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Abstract

Electroencephalography (EEG) signals are created by electri-
cal currents from pyramidal neurons in the outer layer of the
brain. These signals are easy to obtain and can provide use-
ful biomarkers for clinicians, but little is known about how the
underlying network activity in the brain generates the wave-
form features of the EEG. Our lab has developed a computa-
tional model to study this relationship. Dendritic calcium spikes
are a well-characterized phenomenon in layer 5 pyramidal neu-
rons, and are potentially significant contributors to EEG signals,
but our model did not accurately account for this type of den-
dritic activity. In this thesis, I describe my process of updating
the model layer 5 pyramidal neurons to better fit experimental
recordings, then examine the effects of calcium events on the
simulated source-localized EEG signal. I was able to replicate
findings that dendritic calcium spikes have a distinct signature in
surface recordings, and found that generally the sustained elec-
trical activity in the distal dendrites during a dendritic calcium
spike pushes a significant amount of current down the apical
dendrite. Particularly in the case of strong excitatory inputs
which evoke many near-synchronous calcium spikes in the local
network, the resulting downward current cannot be accounted
for without calcium-mediated activity. This new understand-
ing of electrical activity in the dendrites improves the accuracy
of the model and will help future efforts to use this model to
interpret real EEG data.
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Chapter 1

Biophysical Neural Modeling

1.1 Electrical activity in the brain

The human brain is made up of billions of neurons, a class of cells that are able to receive and
send electrical impulses through branch-like projections called dendrites and axons. These
electrical signals are generated by ion channels in the cell membranes of neurons which, when
open, allow ions of different types to flow into or out of the cell. Many of these channels
are voltage-gated, meaning that they open or shut when the membrane’s voltage reaches a
certain level. In their resting state, most neurons have a membrane voltage around -65 mV,
and they have a high potassium concentration and a low sodium concentration compared to
the fluid outside of the cell. An increase in voltage is called depolarization, and a decrease
is called hyperpolarization.

An action potential or “spike” is the signal typically sent from one neuron to another.
When a neuron is depolarized to a certain threshold level, voltage-gated sodium channels
open and the voltage shoots up very quickly as the positive ions rush into the cell. However,
as the voltage climbs, the channels shut again and voltage-gated potassium channels open.
These channels cause potassium to rush out of the cell, which hyperpolarizes the membrane
even below the resting level, after which it is restored to equilibrium. This entire process
is very fast, on the timescale of about 1 ms. Action potentials are sent down the axon of
a neuron, and when they reach the end (terminal) of the axon, the high voltage causes the
release of neurotransmitter from the axon terminal onto receptors in a dendrite of another
neuron. These receptors bind the chemical neurotransmitter and activate ion channels,
allowing depolarizing or hyperpolarizing current into the cell. Such a meeting point between
one cell’s axon and another cell’s dendrite is called a synapse. If there are enough depolarizing
dendritic inputs, this so-called “post-synaptic” cell will reach spiking threshold and generate
an action potential that will be sent to other cells, and so on. There are many exceptions
to this description, but this is the most common and therefore canonical way that neurons
communicate with each other.

Of course, when one looks closer, the reality of this process is a lot more complicated
than this. For one, neurons possess many more kinds of ion channels than just these types of
voltage-gated sodium and potassium channels. One example that I will focus on extensively
in this thesis is the high-voltage activated calcium channel, a voltage-gated channel that



allows calcium ions into the cell and causes much longer-lasting depolarizations than the
spikes of a sodium-mediated action potential.

In addition, given the broad set of complex tasks the brain must execute, there are
many different types of neurons with unique physical structures, electrical properties, and
functional purposes. I will be focusing specifically on one brain region, the neocortex, and
one cell type within this region, the layer 5 pyramidal cell. The neocortex is the outer layer of
the cerebrum, the folded layer that features most prominently in any drawing of a brain. The
neocortex has many subregions devoted to different tasks including visual processing, motor
planning, and language production, but it is characterized by an anatomically conserved
laminar structure. Across the neocortex you can observe the canonical six-layer structure,
each layer containing different cell types and connectivity profiles. Most neocortical neurons
are pyramidal cells, which are characterized by their very long “apical” dendrite, and sub-
classified by the layer in which their cell bodies are. Layer 5 pyramidal cells have their cell
bodies in layer 5 and dendrites that stretch all the way up to layer 1 (the outermost layer),
as well as basal dendrites that extend below the cell body. Accordingly, they are very large
(about 2000 pm [1]), and because they span all layers of neocortex, they can receive inputs
along the cell from many different sources (Figure 1.1).

Layer 2/3
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Figure 1.1: Schematic of human neocortex. The diagram shows a cartoon cross section of the brain. The
outermost, folded layer (pink) is neocortex, made up of six layers. The magnified version shows how pyramidal

neurons are shaped and situated within this laminar structure.

1.2 Recording electrical brain activity

Because neurons communicate electrically, neuroscientists have developed many techniques
to record these electrical signals across various spatial and temporal scales. Each has its
own advantages and limitations which determine the settings in which they are most useful.
They fall into two categories: invasive techniques which require electrodes to be inserted
into brain tissue, and noninvasive techniques which can be used without any instruments
entering the body. I will give an overview of the main recording techniques to provide an



understanding of the signals I am modeling and how the experimental data I have used to
assess my results were obtained.

1.2.1 Invasive techniques

The most direct way to record electrical neural activity is to insert a recording electrode
directly into a neuron, producing an intracellular recording. In vitro, one can evoke electrical
activity using pharmacological agents or by clamping the neuron, either injecting current and
recording the voltage changes or fixing the voltage and recording the resulting currents (the
latter may seem unintuitive, but it is useful for studying the voltage-gated ion channels I
discussed earlier). Because the brain itself does not have pain receptors, electrodes can also
be used to record in vivo, after an initial surgery under anesthesia to expose the brain tissue.
This allows one to directly record electrical events that are generated by actual stimuli in
the real world, and also allows one to stimulate a subject and then observe the subject’s
reaction to this. There are many types of electrodes made for different levels of precision,
including multi-electrode arrays for recording signals from many neurons at once.

There are also invasive recordings of neural activity measured over a larger spatial
scale. The local field potential (LFP) is a signal recorded by an electrode in the extracellular
space of neurons rather from inside the cells. When neurons are active, ions flow into
neurons from the extracellular space and vice versa, so the extracellular space is a good
place to record activity-dependent electrical activity from all of the cells in the immediate
region, up to hundreds of microns. Another technique, electrocorticography (ECoG), uses
electrodes placed directly on the surface of the brain to record the electrical activity of the
area below. These electrodes have spatial resolution on the scale of millimeters [2]. ECoG
has applications in severe epilepsy treatment and brain-computer interfaces in humans [3, 4],
as well as research applications in other animals like rats [5].

1.2.2 EEG and MEG

Electroencephalography (EEG) and magnetoencephalography (MEG) are two noninvasive
recording techniques for studying electrical brain activity with good temporal resolution [6].
EEG is a widely used recording method where electrodes are placed on top of the scalp
rather than inside the skull. MEG is a very similar technique that uses magnetometers
to record the magnetic fields induced by the electrical current in the brain, as opposed
to the electrodes used in EEG. MEG recordings require much more specialized equipment
and experimental settings, but they have the advantage of having better spatial resolution
because magnetic fields are less distorted by the skull and scalp than electrical activity [7].
Because they are so far removed from the brain, the signals recorded by EEG and MEG are
generated by synchronized activity from tens of thousands of pyramidal cells, and referred
to as “macroscale” recordings [6].

While invasive methods are only used in humans under very extraordinary circum-
stances, such as if they are undergoing neurosurgical intervention for epilepsy and have
consented ahead of time [8], EEG only requires the placement of electrodes on the subject’s
head with conductive gel, so it can be used in pretty much anyone. As a result, a wealth of
human EEG data has been collected by clinicians and researchers, and a patient can easily



and painlessly get an EEG done to look for biomarkers of a certain disorder. The downside
is that because a single sensor records activity from thousands of neurons, it is very difficult
to look at features of the EEG signal and determine the precise neural activity that has
generated it. Indeed it is an ill-posed problem, but solving it would enable us to understand
how EEG/MEG signals relate to brain function and to develop new treatments based on
abnormalities in these signals, which arise in many pathologies.

EEG and MEG signals are generated by the same electrical currents, which are from
cortical pyramidal neurons. Pyramidal cells in a given area are all oriented in the same
direction, so when many of them exhibit similar electrical activity, the currents travelling
up and down the apical dendrites sum (primary current, J?) and are strong enough to
induce secondary volume currents (J¥) and magnetic fields detectable by EEG and MEG
sensors outside of the head (Figure 1.2) [6]. Producing a spatial map from EEG or MEG
sensor signals to “source-localized” currents J? in different cortical areas within the brain is
referred to as finding an inverse solution. Although finding the inverse solution is an ill-posed
problem, there are techniques which impose constraints in order to provide a likely solution,
such as minimum-norm estimation and sparse source estimation [6]. The output of these
methods is an equivalent current dipole at different locations in the neocortex, measured in
units of current x distance [6]. This is illustrated in Figure 1.2 below.
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Figure 1.2: Generation of EEG and MEG signals. Figure from Neymotin et al., 2020 [6]. (A) Primary
currents (JP) are generated along the dendrites of pyramidal neurons, which are always aligned normal to the
cortical surface. These primary currents induce volume currents (J¥) and magnetic fields, which are recorded by
EEG and MEG, respectively. (B) Inverse solution methods infer the primary currents in cortex (the equivalent
current dipole) from EEG or MEG signals, while forward solution methods do the opposite.

However, even after applying an inverse solution method to obtain a source-localized
dipole signal, it is unclear how this signal relates to intracellular voltages, spiking, and spiking
activity in a neural network. This localized signal is still produced by tens of thousands of
cells. To provide some insight in interpreting the cellular and network origin of EEG and
MEG signals, the Jones Lab has approached this by developing a computational model of
neocortex that can simulate electrical activity in the cells in response to given stimuli and
the source-localized EEG signal (dipole) that would result from this. I will cover the neural
model in more depth in section 1.4.



1.3 Modeling electrical brain activity

The brain is a large system that is structurally and functionally complex at all scales from
molecular to behavioral, so there are many approaches to modeling the brain depending on
one’s needs or research questions. I will focus specifically on the use of differential equations
to model a neuron’s voltage and transmembrane electrical currents as a function of its inputs
and its biophysical properties.

1.3.1 The Hodgkin-Huxley model

In a 1952 paper, authors Alan Hodgkin and Andrew Huxley derived a system of four dif-
ferential equations to model a neuron’s voltage based on electrophysiological experiments
performed on squid neurons, specifically the giant axon that runs down the squid’s body [9].
This description of the voltage changes in an axon using electrical circuit theory earned the
authors the 1963 Nobel Prize in Physiology or Medicine and laid the groundwork for many
efforts in computational neuroscience [10]. The Jones Lab model that I have worked with is
more complex, but is built on the same ideas and forms of equations, and because the scale
of the Hodgkin-Huxley model is much more tractable, it is worth discussing in some detail
to provide a sense of how these models work. Part of what makes this model simpler is that
it disregards the shape of the cell, effectively approximating the neuron as a single point.

The Hodgkin-Huxley model accounts for three types of ionic currents: fast voltage-
gated sodium currents, delayed-rectifier voltage-gated potassium currents, and “leak” cur-
rents which describe ions being channeled and pumped across the membrane to maintain its
resting potential at around -65 mV [11]. The opening and closing of any single ion channel is
stochastic, but because there are so many sodium channels in the membrane, one can deter-
ministically model the proportion of sodium channels that are open at any given time with a
good degree of accuracy. As discussed, opening and closing channels causes transmembrane
currents and thus changes the cell’s voltage.

The four differential equations describe the change in the following variables over
time:

e IV - membrane voltage

e n - proportion of potassium gates open

e m - proportion of sodium gates activated

e h - proportion of sodium gates deinactivated

The variables m,n, and h are called gating variables because they describe the molecular
“gates” that open and close membrane ion channels in a voltage-dependent manner. The
sodium channel requires two gating variables because it has an activation gate and an in-
activation gate, which leads to the confusing terminology that a sodium channel is either
activated or deactivated and either inactivated or deinactivated at any given time. Both
gates must be open on a channel for the ion to pass through (in other words, the channel
must be activated and deinactivated). The leak current does not require a gating variable
because it is not gated by voltage.



Each of the gating variables are described by equations of this form:

dn

= = 0u(V)(1—n) = B, (V)n (1.1)

Here o, (V') is the rate at which potassium channels open as a function of voltage, and £, (V)
is the rate at which they close as a function of voltage, with both functions being nonnegative
for all V' € R, such that when m is initialized in [0,1] (as it would be in all real settings,
since m is a proportion), it stays in this interval, as desired.

Dividing through by «,, (V') + 8,(V), this can be rewritten as

d
(V)5 = (V) = (1.2)
dt
Here, 7, = m and n. (V) = % This form is useful because it says that the

proportion of open channels tends toward a steady state value n.(V), at a rate of 1/7,,. We
can then draw n., and 7, as functions of V' to get a sense of what happens to the potassium
channels at different voltages (Figure 1.3).

The m and h equations are defined in exactly the same way, except that their o and 3
functions have different forms. Figure 1.3 shows the steady states and time constants of each
gate as functions of the membrane voltage, V', for a typical choice of parameters. As you
can see, sodium channels activate rapidly (7, is small) as voltage increases, with potassium
channels following more slowly. However, as voltage climbs, sodium channels begin to become
inactivated (ho, = 0, so these gates close). When the voltage decreases again, sodium
channels deactivate and potassium channels close again (mq, and n., decrease). However,
sodium channels also slowly deinactivate (hs > 0 but 73, is large), so they can open up the
next time the activation gates open.

Steady States Time Constants
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Figure 1.3: Steady state values and time constants of Hodgkin-Huxley gates. The graph on the left shows
the steady-state values of m (purple), n (orange), and h (green), which describes the proportion that would be
open at the given voltage as t — oo. The graph on the right shows the time constants of each of these gates as

functions of the membrane voltage, where smaller 7 values correspond to faster change.
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The last piece of the system we must define is the equation for % as a function of
m,n, and h, as well as the input current [(¢), which could be from a synaptic connection
or from an experimenter’s manipulation. The voltage changes according to the following

equation, which I will explain term by term [12].

C% = gnam’h(Ena — V) + gxn* (Ex — V) + Gieak(Bleak — V) + 1(2) (1.3)
C' is the (constant) capacitance of the membrane, so that the entire equation is of the form
C %/ = > 1,if > I denotes the net transmembrane current. In other words, the capacitive
current is equal to the sum of the transmembrane ionic currents.

The next three terms are all scaled by a constant parameter g,,, which is the max-
imum conductance for that current. From a biological perspective, this can be interpreted
as the number of ion channels in the membrane per unit area. For example, in real neurons
JNa 1s much greater than gie., so when sodium channels open they cause very large currents
compared to the leak current.

These same three terms also all contain a factor of the form Ei,, — V. Ei., is defined
as the “reversal potential” for that current. If all other currents were ignored, each ionic
current would cause the membrane voltage to go towards their value of Ej,,, at which point
due to concentration and electrical gradients there would be no net current into or out of
the cell. Thus the factor Ei,, — V pulls the voltage towards the equilibrium value at a rate
proportionate to how far it already is from this value.

For the leak current, the underlying cellular mechanisms are approximately constant
under all conditions, so its maximum conductance and the disparity between the current
voltage and its equilibrium voltage are enough to completely characterize its contribution to
the cell’s voltage. However, for the two voltage-gated channels, we must take into account
whether the channels are open or closed, which is where our gating variables come in. Because
there are multiple subunits in ion channels, each of which contain their own independent
gates, some of the gating variables are raised to exponents (although these exponents were
chosen by Hodgkin and Huxley to fit the data, not because they knew the structure of these
channels) [11]. This means the proportion of open delayed-rectifier potassium gates open is
n, but the proportion of open delayed-rectifier potassium channels is only n*.

In summary, the voltage is determined by the input current and contributions of each
ionic current, which are determined by that channel’s density g, the reversal potential F,
and the proportion of open channels as determined by any gating variables.

For a typical set of parameters, there are three types of behaviors that can be evoked
by a constant input current. A hyperpolarizing current or a weak depolarizing current will
not evoke any spiking because the input will not push the voltage far enough above its resting
value to cause m gates to open. A stronger excitatory current will open the m gates and
cause the cell to spike, returning afterwards to a slightly higher equilibrium value. With still
stronger input current, the model cell will enter a state in which it continuously spikes at
regular intervals. These three behaviors are shown in Figure 1.4.

In Figure 1.4 T have also provided a phase plane visualization of the system showing
V (t) plotted against each of the gate variables m(t), n(t), and h(t). As shown, these values
are barely perturbed from their steady state values in the subthreshold case before returning
to a stable equilibrium. The one spike case also corresponds to an equilibrium point solution
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for each of these gate variables, which is approached after the initial input knocks these
values onto a cyclical trajectory back to this point. In contrast, a strong input current
results in a system with no equilibrium point. In this case, the system enters a limit cycle,
which is why the neuron continues to spike at regular intervals.
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Figure 1.4: Solutions to the Hodgkin-Huxley equations for different levels of input current. In all three
simulations, /(t) was set to a positive constant for 20-80 ms, and 0 everywhere else. Plots on the left show
voltage traces (voltage V/(t)) versus time, middle plots show the three gating variables plotted against time,
and plots on the right show phase planes with V/(t) on the y-axis against the three gating variables on the
x-axis. (A) I(t) = 2 nA slightly depolarizes the neuron but does not result in spiking. (B) /(t) = 4 nA is only

strong enough to evoke one spike. (C) /(t) = 10 nA is strong enough to evoke a train of spikes at regular intervals.

There are many parameters in this system and it is highly nonlinear, which makes it
very difficult to solve analytically. However, this makes it a useful model because it allows
the model, whose parameters were originally calculated from the giant axon of a squid and
have biophysical interpretability, to be used to approximate the behavior of many neuron
types across species and brain regions. It also provides a template one can use to customize
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the set of ionic currents included in the model. For example, if one wants to add chloride
ionic currents, they can extend the so-called Hodgkin-Huxley formalism to include gating
variables for these channels, then add another term to the voltage equation that raises these
variables to the relevant exponents and scales by gci(Ec) — V). This increases accuracy
and often allows for more types of behavior from the model neuron (for example, a set of
several spikes which die out and do not create a continuous oscillation for the duration of the
input). As I will discuss, the Jones Lab takes advantage of this versatility by adding many
more types of currents including potassium M-currents, hyperpolarization-activated cation
currents, and the current in which I am most interested, the calcium current through L-type
channels.

1.3.2 Compartmental model neurons

The Hodgkin-Huxley model was a scientific breakthrough, but you may have found it odd
that the previous section completely disregarded dendrites, axons, and synapses. Indeed, as
mentioned above, in the classic formulation, Hodgkin-Huxley neurons are “point neurons.”
This means that all of the ionic currents and the resulting voltage changes are modeled as
occurring in a single point in space. Thinking back, it is clear that point neurons are unable
to capture some important aspects of the problem at hand, such as the fact that EEG signals
are dominated by current flowing up and down pyramidal neuron dendrites, and that layer
5 pyramidal cells are important because their long shape allows for inputs from all other
layers to arrive at different points along the membrane.

One solution, established by Wilfrid Rall, is to model the neuron not as a point, but
as a cylinder (one-dimensional cable) or a system of connected cylinders, each of which is
specified by its length, diameter, and various resistance and capacitance quantities [13, 14,
15]. Transmembrane currents are still modeled according to Hodgkin-Huxley type equations,
but they are introduced at a certain point along the cable. From there, current flow through
the cylinder(s) is modeled according to cable theory.

Figure 1.5: Schematic showing compartmental model neurons in decreasing complexity. This figure,
taken from Dayan and Abbott's Theoretical Neuroscience [11], shows a real pyramidal cell at left, followed by a

series of possible compartmental models of this neuron using fewer and fewer compartments.
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If neurons did not have voltage-gated ion channels along their dendrites, post-synaptic
electrical signals arriving in the dendrites would still change as they propagated toward the
soma due to cable properties or “passive membrane” properties of the cell (as opposed to
“active membrane” properties from ion channels, which are accounted for by Hodgkin and
Huxley). These electrical properties include the cell’s membrane resistance per unit area
R,,, membrane capacitance per unit area C,,, and internal resistance of the cell R;, as well
as morphological properties like a dendrite’s length and diameter.

In this framework, the change in voltage along the cell can be calculated using the
cable equation, which can be stated as

2 V
)\2% = V+T%—t+[(‘/,x,t) (1.4)
Here, z is position along the cable, t is time, V is the difference between the membrane
voltage and the resting potential (Eiest — Vinembrane), and A and 7 are constants called the
time constant and the length constant, respectively [15]. I is the function that accounts for
inputs and active membrane properties.

More precisely, 7 is a decay term which can be thought of describing how fast the
voltage decays back to rest after a current (or, more generally, how quickly the voltage
responds to a voltage change). This is easier to see when you imagine that F' and g%/ are
set to zero, meaning that the whole cable is at the same voltage and there are no membrane
currents. In this case, the cable equation can be expressed as %—‘; = —%, a simple ordinary
differential equation solved by V (t) = Ce™/". It is defined as 7 = R,,C,,. Since the value of
C,, is fairly constant across neurons, it effectively only depends on R,, for the cell. Similarly,
A is a decay term across space, describing how much an electrical signal attenuates as it
propagates further down the cable, away from the source of the current. It is defined by

A= /5=, where r is the radius of the cable’s circular cross section [15].

In practice, the partial differential equation usually is not actually solved along each
cylinder. Instead, as Rall himself did, it can be approximated by dividing the cylinder into
discrete segments, then reducing the problem to a system of ordinary differential equations
[16]. These equations are of the form

d‘/; Iinput
CjE = Aj +Iion+;gj,k(‘/k — V}) (15)

where ¢; is the membrane capacitance of neuron j, A; is the surface area of neuron j, g; is
the conductance from segment k to segment j, Iiypys is input current, and f;,, is ionic current,
a way of abbreviating all of the gating variable terms described in section 1.3 [11, 17]. The
constant g; is equal to 0 if segments j and % are not connected, and if they are connected,
it is equal to
g T’j?”,%
k=
J RzLJ(LJT’i + LkT’jz)

(1.6)

where R; is intracellular resistance, L; is the length of segment j, and r; is the radius of
segment j [11].
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With the power of computation, this paradigm can be used on a scale from Rall’s
single “equivalent cylinder” [16] to highly detailed neuronal reconstructions with hundreds
of compartments [18]. Because this cable model is so powerful, simulation environments
have been designed to make it relatively easy to construct these models by allowing users
to instantiate objects like compartments and electrodes according to their locations and
attributes without having to set everything up from scratch and write code to solve the
cable equations. One such simulation environment, NEURON [17, 19], is used to create the
Jones Lab’s model.

1.4 The Jones Lab model

The Jones Lab models a canonical neocortical circuit designed to simulate source-localized
EEG/MEG signals (i.e, primary current dipoles, see J¥ in Figure 1.2). The model contains
four cell types: layer 2/3 pyramidal cells, layer 5 pyramidal cells, layer 2/3 basket cells, and
layer 5 basket cells. A schematic of the model is shown in Figure 1.6.

[ introduced pyramidal neurons in section 1.1 above, and they are described in greater
detail below. Another important type of neuron is the basket cell. These cells form inhibitory
synapses directly onto the soma of a nearby pyramidal cell. Unlike pyramidal cells, their
dendritic projections are very short and typically aligned radially around the soma. This
means that the electrical activity in the dendrites of basket cells tends to cancel out when
summed, so basket cells do not directly contribute to the EEG signal, although the effects
of their inhibition on the network are very important. For these reasons, they are modeled
as point neurons with only a single compartment 39 pm in length and 20 pm in diameter.
They only contain the classic Hodgkin-Huxley sodium, potassium, and leak channels, with
the following parameters tuned to reproduce the fast spiking dynamics characteristic of this
cell type: R, = 200Q-cm; C,, = 85 pF/cm?; gna = 0.12 S/cm?; gx = 0.036 S/cm?; g, =
0.003 S/cm?; Ex, = 50 mV; Ex = 77 mV; Ep, = 54.3 mV [20].

The two pyramidal cell types are modeled in greater biophysical detail in order to
accurately account for the dendritic currents that generate the primary current dipole signal.
Their morphologies are based on a 1993 paper by Bush and Sejnowski, in which an elaborate
400-compartment model was systematically reduced to the fewest possible compartments
while still retaining accurate electrical properties, including the longitudinal current flow
between compartments [21]. This reduction is practical because it allows simulations with
hundreds of cells to be done in a reasonable amount of time.

The L2/3 pyramidal cells are comprised of eight compartments. The morphology and
dimensions of these compartments are shown in Figure 1.6. In addition to sodium, potas-
sium, and leak channels, they contain adapting potassium currents (also called muscarinic
potassium or M-currents) [22]. The L5 pyramidal cells are comprised of nine compartments,
with on extra compartment in the apical dendrite (see Figure 1.6). In addition to the cur-
rents contained in the L2/3 cells, they contain L-type (fast) calcium currents, T-type (slow)
calcium current, potassium-activated calcium currents, and hyperpolarization-activated cur-
rents (H-currents). The morphology and dimensions of these cells are shown in Figure 1.6A
and 1.4B, respectively.
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Figure 1.6: Jones lab model network. (A) To-scale depiction of the different cell types in the model, with each
compartment labeled with its name. (B) Table describing the length / diameter parameters for each compart-
ment (in pm). (C) Schematic of the local synaptic architecture. Y-shaped synapses are excitatory and T-shaped
synapses are inhibitory. Disembodied synapses represent connections from other cells of the same type. (D)
Schematic showing compartments that receive exogenous inputs from proximal (red) and distal (green) drives in

the model.

The arrangement of these four cell types is based on the canonical structure of neocor-
tex. L5 basket cells inhibit the somas of L5 pyramidal cells, and L.2/3 basket cells inhibit the
somas of 1.2/3 pyramidal cells as well the apical tufts of L5 pyramidal cells. 1.2/3 pyramidal
cells form excitatory synapses onto the basal and oblique dendrites of other 1.2/3 pyrami-
dal cells and L5 pyramidal cells, as well as onto the apical tufts of L5 pyramidal cells and
onto L.2/3 basket cells. L5 pyramidal cells only form excitatory synapses onto the basal and
oblique dendrites of other L5 pyramidal cells and onto L5 basket cells.

A synapse in this model is a way of connecting the spiking output of one neuron to the
input current I(¢) of another. Without explicitly modeling axons, we can model a synapse
between neuron i and neuron j by taking each time point that neuron i spikes (defined
as the somatic voltage crossing a certain threshold), creating a double exponential shaped
current starting at this time point, and adding it to the I(¢) term of neuron j in the specified
compartment. In this model there are two types of excitatory synapses, AMPA and NMDA,
and two types of inhibitory synapses, GABA, and GABAg. These are only differentiated by
their rise and decay times as well as the fact that inhibitory synapses have a flipped sign. It
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is also possible to adjust the synaptic strength, which is the maximal conductance factor by
which to multiply this current, as well as the synaptic delay, which is a time shift between
the presynaptic cell’s spike and the input current to the postsynaptic cell (meant to account
for time spent travelling along the axon).

The user can specify the size of this model by entering the dimensions of a grid of
these cell types. For example, a 10 x 10 grid would give 100 of each cell type, each connected
to the other cell types as outlined in the above paragraph. To make the model more realistic,
the strengths of the connections between pairs of cells are inversely related to the distance
between them, so that cells are most strongly coupled to the neighboring cells. Similarly,
cells that are far apart will have longer synaptic delays. The space constants that govern
these relationships can be found in Jones et al., 2009 [22].

Importantly, there are several ways to provide inputs to this model, which are neces-
sary to generate activity and to represent a simulation experiment that mimics an empirical
experiment. One way is to apply tonic current to one or more of the cell types, akin to
what would be done in a classical intracellular electrophysiology. These currents are applied
directly into the cells and are specified by their start and endpoints as well as their strength
(nA). While useful in some research applicants, this tonic applied current does not reflect
the type of inputs that a cortical region would be receiving in a real brain while EEG or
MEG is being recorded.

There are two main pathways of input to the cortex that relay information from
other parts of the brain to a local cortical circuit. Thus, the model also provides two input
pathways, named “proximal” and “distal” according to the location of the post-synaptic
effects on the proximal (close to soma) and distal (far from soma) dendrites of the pyramidal
neurons (Figure 1.6D). In practice, the user simulates trains of action potentials that activate
synapses on the pyramidal and basket cells in the locations shown in Figure 1.6D (in exactly
the same way that they receive synaptic inputs from the other model cells). These proximal
and distal inputs or “drives” are essential for approximating real activity from a cortical
network. The proximal input pathway represents feedforward input from thalamus, a brain
region that receives most sensory inputs before the neocortex does. The distal input pathway
simulates feedback input from other regions of neocortex or from nonspecific thalamic nuclei,
which project to upper layers of the cortex. When using the Jones lab model, the user can
define as many input patterns as they like, each with different strengths and temporal profiles.
The synaptic strength (maximal conductance) of these inputs can also be tuned individually
for each cell type. This means that, for example, I can create a proximal input that does
not affect the layer 2/3 cells, despite them being included in this pathway, by changing the
synaptic strength to 0 for these connections. There is one other type of input provided in
this model, which is a noisy Poisson synaptic input to the somas of the neurons, with a
strength and frequency that can be specified for each cell type.

The last step is to compute the source-localized primary current dipole signal from the
electrical current generated inside the model neurons. This is done by taking the intracellular
currents in a pyramidal neuron’s dendrites and summing the components that run parallel to
the axis of the apical dendrite, then multiplying by the length of the dendrite (see Figure 1.2)
[22]. Summing this quantity across the entire pyramidal neuron population (layer 2/3 and
layer 5) gives the simulated primary current dipole signal. The result has units of current x
distance (nAm), so it is directly comparable to source-localized recorded EEG/MEG data.
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As you can see from Figure 1.6A, the layer 5 pyramidal neurons have much longer dendrites
than the layer 2/3 pyramidal neurons, so currents from these layer 5 cells contribute much
more substantially to the dipole than the layer 2/3 cells do.

This model is built with the NEURON Python simulation environment. The source
code is made up of Python files as well as NMODL files (a NEURON-specific descriptive pro-
gramming language), which mathematically define ion channel kinetics and other functions
such as computation of the dipole and the LFP generated by the network. The Jones Lab has
built a graphical user interface around this model and made it available as a software pack-
age called Human Neocortical Neurosolver (HNN, https://hnn.brown.edu), which is what
I used for the work in this thesis, though I did make local changes to the underlying code
to modify the model and expand the recording and plotting capabilities of the simulations.
More detailed descriptions of the model and software can be found in [20, 22, 6].

This model has been used by the lab to propose network-level neural mechanisms
by which commonly measured EEG signals such as evoked responses and low frequency
oscillations are generated [20, 22, 23, 24]. T have been expanding it to improve the calcium
dynamics in the model and to investigate the impact of calcium events in layer 5 pyramidal
cells on human EEG/MEG signals. Calcium dynamics have not previously been studied in
detail in the Jones Lab model.
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Chapter 2

Improved Calcium Model

2.1 Calcium spikes

A Schiller et al., 1997 C Pérez-Garci et al., 2006
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Figure 2.1: Examples of dendritic calcium spikes in electrophysiological recordings in vitro. All plots show
simultaneous voltage traces recorded both the soma and apical dendrite of a layer 5 pyramidal neuron. (A) Left:
distal synaptic stimulation leads to a dendritic calcium spike. Right: current injection into the apical dendrite
(800 pm from the soma) leads to a dendritic calcium spike. Results in rat cortex. [25] (B) Continuous current
leads to dendritic calcium events that cause “bursts” of somatic action potentials. Results in rat cortex. [26] (C)
Left: double exponential shaped input to the distal dendrite leads to a calcium spike which attenuates slightly as
it moves toward the soma but still creates a two-spike burst. Right: setup of stimulating and recording electrodes,
which is very similar to the setup for the figures displayed in (A) and (B) as well. Results in mouse cortex. [27]

I began Chapter 1 by describing the action potential, a sharp depolarization event
which arises from the influx of sodium through voltage-gated channels, and I showed sim-
ulated action potentials generated by solving the Hodgkin-Huxley equations. This is not
the only type of nonlinear electrical event that occurs in neurons. Pyramidal cells also con-
tain several types of voltage-gated calcium channels, which can cause a different type of
depolarization event called a calcium spike. Calcium spikes are broader, longer depolar-
izations. Significantly, they often occur in the apical dendrites of these neurons, in some
cases being unaccompanied by an action potential at the soma [25, 28]. These events are
primarily caused by the opening of L-type calcium channels, which open rapidly and stay
open for a relatively long time, and are considered “high voltage activated” compared to
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other voltage-gated calcium channels like the T-type channel (also included in the model)
[29]. The long depolarization that occurs during a calcium spike often generates one or more
sodium/potassium spikes in the soma on top of the calcium event, which is referred to as a
calcium burst (examples from real neurons shown in Figure 2.1).

We were very interested in the influence of these non-synaptic electrical events on the
network activity and the EEG readout. In particular, it seemed that dendriticly-generated
calcium spikes that do not reach the soma because they have attenuated or been blocked by
inhibition should produce a large signature in the dipole.

Our interest was bolstered by a 2017 paper entitled “Dendritic calcium spikes are
clearly detectable at the cortical surface” [30]. The authors, Mototaka Suzuki and Matthew
Larkum, used surface electrode arrays (similar to ECoG) in rats to record activity on the
cortical surface. They found that optogenetically evoked calcium spikes in anesthetized rats
as well as sensory evoked calcium spikes in awake rats were visible in their surface electrode
recordings. To confirm that these were indeed calcium spikes, they used pharmacological
techniques (including blocking synapses with CNQX and applying the GABAg agonist ba-
clofen in order to downregulate calcium channels) as well as laminar electrodes, which were
able to confirm the current sink was occurring in the apical dendrite of layer 5 pyramidal
neurons. Some of the main results are summarized in Figure 2.2 below.

A Optogenetically-induced (anesthetized) B Sensory-evoked C Simultaneous calcium
Excitation and surface recording
light Surface electrode array Surface electrode array

\ Michigan

Periscope probe

UL Baclofen

0.5 mm
=

-
GGASSssssssssssss

0.2mv

T 10ms

=20 ms

Figure 2.2: Summary of main findings in Suzuki and Larkum, 2017 [30]. (A) The experimental setup for
evoking calcium spikes in layer 5 neurons by driving back-propagating action potentials in the soma. Below is the
average surface electrode recording in the presence of a putative dendritic calcium spike (black) compared to lack
of spike (grey). (B) The experimental setup for recording during hindpaw stimulation. The illustration shows the
hindpaw being stimulated while the relevant area of cortex is being recorded both with a surface electrode and
with a Michigan probe, which records extracellular voltage changes at many cortical depths. Below is the average
surface electrode recording (thick) as well as two examples of traces where a particularly large late event emerged
(thin). (C) Simultaneously recorded calcium transients (top) and surface potentials (bottom). In both plots,

black and grey lines are the average over 20 measurements with and without putative calcium spike, respectively.
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This work prompted us to turn to our own lab’s model to see whether or not it is
likely that we would see similar results in humans. The concept was simple: just as Suzuki
and Larkum did experimentally, we would drive the layer 5 pyramidal cells to produce
dendritic calcium spikes, then observe what the output dipole would look like and how it
related to the cellular and network activity, with potentially exciting implications for the
interpretation of human EEG signals. However, once I started to do this, we realized our
model was not faithfully reproducing the calcium dynamics that have been shown in layer
5 cells in electrophysiology work. In light of this, I took on the task of adjusting the model
cells to improve the fit to experimental data.

2.2 Retuning the electrical properties of layer 5 pyra-
midal cells

2.2.1 Problems with existing model

Different types of neurons exhibit different spiking patterns, as a result of their morphologies
and ionic conductances. The layer 5 pyramidal cell model previously used in the Jones Lab
and currently distributed with the HNN modeling software were tuned to produce “intrinsic
bursting” behavior [20]. When a constant current is applied, an intrinsic bursting cell will
produce “bursts” of several action potentials which are extremely close together in time
(Figure 2.3). This is as opposed to a regular spiking cell, which will produce single action
potentials at a fairly regular frequency, which increases as the input current gets stronger
(Figure 2.3). You may recall that the classic Hodgkin-Huxley model generates regular spiking
behavior. Layer 2/3 pyramidal cells are typically regular spiking cells, while layer 5 pyramidal
cells are often intrinsically bursting cells (though both types exists; see section 2.3.1) [31].
The pyramidal cells in the Jones Lab models were tuned to reflect this qualitative distinctions
between the two layers.

A Silvaetal., 1991 B Zhu and Connors, 1999
RS Cell } IB Cell
T I
i Juum L
— -
Regular spiking Intrinsic burstmg Regular spiking Intrinsic bursting

Figure 2.3: Comparison of regular spiking and intrinsic bursting. (A) A layer 2/3 regular spiking cell (left,
black) compared to a layer 5 intrinsic bursting cell (right, cyan). Results from mouse neocortex in vitro [31]. (B)
Another example of a regular spiking cell (left, black) compared to an intrinsic bursting cell (right, cyan). In this
case, two levels of current were applied to show how both cells respond to a stronger level of activation. Results
from anesthetized rat neocortex in vivo (specifically barrel cortex, similar to somatosensory cortex in humans) [32].

21



A Somatic stimulation

apical 2

%
-

0.5nA

20nA SsOma

%E
-

B Dendritic stimulation

apical 2
05m S R T S P
20nA
T R T TR o AL
soma
M S
S TN TG N S
e .

Figure 2.4: Model layer 5 pyramidal neuron’s response to simulated current injection. In both panels,
voltage traces are shown from five compartments: apical tuft, apical 2, apical 1, soma, and basal 2, in order from
top to bottom. Simulations are 1000 ms long, with current applied from 100-900 ms. In each, three strengths
of current are applied: 0.5 nA (blue, left), 1.0 nA (yellow, middle), and 2.0 nA (red, right). Boxes indicated the
portions of the trace that are magnified at right to provide more detail. (A) Model current clamp applied to the
soma. (B) Model current clamp applied to apical 2. Notice that the strong (2.0 nA) input pushes the neuron out

of its intrinsic bursting into a state of runaway excitation which persists until the stimulus offset.

However, the cells were only tuned to replicate electrophysiological data at the soma.
In order to do this research, I had to write code to produce plots of calcium concentration,
calcium current, and voltage in several compartments throughout the layer 5 pyramidal
neuron, in addition to the somatic voltage plots that were already included in the model.
After doing this and looking at the electrical properties of the distal dendrite, it was clear

22



that the model results did not reflect the properties of real dendrites, as observed in the
whole cell recordings, e.g. Figure 2.1.

Figure 2.4 shows the result of isolating a single model layer 5 pyramidal neuron
and simulating constant current injection. As you can see, both somatic and dendritic
stimulation evoke narrow, pointy spikes in all compartments of the cell. It is clear that the
difference in electrical properties between the dendrites and the soma, namely that there
are sodium /potassium spikes riding on top of the calcium spike in the soma but not in the
dendrite (as seen in Figure 2.1), is not being preserved in the model. Therefore, we are not
able to get anything that matches the data and looks like a canonical calcium spike.

This was a significant problem for trying to understand calcium spikes using our
model. It would not make much sense to use our model output to make claims about
dendritic calcium spikes if the dendritic voltage traces in our model were not reflective of
experimental recordings of these events. Beyond the question of calcium spikes, it was
also an opportunity to improve the accuracy of the model in reproducing other features of
experimentally observed pyramidal neuron dynamics. It was impossible to know what we
were missing or getting wrong in our simulations without making this change. Much of
my third chapter will be devoted to expanding beyond the particulars of calcium spikes to
investigating the way in which calcium affects the dipole signal in response to fairly simple
input patterns. In the remainder of this chapter, I will discuss several approaches I took
to try to adjust the model to improve fit to electrophysiological data recorded from layer
5 pyramidal dendrites, while preserving the somatic response, and end by showing how the
improved model compares to the old model and the real neuronal recordings.

2.2.2 First approach: adjusting calcium conductances

The default layer 5 pyramidal cell model includes L-type calcium currents (Ca), T-type
calcium currents (CaT) which are hyperpolarization-activated, and potassium-activated cal-
cium currents (KCa). For each current, the value of the conductance per unit area (g) in the
soma is a parameter, which makes it easy to manipulate without changing the underlying
model. The same is true for the conductance per unit area in the dendrite. This means that
just within the space of changes that can be made by only adjusting parameters as the user,
there are already six continuous variables which directly affect the flow of calcium into the
cell. As a starting point, I tested whether manipulating the conductance of each of these
calcium currents could account for the discrepancies in the shape of calcium events in the
dendrite.

After sweeping through biologically realistic values of these conductances (data not
shown), I was unable to improve the accuracy of the dendritic voltage traces. This meant
that there was something more fundamentally missing from the layer 5 pyramidal neuron
model, which would require changes to its underlying structure and biophysics.

2.2.3 Second approach: accounting for calcium diffusion

The second approach I considered and tested was to make the model of calcium ions in the
cell more sophisticated. Moreso than most of the other ions involved in the transmembrane
currents I have been describing, calcium has many complex effects on the cell’s functioning.
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Calcium ions function as signalling molecules or second messengers in many biochemical
pathways inside the cell. They can also be stored and released by the endoplasmic reticulum
of a neuron, and undergo a buffering reaction inside the cell of the form CaB?** = Ca®" + B,
where B represents a generic buffer (not boron) [33]. Furthermore, the Jones Lab model
accounts for calcium flow across the membrane and voltage flow between compartments, but
it does not actually model calcium ions diffusing through the compartment and the cell. All
of these factors affect the intracellular calcium concentration in different regions of the cell,
which should affect the electrical output.

We started with implementing calcium ion diffusion throughout the compartment and
down the length of the dendrite. Our motivations for trying this went beyond attempting to
improve the voltage traces in the dendrite. A former postdoc, Dr. Robert Law, with whom
I worked closely when I joined the Jones Lab, was interested in the flow of calcium into the
soma (and possibly building up there) during a dendritic spike. We thought that dynamics
like this could be important for the realism of the calcium spike model, and for the ultimate
computations that the cell could perform such as aiding in plasticity and learning.

When researching this approach I looked to other models of neuronal calcium dynam-
ics. The first was a 1985 paper by Fogelson and Zucker [34]. This model compares a one-
dimensional model of calcium diffusion away from the membrane and a three-dimensional
model of the same phenomenon. The idea is based on the diffusion equation, which is
% = D% in the one-dimensional case. Their model also includes a calcium pump which
removes calcium from the cell at a constant rate P [34, 35]. Since our pyramidal cells are
so long and narrow, I thought the one-dimensional model should suffice and would be much
less computationally expensive than a two- or three-dimensional model of calcium diffusion.

I also looked closely at a 1993 paper by Nowycky and Pinter which modeled calcium
diffusion and buffering [36]. In this model, the cell was spherical, and the diffusion equation
was modeled as a system of ordinary differential equations, one for each concentric “shell.”
Each equation was of the form:

d|sl; D
b = D5 (4a(1he1 — 819 = AST — [Slean) 2.)
“where [S]; is the concentration of diffusible species |...], Dg is the diffusion coefficient, ¢

is the shell thickness, and V; is the shell volume. A;_; and A; are, respectively, the surface
areas of the outer and inner spherical boundaries of the i*" shell” [36]. I felt this could be
applicable to the pyramidal cell model, but with cylindrical segments down the length of the
dendrite rather than spherical shells. The analogous equation I generated to describe this
was the following:

d[Ca2+]i o DCa
dt r?h?

(r71([Ca® iy — [Ca®T];) — r([Ca?t]; — [Ca®T]it1)) (2.2)

where [Ca”"]; is the intracelllular calcium concentration in segment 4, 7; is the radius of
segment ¢, h is the height of segment i, and D¢, is the calcium diffusion coefficient. The
value of this coefficient was set to 2 x 1076 cm?/s in this paper [36] and to 6 x 1076 cm?/s
in Zucker’s work [35, 34].

The trickier part was implementation. My first thought was that these equations
could be written into the NMODL files that described the intracellular calcium concentration
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in the cells. However, it was proving difficult to integrate this with the many other ionic
mechanisms in the cell. I found out that NEURON has a reaction-diffusion (rxd) module
which could be imported into our model since it is built using NEURON [37]. This allows
the user to define substances that undergo chemical reactions or diffusion throughout the
cell. With the generous help of Dr. Robert McDougal at Yale University, who helped to
create this module, I was able to use the rxd package to allow calcium to diffuse throughout
the cell, as well as a pump (in place of the old calcium decay mechanism), as in Zucker’s
model [35].

Unfortunately, this also was unable to account for the lack of broader dendritic de-
polarizations. I looked to the literature to test different plausible values of the diffusion
coefficient for calcium [38, 39, 40], and I also tried different ways of defining the region over
which calcium diffused within the neuron. However, none improved the model accuracy.
Some paradigms produced similar results as the regular model, while some introduced very
strange spiking behavior, like a single spike followed by a long, flat depolarization in the
soma. None were able to produce bursts of thin spikes in the soma accompanied by broad
spikes in the dendrite, which is what I was looking for.

This led me to more thoroughly review the literature for other computational models
that were used to simulate dendritic calcium activity in layer 5 pyramidal cells, in order
to figure out what was going wrong with my calcium model. I came to the conclusion that
calcium diffusion and buffering were not required to model dendritic calcium spikes, but that
the distribution of ion channels throughout the cells may need to be altered beyond what
could be achieved by feeding in different parameters for the somatic and dendritic values.

2.2.4 Final approach: redistributing dendritic ion channels

The first paper I tried adapting to the Jones Lab model was a 2015 paper by Shai et al., where
they used a detailed compartmental model of a mouse layer 5 pyramidal neuron to model
calcium spikes and bursting [41]. Modifying the channel densities to match the parameters
in their paper produced very unrealistic results, but when I instead changed the parameter
values to match the relative ratios in the dendrite versus the soma it started looking better.
However, the first spike of the burst was still too narrow and pointy in the dendrite.

I had better success when I turned to a 2014 paper by Almog and Korngreen to look
at their conductance parameters [42]. The authors of this paper used a genetic algorithm
to optimize the electrical properties of a layer 5 pyramidal neuron to fit their dataset of
current clamp recordings. This work was highly relevant because they were looking specif-
ically at dendritic spikes, and they paid special attention to the role of calcium channels in
their optimization process. First, they did not include calcium currents and tuned all other
parameters to fit a dataset with calcium channel blockers applied. Then, they included the
calcium channels back in and ran the optimization process again, tuning the calcium pa-
rameters while constraining the other parameters not to deviate too far from their previous
values. One important difference from our model was that rather than just having one con-
ductance parameter in the soma and another in the dendrite for each current, they defined
continuous functions along the dendrite to allow conductances (or, analogously, density of
ion channels in the membrane) to change gradually. They constrained their potassium chan-
nel densities to be exponential decay functions, and their sodium and calcium densities to be
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linear functions which leveled off at some point along the dendrite. The parameters of these
functions, such as the slope and the start and end values, were tuned in the optimization
process.

I applied this setup to the Jones Lab model, adapting the underlying code of the
model to allow the dendritic ionic conductances to change continuously as a function of
distance from the soma, rather than being constrained to a single value. Then, I used their
optimal values to begin hand tuning the distributions. Initially, I had trouble preserving
the intrinsic bursting behavior as opposed to the regular spiking behavior, but eventually I
found a set that produced bursting in the soma in a manner similar to the original Jones
Lab model, but with the dendritic voltage traces looking much more similar to experimental
data (i.e. lower, broader depolarizations in the distal dendrites, Figure 2.5).

I was able to narrow it down to three important conductances, which, perhaps unsur-
prisingly, were sodium, voltage-gated potassium, and fast (L-type) calcium. In the tuning
process, I had also applied this framework to other currents, such as M-type potassium, T-
type calcium, and potassium-activated calcium, but I found I was able to revert these back
to the original values and still produce the broad dendritic spiking and somatic bursting
that I was looking for. The sodium conductance decreased linearly through the dendrite
before plateauing in the distal dendrite, the calcium conductance increased linearly before
plateauing in the distal dendrite, and the potassium conductance decreased exponentially
throughout the dendrite (see Figure 2.5C and Table 1). It is worth mentioning that this in-
creased calcium conductance in the dendrite was inconsistant with the Almog and Korngreen
paper, which found a decreasing calcium conductance with distance [42], but it was consis-
tent with the Shai et al. paper I discussed earlier [41]. There is also experimental support for
increased calcium conductance and decreased potassium conductance in the distal dendrites
[43, 44]. In the final step of tuning, I also ensured that the network spiking behavior was
similar to that of the original model in a simulation of an event-related potential, a canonical
EEG feature (event-related potentials and network activity will be discussed in Chapter 3).

L5 Pyr cell parameter Jones 2009 Improved model
Soma Kv channel density (S/cm?) 0.01 0.06
Soma Na channel density (S/cm?) 0.16 0.32
Soma Ca channel density (S/cm?) 60 10
Dendrite Kv channel density (S/cm?) 0.01 0.0001
Exponential decay coefficient -0.006
Dendrite Na channel density (S/cm?) 0.14 0.0028
Plateau point (um) 962
Dendrite Ca channel density (S/cm?) 60 40
Plateau point (um) 1501

Table 1: Parameter changes made to layer 5 pyramidal cells. The “plateau point” refers to the distance
from the soma at which the conductance levels out at the dendritic value, as opposed to linearly approaching
that value as a function of the distance (see Figure 2.5). Dendritic Kv channel density value is interpreted as a
vertical shift in the exponential decay function. All other parameters were unchanged from the existing model [22].
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Figure 2.5: New model layer 5 pyramidal neuron’s response to simulated current injection. Panels A and
B are directly analogous to Figure 2.4., showing the voltage traces from each of the five indicated compartments
at 0.5 nA, 1.0 nA, and 2.0 nA currents. (A) Model current clamp applied to the soma. (B) Model current clamp
applied to apical 2. (C) The conductances of sodium, voltage-gated potassium, and fast calcium currents are
each shown as a function of distance from the bottom of the soma (with the shaded region being the soma itself).
Dotted lines indicate the Jones 2009 model, and solid lines indicate the new model | have tuned to produce more
accurate dendritic voltage traces.

27



Overall, this made the dendrite more electrically passive and toned down the classic
Hodgkin-Huxley conductances that produced that narrow spike. Also, making this change
continuous, rather than an immediate change between the soma and dendrite, allowed the
soma and the dendrite to have the qualitatively different behaviors they need to have to
replicate electrophysiological findings. By this, I meant that if the sodium was dropped
immediately to a much lower value by simply changing the dendritic conductance parameter
(not the model itself), the soma would not behave properly because the soma and the apical
trunk are too closely connected.

In Figure 2.5, I show the behavior of the final model. Notice that this qualitatively
retains the somatic spiking in response to somatic excitation while broadening the spike
width in the dendrites. It also eliminates the unrealistic runaway excitation in the presence
of strong dendritic input.

2.3 Comparison to experimental results

2.3.1 General results

Overall, the updated model provided a better fit to the experimental data than the original
model. Figure 2.6 provides a summary of this result, showing the voltage traces from the
model neurons compared to experimental data recorded from rodent neurons.

A Updated model

1.0nA MN/

2.0nA

100 ms

B Larkum and Zhu, 2002

40 mv/
4nA

dendrite 20ms

soma

input«:urrent—l —
(to dendrite) 10 ms e L

Figure 2.6: Updated model improves fit to in vitro electrophysiology data. (A) Model with current applied
to apical 2. Voltage traces from the tuft, apical 2, and the soma are overlaid, with trace colors corresponding
to the compartment colors at left. (B) Experimental data from dendritic applied current in rat neocortex (also
shown in Figure 2.1). [26] (C) Dendritic (dark blue) and somatic (light blue) responses to current applied to the
distal dendrite in rat neocortex. The dotted lines show the shape of applied current. [45]

One behavior that my model did not replicate was the finding that backpropagating
action potentials in the soma may need to reach a “critical frequency” to evoke a calcium
spikes. The phenomenon has been reported in several articles, and is shown in Figure 2.7
[46, 47]. In my model, calcium spikes were achieved whenever a somatic burst was evoked.
However, after dwelling on this for a bit, I concluded that it made sense that this would not
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happen in our intrinsic bursting cells because the evoked spikes are always at a fixed within-
burst frequency of about 100 Hz. Layer 5 neurons in rodent cortex can be either bursting or
regular spiking, which may account for this discrepancy—data showing the critical frequency
phenomenon must be taken from regular spiking cells because these cells are capable of
displaying spikes at a range of frequencies (see Figure 2.7) [48, 49]. On the other hand,
while intrinsic bursting cells display varying levels of activity in response to different inputs,
this tends to be reflected in decreasing latency between burst events rather than increasing
frequency within the spikes in a single burst. It could be interesting to include both cell
types in the Jones Lab model in the future.

) - omv )
[ T 7Y AN B N 4.4 Hz 30 Hz 100 Hz

A Larkum, Kaiser, and Sakmann, 1999 B Williams and Stuart, 2000

"
600 pm r\r \\ \ ’40 mv

1 M J\,\N\ a| L] | Mw;_ :WW\;' \ |4;v
m e ={LLLLLLLLL A e
e < L TR JRARA e

02s 40 ms 20 ms

Figure 2.7: A critical frequency of somatic action potentials evokes dendritic calcium influx in regular
spiking layer 5 cells. Both examples are from rat neocortex in response to rhythmic stimulation. [46, 47]

2.3.2 Calcium spikes in surface recordings

Our original motivation for looking at calcium activity in the layer 5 cells was to see if the
finding that dendritic calcium spikes are visible in surface electrode recordings in rats would
translate to our model of human EEG signals. To create a similar stimulation paradigm as
their optogenetics experiment, I generated a strong proximal input that only applied to the
layer 5 pyramidal neurons. The spikes in this stimulus were distributed with a mean at 40
ms and a standard deviation of 5 ms, such that almost all spikes occured in the 30-50 ms
window. In addition, I also created a mock “baclofen” condition to compare to this condition
in the experimental paper [30]. Baclofen is an agonist of GABAg receptors, meaning that
it binds to these receptors and fools them into thinking they have received GABAg from
a presynaptic inhibitory cell. This results in hyperpolarizing current wherever baclofen is
applied. Our model does not have a clear way to activate postsynaptic receptors in the
absence of a presynaptic spikes, like can be achieved with pharmacology, so in my version,
which I refer to as the GABAg condition, I created noisy “Poisson” inputs to layer 2/3 basket
cells to drive this inhibition of the layer 5 pyramidal cells’ distal dendrites. To make this
condition more similar to the baclofen condition, I changed the location of the synapse to
the apical 2 compartment (not the apical tuft) and changed the synapse type from GABA
to GABAB

Because our model output is actually source-localized EEG data (primary current
dipole signal) and not sensor-level EEG data, it was not directly comparable to the surface
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electrode data (voltage at the surface). In light of this, we decided to instead look at the
voltage traces in the apical tufts of these cells, since electrodes on the surface of the head
would mostly be picking up on these layer 1 electrical events. I averaged the tuft traces
among all of the 100 layer 5 pyramidal cells in the network, since surface electrodes record
from a group of cells rather than just one (layer 2/3 pyramidal cells were excluded because
they were not activated in this simulation). This is still not a perfect approximation of what
surface potentials actually measure, which is obvious by the order of magnitude difference
between our results and Suzuki and Larkum’s (scale bars in Figure 2.8A and Bii), but it is
enough to know if we are on the right track.

Proximal input ("optogenetics") Poisson input to L2 /3 Basket ("baclofen”)

Start time mean (ms) 40 L2/3 Basket AMPA weight (uS) 10.0
Start time standard deviation (ms) 5 L2/3 Basket NMDA weight (uS) 0.0
Number of spikes per input 1 L2/3 Basket frequency (Hz) 80.0
L2/3 Pyr AMPA weight (pS) 0.0 L2/3 Basket — L5 Pyr weight (puS) 0.0
L2/3 Pyr NMDA weight (uS) 0.0

L2/3 Basket AMPA weight (puS) 0.0

L2/3 Basket NMDA weight (uS) 0.0

L5 Pyr AMPA weight (uS) 1.0

L5 Pyr NMDA weight (uS) 0.0

L5 Basket AMPA weight (uS) 0.0

L5 Basket NMDA weight (pS) 0.0

Table 2: Inputs used to approximate experiments from Suzuki and Larkum, 2017 [30]. Poisson inputs
were provided exclusively to L2/3 Basket cells for the duration of the 150 ms simulation. Besides increasing the
L2/3 Basket to L5 Pyr synaptic weight, | also changed the type of synapse from GABAA to GABAg and changed

the location of the synapse from the apical tuft to apical 2.

These average tuft voltages looked strikingly similar to the experimental surface elec-
trode data (compare surface potential in Figure 2.8A to Figure 2.8Bii). In particular, the
proximal input meant to simulate optogenetic drive provoked a significant and sustained
peak in the simulated surface potential. This peak was significantly reduced by turning off
the L-type calcium conductances to prevent calcium spiking, and it was completely flattened
in the GABAg condition (Figure 2.8Bii).

In Figure 2.8B I also provide other model data to give more insight on the network
activity. I show the current dipole output for each of these simulations (Figure 2.8Biii).
Interestingly, in the proximal input paradigm (the control condition (black), as compared to
the no Ca?t and GABAg conditions), the current dipole signal shows a significant negative
deflection, while in the other two conditions the overall waveform is positive. This pattern
will be discussed further in Chapter 3. I have also included comparisons of the calcium
concentrations in each compartment in both the control and GABAg conditions (Figure
2.8Biv). The dendritic calcium activity that backpropagates from the proximal input site is
abruptly cut off in the apical 2 compartment by the strong GABAg connection. Calcium
does not enter this compartment nor the tuft above it.
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Figure 2.8: Calcium spikes in the updated model. (A) Results from Suzuki and Larkum, 2017 provided for
reference [30]. On the left is their experimental setup for optogenetically-induced calcium spikes. At center are
average surface electrode and LFP recordings in the presence and absence of a putative Ca®* spike. At right
is a graph showing that the this peak amplitude was drastically reduced by the presence of the GABAg agonist
baclofen, as well as a depiction of calcium indicator fluorescence change over time. (B) Results from my modeling
work in the Jones Lab model. i Schematic showing the network and simulation. ii Averaged apical tuft voltage
traces for a single simulation the input. Grey trace shows results when L-type calcium conductances are set to
0 in all compartments and pink trace shows the condition with strong GABAg inhibition in the apical dendrite
(described in text). iii Current dipole corresponding to the simulations in panel ii. iv Calcium concentration in
compartments along the primary axis of the cell in the control (Ca%") condition and the GABAg condition. v
More data on these three simulation conditions. At the top are all of the tuft voltage traces in each condition,

which can be compared to their averages in panel ii. At the bottom are the raster plots in each condition.
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Finally, I have shown the individual voltage traces (green) in the tufts of each layer
5 pyramidal neuron in the three conditions, as well as the raster plot in each of these three
conditions (Figure 2.8v). Raster plots display each somatic action potential as a dot on a
graph with time on the z-axis and individual cells along the y-axis. These are interesting to
consider because they add more nuance to what is shown in the averaged tuft voltages. It
is striking how differently the tuft voltage traces are shaped in each of the three conditions.
The control condition shows the long, broad depolarizations that I achieved through my
tuning, described in section 2.2. The no Ca?" condition shows significantly thinner, pointy
voltage traces as well as significantly reduced overall spiking. Finally, the GABAg condition
shows a good deal of spiking, but the tuft voltages during these spikes are almost flat due
to this inhibition.

There are still some ways in which my simulation output does not match the recorded
data from Suzuki and Larkum 2017. In my simulations, the calcium-spike-driven peak lasts
about 70-80 ms in the averaged tuft voltage, while in their surface electrode data it appears
to last about 110-120 ms. There is also a discrepancy in that their peak takes longer to
occur from the onset of the light stimulus (shown in blue) than ours does. More broadly, it
is clear that this modeling and their experiments and recording methods were not exactly
comparable. For example, there are important differences between rats and simulated human
responses, and applying optogenetic stimulation and pharmacological agents like baclofen is
somewhat different from simulating their effects through model synapses. Nonetheless, the
overall qualitative match between my results and theirs is very supportive that the model is
accurately capturing the neural dynamics of the brain. Based on this model, the presence of
a dendritic calcium spike should be discernible in both surface electrode (ECoG) recordings
and source-localized EEG data in humans. I am also confident that this new version of the
model is a step in the right direction for realistically simulating the cortical dynamics that
underlie EEG biomarkers.

In the next chapter I will deal entirely with the new model and show how fast calcium
currents shape the network’s response to typical inputs, and how this is reflected in the EEG
output.
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Chapter 3

Role of Calcium in Stimulus-Evoked
EEG Features

3.1 Event-related potentials

One stereotypical EEG feature is the event-related potential (ERP). This is a waveform
that is time-locked to an event (for example, a visual, auditory, or tactile stimulus, or a
movement by the subject) and usually averaged over many trials. When this averaging is
performed on data from the relevant electrode, which will be dependent on the type of event,
the ERP has characteristic peaks and troughs, indicating that the underlying neural activity
is probably conserved across performances. ERPs are also referred to as evoked responses,
as in “auditory evoked response” or “motor evoked response.” They can be observed either
at the EEG sensor level or at the current source level (i.e. at the level of the dipole, which
our model simulates). Differences in ERP features have been used by neuroscientists and
clinicians as markers of attention, development, memory, PTSD, dyslexia, and schizophrenia,
to name just a few applications [50, 51, 52, 53, 54, 55].

Feedback connections
activated

Tactile stimulus

Proximal _1 _

t A
® 7 t ot
Proximal > & Broad regional

i/\*' excitation

Stimulus signal arrives

Figure 3.1: ERP schematic. When a tactile stimulus is delivered to the hand, the current dipole response from
the hand region of primary somatosensory cortex exhibits an ERP signal with a stereotyped waveform as shown.
Using our neocortical model, we hypothesize that this is generated by a sequence of proximal and distal inputs as

shown and discussed in the text.
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The Jones Lab has studied ERPs, particularly in the context of tactile perception
and attention tasks carried out by our lab. Several joint EEG/MEG and modeling studies
by our lab have posited that these ERPs in primary somatosensory cortex (the first area
of neocortex that tactile input reaches) are caused by time-localized proximal then distal
inputs, followed by a strong, broad proximal input [20, 56, 57]. The idea is that the first
proximal input is the tactile information first reaching the cortex from the thalamus, which
is a relay center for sensory inputs before they disperse throughout cortex for processing.
This initial thalamic input comes into the granular layers of the cortex and then hits the
proximal dendrites of the pyramidal neurons. The subsequent distal input occurs when
that information reenters this area cortex via feedback connections from further processing
areas, such as higher order cortex. The later strong, broader proximal input likely reflects
re-emergent thalamic input that arises as part of a thalamocoritcal loop of information. A
more detailed description of these input parameters is provided in Table 3.

Default ERP Inputs Proximal 1 Distal 1 Proximal 2
Start time standard deviation (ms) 2.47 3.85 8.33
Number of spikes per input 1 1 1
L2/3 Pyr AMPA weight (uS) 0.01525 0.000007 1.44
L2/3 Pyr NMDA weight (uS) 0 0.0043 0
L2/3 Basket AMPA weight (pS) 0.08831 0.0065 0.000003
L2/3 Basket NMDA weight (uS) 0 0.02 0

L5 Pyr AMPA weight (uS) 0.00865 0.1425 0.684
L5 Pyr NMDA weight (uS) 0 0.08 0

L5 Basket AMPA weight (uS) 0.19934 0.009
L5 Basket NMDA weight (uS) 0 0

Table 3: Evoked input parameters characterizing the default ERP simulation. Red inputs are proximal,
green are distal. In the default ERP, the mean time of the inputs is as follows: proximal 1 at 26.61 ms, distal 1
at 63.53 ms, and proximal 2 at 137.12 ms.

Using my new model of the layer 5 pyramidal cells with improved calcium dynamics, [
looked at the role that L-type calcium currents play in the response to these ERP-generating
inputs. Surprisingly, the generated current dipole response was fairly similar in the control
case versus the case where these currents were blocked (by setting the conductance to zero),
even though the latter case virtually eliminated spiking from layer 5 pyramidal cells in
response to the distal input (red dots in raster plot in Figure 3.2B). The difference in spiking
activity in the two conditions mainly occurs between the offset of the first proximal input
and the onset of the second proximal input (about 40 ms - 125 ms). The distal input is strong
enough to elicit a sizable depolarization in the apical tuft, even without the calcium currents,
but the signal attenuates down the dendrite until it is too weak to effect a burst of spikes at
the soma unless these active calcium currents are present. Nonetheless, the main electrical
event is that of current being pushed down the dendrite, and the spikes seem not to matter
once the dipole is smoothed. Dipole smoothing and scaling is applied to the model result in
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order to account for averaging effects that occur in real data, which comes from a larger and
more heterogenous network than we are simulating. I note that here I have focused only on
the current dipole contribution from the layer 5 pyramidal neurons, without discussing the
contribution from the layer 2/3 pyramidal neurons. This choice was both because the layer
5 pyramidal cells’ longer dendritic length gives them a stronger influence on the net current
dipole shown and because the layer 2/3 cells do not include calcium currents.
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sponse to typical ERP inputs. (A) Comparison of ERP with L-type calcium currents and without. The bolded
black dipole signals are in response to the default ERP inputs. The thinner red and blue traces show the response
when all of the synaptic weights in each of the three inputs are scaled up or down in strength, according to the
legend at right. Mean start times of each input were 26.1 ms, 63.53 ms, and 136.12 ms. (B) The upper panel
overlays the ERPs with and without these calcium channels, which look fairly similar. The lower panel compares
the raster plots, showing L2/3 basket cells (black), L2/3 pyramidal cells (green), L5 basket cells (blue), and L5
pyramidal cells (red). Displayed on the same plot as the rasters are primary current dipoles from layer 2/3 (pink)
and layer 5 (green) alone, which sum to create the dipoles seen in the other figures. Dipole smooth window is
30 ms in all figures, to better approximate the temporal resolution of averaged EEG data. (C) Example voltage
traces from layer 5 pyramidal neurons are shown, with recordings from the soma (black), apical 2 (red), and apical

tuft (green) from the same neuron overlaid.
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From here, it made sense to look at individual inputs to see the effects of these
calcium currents, in order to more clearly understand the network’s response to different
exogenous conditions. In addition to giving me more insight into the generation of ERPs, it
also is useful to understand generally how the model network response to simple excitatory
drives from the feedforward (proximal) or feedback (distal) input pathways. A systematic
characterization of the model response to various types of input provides a framework to help
infer the underlying neural generators of various waveform features. Thus, in future studies,
the problem of estimating the model parameters that can generate a specific waveform will
be better constrained.

3.2 Feedforward excitation

Our lab’s model of ERP generation requires two proximal inputs. These are interpreted
as feedforward inputs, meaning that they move in the direction from sensory receptors to
higher-level processing via the thalamus. Both proximal ERP inputs cause a small upward
deflection followed by a sustained trough. In the case of proximal 1, which is weak by
comparison, the trough is modest in size, and the response is not much affected by the
presence of L-type calcium currents (Figure 3.3A). This is due to the fact that the dipole
is dominated by the layer 5 pyramidal cells which do not fire action potentials, since they
outnumber those that do by a factor of 24 to 1, and the behavior of these cells is not affected
by L-type calcium currents in this case. As you can see from the thin traces, these calcium
currents make more of a difference in the stronger inputs, which elicit more layer 5 spiking.
The dipole goes down, not up, in response to this input because most of the spiking in
this case comes from the layer 5 basket cells, which hyperpolarize the somas of the layer 5
pyramidal cells and thus cause negative current.

On the other hand, the proximal 2 input induces a strong trough after the initial
positive deflection. This trough is completely abolished when L-type calcium currents are
blocked, and in fact its polarity is reversed (Figure 3.3B). The reason for this can be explained
by examining some example voltage traces from each case (Figure 3.3C). Without calcium
current, excitation simply enters in the basal dendrites and attenuates as it travels up the
cell, from the soma to the apical dendrite, so the net current flow is upward. On the other
hand, the inclusion of calcium currents which increase in maximum conductance toward the
top of the cell causes a broad depolarization in the dendrite which then travels back down
the cell and induces more spiking from the soma. This is a very illustrative example of how
crucial accounting for calcium currents is to the model, particularly in simulations where the
layer 5 pyramidal neurons are driven to spike. This was the case for proximal 1 as well, but
because so few cells spiked at all this difference did not alter the dipole significantly.

One other notable feature of the proximal 2 input is that, with calcium currents
included, the strength of this input mattered very little to the output waveform (and not
at all for the qualitative behavior), at least within the 10%-200% range shown in Figure
3.3B, suggesting that the existence of a fairly synchronous calcium spike is sufficient to
create a large stereotypical responses in the model dipole current. The input strength to the
pyramidal cells is two orders of magnitude larger than that of proximal 1, so it is reasonable
that even at 10% strength, the input is strong enough to induce an “all-or-nothing” response
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of this form.
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Figure 3.3: Response to feedforward excitation patterns. (A) Comparison of proximal 1 input with L-type
calcium currents and without. The bolded black dipole signals are in response to the typical input. The thinner
red and blue traces show the response when the input is scaled up or down in strength, according to the legend
at right. (B) Comparison of proximal 2 input with L-type calcium currents and without, with the same color
conventions as panel A. Notice the difference in y-axis scale between this panel and panel A. (C) Example voltage
traces from layer 5 pyramidal neurons in response to proximal 2 are shown, with recordings from the soma (black),
apical 2 (red), and apical tuft (green) from the same neuron overlaid. (D) Plots show spiking for each of the four
cases at 100% strength, with the primary current dipole from layer 2/3 (pink) and layer 5 (green) overlaid. Black
dots are L2/3 Basket spikes, green are L2/3 Pyr spikes, blue are L5 Basket spikes, and red are L5 Pyr spikes,
consistent with the legend at right.

Though the Jones Lab typically focuses on the portion of an ERP shown in Figure
3.2 up to 170 ms, these results predicted that there should be a large dip immediately
afterwards. However, when I reran the ERP simulations with the time window extended
from 170 ms to 300 ms, I found that though there was a trough, it was nowhere near as
negative as I expected it would be, and it was preceded by a significant positive shift (Figure
3.4A). Because dendritic calcium spikes have a long refractory period, the network which had
already been driven to significant spiking activity was in a completely different dynamical
state when the proximal 2 input arrived than the previously inactive network shown in Figure
3.3. The refractory period is the length of time after an event, such as a calcium or sodium
spike, before another such event can be generated in the cell. Based on my simulations, for a
proximal input, it takes about 125 ms after a prior calcium spike before any calcium is able
to reenter the tuft, and about 160 ms before that amount is on a similar scale to the first
calcium spike. In the example voltage traces (Figure 3.4A), I show one representative neuron
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which does not fire a calcium spike in response to the distal input, so it does exhibit one
in response to proximal 2, which would drive the dipole downward. Another representative
neuron did produce a calcium spike in response to the distal input, and while it was able to
produce a burst of back-propagating action potentials at the soma in response to proximal
2, it did not produce a dendritic calcium spike again. The contribution of these neurons
to the dipole in response to proximal 2 was positive, as it was for the neurons in the no
calcium current case of proximal 2 (Figure 3.3B and C). Of course, this was no longer very
representative of a real ERP, as the time window was extended but no inputs from outside
this modeled area were introduced during this added time. It is simply a good example of
the effects of multiple successive excitatory inputs to the network.

To better understand these responses, I looked at the effects of a few different pa-
rameters in the calcium and no calcium conditions. The excitatory drive in proximal 2 takes
place over a much more extended period of time than the proximal 1 input, so I was curious
whether that had a large effect on the behavior. 1 switched the standard deviations of the
two proximal inputs, both in the calcium and no calcium cases, and found that the standard
deviation does not matter very much for the qualitative behavior in these cases. The main
effect seems just to be a time shift. These results are shown in Figure 3.4B.
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Figure 3.4: More investigations of feedforward inputs. (A) The same 3 ERP inputs as in Figure 3.2 but
with the time window extended to 300 ms. As you can see, the response to proximal 2 does not look as it does
in isolation (Figure 3.3B). In the example voltage traces below, black is from the soma, red is from apical 2,
and green is from the apical tuft. (B) Dipoles from an input with proximal 1 strengths and proximal 2 standard
deviation (left) and vice versa (right), cyan is without L-type calcium. (C) Dipole from an input with proximal 1
strengths to pyramidal cells and the basket cell strength scaled down to match the proximal 2 basket/pyramidal
input strength ratio for each layer (left) and an input with proximal 2 strengths to pyramidal cells and the basket
cell strength scaled up to match the proximal 1 basket/pyramidal input strength ratio for each layer (left). In
both B and C, dotted traces are the original proximal 1 (left) and proximal 2 (right) responses, and light blue
indicates the lack of L-type calcium currents. Rasters at right show spiking for the simulation represented by the

solid black line in each condition.

Another variable is the relative input strength to the pyramidal cells versus the basket
cells. Proximal 1 has a relatively stronger excitatory synaptic input to the basket cells than
to the pyramidal cells, while proximal 2 has the reverse (this is true for both layers, see
Table 3). In particular, the proximal input to layer 2/3 basket cells, which inhibit the somas
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of layer 2/3 pyramidal cells and the distal dendrites of layer 5 pyramidal cells, is extremely
weak compared to the other inputs in proximal 2. To investigate the importance of this
difference, 1 switched the relative strengths of the excitation and inhibition by changing the
level of excitatory synaptic drive from the proximal input to the basket cells. Consistent
with my earlier results, I found that increasing the basket cell strength of the proximal 2
input was insufficient to stop the level of spiking seen in my previous simulations, so the
dendritic calcium spikes occurred and the qualitative behavior was the same. On the other
hand, decreasing the inhibition level in the proximal 1 input was enough to generate much
more significant spiking in the layer 5 pyramidal, which caused the results from the calcium
and no calcium case to more closely resemble the proximal 2 results (Figure 3.4C). The
parameters used for these additional manipulations can be found in Table 4 at the end of
the chapter.

3.3 Feedback excitation

The other input in the model ERP is a distal input. This is interpreted as a feedback input
from a cortical region doing higher-level processing of the sensory stimulus that is then
“fed back” to primary somatosensory cortex. This type of recurrent connection, by which
downstream neurons modulate neurons receiving sensory signals, is extremely common in
the brain.

The distal input in our ERP simulations produces a trough whose duration and
amplitude are strongly modulated by the presence of L-type calcium currents (Figure 3.5).
The strong input to the apical tufts of layer 5 pyramidal cells causes many of them to fire
calcium spikes in the tuft, which drives current down and induces spiking in nearby neurons
as well, so overall the current is very negative. In the case with no fast calcium current,
there is an initial tuft-to-soma (downward) direction, but there are no calcium currents to
sustain the depolarization and cause bursting. The cells spike once or twice, sending current
back up the cell as the depolarization in the tuft decays, causing a quick recovery.

I also created an alternate distal input with different properties, so that I could do
a similar analysis as I presented in the feedforward case, where I examined how different
properties of the input determine the dipole’s response and their dependencies on calcium.
This input had the input strengths of proximal 1 but the longer standard deviation of
proximal 2. The output is shown in Figure 3.5B. Interestingly, the result from this input
matched much more closely to what we saw with the proximal 1 input. By looking at
the voltage traces, I found that the reason for this is that the distal input to the layer 5
pyramidal cells was not strong enough to evoke significant electrical activity in the tuft that
would cause a downward dipole. Instead, I could see that the spiking from these cells was
evoked indirectly by excitation from the layer 2/3 pyramidal cells, which form synapses onto
the basal and oblique dendrites of layer 5 pyramidal cells in addition to the distal dendrites.
Because the layer 5 cells contribute more to the dipole than the layer 2 cells, the signal
is dominated by the spiking that sends current up the dendrite, followed by the calcium
activity in the tuft that sends it back down.
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Figure 3.5: Response to feedback excitation patterns. (A) Comparison of distal 1 input with L-type calcium
currents and without. The bolded black dipole signals are in response to the typical input. The thinner red and
blue traces show the response when the input is scaled up or down in strength, according to the legend at right.
The rasters at right show the spiking for the 100% strength input in each case, as well as the corresponding
primary current dipoles from layer 2/3 (pink) and layer 5 (green). (B) Comparison of the alternate distal input
with L-type calcium currents and without, with the same subplots and color conventions as panel A.
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Figure 3.6: More investigations of feedback inputs. (A) Two distal inputs are presented in sequence (mean
of 63.53 ms and 137.12 ms, respectively, to match distal 1 and proximal 2 in the full ERP simulations). From
the plots you can see there was no spiking in response to the second input in either the calcium or no calcium
case, but there is still a significant trough in the dipole. (B) Dipoles from an input with distal 1 strengths and
alternate distal standard deviation (left) and vice versa (right).

Next, I ran simulations with two distal inputs in order to see the effect of a distal
input after the network had already been activated, and once again how the refractory period
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of calcium might play a role. For a distal input, the refractory period is somewhat longer
than for a proximal input; it takes about 170 ms after a calcium spike for any distal input
to generate, another, and for a threshold-level input to be able to evoke another spike, the
latency is closer to 250 ms. As shown in Figure 3.6A, the layer 5 pyramidal cells were unable
to spike again in response to the second input despite its being twice as strong as the first,
but there was still a dip in response to this input due to the current being pushed down the
tuft. The same phenomenon can be found in the case without calcium channels. In fact, this
case has an even lower peak; however, after examination this appears to be only due to the
fact that the dipole is less positive to begin with, combined with effects of the smoothing
window.

Finally, I was again interested in how the standard deviation of the input affected
dipole, as in the feedforward case. Broadening the standard deviation of the distal 1 input did
not qualitatively change the results, but decreasing the standard deviation of the alternate
distal input did end up changing the waveform drastically by stopping all spiking from the
layer 5 pyramidal cells. The resulting waveform reflects a small amount of current traveling
down the layer 5 dendrites, combined with a source from layer 2/3 pyramidal cells, which
did produce spikes. The electrical activity was not strong enough to activate L-type calcium
channels, so this waveform was the same in the case when these were present or absent.

3.4 Distal excitation with somatic inhibition

Lastly, I wanted to explore how the network responded when the distal excitatory inputs
occurred at the same time as inhibitory inputs at the layer 5 pyramidal neuron somas,
motivated by the idea that driving current down the cell and then stopping the spike in the
soma could potentially create large electrical signatures without generating synaptic activity.
This was a scenario that interested us because it was observed in the layer 2/3 pyramidal
cells in Robert Law’s study of how prestimulus beta events (a particular EEG waveform)
affect ERPs [57]. When a beta event occurred within 100-400 ms before the tactile stimulus,
the layer 2/3 cells responding to the tactile stimulus produced a spike in the dendrite, only
to have it blocked at the soma due to inhibition evoked by the earlier beta event, causing a
significant trough in the dipole without somatic spiking [57]. Since layer 5 pyramidal cells
in the improved model produce calcium spikes, representing much broader electrical activity
in the dendrites, we wanted to follow up by testing this input regime in this cell population.

To test this, I studied a more simplified layer 5 network response only, and created a
simulation in which proximal and distal inputs only targeted layer 5 basket cells and layer 5
pyramidal cell apical tufts, respectively. First, I simulated a broad, strong drive to the basket
cells to induce a great deal of spiking, which provides inhibitory synaptic inputs directly onto
the somas of the layer 5 pyramidal cells (see Figure 3.7A top panel and blue spikes in the
corresponding raster in figure 3.7B top panel). Subsequently, a distal input was delivered at
40% of the strength of the ERP distal input, but only to the layer 5 pyramidal cells. As you
can see in Figure 3.7, this produces a trough in the dipole which is as deep as the trough
created by the distal 1 input in the ERP, even though there is not any spiking from the layer
5 pyramidal cells at all.

The trough created by combining this distal input with inhibition is also slightly
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deeper than the trough created by the distal input alone (without basket cell input), which
produces widespread spiking in the layer 5 cells (Figure 3.7A, top panel). This is in some
part because in the inhibited case, large currents are evoked in the dendrite, which travel
down the cell and never trigger spikes. Spikes would backpropagate and send current back
up the dendrite, as well as to the proximal dendrites of other layer 5 pyramidal cells through
synapses. This creates upward current which would partially cancel out the downward flow.
In other words, spiking sends current up and down many cells in the network over time, but
distal excitation without spiking only sends the current down. By introducing inhibition,
strong distal inputs that would have otherwise produced somatic spiking cannot, sending
large amounts of current down the dendrites. Also, the inhibition at the soma causes it to
hyperpolarize, which has a slight inhibitory effect on the dipole to begin with. As you can
see from Figure 3.7, getting rid of calcium channels (with inhibition present) lessens this
peak, because calcium currents increase the duration of the dendritic depolarizations and
the resulting downward current deflection.

A Schematic B Rasters
Inputs to layer 5 basket and pyramidal cells No basket cell input
H H
i
LS
Proximal
C Simulated dipole

T - i == o

1 No L-type Ca®

No basket cell input

Figure 3.7: Distal excitation with somatic inhibition. (A) Schematic of the simulation experiment, showing
the proximal input to L5 basket cells only and the distal input to L5 pyramidal cells only. The relevant inhibitory
synapse is highlighted in yellow. (B) Raster plots corresponding to the simulations shown in panel C. The plot
at left shows the spiking that corresponds to the solid black traces in panel C, and the plot at right corresponds
to the no inhibition case represented in the second plot in panel A. (C) Simulations where layer 5 pyramidal cells
received excitatory inputs to their apical tuft and inhibition to their somas via synaptic inputs from layer 5 basket
cells. In all three plots, the solid black line is the control case. The dotted line in the first plot represents the
distal 1 input discussed in the previous section. The purple and light blue lines in the next plots represent the
simulation without basket cell input (somatic inhibition) and without L-type calcium currents, respectively.

The model of cortex is very complex and high-dimensional, but my study of the
network’s response to different types of inputs has shown a few guiding principles. The
dipole signal is dominated by layer 5 pyramidal cells, and inducing calcium spikes in these
cells creates long depolarizations in the apical tufts which send current down the dendrites
and cause negative dipole signals. When there is strong inhibition at the soma, these currents
will be strictly downward; otherwise, back-propagating action potentials will send current
back up the cell, and other cells will also be excited synaptically. Repeated excitatory inputs
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will not always be able to evoke another calcium spike in a cell which has already exhibited
one recently, due to the refractory period of calcium, so in this case the dipole current will
be more positive (in the case of a distal input it may make more sense to say less negative).

Other Inputs Used

| basket input prox 1 1 basketinput prox 2 Alternate distal Second distal input L5 Pyr somatic inhibition L5 Pyr distal excitation

Start time standard deviation (ms)
Number of spikes per input

L2/3 Pyr AMPA weight (uS)

L2/3 Pyr NMDA weight (uS)

L2/3 Basket AMPA weight (uS)
L2/3 Basket NMDA weight (puS)

L5 Pyr AMPA weight (uS)

L5 Pyr NMDA weight (pS)

L5 Basket AMPA weight (pS)

L5 Basket NMDA weight (uS)

2.47 8.33 833 3.85 85 3.85
1 1 1 1 1 1
0.1525 1.44 0.01525 0.000014 0 0
0 0 0 0.0086 0 0
0.00000003 8.34 0.08831 0.013 0 0
0 0 0 0.04 0 0
0.00865 0.684 0.00865 0.285 0 0.057
0 0 0 0.16 0 0.032
0.00011382 15.76 1
0 0 1

Table 4: Evoked input parameters used in this chapter besides the three default ERP inputs. Mean start

times varied between simulations, so they are not included. Inputs highlighted in red are proximal inputs, while

inputs highlighted in green are distal inputs.
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Chapter 4

Discussion

4.1 Summary

In this work, I adapted a model of cortical neurons to more accurately reproduce the dendritic
calcium spiking in layer 5 pyramidal cells that has been observed in experimental record-
ings of these cells. The full model contains a scaleable network of compartmental model
neurons whose electrical properties are governed by Hodgkin-Huxley-type differential equa-
tions, which describe the transmembrane ionic currents, and cable theory, which describes
the propagation of currents within the cell (Chapter 1). By allowing the conductances of
the ionic currents to vary continuously throughout the dendrites of these layer 5 cells, I was
able to attain the broader, flatter dendritic spikes that have been reported in electrophysio-
logical literature while still preserving the characteristic bursts of sodium-potassium action
potentials in the soma (Section 2.2). After incorporating these adjusted neurons into the
model network, I was able to qualitatively replicate the results of a 2017 paper which found
that dendritic calcium spikes have a clear signature in surface electrode recordings from rats
[30] (Section 2.3). I then subjected this model to a more general exploration to investigate
how calcium spiking in these dendrites affects the simulated source-localized EEG signal in
response to realistic input paradigms that have been used to reproduce ERP data (Chapter
3). I found that the long-lasting dendritic depolarization characteristic of a calcium spike
drives current down the apical dendrite, causing overall more negative deflections in the
dipole than the corresponding simulations without these L-type calcium currents. Because
calcium spikes that accompany somatic bursts are “all-or-nothing” events in the model with
a fairly consistent length, an input which is able to drive many simultaneous calcium spikes
creates a dipole output that is similarly invariant to the strength of the input so long as it
is above that threshold. However, because of the relatively long refractory period of calcium
spiking in the distal dendrite (on the order of 150-250 ms), a strong input does not guarantee
simultaneous calcium spiking if the network is already in an excited state.

4.2 Significance

First, this work is important to our lab’s efforts because it improves the fit of the model cortex
to experimental findings. This change did not require the introduction of any new mecha-
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nisms or added complexity, only changing the conductance values of several ionic currents.
Thus, there is no significant downside to adopting this model, and it will be adapted into the
Human Neocortical Neurosolver software that the lab distributes (https://hnn.brown.edu).
I have also corroborated work that has found that dendritic calcium spikes are visible in
surface electrode recordings, as well as using the model’s ability to record spiking behavior,
voltage traces, and calcium dynamics from each of the cells to demonstrate why these surface
recordings of calcium spikes look the way they do and why they are abolished by the GABAg
agonist baclofen in layers 2 and 3.

Moreover, my work has potentially significant implications for how we understand
the effect of dendritic electrical properties on EEG and MEG signals. Because it is infeasible
to record the underlying activity of human neurons while conducting EEG, the use of a
model provides an important way to gain an understanding of how cellular dynamics affect
macroscale signals from these noninvasive methods. My results indicate that the presence or
absence of coordinated dendritic calcium spiking may affect the dipole signal more than we
had previously known or expected. The presence of this coordinated spiking should result in
a large, stereotyped waveform reflective of current which originates in the distal dendrites and
propagates downward to the soma. I believe that understanding this phenomenon will aid
future insights into the connection between network activity and EEG markers of different
healthy and pathological states.

4.3 Limitations

4.3.1 Differences between rodent and human neocortex

One issue with this work, particularly the redistribution of ion channels detailed in Chapter
2, is I was fitting the data mostly to data from mouse and rat pyramidal neurons. For
obvious reasons, there are very, very few electrophysiology experiments performed with hu-
man neurons, especially in vivo. In many respects, mice and rats are good model systems
for studying human neocortex since they have the same six-layer structure. However, their
brains are smooth, not folded, and their pyramidal neurons are much smaller in these animals
and may differ from ours in important ways. Recent work suggests that humans’ layer 2/3
pyramidal neurons may have more excitable dendrites than rodents’, and our layer 5 pyra-
midal neurons may be more electrically compartmentalized with less active conductances
(28, 1]. Active dendritic conductances are just beginning to be studied in humans, so there
is not enough data yet to reliably fit our model to the human brain. Until there is more ex-
perimental work done, it will not be possible to ensure that we are not missing some critical
variable. Nonetheless, based on this early work, I expect that the improved model I have
created is closer to real human dendritic activity than the original model, and is therefore a
step in the right direction.

4.3.2 Potential importance of other cell types

EEG currents are dominated by the electrical activity in the two classes of pyramidal cells,
but the activity of other cell types, especially inhibitory interneurons, has a huge impact on
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the state of the network as a whole and the signals that emerge from the pyramidal cells.
The Jones Lab model includes two inhibitory cell populations, both of which are basket
cells, which are fast-spiking and provide strong inhibition at pyramidal cell somas. Basket
cells make up about half of all inhibitory interneurons [58], but other types of interneurons,
including Martinotti cells and neurogliaform cells, may be important for our understanding of
EEG networks. These subtypes have distinct properties: for example, Martinotti cells have
long axons that can inhibit the distal dendrites of neurons millimeters away [58]. In Law’s
study of beta events, he added extra “Martinotti-like” connections from the layer 5 basket
cells to the apical tufts of the layer 5 pyramidal neurons in order to simulate this source of
inhibition, but no new inhibitory populations have been added to the model outright [57].
With my focus on the electrical activity in the dendrites, it is possible that adding a new
inhibitory cell type targeting these dendrites would better model the real brain and change
the response of the network to the evoked inputs explored in Chapter 3.

4.3.3 High dimensionality and large parameter space

The lack of certain inhibitory cell populations is just one of the many ways in which this
model is simplifying some aspect of the real brain. I could spend pages and pages of this
section talking about ways that we could add to this model. In truth though, this model is
already extremely complex. In fact, in a simulation with three evoked inputs as in the ERP
dipoles, there are over 250 parameters that can be simply changed by the user by changing
their value in the input file. These parameters characterize cell size, cell biophysics, synaptic
strengths, network dimensions, and input characteristics. And these do not even include a
number of parameters which are inherent in the model, such as the many parameters in the
differential equations that describe the kinetics of ion channels.

In addition, there is a huge number of complex and interdependent differential equa-
tions that describe the system. Even a classical Hodgkin-Huxley point neuron is described
by a system of four equations. The default Jones Lab model, representing a cortical col-
umn consisting of 200 pyramidal cells which each have many types of ion channels and
cable equations that must be solved along the length of the compartments, is an extremely
high-dimensional system.

This complexity of this system is great for approximating the real brain and trying
to fit directly to EEG data. The cost is that it makes the system very hard to analyze and
understand. First of all, the high dimensionality of the system of differential equations make
it very difficult to generate any mathematical insights about the behavior of the system
without simply running the simulations and studying what happens. This has rendered
me unable to make any mathematical or theoretical claims about the impact of calcium
currents in my new version of the model beyond what can be understood from looking at
the simulation data. Even if you are not trying to understand the model from a theoretical
point of view, and are just trying to use the model to understand something about your
data, for example why children’s auditory ERPs look different than adults’ [59], the huge
parameter space to contend with makes it difficult to tune the model and ensure your tuning
makes sense unless you have a strong understanding ahead of time about what cellular and
network mechanisms might be involved. Other lab members are currently trying to better
characterize these parameters’ effects and interdependencies through sensitivity analysis, and
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to use that knowledge to find more efficient ways to optimize parameter values while ensuring
biological accuracy. Ultimately, though, this model is inherently very large and complex, and
to some extent it will always be a feature of this model that biophysical accuracy is traded
for intuition about system behavior and parameter effects.

4.4 Future directions

4.4.1 Similar improvements to layer 2/3 pyramidal cells

I have been focusing my efforts on layer 5 pyramidal cells because they contribute significantly
more to the dipole and because there has been much more experimental research into calcium
spiking and other active dendritic properties in this cell type than in the layer 2/3 pyramidal
cells. This second point is mostly due to the fact that layer 5 pyramidal dendrites are easier
to record from, since they are thicker [60]. In a 2007 paper, Larkum et al. found that layer
2/3 pyramidal cells in rats also exhibit dendritic spikes associated with calcium, although
they reported that these cells do not exhibit the long “plateau potentials” exhibited in layer
5 cells [60]. Earlier this year, a paper came out that actually looked at dendritic action
potentials in human layer 2/3 pyramidal neurons [28]. Not only do these neurons exhibit
dendritic calcium spikes, but it appears they have graded properties that have not been
reported previously reported in the rodent literature, i.e. that rather than being an all-or-
none response, these currents respond maximally to threshold-level inputs and dampen for
stronger stimuli [28]. These results are very preliminary, but it is clear that there is at least
some calcium activity in human layer 2/3 pyramidal cells. The Jones Lab model currently
does not include any calcium currents in this cell type. A good next step would be to add
these currents in and use the insights from this work to tune the dendritic conductances to
the available data from rodents and humans.

4.4.2 More detailed model of calcium dynamics
Hot zones

In the model I have implemented, calcium channels increase linearly along the dendrite before
plateauing in the tuft. This monotonic change was based on the modeling work of Almog
and Korngreen [42], and it was chosen because it produced behavior that fit well to the data.
However, other modeling work has incorporated a so-called calcium hot zones, areas of high
calcium channel density on the distal apical dendrite just before it branches significantly to
form the tuft in layer 1 where dendritic calcium [61, 41, 62]. Though in our model it has
been simplified to one compartment, the apical tuft of a dendrite actually splits into many
branches which can receive many inputs. The idea is that when these branches come together
in the calcium hot zone, these inputs sum, and if the total input is sufficiently excitatory
to engage these high voltage activated channels, a dendritic calcium spike is evoked. The
experimental evidence for this is somewhat unclear to me; it has been claimed that there is
an initiation zone in this area, but these studies do not actually record from the branches
of the tuft, presumably because they are much thinner and thus more difficult to insert an
electrode into [45, 26]. Early on in my quest to find a good distribution of ion channels, T
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experimented with including a hot zone, without any promising results. However, now that
I have found a good baseline model, it may be worth another attempt. This would be done
by introducing a region of high calcium conductance toward the top of apical 2, then having
the calcium conductance decrease again into the tuft.

Buffering and other calcium interactions

After finding that calcium diffusion alone was not enough to account for the differences
between our model and the experimental data, I moved away from thinking about the role
of calcium ions within the cell and turned my attention to transmembrane currents and
conductances. I now believe that understanding and modeling these currents is the key to
finding a realistic neuronal model in this context, and that achieving biological accuracy
in this respect is probably as detailed as we need to be our purposes, since often it is
broad trends like directionality of current and amount of spiking in a given cell population
that matter for our applications. The Jones Lab model (both my updated version and the
original model) includes two types of calcium currents, L-type and T-type, as well as a simple
calcium pump which causes intracellular calcium concentration to decay over time at a rate
specified by the user [6]. However, as I addressed in Section 2.2.3, calcium ions play a very
unique role in the cell. These ions undergo buffering reactions, can be stored and released
by the endoplasmic reticulum, and are involved in molecular cascades. It is possible that
buffering and calcium storage could affect the results by changing the intracellular calcium
concentration. This could be investigated using the reaction-diffusion model that I worked
with in an earlier stage of this project [37].

4.4.3 Direct comparison to experimental EEG data

In this work, I have examined experimental electrophysiology data in order to tune the
calcium dynamics and electrical activity in the layer 5 pyramidal cells. After I settled
on a model that I felt did a good job of capturing these experimental phenomena, my
work has been purely in creating simulations and interpreting model results in terms of
model construction and parameters. The actual intent, however, of the Jones Lab model
is to compare model output (current dipole) to source-localized EEG or MEG data from
experimental or clinical settings.

Perception and attention tasks

The experiments done in our lab deal with tactile perception and attention. We already
have datasets from studies looking at somatosensory ERPs for hit and miss trials in tasks
that asked subjects to report when they felt a threshold-level tap to the finger, as well as
tasks in which subjects were asked to pay attention to either their hand or their foot (giving
“attend-in” and “attend-out” conditions in the hand area of primary somatosensory cortex).

The ERP inputs discussed in Chapter 3 were useful for determining general principles
for the network responded to inputs of different strengths and properties, as applied to my
new model they give an ERP which has a qualitatively correct profile but which differs from
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the lab’s default model in a few important ways, most notably exhibiting a lower trough in
response to the distal input.

Going forward, we hope to incorporate the improvements I have made into the general
Jones Lab model and distribute it with the HNN software. This will require tuning a sequence
of inputs that more closely matches our data from perception and attention models. I expect
that the general sequence of inputs (proximal 1, distal, proximal 2) will be preserved, as well
as the biological interpretation that these inputs represent an incoming signal, a feedback
response, and then by general somatosensory excitation caused by a thalamaocortical loop.
However, the input strengths and the timings will most likely need to be tuned.
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Comparison of response to ERP inputs in the original model versus my updated model. At left, the two
dipoles are overlaid, with the output of the original model in purple. The most notable difference with my new
model is the much larger trough in response to the distal input. At right, the raster plots corresponding to each
input are shown. My updated model produces less spiking in response to the distal input, and more in response

to the second proximal input.

Transcranial magnetic stimulation

Transcranial magnetic stimulation (TMS) is a noninvasive method of stimulating the brain
from outside the head, using a magnetic coil to apply brief but strong magnetic pulses
to the brain [63]. These pulses evoke electrical activity in the underlying tissue. TMS is
an FDA-approved intervention for treatment-resistant depression and obsessive-compulsive
disorder and certain types of migraines [64], and is being actively researched in other clinical
applications including treatment of schizophrenia, stroke, and Alzheimer’s disease [65, 66, 67].
However, its neural effects at the cellular and circuit level are not well understood [63].

Our lab has taken a recent interest in TMS used in combination with EEG. One
ongoing project is to run a simple tactile detection task used in prior studies, where people
are asked to report whether or not they can feel a very light tap to their fingers, concurrent
with either sham or actual TMS, to examine the effects of TMS stimulation on detection
and on the ERP waveforms. Given our modeling work, this can help to understand what
TMS is actually doing at the circuit level if we can make parameter changes from the control
condition that account for the TMS results.
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Dendritic calcium dynamics in layer 5 pyramidal cells are potentially very important
to the effects of TMS. Murphy et al. performed TMS with simultaneous calcium imaging
in rats who were presented with tactile stimuli to their hindpaws in vivo [68]. They found
that TMS abolished the dendritic calcium spike that was normally observed in response to
the hindpaw stimulation, an effect most likely mediated by recruitment of strong inhibition
[68]. Di Lazzaro, Rothwell, and Capogna have speculated that TMS recruits neurogliaform
cells, which is in line with this work because these cells provide inhibition primarily to the
apical tufts and distal tufts of laery 5 pyramidal neurons [63]. Especially since their use of
hindpaw stimuli is fairly analogous to our use of finger taps, we may find similar results in
modeling the TMS ERP data. I believe that my work on improving the model of dendritic
electrical activity has lain the groundwork for further study of this relationship using our
model and the data from TMS-EEG experiments.

4.5 Conclusion

This research has linked many scales of modeling and analysis, from models of individual
ion channels, to simulated and recorded voltage traces in pyramidal cells, to network spiking
activity and dynamics, and finally to a dipole signal which reflects the activity of tens of
thousands of cells. The next step is to apply this work to fit real EEG data, to connect
this large scale signal to experimental evidence. Given the importance of dendritic calcium
spiking for the dipole signal in my simulations, I believe this last step in the process will
generate new explanations and hypotheses about how EEG signals are reflective of cellular
activity.
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