Hz
r Slope of the sigmoid function at v 0.56 mV 1

transformation is done through a second order differential linear transform whose equivalent

impulse response is given by:

Ate=tIm t>0
h(t) = (B.2)
0 t<0

Each of these post-synaptic boxes corresponds to solving a differential equation such as:

it) = 2 () — Zalt) - —u(t) (B.3)

T T T2

where ¢(t) is the output of the sigmoid function (average firing rate of a population) as well
as the input to the linear function h(t), and u(t) is the membrane potential alteration in each
of the synapses. The parameters A and 1/7 represent the maximal amplitude of excitatory
or inhibitory post-synaptic potential and the average time constant for each synapse type,

respectively.

This second order differential equation can be decomposed in a system of two equations,

A 1 1 (B.4)

There are thus three main state variables in the model: the average membrane potential of

each of the subpopulations of the system: vp(t) for the pyramidal cells, and vg(t), v;(t) for the
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th @ .fﬂp h, | o
I

Figure 8: Diagram of Jansen and Rit equations, adapted from [52]

excitatory and inhibitory interneurons, respectively. Here vp is the main output of the model
since the sum of the membrane potentials of the pyramidal neurons has been typically used as a
proxy source of electrophysiological signals such as LFPs and EEG (dipole generator). This

approximation will be revised by future follow-up work using the LaNMM framework.

The Jansen and Rit model can be described with a set of six differential equations, with each

pair corresponding to each of the populations:

UQ (t) — Us (t)

lt) = 2 o (1a(8) = )| = 220(6) = ()

U () = ua(t)

tig(t) = ’?_—11 [fen®) + Cap (Crua(0)] = 2:-us(t) - Tilzulu) B9
i(t) = us()

is(t) = f—; [0401 (CgUO(t))] - 2%u5(t) - %ug(t)

For an illustrative description of the model equations see Figure In this cortical column
configuration the membrane potential of the pyramidal population is vp(t) = u;(t) — us(t), the
membrane potential of the inhibitory interneuron population is v; = C3ug and of the excitatory

interneuron population is vy = Cluy,
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B.2 Derivation of the Synapse-driven model from Jansen
and Rit equations

We can rewrite the Jansen and Rit NMM focusing on the dynamics each of the synapses
independently, which will allow us to generalize the equations and simplify the definition of
the neural dynamics for the development of more complex models. We will define a new
linear operator, L‘l(-), to transform pre-synaptic average firing rate form neuron n, ¢, into

post-synaptic membrane perturbation of neuron m, . :

Umsn (t) = L;nLn (Cmen Pn (t))

Ly (umen(t)) = Chen on(t)

(B.6)

L71(-) is the inverse of the L(-) operator and can be expressed as an integral (convolution)

operator using the typical h(t) box function,

L7 (f@) = /OO dt' h(t —t') f(t)

—00

Note that, for simplicity, the index s will represent the connection/synapse from one neuronal
population to another m < n, where n,m € [P, E, I, ext] and (m,n): Cy,p, # 0}. Then, we

can define the linear operator Ly(-) that represents the synapse dynamics as:

Lu(us(0) = <57 L i>us<t> (B.7)

Ts

The sum of each pre-synaptic perturbation into neuron n is the membrane potential of the

post-synaptic neuron, v,,,

on(t) = 3 (1) (5.3)

and the average firing rate of the neural population, ¢,,, is the output of the non-linear function,

P (t) = o (vm (1))

2g00
O'm(vm(t)) = 1 4+ er(vo—vm(t))
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Within the synapse-driven formalism, the Jansen and Rit equations specify the dynamics as a
function of the average firing rate for each neural population ¢,,, the average membrane potential

for each population v, and the membrane perturbation per each synapse u,

) )

) )

)) = Capp = Cso(vp) = Csor(ua(t) + us(t) + ua(t)) (B.10)
) )

))

The diagram and dynamics of the Jansen and Rit NMM in the Synapse-driven implementation
is represented in Figure [9] Figl9| C shows the membrane potential of each of the populations
(color-coded) and its PSD profile for an external input noise ., with a mean of 200 Hz. Fig@ D
is the bifurcation diagram of the model with respect to the mean input noise of ¢.,; (also

color-coded).
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Figure 9: Jansen and Rit Synapse-driven model. A) Illustration of the neuronal populations
with synapse location sites. B) Diagram of the model equations. C) Membrane potential, v,,,
of each population and its power spectral density with the mean of the external input noise
given by ¢.,; = 200. D) Bifurcation diagram with respect to the mean of external input, @e.,
modeled as pink noise.



Appendix C

Pyramidal Interneuron Gamma model -

PING

The Pyramidal Interneuron Gamma model (PING) involves the combination of a pyramidal
population and a fast inhibitory interneuron (e.g. Basket cells). In the synapse driven formalism,

the parameters are summarized in table Table [4] and the equations are

)) = Cipp = Cro(vp) = Cio(ui(t) + us(t) + us(t))

)) = Copr = Coo(vr) = Coor (ua(t) + us(t))

)) = Capea() (C.1)
)) = Capp = Cyo(vp) = Cyo(ur(t) + ua(t) + us(t))

)) = Csip1 = Cso(vr) = Cso (ua(t) + us(t))

The diagram and dynamics of the PING NMM in the Synapse-driven implementation is
represented in Figure Fig[10] C shows the membrane potential of each of the populations
(color-coded) and its PSD profile for an external input noise @.,; with a mean of 200 Hz.
Fig[10] D is the bifurcation diagram of the model with respect to the mean input noise of ..

(also color-coded).
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Figure 10: PING Synapse-driven model. A) Tllustration of the neuronal populations with
synapse location sites. B) Diagram of the model equations. C) Membrane potential, v,, of each
population and its power spectral density with the mean of the external input noise given by
et = 200. D) Bifurcation diagram with respect to the mean of external input, .., modeled
as pink noise.

Table 4: Parameters, description and standard values of the PING synapse model. Values taken
from [35]. Here, we have modified the 7 parameter so the neural mass oscillates in slow gamma
instead of fast gamma.

Parameter | Description Value
A Average excitatory and inhibitory synaptic gain Arga=18mV
s g y Y synaptic g Ags = 22.mV
Time constant of average excitatory and inhibitory post | 7134 = 108571
Ts . . _ -1
synaptic potentials To5 = 1325
Cy =10
. . Cy = —560
C Average number of synaptic contacts between population Cy = 0.6
A =0.
types Cy = 40

Cs = —400




Appendix D

LaNMM dipole and external stimulation

response model

In our framework, we assume that there are two types of dipole generators for a pyramidal
neuronal population n depending on the location of the synapse—basal (z}') or apical (z7)
dendrites. A dipole, is essentially represented by an orientation (perpendicular to the cortex
here), the current induced by a synapse (I) times the separation between the sink and the

source,

J~TAz

If the synaptic input is apical (with location z'), we assume it has two returns [61]: one in the
basal location, and one in the layer just above, each contributing 1/2 of the return needed for
current conservation (see equation or Fig. [3B)). By superposition (Maxwell’s equations are

linear), we can think of this as the sum two dipoles, each contributing its own dipole,
Ja = _§]a (za - Zb) - 510, (za - (Zb + h)) = Ia (Za - Zb) - §Ia h

where h is the layer thickness and the signs for each term are due to the sign of the current in

the neuron.

Notice that here we have switched from a generic synapse index notation to a more convenient

one identifying neuron and apical /basal dendrite, as in s ~ (n,a/b).
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If the input is basal (z}'), we assume a single return from the layer above, or

Finally, the total dipole generated by neuron n is the sum of each synpse-return contribution,

1
JN= I =) = Sk (D.1)

We take the total column dipole to be the sum of pyramidal cell dipoles, i.e., with J =" _J".

The LaNMM formalism can also be used to represent the effect of an electric field of endogenous

ephaptic) or exogenous (tES, TMS) origin on the membrane potential, adding the term ug in
g g

Equation [B.§]

U (t) = up + Y uy(t) (D.2)

This formulation is called the AE model and it is represented in Fig. [11] see[62].

As a proof of concept, we have simulated the resonance effects of the tACS electric field in
the McLaNMM model and have observed that it is displays the expected frequency-amplitude
Arnold tongue.
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Figure 11: AE model. The pyramidal populations get an extra synapse perturbation proportional
to the orientation of the pyramidal population with respect to the external electric field.
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Figure 12: Response to electric field stimulation. A) Schematic representation of the AE
model for the McLaNMM. Connectivity between populations and interneurons not shown. B)
Membrane potential peak PSD of the deep pyramidal population (Jansen and Rit, oscillating in

alpha). C) Superficial population (PING, gamma) depending of the stimulation frequency and
amplitude.
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Symbols and units

Table 5: Symbols, descriptions and units.

’ Symbol \ Description \ Units
n,m Neuron index (e.g. P for pyramidal population) -
s Synapse index -
Umen(t), us(t) | Synaptic membrane potential alteration mV
vn(t) Average membrane potential of neuronal population | mV
©n(t) Average firing rate of neuronal population Hz
L (us(t)) Linear synapse operator -
Cs Synapse connectivity constant -
A, Average excitatory /inhibitory synaptic gain mV
Ts Synapse time constant st
Om (vm (t)) Nonlinear operator of a neuronal population -
€o Half of the maximum firing rate st
o Potential when e is achieved mV
r Slope of the sigmoid at vy mV !
h Column layer thickness m
o Tissue conductivity S/m
Location along the z axis of each layer (I € [1,6]).
2, 2] We use z, for the generic location of apical dendrites | m

and z, for basal for neuron n.

Synaptic current induced by synapse s in layer [ €
[a, b] of neuron n (positive for current going into cell)
Mn Voltage to current gain factor A/mV
Distance from source/mirror-source to probe location
along z axis

V(z) Electric potential mV
Normal component of the electric field to cortex (pos-

m

Enl2) itive pointing out of cortex) V/m
CSD(2) Current source density (positive as source, i.e., going A/m?
out of neuron)
Total column dipole density and independent pyra-
J, J" midal cell dipole density J" (positive pointing out of | A m/m3

cortex)
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Appendix F

Additional LFP Data processing

Here we provide additional plots analysing the available macaque data. Figure [13| shows the
same metrics as in Figure [ but with the voltage re-referenced to the first contact. We find that
the superficial to superficial PAC and MI coupling disappears. Instead, we observe a positive
PAC and MI from deep alpha to deep gamma, which was not find in when the reference was in
the PFC chamber. These findings are similar to the ones reported by Ninomiya 2015 (Fig.9),
which doesn’t find any positive MI between deep alpha oscillations and superficial gamma. No

significant AAC was found in this case either.

We computed the same metrics for the bipolar-LFP (Fig[14A) and CSD (Fig{l4B). We found,
in both cases, a significant PAC and MI from superficial alpha to superficial gamma. Again, no

significant AAC was found in either case.
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Figure 13: Voltage measures with reference in the first contact. Same metrics and information
as in Figfd]
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Figure 14: A) nE and B) CSD alpha-gamma coupling profiles.
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