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Abstract

In this thesis an attempt is made to identify the main contributors to the EEG signal, and to build a working
mechanistic model replicating EEG and LFP responses to a simple stimulus. The experimental data is
taken from a study where rats receive a short rectangular pulse to their whisker pad while EEG and LFP
is measured. The study also injects the rats with a GABAA blocker before repeating the experiment. Two
possible hypotheses about the underlying neural activity responsible for creating a specific EEG signals
are suggested, and it is found that EEG data alone is not enough to conclude which if any has merit. The
analysis is extended to explaining both the EEG and LFP resulting from the aforementioned stimulus. A
model consisting of a simple neural population is not enough to account for the LFP, and with our data
missing LFP from layer 6, a model with predictive power cannot be made. A simple model able to compare
our two hypotheses can however be made, and we find that the simplest model that can create the observed
EEG and LFP is the one dubbed the Long Pulse/Short Pulse hypothesis.
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1 Introduction
In 1929, the German psychiatrist Hans Berger published the paper “On the human electroencephalogram”,
marking the birth of the electroencephalogram (EEG). Yet after almost 90 years, in 2017, Dr. Michael X.
Cohen claimed that we know “shockingly little” about where EEG signals come from, and what they mean
[2].
Our goal in this thesis is to shed some light on the origins of EEG. To do this we will create detailed mecha-
nistic models and compare the simulated results to experimental measurements.
EEG, local field potential (LFP) and Multi-Unit Activity (MUA) are methods for measuring brain activity,
in the form of electrical potentials, in a subject. An EEG is performed by placing electrodes on the scalp
above the area you wish to measure activity from, while an LFP, and MUA, measurement is performed by
inserting a cortical laminar electrode into the relevant region of the brain, measuring the potential at different
cortical depths, see figure 1.1. As the EEG electrode has such a large diameter, and is placed “far” away from
cortex, the resulting signal is an average over hundreds of thousands, or even millions, of neurons[2]. The
LFP is the low-frequency part of the extracellular potentials, reflecting the electrical activity of thousands of
surrounding neurons, while the MUA is the high-frequency part of the extracellular potentials, likely from
fewer cells than the LFP, usually rectified and then low-pass filtered. The other measuring methods shown
will not be considered here.

Figure 1.1: Measurement methods. The methods relevant for this thesis are EEG, on top of the scalp, and
LFP (inset). Figure by Torbjørn Ness, with permission.

While the human brain has the familiar shape of a walnut, much of the information processing takes place
in the thin outer layer called the cortex, also known as the gray matter. Thanks to the wrinkly shape of the
brain, the human cortex has a much larger cortical area per brain size than other animals, such as mice, giving
us many more neurons to utilize. The grooves in the brain are called sulci (singular: sulcus), while the ridges
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are called gyri (singular: gyrus).
The white matter below is essentially the wiring between different neurons, and between different brain

regions, and sensory apparatus in the body. The white color is caused by a layer of insulating myelin, which
is does not cover all neurons in cortex.

In between the skull and the brain, and seeping into the sulci, is the cerebrospinal fluid (CSF). Its three
main functions are to protect the brain from trauma, to supply nutrients, and to remove waste products.
The electrical potentials measured by EEG and LFP stems from ionic currents through membranes of neurons
in cortex, creating measurable electric potentials. The rather large diameter EEG measuring pads receive an
aggregated signal from all the thousands of neurons below it. LFP can be considered an intra-cranial EEG
measurement. While it looks much more precise than EEG, the laminar electrodes receive signals from
relatively far away due to volume conduction, as described in chapter 2.5.

To bridge the gap between neurophysiology and EEG/LFP signals, either a cluster of unconnected neu-
rons, or a connected network of neurons are simulated using LFPy. LFPy is a Python package for calculation
of extracellular potentials from multicompartment neuron models and recurrent networks of multicompart-
ment neurons. It relies on the NEURON simulator and uses the Python interface it provides. This cluster
is then subjected to various input signals to see if the predicted EEG/LFP signals look comparable to mea-
sured data. This way of creating a model from the known physiology in order to create responses that can
be compared to experimental data is called forward modeling, and stands in contrast to the method used by
physicians, where they study the experimental data to infer what happened to create it. The latter is known as
inverse modeling.
A study by Bruyns-Haylett et al [1] contains experimental data we will use to compare with the results from
our models. This study was done on rats, where their whisker pads received an electric stimulus. Each
whisker maps to a specific location in the contra-lateral part of the rat brain, called a barrel cortex. These bar-
rel cortices are stacked together in a grid pattern just like the whiskers they are connected to. After locating
the barrel cortex in the rat brain, measurement electrodes were inserted. As a typical EEG measurement is
rather jagged, the response was averaged over several trials. This study contains good data for EEG, LFP and
MUA, as well as trials injecting a GABAA inhibitor. GABAA is an important inhibitory neurotransmitter,
meaning that inhibiting it stops it from inhibiting the firing of the neuron [dette var en fryktelig setning]. With
two different scenarios to model, this study is ideal for the task at hand.
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2 Theory

2.1 Neurons
Neurons, or nerve cells, consist of the same building blocks as other cells in the body, such as a membrane,
a nucleus and so on. What sets the neuron apart is its electrical exciteability, and its structure. The neuron
consists of a body, called the soma, with branching structures known as dendrites, and an axon; a thin long
cable terminating in yet another branching structure, as seen in Figure 2.1, where these branches connect with
other cells.

Figure 2.1: Neuron morphology. The neuron receives input from other neurons, increasing/decreasing the
membrane potential. If the potential increase is large enough, the neuron will fire, sending an electrical signal
along its axon, branching out to communicate with other neurons. Modified from Blausen.com staff (2014).
”Medical gallery of Blausen Medical 2014”. WikiJournal of Medicine 1 (2). DOI:10.15347/wjm/2014.010.
ISSN 2002-4436.

Neurons receive stimuli from other neurons, some of which transport data from sensory organs (such as the
optic nerve). A neuron will receive input into its dendrites through synapses, and then process/integrate this.
Depending on the total input, the neuron may communicate with other neurons via an electrical signal, often
called a spike, that will travel along the axon.
The ability to transmit electrical signals is enabled by the cell membrane, a 5 nm thick lipid bilayer, see figure
2.2, that separates the intracellular space from the extracellular space. These spaces are filled with cytoplasm
and cerebrospinal fluid respectively. These fluids contain several ions, the most important ones being (Na+,
K+, Cl−, Ca2+)[12]. The membrane contains several specialized channels, or pores, each channel type
allowing passage of one particular ion type. These channels can be classified as either passive, or active. A
passive channel will always be open, while an active channel can open or close depending on outside factors
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such as the presence of a neurotransmitter, or a potential difference over the membrane.

Figure 2.2: Neuronal membrane. The lipid bilayer separating the extracellular space from the intracellular
space, with two ion channels and an ion pump. Image from Blausen.com staff (2014). ”Medical gallery of
Blausen Medical 2014”. WikiJournal of Medicine 1 (2). DOI:10.15347/wjm/2014.010. ISSN 2002-4436

With these mechanisms in the membrane, the ion flow through the membrane is governed by diffusion, where
ions want to flow down the concentration gradient, and electrical drift, where ions are flowing through the
membrane due to the electrical forces of the other ions which cause differences in the electric potential. Left
to its own devices, the ionic currents will reach an equilibrium, where drift and diffusion balance each other
out (at this equilibrium, the membrane functions as a plate capacitor). At equilibrium, the potential difference
in rats is approximitely -65 mV.

There are also ion pumps in the membrane. They are rather complex structures that consume ATP to actively
pump some specific ion type out of the cell, and another type into the cell. These pumps allow the cell to
move ions against the electrochemical gradients.

Spread all over the dendrites and soma one can find the aforementioned synapses, the coupling points between
neurons. There are both chemical and electrical synapses, where the former outnumber the latter vastly. In
a chemical synapse, a signal coming from the presynaptic neuron reaches the synapse, sending a signal to
release neurotransmitters into the synaptic cleft, which causes a signal to be transmitted to the postsynaptic
neuron.

Signals received can be either excitatory; increasing the membrane potential, or inhibitory; decreasing the
membrane potential. If the total contribution from all synapses increases the neuron’s membrane potential
above some treshold, the neuron will fire a sharp electrical signal known as a spike (or action potential) along
its axon.
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2.2 Neocortex and the rat barrel cortex
The neocortex is the part of cortex that deals with the so-called higher functions of the brain, one of which
is sensory perception. As the data we will attempt to replicate comes from sensory stimuli to rats, a short
explanation of the relevant features of neocortex seems in order.
Neocortex is divided into 6 layers of depth, where the layers consist of neural populations of different shapes
and sizes. Furthermore, sensory perception is mapped out in “modules”, where sensory input from the vib-
rissae are sent to one spatial region of cortex, while sensory input from the tail is sent to another region, and
the input from the left forelimb to yet another region.

Of special interest to us are the barrel cortices of rats. The vibrissae are, through some intermediate steps,
seen on the left in figure 2.3, connected to distinct cortical columns in the contralateral side of neocortex,
seen on the right in 2.3B. These colums, or barrels, can be seen in layer 4. A picture of these barrel cortices
in layer 4 is shown above the green cylinders in figure 2.3, where the whiskers and their respective barrels are
labeled by a letter for columns and numbers for rows.

whiskers

brainstem
thalamus

somatosensory cortex

I

IV
V
VI

II/III

Figure 2.3: Barrelcortex of rat. A sensory signal to the whiskers of a rat is relayed through the brainstem and
thalamus to the contralateral somatosensory cortex (on the lefy), where each specific whisker sends signals to
its own barrel cortex. Above the green barrels on the right is an image of the barrel cortices of a rat, as they
can be seen in layer 4. Figure by Torbjørn Ness, with permission.

2.3 Comparison with real data
In this thesis we will repeatedly refer to a study performed by Bruyns-Haylett [1].
In this study rats are anaesthetised and then implanted with a 16-channel multilaminar recording micro-
electrode in a barrel cortex. A rectangular current pulse stimulation of 0.8-1.6 mA lasting 0.3 ms stimulates
the whisker pad of the anasthesized rats, while measurements of LFP, MUA (both down to a depth of 1600µm)
and EEG are conducted simultaneously. This is done both before and after injecting a GABAA blocker known
as bicucilline methiodide (or BMI for short) into layer 6 of the column (barrel).
This simple electrical pulse causes a characteristics response, the P1 (where P stands for positive) and N1
(N for negative) deflections in an EEG measurement, as seen in 4.2, where pre and post refers to before and
after BMI injection. The figure shows the standard P1N1 deflections as a solid line, while the dashed line
shows what they look like after BMI has been injected in layer 6. The post-injection N1 deflection is both
deeper and wider than it is pre-injection, while the characteristics of P1 are virtually indistinguishable. This
indicates that the entirety of P1 is a result of excitatory input to neuronal populations.
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2.4 Modeling a neuron
To create mathematical or computational models of neurons, one must make some simplifications. One
of these is modelling the neuron as a collection of discrete compartments, so one can set up the relevant
physical equations for each compartment. Single-compartment neuron models are isopotential, meaning that
the potential is the same over the whole membrane, which is rarely true. By dividing the neuron into multiple
compartments, the error caused by the isopotential assumption for each compartment becomes smaller the
more compartments we use.

Multi-Compartmental Modeling

In a multi-compartment model the neuron is represented by cylinders connected together by resistors, as seen
in Figure 2.4. The two center figures are the most accurate representation of the neuron on the left, while
the following two images show simplified models. While it may seem tempting to go for the most accurate
model, there are some drawbacks:

• The more complex the model, the more computations must be done, slowing the simulation down.

• The more compartments, the more memory each neuron takes on the computer, making supercomputers
neccessary for simulating large networks of neurons.

• Depending on what you are after, you may not need that high of an accuracy, thus wasting resources.
(Supercomputers can be prohibitely expensive.)

• Including too many unneccesary details will cause some degree of clutter, making it harder for the user
to focus on the salient points.

• Including too many details can also give your model an air of being more precise than it really is.

Figure 2.4: Multi-Compartmental Model. From the left: Neuron morpology, 18-compartment model with
4 compartment axon, 18-compartment model, 4 compartment model, Single-compartment model. Figure by
Gaute Einevoll, with permission.

If we now assume each compartment is isopotential, we have a better approximation than the single-
compartment model, and setting up the equations describing the system is relatively easy.
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Figure 2.5: Compartment currents. A diagram of currents flowing through compartment j. One current
coming in from the previous compartment Ij−1,j , one exiting to the next compartment Ij,j+1, and a current
IMj through the membrane.

Each cylinder can be described by a length l, a diameter d, a longitudinal surface area Ass and a cross-
sectional surface area Acs. The possible current flows are

• through the membrane IMj

• axially inside the cylinder Iaj−1,j and Iaj,j+1

• axially outside the cylinder

One usually assumes that extracellular space is isopotential, allowing us to set the last current equal to zero.
We now have a compartment with a set of incoming and outgoing currents, and we know that Kirchoff’s first
law tells us that the sum of these currents must be zero.

Iaj−1,j − Iaj,j+1 − IMj = 0 (1)

The axial currents can be found by using Ohm’s law. When converting resistivity to resistance, we
know from experiments [[reference eller noe? hele setningen er tufs..]] that resistance is proportional to
lenght along the current direction, and inversely proportional to the cross-section of the conductor. With the
assumed constant axial resistivity ρ, the total axial resistance of a cylinder is

R =
ρl

π(d/2)2
, (2)

giving us the axial currents

Ij−1,j =
Vj−1 − Vj

R
(3)

Ij,j+1 =
Vj − Vj+1

R
. (4)

The current flow through the membrane consists of ionic current flow of different ion types,

IMj =
∑
k

Ij,k (5)

where the summation index goes over all ion types.
The membrane can be seen as the dielectric in a capacitor, yielding a capacitative current

Icap = Cm
dVj
dt

, (6)
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where Cm is the membrane capacitance. Finally we allow for current to be directly injected into a compart-
ment via electrode, as we could do in an experimental setup

Iinj =
Ie
πdl

, (7)

where Ie is the current injected via electrode.
The current through the membrane can be described as the sum of the capacitative current, arising from

the membrane acting as the dielectric in a capacitor, the ionic current, arising from ions flowing through the
membrane, the axial currents, and finally an injected current [12].
The final equation is

Cm
dVj
dt

= −
∑
k

Ij,k +
d

4R

(
Vj+1 − Vj

l2
+
Vj−1 − Vj

l2

)
+
Ie,j
πdl

. (8)

This equation is the fundamental equation of a compartment model.

2.5 Volume Conductor theory
What is measured by a cortical laminar electrode is the extracellular electric potentials in cortex. The changes
in electrical potentials is mediated through ions, more specifically their fluxes and concentrations. Neuro-
scientists have developed a relatively simple mathematical framework for calculating these potentials, go-
ing from the more complicated electrodiffusive theory for ion concentration dynamics in the extracellular
medium, through a set of simplifications to the final Volume Conductor theory, see [11] for the full deriva-
tion. An abridged version follows. Firstly, while there are several ways an ion can be moved around in the
extracellular space (ECS), the contribution from the electrical drift current is by far the largest on a macro-
scopic scale, simplifying the equations describing the electrodiffusion of ions to

∇ · (σ∇φ) = −C, (9)

where σ is the conductivity of the ECS, φ is the electric potential and C is the current source density (CSD),
the local transmembrane currents.

When modeling a neuron as described in chapter 2.4, we divided the neuron into compartments. By
recording the transmembrane current of each compartment, each of these can be used as a current source
(or sink) in eq. (9), where the total electrical potential in position r is the sum of contributions from each
compartment. It can further be shown [10] that far enough away from the current sources (and sinks) the only
sizeable contributions to the electrical potentials come from the current-dipoles.

Assumptions made deriving volume conductor theory

To end up with eq. 9 we have made some assumptions and approximations.

• Quasi-static approximation of Maxwell’s equations: For relatively low frequency signals (i.e. less
than a few thousand Hz [10]) Maxwell’s equations can be simplified.

• Linear extracellular medium: It is assumed that the extracellular medium follows Ohm’s law.

• Frequency-independent conductivity: Assuming that tissue is purely resistive. Note that the this
assumption is not neccessary, and one could derive equations allowing for frequency-dependent con-
ductivity [8].
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• Isotropic conductivity: The conductivity is assumed to be the same in every direction. This is not
really the case in cortex, but the effect is relatively small on extracellular potentials [13].

• Homogenous conductivity: The ECS is assumed to have the same conductivity everywhere, which is
a seemingly good approximation for cortex.

• No effects from ion diffusion: The effects of varying ion diffusion in the litterature has (mostly)
shown a very weak effect on measured extracellular potentials.

2.6 Extracellular Potentials, by way of VC theory
Cortical extracellular potentials can be measured using laminar electrodes, as seen in Fig. 1.1. The intra-
cortical electrodes measure the potential difference between their position in cortex and an electrode placed
“infinitely” far away (often behind the subjects ear in an EEG). In order to find an equation to describe this
potential, we will make use of the assumptions made in chapter 2.5. The extracellular space (ECS) will
be represented by a volume D of Ohmic conducting material (brain tissue/gray matter in this case) with a
conductivity σ, and the neuron is reduced to a current source/sink Is for each outgoing/incoming current.
Due to conservation of current at least one sink and one source must be included. The simplest model of a
neuron inside ECS is shown in Figure 2.6, with a current sink at the top and a current source at the bottom.
For an isotropic and homogenous ECS the conductivity σ stays constant throughout the volume.

Figure 2.6: Potential in a volume conductor. A volume conductor (green rectangle) of conductance σ
containing a source −I(t) and a sink I(t), a distance r2 and r1 away from a recording electrode respectively.
The second recording electrode is placed far away, and the electric potential φ(t) is measured. Figure by
Gaute Einevoll, with permission.

To find an equation describing this system, one can first imagine a volume conductor with a constant elec-
tric current Ie injected into a point a. This current will spread radially from a, and as the volume conductor is
homogenous and isotropic the conductivity σ (and thus the resistivity, the inverse of conductivity) will remain
constant throughout. The currents in conductive materials with a constant resistance can be expressed by the
famous Ohms law, which for volume conductors is

~j = σ ~Ee, (10)

where ~j is the current density, and ~Ee = −∇φe, the negative gradient of the potential set up by the injected
current at the measuring electrode, indicated by the e-subscript. Taking the divergence on both sides of
equation 10 will give us the divergence of the current density on the left, often referred to as the current-
source density c,

c ≡ ∇ ·~j. (11)
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Thus equation 10 can be rewritten as
c

σ
= ∇ · ~Ee (12)

Taking the volume integral of equation 12 to convert from densities to total/measurable quantities gives us,
by way of Gauss’ theorem,

1

σ

∫∫∫
V olume

cdV =

∫∫∫
V olume

∇ · ~EedV
Gauss
=

∫∫
surface

~Ee · d~S (13)

The leftmost integral becomes Ie as long as all of point a is inside the volume, while the righmost integral
can be simplified by the current density vector, and thus the E-field vector, being radial. This means that the
surface integrated over is a sphere, with the same magnitude all over. If we define the E-field magnitude of
a surface a distance r from a, where the current is injected by an electrode(e) at a as Ee,r, and include the
familiar expression of the surface of a sphere of radius r (4πr2), equation 13 can now be written as

4πr2Ee,r =
Ie
σ
⇒ Ee,r =

Ie
4πσr2

(14)

To finally relate this to the electric potential which is what we can actually measure, we rewriteEe,r to−∇φe,
which in spherical coordinates is −dφe/dr, and finally integrate this.

− dφe
dr

=
Ie

4πσr2

∫
⇒ φe(r) =

Ie
4πσr

(15)

We have here set the potential infinitely far away to zero.
We know from physics that the electric potential at a point P is sum of voltages from all point charges, under
the assumption of linearity, so for figure 2.6, the total measured potential is

φe(~re, t) =
I1(t)

4πσ|~re − ~r1|
− I2(t)

4πσ|~re − ~r2|
, (16)

where the subscript e indicates the measuring electrode. The assumption of linearity does not always hold,
such as in the case of a current strong enough to damage tissue.

If the distance from the center of the sources and sinks to the electrode is larger than the distance from
the center to the most peripheral sink (or source), we can replace the various distance-vectors with a single
one between the center and the electrode, dubbed R. Using this, and tha the current dipole moment is simply
p = I · d, we get

φe(~re, t) =
I(t)~r1

4πσ|~re − ~r1|2
− I(t)~r2

4πσ|~re − ~r2|2
=
I(t)(~r1 − ~r2)

4πσR2
=

~p(t)

4πσR2
, (17)

where we have expressed the potential as a function of current-dipole moments instead of currents.
It can be shown [10] that for more complex configurations of sources and sinks, the electric potential can be
expressed as a multipole expansion

V (t) =(monopole contribution ∝ 1/R) + (dipole contribution ∝ 1/R2) (18)

+ (tripole contribution ∝ 1/R3) + . . . . (19)

In the case of an equal number of positive and negative current sources the potential falls off like a dipole, as
long as you are far enough away from the sources, allowing us to remove the other terms, greatly simplifying
the calculation.
In closer proximity to the sources their spatial distribution will neccessitate including more terms.
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2.7 Modeling synapses
Mathematical modelling of the post-synaptic response of synaptic input will typically be chosen to be one of
the following:

gsyn(t) = ḡsyn exp

(
− t− ts

τ

)
, (20)

gsyn(t) = ḡsyn
t− ts
τ

exp

(
t− ts
τ

)
, (21)

gsyn(t) = ḡsyn
τ1τ2
τ1 − τ2

(
exp

(
− t− ts

τ1

)
− exp

(
− t− ts

τ2

))
, (22)

where gsyn is the conductance change in the postsynaptic membrane, ¯gsyn is the maximum possible conduc-
tance. ts is the time the neurotransmitter is released in the synapse, τ , τ1 and τ2 are time constants modulating
the shape of the response. See [12] page 173 and on for more on this.

2.8 Low-pass filtering in the brain, the reason for ploting MUA and LFP separately
The neuronal membrane functions as a high-pass filter, where high frequent currents can cross the membrane
due to capacitative currents, while the lower frequencies can only cross the membrane via ionic currents.
Thus low frequencies spread out over a larger portion of the membrane, creating a larger dipole moment.
Using a modified version of code from NMBU’s introductory course in neuroscience (Excercise 3 from
Fys488) to simulate the temporal changes in the membrane potential of a neuron due to varying stimuli will
help illustrate this effect. This model uses a single-compartment neuron, where high frequency currents meet
little resistance, and thus by Ohm’s law creates a very small membrane potential. In figure 2.7, the upper left
figure shows a low frequency sinusoidal input signal with the resulting membrane potential on the right, while
the second row left figure shows a 200 times higher frequency sinusoidal input signal with the corresponding
membrane potential on the right. A look at the y-axes of the two membrane potential plots show that the
lower frequency signal has a much higher amplitude membrane potential. In the upper left figure, one can
also see that there is a slight delay between the input signal and the resulting membrane potential.
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Figure 2.7: Upper row: Low-frequency sinusoidal input to a neuron (left), with corresponding membrane po-
tential (right). Second row: High-frequency sinusoidal input to a neuron (left), with corresponding membrane
potential (right). Third row: Random input signal to neuron (left), with corresponding membrane potential
(right). Bottom row: Fourier transform of the random input signal (left), and of the membrane potential
(right). Created by an adaptation of a program written by Tom Tetzlaff for NMBU.

To make the low-pass filtering effect easier to see, we created a stimulus using the numpy function ran-
dom.randn, as seen in the third row of figure 2.7. The left plot is the random input signal, and the right plot
shows the resulting membrane potential. In the bottom row of figure 2.7, one can see the Fourier transform of
both signals. As we can see in the left plot, the stimulus consists of many frequencies, while the membrane
potential seen in the right plot is dominated by the lower frequency parts.
The high-frequency part (typically about 500Hz and up), or MUA, is thought to correspond to neuronal spik-
ing activity in close proximity to the electrode [11]. An MUA signal will typically be rectified, and then
low-pass filtered.

The low-frequency band, or LFP, on the other hand has sizeable contributions from neurons located many
hundred micrometers away [5].
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3 Methods

3.1 Visualizing the impact of synaptic positions on EEG and LFP
An pyramidal neuron with the morphology of the L5 Mainen-Sejnowski cell has 200 synapses placed either
below soma (at least 50 µm below), above soma (at least 500 µm above), or all over the dendrites. The
neuron itself is placed at a depth of 1300 µm below the pia mater, and is allowed to be freely rotated around
the z-axis.
An EEG electrode is placed directly over the neuron, and the layers of tissue between neuron and electrode
are modeled by four layers: The scalp; 5 mm thick with a conductivity of 0.3 S/m, the skull; 5 mm thick with
a conductivity of 0.015 S/m, the cerebrospinal fluid (CSF); 1 mm thick with a conductivity of 1.5 S/m and
the brain itself with a conductivity of 0.3 S/m.
The synapses (for this specific model only) are modeled as simple exponential synapses, equation 20, with a
time constant τ of 5 ms, and are given a synaptic reversal potential of 0 mV/-110 mV for excitatory/inhibitory
synapses. All the synapses were activated at 20 ms.
A grid of LFP electrodes is placed around the neuron to create a visualization of LFP in every point in a plane
passing through the z-axis.
The simulation is averaged over 20 neurons, each with a random orientation around the z-axis, and a random
placement of the synapses (within the given parameters).
Figure 4.1 was created using the parameters described in this section.

3.2 Forward modeling of EEG
A program using the LFPy package in Python was created to simulate the response of a neuronal population
to different stimuli.
A population of 10 L5 Mainen-Sejnowski cells are placed in a random position within 100 µm around a point
1500 µm below the pia mater, with a standard deviation of 20 µm, and randomly rotated around the z-axis.
Synapses are placed on either the apical dendrites (500 µm above soma) or the basal dendrites (200 µm below
soma).
Synapses are modelled by a dual exponential, see equation 22, with time constants taken from Hagen et al
(2015) [4]; Excitatory synapses: τ1 = 1.0 ms, τ2 = 3.0 ms, Inhibitory synapses: τ1 = 1.0 ms, τ2 = 12.0 ms,
and their respective synapse reversal potentials are 0 mV and -80 mV.
Input signals to the synapses are modelled using the LFPy function set_spike_times_w_netstim,
allowing for easier modulation of input durations.
Figures 4.3 and B.1 were created using the parameters described in this section.

3.3 The Kernel Method
In what will be referred to as the kernel method one assumes that the LFP is the postsynaptic response of
a neuronal population receiving synaptic input, and that it can be modelled as the product of a spatial and a
temporal part for each population. Einevoll et al. (2010) [3] suggested the following form for the LFP at a
certain electrode position zi at a time tj

φ(zi, tj) =

Npop∑
n=1

Ln(zi)(hn ⊗ rn)(tj), (23)
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with (hn ⊗ tn)(tj) being a temporal convolution given by

(hn ⊗ rn)(tj) =

∫ ∞
k=−∞

hn(tk)rn(tj − tk). (24)

LZ(zi) is the spatial profile of the contribution to the LFP data after action potential firing in population n,
and rn(t) is the population firing activity. In this equation hn(tk) is known as the kernel.

Using morphologically detailed/realistic neuron models, one can find Ln by simulating the response of
many (thousands if your computer can handle it) neurons in a population, at different places responding to
stimuli. By this we mean that the neurons of a population of pyramidal L5 neurons in a rat barrel cortex would
be randomly placed between the bottom and top of L5, randomly between the planar origin and the correct
radius of a barrel cortex, and randomly rotated around the z-axis. [[denne beskrivelsen virker litt uleselig]]

We found it easier to modify equation 24 slightly. The purely spatial term Ln(zi) is independent of time,
and can therefore be multiplied straight into the convolutional term.

By doing this, we get a spatiotemporal kernel, called K below, reducing our convolution equation to

φ(zi, tj) =

Npop∑
n=1

(Kn(zi)⊗ rn)(tj). (25)

In the remainder of this thesis, when discussing kernels, we mean these spatiotemporal kernels. A great
benefit of the kernel method is that it allows for creating the kernels only once, instead of repeating those
calculations every run, as one must using the forward simulation method.

3.4 Creating kernels for neural populations
A program using the LFPy package in Python was created to simulate the response of a neuronal population
to different stimuli.
First a laminar electrode with 16 channels was created; the first channel placed at a depth of 100 µm from
the pia mater, and the remainder at 100 µm intervals. This electrode was set to be along the z-axis of a barrel
cortex, modelled with parameters from Markram et al. (2015) [7]:

Radius: 210 µm
L1 depth: 165 µm
L2 depth: 149 µm
L3 depth: 353 µm
L4 depth: 190 µm
L5 depth: 525 µm
L6 depth: 700 µm

As before, neurons were allowed to freely rotate around the z-axis. They were placed uniformly spread
around selected heights in the barrel cortex according to population, with a standard deviation of 50 µm.
Populations used are shown in table 1.
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Population Morphology Depth (below pia mater)
L2 L4 Mainen-Sejnowski 275 µm
L3 L4 Mainen-Sejnowski 425 µm
L4 L5 Mainen-Sejnowski 650 µm
L5 L5 Mainen-Sejnowski 1150 µm
L6 L5 Mainen-Sejnowski 1725 µm

Table 1: Modelled populations: The table shows the five populations we decided to model, which morphol-
ogy they were modeled by and the depth they were placed around.

An EEG electrode was placed on top of the scalp directly over the laminar electrode, where the tissue between
the neurons and electrode was modelled with the same parameters as in chapter 3.1.
Neural morphologies were chosen to be one of L5 Mainen-Sejnowski pyramidal cells or L4 Mainen-Sejnowski
pyramidal cells, see Mainen et al. (1996) [6]. All synapses had a single time constant τ = 1 ms. For the L5
and L4 populations apical synapses were placed at 500 µm and higher above soma, basal synapses 50 µm
and lower below soma. For the L6 populations apical synapses were placed at 50 µm and higher above soma,
basal synapses 50 µm and lower below soma. For the much shorter L3 and L2 neurons apical synapses were
placed at 50 µm and higher above soma, basal synapses 10 µm and lower below soma. An input signal was
sent to the synapses after 25 ms, and the response measured until 50 ms.
Figures 4.9 and 4.10 were created using the parameters in this chapter.

3.5 Recreating LFP and EEG by convolution
To recreate the LFP signals using convolution of spatiotemporal kernels, we can vary the firing-rates of each
kernel for each timestep, and select the firing rates giving the lowest squared error with the experimental
data. As this is a huge undertaking, a complete gridsearch over all possible parameters is unfeasable, and
other methods must be considered.
A typical method of finding the best parameters is minimizing the error via some form of gradient descent,
such as the L-BFGS-B algorithm of the scipy.optimize.minimize package. This particular minimization al-
gorithm allows for setting bounds on the fitted variables, i.e. the firing rates. As there is no such thing as
negative firing, we will be setting the bounds to between (0,∞). Here we can also include some constraints
on the firing rates to roughly coincide with the firing rates shown in the MUA. Note that what we call firing
rates in our method is not actually neurons firing, but neurons receiving input, so some leeway outside strictly
the MUA activity should be considered. Many optimization schemes can end prematurely if the data consists
of either very small or very large numbers, so centering and standardizing the data before the optimization is
recommended.
Worth mentioning is that in order to be able to minimize the error, you need actual data to compare with.

3.6 Extracting experimental data from figures
As few articles seem to share their raw data, a method of extracting data from figures was devised.
The data we wanted was the LFP, represented by Bruyns-Haylett as color plots, and the EEG, represented
with simple lines. Getting numerical data for the EEG was done using a repurposed version of the tool
described in section 3.7, while the LFP data required a more comprehensive method. [[describe this!]] The
LFP for the wanted time step was copied from Bruyns-Hayletts article and loaded in python. Then all colours
outside an RGB range of (0-255, 0-255, 28-255) were filtered out, removing the blue parts of the LFP. As
RGB values go from dark being 0, to lighter being 255, increasing values of R and G will roughly correspond
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to increased LFP values, allowing for a simple mapping.
The code for this is:

1 color_1 = np.asarray([0,0,28])
2 color_2 = np.asarray([255,255,255])
3 mask = cv2.inRange(img_t,color_1,color_2)
4 red_mask = img_t.copy()
5 red_mask[mask != 0] = (img_t[0,0,0],img_t[0,0,1],img_t[0,0,2])
6

7 red = []
8 for i in range(img_t.shape[0]):
9 red.append(((255/255)*red_mask[i,:,0]).astype(int)+((238/255)*red_mask[i,:,1]).

astype(int)+(0*red_mask[i,:,2]).astype(int))
10 red=np.multiply(red,1)

After this is done, a second mask is created to hide the red part of the image:

1 color_1 = np.asarray([12,0,0])
2 color_2 = np.asarray([255,255,255])
3 mask = cv2.inRange(img_t,color_1,color_2)
4 blue_mask = img_t.copy()
5 blue_mask[mask != 0] = (img_t[0,0,0],img_t[0,0,1],img_t[0,0,2])
6

7 blue = []
8 for i in range(img_t.shape[0]):
9 blue.append((0*blue_mask[i,:,0]).astype(int)+(1*blue_mask[i,:,1]).astype(int)+(0*

blue_mask[i,:,2]).astype(int))
10 blue=np.multiply(blue,-2)

where the final multiplication (np.multiply(blue,-2)) is negative, to account for the blue values are negative,
and set to 2 simply to scale the values to get closer to the experimental results.

3.7 A manual tool for varying population firing rates
A tool to quickly see the response to changes in firing rates was made in Jupyter Notebook.
The kernels created from chapter 3.4 are loaded and convolved with interactive firing rate lines, created with
the python package bqplot. Each interactive firing rate is an array of “anchors” that can be dragged along the
y-axis of the plot to increase or decrease the firing rate at that time-step. As an anchor for each timestep is
unwieldy, relatively few anchors are created, and the firing rates between anchors are created by interpolation
between each anchor and its neighbour.
To keep the firing rates on the same order of magnitude, kernels have beed normalized, so we can not directly
translate the firing rates used in the tool to ones we could use in an ordinary model to elicit the same response.
What the tool is useful for is to see the effect of firing the kernels at various times.
With each change in firing rates, the plot of the LFP response is automatically updated thanks to the magic of
bqplot.
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4 Results

4.1 The building blocks of an EEG measurement (LEGO)
By running the simulation described in section 3.1, we find that the placement of synapses create very distinct
EEG and LFP signal, see figure 4.1. The figure shows that the strongest dipoles are created when the synapses
are placed strictly on either the apical or the basal dendrites (the two leftmost columns), while a combination
of the two creates a much weaker dipole (the rightmost column). Note that the synaptic reversal potential of
the inhibitory synapses is set to an unusually low value. A typical value used in simulations is -80 mV, but we
chose to scale it up to get the inhibitory and excitatory signals near the same order of magnitude for a clearer
figure.
Layer 5 and 2/3 pyramidal cells are the assumed to be the major contributors to MEG and EEG signals [9],
while stellate cells contribute to a much smaller degree. We therefore only model pyramidal cells. Figure 4.1
also shows that a much smaller EEG response to input spread all over the membrane, leaving us with 4 lego
blocks with a sizeable response.
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Figure 4.1: The building blocks of EEG. This image shows the average over 20 LFP signals of a pyramidal
neuron receiving various inputs in various sections, with the corresponding EEG on top. Top left: The re-
sponse to input in excitatory synapses (turquoise) in the basal dendrites. Top middle: The response to input
in excitatory synapses (turquoise) in the apical dendrites. Top Right: The response to input in excitatory
synapses (turquoise) in all dendrites. Bottom left: The response to input in inhibitory synapses (green) in
the basal dendrites. Bottom middle: The response to input in inhibitory synapses (green) in the apical den-
drites. Bottom Right: The response to input in inhibitory synapses (green) in all dendrites. The data has been
’squished’ by an inverse hyperbolic sine function for clarity, hence the suppression of voltage values. The
strength of the synaptic reversal potential has also been adjusted (to -110mV, where -80mV is a more phys-
iologically sound value) to get the top and bottom rows to approximitely the same minimum and maximum
values.

While translating the neurons in this simulation along the z-axis would clearly affect an LFP measure-
ment, the only change in the EEG measurement is one of amplitude.
Having extracted the data from Bruyns-Hayletts event related potentials(ERP), see figure 4.2, we will attempt
to make the simplest possible model that can recreate the P1N1 deflections, and their altered behaviour after
blocking inhibition.
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Figure 4.2: ERPs. Evoked response to an electrical pulse to the whisker pad. Figure is a recreation of figure
4C in Bruyns-Haylett et al [1], where the data was created with the LFP convolution tool described in chapter
3.7.

As we saw from our lego blocks, we have four possible blocks to use to recreate P1N1. Bruyns-Haylett
concluded that P1 had to be created by excitatory input, so if we wish to make the easiest possible model for
P1N1 we are left with two obvious combinations of Lego blocks:

• Excitatory basal input, causing P1, followed by excitatory apical input, causing N1.

• Excitatory basal input, causing P1, followed by inhibitory basal input, causing N1.

These models consisting of only two inputs are the simplest models we can create.
To further improve the models so they can also account for the wider N1 while blocking inhibition, we see
that an inhibiroty input to basal dendrites as suggested above will not suffice, as blocking this signal would
result in a complete removal of N1.
We will therefore add a third Lego block, to see which models could account for the changes in N1.
The first two blocks must be excitatory basal input, to cause P1, and excitatory apical input to cause N1.
For a wider N1 resulting from blocking inhibition, we can see two potential solutions that will not over-
complicate the model.
Blocked inhibition allows a second excitatory apical input block (i.e. a longer signal), where the effect of
inhibition is either to:

• Stop the second excitatory apical input from ever occuring (i.e. a shorter signal)

• Cause an inhibitory apical input block to pull the response upward

These are the simplest hypotheses we can create that will account for both P1 and N1, and their observed
behavior when blocking inhibition.
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4.2 Comparing two hypotheses for P1N1
Having created two hypotheses that could account for the behavior of P1N1 as seen in figure 4.2, we will now
implement these in mechanistic models. Running simulations as described in chapter 3.2 for inputs in accord
with the two hypotheses outlined in the previous chapter yielded the results seen in figure 4.3. While both
hypotheses exhibit some obvious traits of P1N1, neither follow the correct time development. The passive
return from N1 to baseline is simply too slow to correctly replicate the ERPs found by Bruyns-Haylett.
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Figure 4.3: The two hypotheses for the cause of P1 and N1 compared. They both roughly follow the expected
P1 and N1 characteristics, but not their time development.

If we shorten the time constants so that the passive return to baseline from the N1 minimum is in accord
with Bruyns-Hayletts ERP (we keep the same proportions of time constants as before, dividing them all by 8.
The original time constants were: τ2 = 3 ms for excitatory synapses, τ2 = 12 ms for inhibitory synapses and
τ1 = 1 ms for both) and adjust the firing times to compensate for this, we get the results seen in figure 4.4.
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Figure 4.4: The two hypotheses for the cause of P1 and N1 compared. Time constants have been reduced to
follow the time development of Bruyns-Haylett.

With these shorter time constants we get closer to the mark, although the long/short pulse hypothesis
returns too quickly to baseline after the long pulse. Modelling the long pulse as on decaying in strength could
help with this, but this is not explored further in this section.
To the best of our understanding, such low time constants for the synaptic inputs are unphysiological, and we
were unable to reproduce the experimentally observed time course of the EEG with typically used synaptic
time constants. The remainder of the simulations are done with a moderate time constant of τ = 1 ms.

We now have two working simple hypotheses to explain the neural origin of P1N1 and the effect of
blocking inhibition. It is impossible to distinguish between these hypotheses from EEG data alone.

4.3 Including intracranial measurements (MUA and LFP)

4.3.1 Digitizing LFP and iCSD

To have any chance of making an optimization algorithm we need to first get the experimental data on a
more useful form than an image. In order to do this, we follow the method described in section 3.6 to create
what may be called digitized versions of the Bruyns-Haylett LFPs and iCSDs. Imageplots of the resultant
digitizations are shown side by side with the Bruyns-Haylett image in figures 4.5 and 4.6. The original figures
are shown in the right hand column, and the digitized versions on the left.
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Figure 4.5: Digitized experimental data,LFP. The right column shows the experimental data as presented
by Bruyns-Haylett, while the left column shows the digitized versions. SV Matrix stands for “Single Value
Matrix”, as we converted a 2D matrix where each point was represented by 3 values (RGB) into a 2D matrix
where each point was represented by a single value.
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Figure 4.6: Digitized experimental data, iCSD. The right column shows the experimental data as presented
by Bruyns-Haylett, while the left column shows the digitized versions. SV Matrix stands for “Single Value
Matrix”, as we converted a 2D matrix where each point was represented by 3 values (RGB) into a 2D matrix
where each point was represented by a single value.

Note that due to the colormap of the experimental MUA, the same method could not be employed as is,
and we therefore do not have digitized MUA data.

24



4.3.2 Introducing more neuronal populations

By attempting to recreate the observed pre-injection LFP, a very generous minimization (allowing negative
firing rates) is done, see figure 4.7. The fit does not recreate the correct P1N1 characteristics for all channels,
especially near and below soma (channel 11 and down).

Figure 4.7: Optimized recreation of experimental LFP. Firing rate of each time step was allowed to vary
freely, even to negative values, to create the best possible fit of a single population model to experimental
data. Left figure shows the simulated result, right side the experimental data.

As the LFP profiles of pyramidal neurons are so dipolar, any single population contained between chan-
nels 1 and 16 will be unable to recreate a negative response through all channels, such as seen in the ex-
perimental data. This channel wide negative response could be the result of collaboration between several
populations within layers 1-5, or there could be a population in layer 6 that we have no data on.

In order to get an idea of which populations may be of importance in creating the observed LFPs we
create kernels for 5 populations, one in each layer except for layer 1. One important caveat before creating
these is that when creating kernels we fix some parameter values, leaving us no way of adjusting them later.
Examples of the parameters in question are synaptic time constants, position and spread of neurons in cortex,
and synaptic locations along dendrites. To illustrate the effect of varying positioning of synapses figure 4.8
shows the LFP profiles of the same L5 population, where synapses are placed from the indicated height over
soma and up. Note that while we see obvious changes in the LFP profile, the EEG stays virtually identical.
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Figure 4.8: Effect on LFP of synaptic placement. From the left: 1: The morphology on the cells simulated,
with markers showing the cut-off of synaptic placement. 2: LFP profile with synapses from 900 µm above
soma and up. 3: LFP profile with synapses from 700 µm above soma and up. 4: LFP profile with synapses
from 500 µm above soma and up. 5: The EEG measured for each of the synaptic placements.

Estimations of the minimum number of populations, their firing rates and synaptic connection patterns
could have been done via Laminar Population analysis [3], but given that we lack a digitized form of the
MUA data, and that we lack any data for activity in layer 6, this idea is discarded.
While we lack the data to go into detail about which neural populations should be included in a model, when
they fire, and so on, we may still shed some light on whether any of our two hypotheses for the generation on
P1N1 is correct.

4.3.3 Population kernels

Five neuronal populations were created (one for each layer below layer 1), the positions of which were
loosely inspired by MUA recorded by Bruyns-Haylett, and the lack of L6 data. Kernels were created for each
population, and their LFP profiles can be seen in figure 4.9. The strength of the response is normalized to
more clearly see the profiles. Inhibitory input creates similar looking LFP profiles, but with a sign change, so
they are not shown.
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Figure 4.9: Population LFP profiles (excitatory input). Upper row shows apical input, bottom row shows
basal input. Populations from left to right: L5, L4, L3, L6, L2. The response is normalized, so no scale bar
added.

The layer 6 population parameters were set to allow unidirectional change in all above layers, as we saw
from L5 models that one population within the experimentally measured region is unable to create such an
effect. The respective (normalized) EEG profiles are shown in figure 4.10. The results underscore our earlier
point that many populations can create the same EEG signal.
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Figure 4.10: Population EEG profiles (excitatory input). Upper row shows apical input, bottom row shows
basal input. Populations from left to right: L5, L4, L3, L6, L2. The response is normalized.

4.3.4 Using the LFP tool

By uploading the kernels to the Jupyter Notebook tool described in chapter 3.7 allows us to manually toggle
the firing rates of each kernel. We set the firing rates in some accordance with the observed MUA, first without
contribution from the hypothesized L6 population, see figure 4.11. For figures and a short explanation of the
firing rates to produce the figures in this chapter, see chapter A.

Figure 4.11: LFP without L6 contribution. Figure was made using only excitatory input. Left side figure
shows the result of convolving the selected firing rates with our kernes, right side figure shows a recreation
of the experimental results.

While we obviously have not exhausted all possible combinations of firing rates here, it seems likely
that we cannot create the negative response over all channels using only kernels from layer 5 and up. This
problem increases if we try to recreate the longer N1 from blocked inhibition, where no manual toggling of
firing rates even came close. This is as expected, as every LFP profile with soma within the measured region
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consists of both positive and negative parts.
We then test an excitatory basal input to layer 6 to create the aforementioned negative response, the results of
which can be seen in figure 4.12, for the blocked inhibition case. Here only excitatory synapses are used.

Figure 4.12: LFP with L6 contribution. Left side figure shows the result of convolving the selected firing
rates with our kernels, right side figure shows a recreation of the experimental results.

We see that, while crude, our suggested L6 population allows us to create an LFP that is qualitatively
similar to the experimental results.
We now test our two hypotheses for the effect of inhibition on the LFP. The top row of figure 4.13 shows the
results of a shorter pulse to excitatory basal synapses in the L6 population. The result is an LFP much closer
to experimental data than the one seen in figure 4.11. The bottom row of figure 4.13 shows the result of using
inhibitory nhibitory input, keeping all excitatory signals as they were, to make N1 narrower.

Figure 4.13: LFP with L6 contribution. Left side figure shows the result of convolving the selected firing
rates with our kernels, right side figure shows a recreation of the experimental results. Top row shows the
long/short pulse hypothesis, bottom row shows the apical inhibition hypothesis.
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5 Discussion
EEG is an important, but poorly understood tool for measuring neural activity. In this thesis we have at-
tempted to create simple mechanistic models to describe the well known P1N1 deflections in response to
sensory stimuli (An electrical pulse to the whisker pad in our case), as this is a simple EEG response to a
simple stimuli.

We first found that the idea of uncovering the specific underlying neural activity that causes an EEG sig-
nal was an ill-posed problem. The EEG profiles, see figure 4.10 of pyramidal neurons are so similar that
distinction is impossible.
However, with the small number of building blocks available with which to create an EEG (figure 4.1), espe-
cially when inhibition is blocked, we can create hypotheses to explain simple EEG responses, such as P1N1.
The simplest two hypotheses that could explain the neurogenesis of P1N1 were the long/short excitatory
apical input hypothesis, or the inhibitory apical input hypothesis. It is impossible from EEG alone to decide
which, if any, hypothesis has merit.
As an aside, an interesting feature of Bruyns-Hayletts data is how fast the signal ends compared with ac-
cepted values of synaptic time constants. A suggested model for explaining this without simply modifying
time constants is shown in section B.
As EEG data alone is not enough to fully account for the origins of P1N1, we look to other data. What we had
available was intracranial measurements; LFP and MUA. We first tested our simples models using a simple
nerual population, attempting to fit simulated data to LFP data failed to account for the salient characteristics
of some electrode channels, most notably the channels under soma. Where the non-zero LFP should be fuly
negative, we see both a negative and a positive deflection in these lower channels. Something similar will
be the case for all neural populations inhabiting the measured region, as they will have both negative and
positive regions in their LFP profiles.
The negative deflection seen over all channels around 10 ms can not then be explained by a single neural
population within the measured region. However, deeper populations have the correct LFP profiles (figure
4.9, population L6).
No measurements for layer 6 were presented by Bruyns-Haylett, so we are free to do whatever we want in
this region. This may sound like a positive thing, but it drastically lessens our models predictive power. It is
easy to overfit a model, where you make it overly complicated in order to fit some specific experimental data.
The model may “learn” errors, or quirks specific for this data set, which will lead to inaccurate predictions.
While we will therefore abandon hope of creating a detailed mechanical model of populations, firing rates,
connections and so on, we still perform some manual analysis using the LFP convoluton tool to see if we still
can say anything about our two hypotheses. Using the LFP convolution tool to let each excitatory population
receive basal synaptic input during the first few milliseconds (see the selected firing rates in section A), and
then using L6 as the long/short pulse recipiant allowed us do get some clarity on our two hypotheses (section
3.7). To get anywhere close to the experimental data using the apical inhibition hypothesis, the results indi-
cate that a complex collaboration between neural populations is needed, and perhaps not even enough (figure
4.13, bottom row, inhibitory firing rates in figure A.1 labeled L5a i and L6a i).

As the short/long pulse hypothesis requires much fewer assumptions, we conclude that it is the most likely
of our two candidates to explain the orgins of P1N1 and the effects of blocking inhibition.

We also want to emphasize our wish that raw data from experiments should if at all possible be made
publicly available. With proper data available less time is wasted extracting it from figures, and the threshold
for someone to use the data in datascience projects or research is reduced, which could lead to interesting
discoveries.
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Furthermore, if when planning an experimental study someone with a background in making computer mod-
els and simulations are consulted, the choice of data to gather during the study could be of much higher value
to the computationaly oriented scientist. As a wise man told me:
Model what you can measure, and measure what you can model.
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Appendix A

Firing rates used to create section 3.7 figures
The figures of firing rates clutter the text up, and are therefore presented in figure A.1. The short pulse (bottom
right) has lost all input after 10ms, and has also changed shape slightly from the long pulse (top right). The
two rightmost plots on the bottom row shows the attempt at canceling out the long pulse (top right) by use of
inhibitory input.

Figure A.1: Population firing rates. Non-red plots stayed the same for all models. The long pulse used
in the long/short hypothesis and the apical inhibition hypothesis is in the top right corner. The short pulse
used in the long/short hypothesis is in the bottom left corner. The two remaining plots are the firing rates of
inhibitory kernels.

All images here are firing rates used in the LFP convolution tool.

Appendix B

A very short signal
If we insist on keeping the known longer time constants used to create figure 4.3, the hypotheses would
require some further complication.

• excitatory basal input (P1) followed by excitatory apical input (N1) followed by excitatory basal
input to return to baseline quickly enough.

• excitatory basal input (P1) followed by a long pulse of excitatory apical (N1) followed by inhibitory
apical input to counteract the long excitatory apical input from before.
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The result of these two hypotheses are shown in figure B.1.
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Figure B.1: The two updated hypotheses for the cause of P1 and N1 compared. They both roughly follow
the expected P1 and N1 characteristics, and now also the same time development as the experimental data by
Bruyns-Haylett.

These figures follow the P1N1 characteristics very well, and this basal excitatory input to reach baseline
fast with inhibition unblocked could be worth considering in future attempts at modelling P1N1.
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