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Abstract

Part I of this thesis aims to familiarize the reader with some of the basics of neurcscience. It
includes a simplified description of the functioning of real neurons, as well as an introduction
o several of the well known neuron models, including the Hodgkin Huxley equations and the
Leaky Integrate-and-Fire model. Also included is a brief description of some neural coding
schemes. The next chapter explains the basic functioning of synapses and introduces some
common forms of synaptic plasticity. This is followed by a discussion of some properties of
learning and memory. Note that these chapters are intended as an introduction for the non-
neuroscientist, and are therefore kept as simple as possible.

The second half of Part I is dedicated to the organism on which the model of Part II is
based. After a brief discussion of the role of invertebrates in neuroscience, the Californian Sea
Hair, or Aplysia Celifornica, is introduced. Next, the use of simple reflexes as model systems is
justified. This is followed by an analysis of the Gill Siphon Withdrawal Reflex and the learning
it exhibits, first from a behavioral and then from a cellular point of view.

Part II covers the original work done by the author. The scope of the project is first restricted
to modelling the short-term forms of habituation, sensitization and classical conditioning of the
monosynaptic portion of the reflex. This is followed by a breakdown of the neural circuit
into functional modules. Simple models are presented for the sensory and motor neurons,
as these are not the emphasis of the model but are required as a framework for the synapse
model. The "structure" of the synapse is modelled first, with attention paid to the properties
of the Postsynaptic Current. The core of this research is the synaptic plasticity underlying the
reflex’s ability to learn. The mechanisms of short term plasticity are examined and described
in as much detail as possible. This is done separately for each mechanism, and is followed by a
description of the modelling process, and presentation of the equations. Habituation is handled
first, followed by dishabituation and sensitization and finally classical conditioning. Once all
three mechanisms have been addressed, the model is summarized in its entirety.

The model is evaluated by presenting it with stimulus patterns similar to those in the exper-
imental literature. This evaluation is conducted on the complete model, and the interactions
between the three mechanisms are also considered. The model is found to be a success, despite
certain specific flaws which are discussed.
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Part 1

Background



Chapter 1

Introduction

The past 75 years have seen enormous advances in computing and in neuroscience, which
have allowed these two fields to cross paths. Artificial Neural Networks (ANNs) were the first
technology to emerge from this union. Despite being initally controvertial, ANNs are now a
completely accepted computational tool. However, since their conception ANNs have moved
inte mainstream computer science and away from the biological neurons on which they are
based. While improvements in computer power continue to make ANNs more useful, advances
in neuroscience have not been reflected in ANNs. Recent years have seen the emergence of fields
such as Neurocomputing and Neuromorphic Engineering, which aim to create neural networks
that more accurately mimic real neural systems. An interesting aspect of these new fields is
that they are highly multi-disciplinary, attracting researchers from diverse backgrounds such as
psychology, medicine, neurobiology, computer science and engineering.

Much work has been done on models of individual neurons, as these are obviously the
building blocks of a neural network, but less attention has been paid to synapses. It has been
known for some time that synapses participate in information storage. When an ANN is trained,
it is the synaptic weights which are altered. However, the process of adjusting synaptic weights
according to some learning algorithm does not do justice to the complexity of real synapses.
The ability of a synapse to alter its efficiency in response to stimulation is often referred to as
synaptic plasticity.

Real synapses exhibit plasticity over a very wide range of time scales, from milliseconds



to years, and a single synapse can exhibit several different types of plasticity. Some ANN
learning rules, such as the well known Hebb’s Rule, are a fair approximation to their biological
counterpart, but they still only account for modifications on the slowest time scales. Far more
attention needs to be paid to the short- and medium-term plasticity exhibited by real synapses.

Most people would agree that the human brain is the most advanced neural network on earth.
It therefore seems odd that neuroscientists and psychologists would endeavor to understand the
human brain before understanding, say, the brain of a rat. In fact, the brains of all mammals
are far beyond our current ability to comprehend in their entirety. Eric Kandel was the first to
show the validity of using simple invertibrate organisms in the study of learning and memory
(see [52] for a review). Kandel’s primary justification came from the finding that there are no
major differences between the neurons of invertebrates and humans. The author of this work
comes from an electrical engineering background and is primarily interested in using biologically
inspired neural networks in robotics. Invertibrate-level intelligence would be ample for many
robotic applications, providing further motivation for the use of a simple organism as the subject
of this research.

The author’s goal was to realistically model the plasticity displayed by a specific synapse.
Before this could be done, it was necessary to become familiar with the basic operation of real
nervous systems. The author was unable to find a work which provided a suitable introduction
to contemprary neuroscience for the non-neurcscientist. The first half of Part I aims to be such
an introduciton, and is based on a variety of sourses. The second half of Part I is about Aplysia
Californica, a well known and extensively documented sea slug, on which the model is based.

Part 11 details the modelling process undertaken by the author.



Chapter 2

Neurons and Neuron Models

Neurons are the basic building blocks of all animal behaviours, from the pulsing of a jellyfish to
the work of Van Gogh. In a sense their role is comparable to that of the transistor in electronics.
In contrast to transistors, however, a neuron is an incredibly complex molecular machine whose
inner workings we are just beginning to understand. To further complicate matters there is
no such thing as a typical neuron, and countless variations are found depending on the exact
makeup of the nerve cell in question. Despite their internal complexity, the true power of
neurons only emerges from interactions within large neural networks. Human intelligence, for
example, is the product of around 10'! neurons in the brain alone [14].

Any model of a neuron is likely to be incomplete, due to the incredible complexity of that
which it models. Still, some extremely complex models of individual neurons have been made,
but these require a lot of processor time to simulate, making the simulation or implementation
of moderate to large networks nigh impossible. It is from the two competing requirements of
simplicity and realism that the huge diversity of neuron models originates, ranging from trivially

simple to hugely complex.

2.1 Biological Background

While real neurons come in countless varieties, they still have much in common and it is these
common aspects that are presented here. This "basic” neuron is loosely based on motor neurons

found in the mammalian spinal cord and is very similar to many of the simpler neurons found



in nervous systems. Most other, more complex neurons build on this basic substrate.

2.1.1 Operation of Single Neurons

The following is a fairly typical description of neural behaviour and is not overly complicated.

It draws primarily from [7, 40, 58|, but similar material is presented in many other sources.

Dencdlrites

Myelin
sheath

Figure 2-1: Sketch of a typical neuron (reproduced from [28])

A sketch of a typical neuron, taken from (28] is shown in Figure 2-1. Structurally, a neuron
consists of three parts, called the axon, the soma and the dendritic tree. The soma is the cell
body and performs the metabolic tasks required to keep the cell alive. Extending from the soma
in & branching structure are the dendrites which, together with the soma, are the possible sites
of input to the neuron. Also extending from the cell body at a site called the axon hillock is
the axon. The axon has a structure similar to a tap root, with a single primary fibre extending
from the cell and smaller branches protruding from this. At the tips of these branches are the
synaptic boutons which make connections with (or synapse onto) other neurons. Thus the axon

is the output surface for the neuron. Like all cells the neuron is enclosed by its cell membrane



which functions much like our skin. This membrane forms the boundary of the cell and keeps the
intracellular fluid separate from the extracellular fluid. These fluids contain an assortment of
ions, primarily Na*, K and Ca?t which, thanks to the cell membrane, can have substantially
different concentrations inside and outside the cell. Having different concentrations of these
ions means that there can exist a potential difference across the membrane, often called the
membrane potential. In the absence of stimulation, the membrane potential will settle at a
specific value called the rest potential (Uyes:) which is typically around -65mV with respect to
the extracellular fluid. While the cell membrane does serve to insulate the inside of the cell
from the outside, it is actually much more than merely an insulator,

Spanning the membrane (from inside to outside, like portholes in a ship) are complex molec-
ular structures called ion channels. Composed of proteins, these constructs can selectively allow
ions to pass through them, into or out of the cell. More importantly (and the key to a neuron’s
dynamic nature) these channels can alter their conductivity in response to certain "signals" or
as a function of membrane potential. In addition to the ion channels, which can be viewed as
dynamic conductances spanning the membrane, are other proteins including pumps, exchangers
and transporters. While operating on somewhat different time scales, pumps and exchangers
perform similar tasks. Together they are responsible for maintaining the electrical and chemical
gradients of the cell by moving specific ions through the membrane. At rest they counteract
the leakage of ions through the ion channels and after neural activity they are respounsible for
returning the cell to its resting state. Transporters are somewhat different as they move various
transmitter molecules, rather than ions, into the cell.

Let us now consider a neuron which is receiving some sort of input, the result of which is
to raise the membrane potential. A neuron whose potential is higher than rest is said to be
depolarized, while one whose potential is lower than rest is said to be hyperpolarized. Inputs
are received at sites called synapses where the membranes of two neurons meet. In most cases
this involves the axon of the presynaptic neuron and the dendrite of the postsynaptic neuron.
In the case of a depolarizing input, the action of the synapse allows an influx of positive ions
which raises the membrane potential. It must be noted that conduction within a neuron is not
instantaneous as it relies on the diffusion of ions. Rather, the potential spreads much like heat

conduction. A neuron typically receives inputs from around 1000 others and the dendritic tree



sums their contributions and propagates them to the soma. If the membrane potential at the
axon hillock exceeds a certain value (called the threshold or firing threshold) then an interesting
regenerative process begins, leading to the generation of an action potential (AP), often called

a spike.

Eeraes K™ cuiside
diffuses away

Figure 2-2: Diagram of an action potential showing activity of ion channels during firing (re-
produced from [28]).

A diagram of an AP, showing the associated ion channel activity, is shown in Figure 2-2
(reproduced from [28]). As the membrane potential approaches threshold, which is typically
around -50mV relative to the extracellular fluid, the Na™ channel begins to open (or activate),
increasing its conductance and allowing an influx of sodium ions. This influx of positive ions
acts to further increase the membrane potential, which in turn further increases the conductance
and so on. This positive-feedback effect results in the large and sudden positive excursion of
the cell membrane potential, which constitutes half of the AP. After about one millisecond, the
Nat channel closes (or deactivates) of its own accord, stopping the influx of ions. At about the

same time that the Na* channel deactivates, the K* channel begins to activate, allowing K+
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ions to leave the cell. This K efflux brings the potential back to the rest potential and slightly
below!, while the pumps and exchangers work to restore balance. Immediately after firing a
spike, the channels are still recovering and so it is impossible to elicit another spike. This is
called the absolute refractory period. Lasting slightly longer is the relative refractory period,
during which firing is possible, but requires much stronger stimulation. Within a few tens of
milliseconds the neuron will have fully recovered and returned to its rest potential, ready to fire
again. This whole process occurs initially at the axon hillock, but rather than being passively
propagated as in the dendrite, the AP at the axon hillock triggers the same process in the
axon, and again in each of its branches. Thus the AP propagates quickly and without losing
amplitude down the length of the axon and to all of the many synapses. The propagation of
the spike down the axon is far from instantaneous, but is accelerated by a factor of about 50 if
the axon is myelinated?.

This mechanism of AP generation, involving the sodium and potassium currents, is common
to most spiking neurons and can be augmented by the addition of other ion channels with specific
characteristics. This can lead to all sorts of additional behaviours, such as a tendency to fire in

bursts, or to adapt to constant levels of stirmilation.

2.1.2 Neural Coding

It is generally accepted that the shape of the action potential does not contain any information.
As a result, all neural information is contained in the firing times. There are several different
ways that information can be encoded by firing times and these are introduced below. None
of these are at all exclusive however, and different codes can be used at different points in the

network. The neural codes presented in this section are taken from [58].

Firing Rate Codes

In its simplest sense a rate code converts a single “input variable” to a firing rate. However

there are multiple definitions of firing rate, each with different implications. The most obvious

!This hyperpolarised state, more negative than the resting potential, is generally refered to as the spike
afterpotential (SAP)

*Myelin is a fatty, electrically insulating substance which is produced by glial cells and forms a sheath around
the axon of myelinated neurons. Its primary role is to speed up axonal conduction.



definition would be the number of spikes per second. The problem with this approach is that
in order to perceive a firing rate it is necessary to count the number of spikes occurring within
a certain time window. The time required for the system to respond to a change in input is
determined by the length of this window. As we make the window shorter, the number of spikes
occurring within the window will decrease, which will reduce the accuracy and resolution of the
signal. At the extreme end of the scale would be the use of instantaneous firing rate, which is
simply the inverse of the time between two spikes.

It must be pointed out that neural systems in nature have no “end user” and the information
is only significant to the system itself. While the author has found this a tricky concept to get
to grips with, it is significant here because it means that there is no outside observer to perform
functions like windowing. Neural systems are not clocked like digital systems, so any averaging
functions must be performed in a moving average manner, with the “window”, or filter constant,
being determined by the receiving neuron’s time constant.

As a trivialized example, consider a stretch receptor® that encodes muscle extension as a
mean firing rate. Such a signal will not vary too quickly, so let us assume a hypothetical
“window” of about 50ms. Next let’s assume that some part of the brain wants to know when
the stretching reaches dangerous levels. This threshold detection task could be performed by a
single neuron whose “leakiness” is such that an input firing rate of F' is required for it to reach
threshold, and hence fire. However, due to the 50ms averaging, a sudden increase in muscle
stretch could possibly take up to 50ms to register,

Instantaneous firing rate offers a much quicker response, but the downside is that a small
amount of temporal jitter can render the information inaccurate. The situation can be improved
by using multiple neurons in parallel, which is frequently the case in neural systems. This brings

us to the next section.

Population Codes

Population codes are similar to rate codes in the sense that they both represent information

in terms of the number of spikes in a time interval. The difference is that a population code

3 A stretch receptor is a specific type of sensory neuron which provides feedback as to the degree to which a
muscle is extended.



makes use of a large group of neurons where the rate is expressed as the number of neurons
firing at one time. Obviously if we have a finite population of neurons, it is unlikely that
any two will fire at exactly the same time, so there must still be a window of some sort.
However for a large population of fast-spiking neurons we could hope to use a window of 5-
10ms duration and still receive a representative number of spikes. The key with this method is
that all the neurons in the population must receive the same input and must have the same (or
very similar) characteristics. What is interesting here is that if the neurons were identical and
received identical input, all the members of the population would be doing exactly the same
thing and would be firing at the same time. However in the noisy environment of a biological
neural network such synchronization is unlikely to occur. If we have a neural network where
all neurons’ membrane potentials have a white noise component added, we can determine
the probability that the neuron will fire in response to a given input. If the population is
homogenous, all members will have this same probability of firing and so this probability can
be converted into a percentage of the population that will be firing. Thus population codes are

particularly useful in a stochastic system.

Time to First Spike

In certain circumstances it would be possible to encode information as the delay from the onset
of some stimulus to the first action potential. This obviously requires that the network “knows”
the time of the stimulus onset (fg). Assuming for a moment that something signals this time
(e.g. the spiking of a different neuron), then the intensity of the stimulus can be represented
by the time to first spike. This is intuitive since a stronger stimulus will cause membrane
potential to move more quickly to the firing threshold. A stimulus that is too weak will elicit
no response at all. If we do not have a marker for ty, this coding scheme can still indicate
the relative strength of two stimuli which both began at the same time. Assuming that two
identical neurons each receive an input, the neuron with the stronger stimulus will fire first.
Of course two neurons will never be identical, but for this scheme to work they need only be

similar enough that errors become insignificant.



Phase Coding

The notion of phase coding is similar to the time to first spike scheme. If, rather than a singular
reference point, we have some periodic reference, then the phase of another spike train in relation
to the reference can encode information. This is plausible considering the fact that detectable
rhythms exist in the human brain, such as the alpha and beta waves that change according
to state of conciousness. In the absence of a usable background oscillation, the relative phase

between two spike trains of the same frequency could be used.

Spatiotemporal Coding

These are coding schemes where information is represented by the specific firing pattern of a
group of neurons relative to each other. We may assume for the present that neural mechanisms
exist which can detect the simultaneous occurrence of a certain number of spikes, and which can
delay the transmission of spikes by a specific time period. Using these mechanisms, it becomes
possible to detect whether spikes from a group of neurons occur with a specific spatiotempo-
ral pattern. This is achieved by introducing transmission delays in the paths of the various
spikes which are the inverse of the pattern to be detected. Thus when the correct pattern is
presented, all the spikes reach the coincidence detector at the same time. If the detector has

been appropriately tuned, it will fire only if all the required spikes arrive simultaneously.

Discussion of Coding Schemes

The schemes introduced above are unlikely to be all-inclusive. In real organisms, different
schemes are used in different parts of the nervous system and variations on those above surely
exist, Another important point is that these schemes are not mutually exclusive. A single
neural pathway could, for example, encode stimulus intensity as mean firing rate and spatial

information about the stimulus as relative phase.

2.2 Compartmental and Point Models

The following discussion regarding compartmental and point models is based on (7, 58, 75].

Unfortunately for the reductionists among us, the physical layout of a neuron is significant to its
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function. The main reason for this is that unlike a metal conductor, the neuron can (and usually
does) have different membrane potentials at different locations. This is particularly significant
for neurons with large dendritic trees. The spread of charge in the dendritic tree can be described
by the cable equation®, but it is necessary to discretize the dendrite into compartments if one
wishes to solve the equations. However, modelling the dendrites as transmission lines requires
rather specific knowledge of the tree’s shape and structure. If this is the case it will add
drastically to the complexity of the model. A typical compartmental model will include many
compartments for the dendritic tree and axon, and probably one each for the soma and axon
hillock.

Point models on the other hand assume that all parts of the neuron have the same potential,
and hence neglect the physical structure. Models such as these are obviously much simpler,
but also less realistic. While the computational neuroscientist may well be willing to sacrifice
simplicity in favour of a detailed compartmental model, neural computation may be impractical
with such complex models. The key then is to determine how necessary the spatial structure is.
A single point model is arguably sufficient for describing the behaviour at the axon hillock (where
APs originate) as its small size limits the effect of electrical gradient. The main inaccuracies of
point models are in representing the axon and the dendritic tree. A synapse’s location on the tree
can have a major effect on the amplitude and time course of the postsynaptic potential (PSP)
elicited by activity at that synapse. In fact, dendritic processing is key to several processing
functions such as computation of Inter Aural Time Differences (used in sound localization).
The role the dendrite plays in such computation is to differentially delay inputs from different
synapses, based on their proximity to the soma. A successful network model would need to
account for such delays, but dendritic processing and modelling is a topic in itself, and is outside
the scope of this work.

The models introduced on the following pages are all point neurons and are typically pre-
sented as such in the literature. However, multicompartment conductance-based models provide
the closest approximation to reality, and are often used by computational neuroscientists. It

is the author’s opinion that dendrites, axons and synapses all require more attention if we are

*The cable equation models the dendritic tree as a transmission line. The line has characteristic resistance,
capacitance and cross resistance and is discretized into compartments for the purposes of solving the equations.
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to create networks of comparable ability to those in nature, but this dissertation focuses on
synapses and their plastic nature. The following can be thought of as models of the soma and

axon hillock.

2.3 Conductance-Based Models

This is a class of model whose dynamics are determined by various membrane conductances
and are therefore the most biologically accurate. The archetype of this class is the Hodgkin —
Huxley (HH) model [47], which describes the membrane behaviour as a system of four coupled
non-linear differential equations (DEs). Hodgkin and Huxley performed their ground-breaking
experiments on the giant axon of the giant squid, a neuron that is unusual due to its macroscopic
size. While their equations reproduce the behaviour of this particular neuron very well, the giant
axon is considerably simpler than most vertebrate cortical neurons. Fortunately the neuron they
modelled is similar to the simpler neurons of other species, including ourselves. In addition,
the mechanism of spike generation (involving Na* and K+ conductances) is conserved across
species and neurons. Models of more complex neurons, which can have considerably more ion

channels, are still of the same form as the HH model.

2.3.1 The Hodgkin Huxley Model

The HH model is as ubiquitous as Ohm’s Law and can be found in many papers, books and
web sites, but was originally presented in [47]. There are three conductances involved in the
HH model. The combination of these three relationships, with a fourth equation for the de-
pendence of the membrane potential on the ionic currents, produces the membrane behaviour
of the model. The cell membrane is capacitive in nature, so as current is injected into the
cell, either via synapses from presynaptic neurons or as an external current input, it charges
the capacitor and changes the membrane potential. The membrane however is not a perfect
insulator and has various ion channels, effectively in parallel with the membrane capacitance.
As described previously the different potentials inside and outside the cell are produced by
differing concentrations of ions.

Hodgkin and Huxley found that in the case of the giant axon there are two primary ion
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channels involved, namely Na® and K*, and the minor contributions of other ions could be
combined into a single “leak conductance”. This leak conductance is not dynamic, so the leak

current depends only on the membrane voltage.

Ve inside

uft}
\L‘Na \I”K \l/ *L
== g"ﬁ gK gL
Cm
Ena Eg E

/77‘77 outside

Figure 2-3: Electrical circuit representation of the HH model. C,, is the membrane capacitance,
I, is the input current, g. are the jonic conductances, I, are the ionic currents and F, are the
reversal potentials (z = L, K or Na)

An electrical-circuit representation of the membrane is shown in Figure 2-3. The potentials,
E., in series with the conductances are the associated reversal potentials for each channel.
Reversal potentials are the potentials at which the direction of current flow will chaﬁge (they
will be addressed later). The current I, can be either an injected input current, appropriate
for representing sensory neurons and also the case where an experimenter is injecting current
via electrodes, or it can be a postsynaptic current which results from the firing of a presynaptic
neuron. Considering this circuit, the equations for the membrane potential should make sense.

The central equation governing the membrane potential is derived directly from the behaviour

13



of a capacitor and is given in equation 2.1

d
Cmmy =L = (I + Ix + Ina) (2.1)

where u is the membrane potential and I, are the three ionic currents through g;, gx and
gnNe respectively. Note that, due to the reversal potentials, the ionic currents can be in either
direction, and as such can actually end up adding to I.. Thus the voltage u can rise even when
I, = 0. This is essential to AP generation.

Next, let us consider the equations for the three ionic currents which are as follows

I =gp x (u~Ep) (2.2)
Ix = gx x n* x (u— Eg) (2.3)
Ing = gNa X m3 x h x (u— Eng) (2.4)

where g, are the maximum conductances for each of the channels and E, are the corre-
sponding reversal potentials. These six parameters are constant for any given neuron, though
they will likely differ somewhat between neurons. It was mentioned earlier that the HH model
involves four DEs. The remaining three DEs govern the three variables m, n, and h. These

three DEs have the form:
dzx

“ . —T—(%[x — zo(u)] (2.5)

where the steady state value zg and time constant 7 both depend on the membrane potential.
The relationships between these quantities were determined experimentally by Hodgkin and
Huxley and are best represented graphically as in Figure 2-4.

In these graphs the resting potential has been normalized to zero. Assuming the neuron
has been at rest for some time, all three gating variables (m, n and h) will have reached their
steady state values. From Figure 2-4 A we can gee that if u = 0 then n ~ (.3, meaning that it
is at 30% activation. Thus, according to equation 2.3 the effective conductance for Iy will be
gr X (0.3)4. In terms of Iy,, we can see that m is almost zero and h = 0.7. However since Iy,

depends on m® x h and m ~ 0, the cubic power will dominate and Iy, will be virtually zero.
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Figure 2-4: A shows steady state value (zg(u)) and B shows time constant (7(u)) vs. voltage
(u) for the variables m, n and h (reproduced from [58]).

This means that at rest Iy and Iy, must cancel out, otherwise the neuron would not be at rest.

If a positive current [e is injected, u will rise and might reach threshold. It must be pointed
out that there is no fixed value for the threshold because it depends on the recent history of
the gating variables. Let us assume for now that e is a short, strong stimulus that quickly
raises u above threshold. We can see from Figure 2-4 B that n and h operate on similar time
scales but m is considerably faster (it is often modelled as instantaneous). What this means is
that m quickly reaches its new steady state value, which is nonzero, while n and h are slowly
approaching theirs. Due to the value of Ey, (around 115mV) the current I, adds to Ie and
as such further increases w. This in turn incresses m, opening the channel further. This would
continue unchecked were it not for the effect of h, which approaches zero as u increases. The
fact that h has a much longer time constant than m allows a brief (about 5ms) inrush of current
that increases u to a value of about 110 mV. This is the “upswing” of the action potential as
shown in Figure 2-5. Around the same time that A finally shuts off In,, n (which operates on a
similar time scale to h) will have reached a value close to unity so /g becomes large. However
because Ex ~ —12mV, Ix flows out of the cell. Thus once Iy, has stopped, Ix will act to
quickly return u to the resting potential and beyond, causing the negative spike afterpotential
(SAP).

2.3.2 Effects of Other Ion Channels

A huge variety of other ion channels, with their own characteristics, and involving ions such

as Ca?t and Mg?*, have been identified in other neurons. Many of these channels have been
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Figure 2-5: A simulated AP generated by the HH equations in response to a 2-second injected
current pulse.

characterized by HH-like equations, and can be included to make conductance models of neurons
such as mammalian pyramidal cells. One fairly common neural mechanism is called Firing
Rate Adaptation, where a neuron’s responsiveness to constant stimulation decreases over time
as shown in Figure 2-6. This behaviour is the product of two additional ion channels involving
Ca?t [37).

The high threshold calcium current (/) is an inward calcium current which only activates
when the membrane potential is well above threshold. The effect of this is that calcium ions
flow into the cell with each spike, building up over time. Being an imperfect insulator, the
membrane allows Ca?t to leak out slowly, so if the neuron is allowed time to recover, the cal-
cium concentration will return $o normal Jevels. The other half of the mechanism is a calcium

dependent potassium current (I 4y p). Being a K current, 4y p is outwards and hyperpolariz-
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Figure 2-6: HH style model of mammalian Pyramidal Cell exhibiting Firing Rate Adaptation
in response to a step current input (red). Note how the firing rate declines over time, with
constant stimulation.

ing, but unlike I this current is dependent on intracellular calcium concentration, rather than
voltage. As Ca?* builds up I4yp will increase, partially counteracting any excitatory input

and reducing the excitability of the cell.

2.4 Threshold - Fire Models

This is a far simpler class of models which attempts to model the behaviour of the membrane
potential without concern for the inner workings of the cell. In addition, only the subthreshold
dynamics are modelled, and APs are represented by Dirac delta spikes, or simply recorded as

a series of firing times. The descriptions of the following two models are based on [58, 37].

17



2.4.1 Spike Response Model

The spike response model (SRM) [58] defines the neuron’s behaviour by means of its response
to spikes, both its own and those of presynaptic neurons. The model includes a state variable
which represents the membrane potential. At any point in time, the state of the neuron is
determined by the combination of responses to all pre- and postsynaptic spikes. The responses
to these spikes are characterized by functions called kernels. A presynaptic spike will induce
an inhibitory or excitatory PSP, whose time course is defined by the function §;;(¢), which can
differ for each combination, ¢, j of pre- and postsynaptic neurons. Obviously this function must
vanish for £ < 0 and decay to zero for t — oo, to account for the leakiness of all neurons. When
the neuron reaches the firing threshold, v, the neuron is said to fire. The membrane potential
u;(t) is reset t0 Urest (Or possibly below) by means of a second kernel 5;(¢), which is a negative

contribution that decays to zero for £ — oo. Thus the state at any time £ is:

ul) = > nlt-tN+> Y wyet-)

ter; jeTi e,
where F; is the set of all firing times of this neuron, I'; is the set of presynaptic neurons

and F; is the set of firing times for each of these presynaptic neurons.

2.4.2 Leaky Integrate and Fire Model

In the leaky integrate and fire (LIF) [58] model, the cell membrane is modelled as a leaky
integrator. The model is frequently presented in the framework of electrical circuits, as the
leaky integration can be performed by a simple RC circuit as shown in Figure 2-7.

As a result, inputs in this mode] take the form of current pulses in response to presynaptic
spikes. Like the SRM model, the LIF has a firing threshold v and a state variable u(t). The
neuron is said to fire when u(t) crosses v from below, and the potential is mechanistically reset

t0 Urest by discharging the capacitor. The state of a LIF neuron progresses according to:

Tm%}-:- = —u(t) + RI(t)

where Tp, == ﬁlc is the membrane time constant. In reality the input I(¢) is a combina~
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Figure 2-7: The leaky integrator for an LIF neuron m RO circuit form.,

tion of postsynaptic curmrents from presynapti netrons, but in the Literature [58, 37) this is
often replaced with an "injected" current which may or may oot be constant. The memnbrane

behavionr of an TIF neuron i response to constant current mpuot s shown i Figure 2.8

2.5 Rate Models

Rate models inchide snch newrons as the siomoidal pate, found i traditions] non-spiling newral
notwark (INN) thoory These models, while certainly useful in thelr oom right, make the false
agsnmaption that noural informeation s encoded in mean firing rate alone. Therefore these models

do not model ndividnal spikes, bt rather represent fiting rate a: an analos yargable.

2.6 Discussion and Comparison

Nearon Taodels are wsed invarious fields, which inpose different requivernents. As a result, each
of the models introduced above will be the optimnal choien for a certain set of roquirements, 1

one's goal 18 to lurther the understanding of actual neural behaviour, then conductanes models
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are mosl suftable as Lhey provide insight into the innes workings of nere eclls. Howeser,
the complexity of thess models may be prohibitively high if the inlealion is 1o wee them as
comaputational elements. Hate models hioe boen extonsively stndied, and netwarles of them hie
been found to be hugely powerful compueational devices, However, the firing rate abstraction
necessarily robg themn of wowh of the potential possessed by real neurems, and renders them
altnest useless {or ihe study of actual nervous systoms.  Uhroshold-fitg models, also reforred
ton s wpikinge neurom modeds, seem to offer 4 happy compromise. Being spiking neurons, Lhey
allow for the nae of temporal features such sy pnlse codes which opens up A whole range
of possibilities not offcred by rate models. Tn fact spiking senron models have been proven
to heve preater compulalional power than rate models |59), The SRM model is not idealls

suited Lo implementation or simulation becowse the task of swenming contribations from many
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kernels {one for each presynaptic spike) leads to excessive memoty requirements, particularly
in large networks. The LIF model, on the other hand, is ideally suited to implementation and
simulation, Networks of LIF neurons can be created using analog, very large-scale integration
(aVLSI) techniques [58], and the fact that the LIF equation is differential makes it very easy
to simulate in discrete time steps with a program such as MatLab, Since the author has an
engineering hackground, potential implementahility is considered to he important. Therefore

thiz thesis will make use of the LIF neuron model.

2.7 MNoise in Neuron Models

Real neurons are intrinsically stochastic in nature [37, 58, 60, 76]. The reasons for this are
numerons, but the net result is that neucal spike trains ave generally rather noisy in terms of
interapike interval variability. Interestingly it has been shown that in many cases this noise is not
only non-detrimental, but is actually heneficial [78]. Stochastisity in neurons helps with tasks
such as phase locking [#1] and also mamtains diversity in the firing of populations of neurons.
MMuch research remains to be done cn the effects and bheoefits of noise in neural systerns, bt as
that is not the focus of this work, the auther will assume that all neurons and neuren models
can include some noise. In the case of LIF neurcns, this noise can be incorporated in several
ways including noisy reset, noisy integration and noisy thresheld [58). The omnipresence of

noise in both real and artificial systems serves as justification for this inclusion,
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Chapter 3
Synapses

Synapses are the junections between neurons through which information 1s passed, Synapses ate
almost always unidirectional |77], meaning that information travels in one direction, from the

presynaptic neuron to the posfsynaptic neuron.

3.1  Biological Background

Rteal synapses come in two distinet types, called electrical synapses {or gap junciions) and chem-
ial synapses, which invelve completely different mechanisms and behave in diferenc ways, The
vast majority of real synapses, including chose involved in Aplysia Califoriea’s withdrawal re-
flexes, are chemical. Thus all synapses teferted to i this work are chemical synapses, the
following description of which is based on [7, 77]. In addilion, synapses are classified as exci-
tatory or inhibilory, depending on whether presynaptic activity leads to hyperpolarization or
depolarization of the postsynaptic neuron. The "sign" of the synapse depends on the nacure
of the neurotransmitter it employs and eannol chanpe, All the synapses fromt a given presy-
napiic neuron will have the same sign, and so a nenron can also be reforred to as excliatory or
imhibitory based on the nature of its "output” synapses. The majority {about 80%) of neurons
Are eXCiLALOTY.

The physical structure of a synapse involves processes From both pre- and postsynaptic
nenrons. A simplified diagram of a synapse {adapted from [1|} 35 shown in Figure 3-1. On

the presynaptic side, chere extends from the axon a mushroom-shaped protrusion called the
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Figure 3-1: A simplified diagram of a chemical syoapee {adapted fom -]} showing both pre-
and PostRVIAPHIG processes,
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synaptic bouton, which is a continuation of the cell membrane. On the postsymaptic neuron,
a protrision called the synaptic spine extends from the dendrite just opposite the bouton.
The two are scparated by a 20nm gap called the synaptic ceft. Within the bouton are tiny
spheres (357m in diatneter) filled with neurotransmitter, called vesicles. Some of the vesicles are
docked against the presynaptic membranc, constituting the decked wesicle peol. The majority
of the vesicles (those within the bouton but net in contact with the membrane] are the reserue
vesicle pool, Vesicles always dock at a specific site, or sites, on the bouton surface called ective
zones. Dircctly oppesite an active zone is a specialized area of postsyuaptic membrane called a
postaynoptic densify.

When sn AP arrives ut the synaptic bouton it catses a momentary influx of Ca** and henece
a brielly elevated ealeium eonccntration, The elevated Ca®t level initiates a process called
exocyvtosis, whereby one or more vesicles may release their neurotransmitter nto the synaptic
cleft. Interestingly, this proeess is Ty no means deterministie. The relcase of transmitter vesicles
in response to an AP is probabilistic in nature, meaning that synaptic outputs are stochastice
and are not at all reliable, Different approaches to overeoming this problem are used. In the case
of sotme perpheral cirenits, where relisble transmission between a pair of nevrons is Tequired,
reliability iz accomplished by having many relcasc sites in a single connection. This mamber can
e over 1K} in the case of newromuscular junctions. However in the vertebrate cortex there is
insufficient space for so many redundant connections and transmission can be very unrcliable,

Tn this case one can orly assume that averaging occurs via multiple parallel pathweays.

3.2 Dynamic Synapses

Depending om the synapsc in question, a presynaptic action potential can result in a postsy-
naptic potential (PSP of different amplitudes. The average amplitude of the P3P at a specific
symapse defines the "strength" of that synapse and depends on the mamber of readily releazable
vesicles as well a8 the individual vesicle release probability 77]. The strength of 4 synapse
however iz by no means fixed, but rather iz dymamic on a wide range of time scales, from
milliseconds to years [60, 85). The study of artificial nenral networks (ANNs) has shown that

the adjustment of synaptic strength can determine the functioning of a network and that the
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correct adjustment for a specific task can be achieved with certain rules. Consiatent with this
is the finding that changes in synaptic strength arc an important locus of learning and memory
in anirnals [44]. A= & parsllel to the learning rules of ANNKs there are many identified forms
of aynaptic plasticity at work in real neurons. In some cases we have a fair understanding of
the undertying molecular mechanisms and in others not, However, many training algorithms
for ANNs, such as those involving back-propagation, are not biologically feasible [54]. Another
key differenee is thatl real synaptic plasticity consists of physiologically distinet long- and short
term modifications (12, 48, 63|, Long-term plasticity involves growth of extra eonnections, while
short-term changes are thought fo be due to changes in vesicle release probability, which in furn
iz the result of varied molecular mechanisms. Presented next iz a brief description of some of

the better-known forms of synaptic plasticity.

3.2.1 Hebbian LTP/LTD

LTP and LTD refer respectively to a long-term potentiation [incresse) or depression {decrcase)
in synaptic strength. Different types of LTP/D exdst, depending on what is required to induce
them. Hebbian LTP/D rosults when presynaptic activily eoineides with postsynaptic depolar-
ization [25, 58], LTP/D can be rapidly induced if the presynaptic stimulation is tetanic. Tetanic
stimmlatinn is basically & brief, high frequency burst of action potentialz. Once indneed, LTP/D

can last for weeks, months or even o lifetime.

3.2.2 Use Dependent STP/STD

Short-term potentiation (STP) and depression {(STD) ate aimilar to LTP/D, but arc mmch
shorter in duration. In the meural context, short-term changes are generally taken to be those
that last for milliseconds to houra, I stimulated with 8 train of pulses, a shori-ferm depressing
synapse will quickly lose strength. The exact time taken for this to oecur depends on the
synapse’'s characteriatics, A ahort-term potentiating synapse will strengthen in response to the
same input. In both cases the effects cap cecur within a single atimulus {train of pulscs lasting
seconds or lesg). Also, there is no postsynaptic condition, so the plasticity depends only on
presynaptic activity. If left undisturbed, the synapse will guite quickly return to its original
atrength [G6).
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3.2.3 Paired Pulse Facilitation (Dlepression)

PPE{D) 15 a form of short-term plasticity where the strengthening {weskening) of the synapse
dArpends em the specific timing between two pulses arriving st the syoapse. A plat of delay vorsus
alteration is roughly sigmoidal in shape, with peak [acilitalion (depression) wsually ocowrring
at an ISI around Sms. The synapse responds quickly encugh that the second of the two pulses

is facilitated. |f the delay % rou long or too short the synapse will not be facililated (26 .

3.2.4 Spike Timing Dependent Plasticity

STNP iz alse similar to ITebldan LTP/1). The prinary difference s that the direction of the
modification [potentiation or depression) depends on the relative timing of pre- and postsy-
naptic spilos. Provided both spibes ooour within a window of abont 10ms, tho synapse will be
allered. II the presynaplic spike preceded the postsynaptic apike then Lhe synapse will be po-
tenriatrd. HF however the presvpaptic spike ocenrs just aftor rhe postsynaptio spike the svisapse

will Te depressed [34 .
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Chapter 4

Learning and Memory

Learning refers to the ability of a system {typically an animal) to adjust its behaviour, or
response to a specific stimulus, after some event alters the meamng of the stimulus or its
context. Memory is the substrate for this modification. Being able te adapt is important
because a stimulus, sach as a loud noise, can have different significance depending on its context
and history. An animal which was incapable of adapting its behaviowr would quickly petish as
the real world 14 a vaned, dyoamic and nopredigtable one. All mobile life-forms are capable of
modifying their behaviour to some degree and this plastieity is desirable in man-made systems,

particularly autonomous ones.

4.1 Classification of Memory

Memory can he classified according to three primary critetia as presented in the following
subsections, though it should be noted that lower life-forme lack explielt memory. The following

is based on definitions of the respective terms found in [30].

4.1.1 DImplicit or Explicit

This classification 15 based on the methed of recall for the memory. Explicit or declarative
mematies are those which we actively reeall, such as memory of facts or episodes from our lives.
Implicit memory refers to things which are not actively recalled, such as the abibty to play

tennis or drive a car.
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4.1.2 Associative or non-Associative

Associative memory inwolves learning or modifying associations beotween stimuli, while non-

agsociative Memory involves only a single stimulus,

4,1.3 Long Term or Short Term

This distinction is obviously made on the basis of how long the memory persists. Typieally
memories are considered shert torm if they last less than 30 seconds without rehearsing or
refreshing, but in some cases memories lasting up to a few hours are still considered short
term. There i3 a more relinble means of segregating long and short term memories based on

the cellular mechanisms involved, which is discussed in Section 7.4

4.2 Three Elementary Types of Learning

The following are throe particularly well known types of shnple learming which are exhibited by
all but the simplest life-forms, All three of these are implictt.

4.2.1 Habituation

Habituation, the simplest of the three, is an elementary form of toti-assoeiative learming wherchy
an animal learns to ignore henign stimuli, Upon presentation of a stitnufus with little belay-
ioural significance the animal will make some response. If this stimulus is repeatedly preseniad
and no punishment or reward follows, the animal’s response will decline and cventually conse.

Habituation is useful for filtering out unimportant information [3].

4.2.2 Sensitization

Sensitization (also non-assoeiative) is a slightly more comphicated proeess, The presentation of
a strong noxious stimulus {often referred to as the unconditioned stimulus (US)) incresses the
animal’s responsivencss to further (usually different) stimuli. This is uscful for inereasing the

overall level of alertness in respotise Lo inpury, fright or some perocived threar [27].
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4.2.5% Classical Conditioning

Classical conditioning is more complex than the previous two types and (8 an associative process,
In classical conditioning the animal forms an association between a benign stimulus called the
comditioned stimulus (C8) and a behaviorally relevant one called the unconditioned stimulus
(US}. Initially the C5 docs not elicit a significant response, but the US elicits its natural
response, called the unconditioned response (UR). I the CS is repeatedly presented just before
the 174, the animal will learn to associate them. Ewventually the C8 alone will elieit the same

responee, which is the UR [2].



Chapter 5

Model System: Aplysia Californica

Aplysia Californica or the Californian Sea Hare iz a large sea snall of class Gastrapoda and
phylum Mollusca and is depicted in Fignre 5-1-B {fig. 51 4 and B are adapted fom [52]).
Aplysia iz shell-less and altains an average adult length of 25cm.  Aplpsia has been widely
used as a lab animal for the study of nenrobiology, particularly that of learning and metnory.
It possesses a f{ajrty simple nervous systemn with approvimately 20 000 neurons. Aplysia was
used by Erik Kandel in hix Nobel Prize-winning work on the physiological basis of learning
and memory, Apiysis 18 a well-documented animal, but this chapter 1s based primarily on

[18, 51, 52].
5.1 Inveriebrates in Neuroscicnoe
Invertehrates like Aplysia are well suited to neurological study for several reasons, imclnding:

1. They possess much simpler nervons systerns than vertehrates.

2. Many mvertebrate nenrons, including many of those in Aplyeia, arve relatively larpe and

hence can be easily impaled with mieroelectrodes, which allows for intracellular recording.

3. Invertebrates possess distributed nervous systems composed of many local ganglia' which

YA ganglion im a cluster of neurans which, n invertebrates, s part of the contral nervols system {CNS)
aud wontrods a subeet of behaviour. Bundles of axons (connectives) connect the ganeglion to sensorr and motor
syetems, ac well af to ather ganglia,
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Figure 5-1: Aplpsia Californico (adapled from [32]). A) apatomical sketeh and B) photograph

rontrol local behasdour. These ganglia and surreunding neurons can saevive a surprisingly

long time in reduced preparations.

Aplysia has hecome something of a standard for low-level nevrological el lgations and as
a result 1s very well documented, In {acl, much of its netvous syslem has been mapped o the
point thal Individual nenrons have been named and can be identified in all lndividuals of the

secies,

5.2 Aplysia Withdrawal Illcflexes

Invertebrate reflexes have been popular for the imeestigation of leaming at o simple level sinee it
was found that the fundamental mechanizms of neural operation are conserved across phyla (see
[52] for & review). dpfysie possesses soveral defensive reflexes which serve Lo withdraw cxposed

appendages from potential danger, Two particularly well-studied reflenes ave gill and siphon
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withdrawal and tail withdrawal [35). Both of these reflexes exhibit forms of basic learning,
inelucling the three mentioned in the previous chapter and the underlying neural circuitry of
these reflexes has been well defined.

5.3 The Aplysia Gill and Siphon Withdrawal Reflex

This work will foems primarily on the gill and siphon withdrawal reflex [{GSWR) as it is more
thoronghly documented in the literature than tail withdrawal, The GSWR serves to withdraw
the delicate siphon and gill (see Figure 5-1-A) into the body in response to a possible threat,
signalled by tactile stimulation of the siphon or mantle shelf. This reflex is mediated by the
abdominal ganglion [?1]. The single largest contribution to this reflex, contribating about
1 of the ohserved response [6], is & monosynaptic pathway? from the sensory neurcns (SNa)
innervating the siphon skin to the gill motor newrons (MNs). In addition there 1s a polysynaptic
pathway® which incluedes interncurons®, An additional eommponent of this reflex is a conneetive
fromn the pleural sanglia® which is activated by strong fail stimulation. This connective serves
as an input pathway for the US in sensitization aod conditioning, A simplified schematic of
this pathway [52] is shown in Figure 5-2, An identified major locus of plasticity in this reflex is

the monosmaptic connection between sensory and motor neurons,

*In it simplest form a monosynaptic pathway tnolves only twn nevrons and g single synapse between them.
Tnformation Hews from the pre- to the postsymaptic neuren. In reality, monosynaptic pathways can imvolve more
neurona in parallel with these two, Even if all the newrons in the fiest tayer synapee onto all the neurons in the
aecond layer, it ia atil] considered monoyynaptie.

*A polysynaptic pathway iz one which iz not monosynaptic,

* An interneurom is 8 neuron which is neither 8 sensory netiron por & motor pearon and henee has o divect

eontact with the outside world.
*The left and right pleural ganglia are & pair of ganglia Jucated vewr and conteolllng the tail
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Figure 5-2; A simplified schematic of the neural cireuit underlying the GSWR [52]. It includes:
siphon sensory neuren (SN, gill motor neuron {MN), modulatory interneuron (SHT) as well as
excitatory and inhibitory interneuroms {Exc. and Inh. respectively),
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Chapter 6

Behavioural Analysis of Plasticity in

Aplysia’s GSWIR

This chapter deals with behaviowral, as opposed to cellular, expenments on Aplysia’s GSWERL
These experiments generally imvolve whole Apfysia, and sometimes & semi-intact preparation
where the tail. siphon and central norvous systom are dissected from the body, In either case,
input astirmuli are presented to the appropriate body part and response is guantified in terms of
the physical movement of the siphon. This iz in contrast to cellular experiments where inpits
usually take the form of eurrents injected inta the colls via microclectrades, and outputs are the
meagured PEPs at motor newrens. The resnlts of thess two types of cxperitent are qualitatively
compatible, but are quantitatively different. This s due in part to the tranaformation performed

by sensory and motor nenrons.

6.1 Habituation

A typical habituation experiment as described in [19, 69, 71 proceeds along these lines: the
siphon skin is bricfly stimulated with a soft brush or a jet of water strong enougl to elicit a sig-
nificarnt withdrawal of the gill and siphon, Typically this is & water jet of < 1s duration. After
somchow quantifying the withdrawal to use as & baseline {for comparison with later responses),
the animal iz repeatedly presented with the same stimnlus at some repular interstimulus inter-

val (ISI) and the withdvawsal response is obserwd o decreasc. Note that habituation is site
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specific, meaning that the response will only habituate if the same spot on the skin is stimulated
each time [80]. The maximum ISI which can produce habituation ranges from 1 - 5 minutoes,
deponding on the individual animal, but typical experimental 13I's are 10 - 100 ssconds.

Cmne major incongistoncy botweon oxporimontal works is tho quantification of the withdrawal,
Some researchers measure the duration, while others try to estimato a porcent reduction in area,
and the techmifues are seldom the same. Howover, rogardless of the gquantifying mothod and 181
used, the response always decays with an approximately exponential shape [70]. The cheice of
stimulus strength is quite significant as well, ag it affocts the time eourse of the withdrawal [69].
Lighter stimuli induce a withdrawal with & single, short-latency componont whose duration
and magnitude are proportional to intensity. At stronger stimulus intensities a second, longer-
latency oomponent contributes as woll, leading to constderably longer withdraveal duration.
Exporimonts tond to use stinmli that omphasizo tho short-latomcy componont. as it corresponds
mgro closoly to known noural circuits. In addition, stronger stimuli are much slower to habituate
[69].

A ginglo training scssion, defined as an uninterruptod stimulus train with constant ISI,
produced habituatod responsos as low as 5% - 45% of baseline[19, 69, 71]. The majority of this
decrement oceurred within the first 5 -10 stimuli {ax can be seen in the data of [19, 89, 71])
and there would be little point in prosonting more than 20 stinmli in & scssion. In absence of
further presentations the rosponse recovered to 75 - 8% of baseline m 10 - 20 minutes, but full
recovery took up to two hours [69]. The effects beeame much longer lasting if multiple training
sessions were employed, After the fivst training Block (10 - 20 gtimuli, 181 =2 308} tho animals
wero left for 1.5 - 24 hours and then presentod with a second block, The response decrement
over the first few stimmli was much more pronouneed, and led to groater habituation by the end
of the block. Feur such blocks resulted i significantly greater habituation which was shown
to last mora than throo wooks [20]. Interestingly, a massed training protocol where the same
four blocks were presented with little or po time between them did not preduce this long-term
hahituation [19, 20]. Spacing is a universal requirament for creating long-term memory (LTM)
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.2 Sensitization

A typical senwitization experiment as in [10. 36, T1] begins with a pretest, where the siphon
s stimulated with a brush or water jet (the C5) and the response quantified to use as a
baseline. After a 10 -15 minute delay a strong noxdous stimulus (the sensitizing stimuolus or
U5} is prezented to another body part such as the neck or tail. The siphon i= then stimulated
again with the water jet and the response compared to the pretest, The sensitizing stimulus is
typieally a 1.3s, 50mA, 60Hz pulse train {shock] delivered to the tail by an electrode.

Training with a single shock produced sensitization lasting up to 1 hour but the effects of
four shocks (ISI 2min - 2hrs) lasted up to 2 days [52]. Four trains presented 30 minutes apart,
each consisting of four shocks with ISI = 30 seconds led to sensitization lasting four days, with
facilitation paaking ar approximately 200% of baselive, Repeating these blocdks of 16 stinmli
once per day for four days led to sensitization lasting several weeks, with a peak facilitation
well over 500% of baseline [36]. Interestingly there is evidence that sensitization has a delayed
onset. taking 20 - 30 min, before there is a noticeable response increment [21].

Dishabituation i an incresse In 4 response which had previously been halntuated. Tintially
it was thought that dishabituation reflected the same process as sensitization, but this was
questinned on the grounds: that they emerge at different times during the development of young
Apiysia [T1]. It has subsequently been found that dishabituation is a combination of the nor-
il sensitization mechanism m parallel with a second mechanism which only affects depressad

synapses [46],

6.3 Classical Conditioning

A typical classical conditioning experiment as in 4, 21, 43] begins with a presentation of the
5, which iz a light touch or water jet to the siphon, The elicited weak withdrawal 15 tsed as
the baseling. The US, which is a strong shock to the tail sitmlar to that used in sensitization
traiming, elicitz o massive withdrawal of the gilt and siphon, The animal i conditionsd by
repeatedly presenting the CS, followed about (L5 seconds later by the US. Typically there will
be 15 - 30 presentations with an 1SE of abont Smin.

Classical conditioning produces large enhancements and a single train of 30 presemtations
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can produce a 500% increasc in withdrawal when the animal is tested with the €8 alone,
24 hours later [21]. This observed facilitation obviously includes a contribution [rom non-
associative sensitization, but this can be taken into account by presenting some animals with
only the US, or with the US and C8 unpaired. The US alone group exhibits no more than
200% facilitation so thers is a major asseciative confribution. The associative component alse
exhibits site specificity, which mesns that the OS5 must be presented to the same spot on the
siphon each time. If the animal is later fested with the €3 on the oppesite side of the siphon
the response will only be partially facilitated by the sensitization effect [43].

It is unclear whether CC has distinet long-and short-term forms.

6.4 Combination of Effects

One of the issues complicating an analysis of these mechanisms 1a the fact that, with the
exveption of habituation, they cannot be induced alone. During sensitization experiments the
teat stimuli {C8) delivered to the siphon can lead to some habitustion of the response. This is
more significant with classical conditioning. As mentioned before the entire animal is sensitized
by the US presentations and in addition it can habituate to the C3, which is presented regularty
as well, This makes & quantitative analysia of classieal conditioning, and to a lesser cxtent

sensitization, guite difficult.

37



Chapter 7

Cellular Analysis of Plasticity in
Aplysia’s GSWR

This chapter has several goals. Firstly, the neural eircuit mediating the GSWR will be presented
andd its functioning and relationship to behaviour will be discussed. Next, the cellular basis of
the observed leaming will be discussed, with specific attention paid to the loci and mechaniams
of this plasticity, This chapter is based on works imvolving cellular data from cxperiments
on varions reduced preparations of Aplysia. The hasic fypes of preparation which are ahle to

provide cellular datse are as follows:

1. Bemi-Intact Preparations: These typically include the pleural, pedal and abdominal gan-
glia as well as the actuel teil and siphon tisaue. Connectives between these body parts
and panglia are identified and kept intact. An advantage of this preparation is that the
samne tactile stimuli as those used in behavioural experiments can be delivered to the fail

or siphon skin.

2. Isolated Ganplion: The ganglion is renwved from the animal without any periphoral nores
or tissue, This facilitates direct aceess to all neumnl elements within the gaoglion. Since
tactile stimmlation is impossible, stimuli must take the form of intracellularly injected

curroits,

Jd. Isolated Cell Culture: These typically mclude only o few cells, cultursd rather than re
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moved from an animal. These preparations are useful as they allow for the examination
of individual 3N-MN synapses, which sheds light on the moncsynaptic component of the

reflex, Stimuli are intracellnlarly injected currents,

In al] three cases the cutput is a measured excitatory postsynaptic potential {(EPSP) in one

of the gill motor neurons, rather than an observed withdrawal,

7.1  The Nenral Cirenit Mediating the GSWR

While the neural cireuit mediating the G5WH iz simple by neural standards, it is still fairly
complicated. Also, there are likely to be contributions from as yet unidentified components, but
the cirenit described in this section accounts for most of the behaviour. The siphon tissue is
innervated by a group of 24 sensory neurons called the LE cluster. The somata of these neurons
are found In the abdominal ganglion [52) and can be uniguely identified. These neurons are the
primary input stage for the C3 {siphon tap). At the other end of the cireuit, contraction of the
oill ypuscles s controlled by a population of at least siv gill motor neurons whose somata are
also found in the abdominal ganglion, These neurons can also be uniguely dentified and are
called L7, L9, L9, LDGY, DG, and RDG. Each of these motor neurons controls a different
component of the physical withdrawal by innervating different combinations of muscle fibres
{29]. The two largest contributions to withdrawal come from L7 and LDG, [17].

Each of the 24 LE nenrons synapses directly onto each of the motor neurcns and also onto
a popultation of interneurcns. While estimates vary, the contnbution from the direct (monosy-
naptic] pathway accounts for 30 - 50 of the observed gill withdrawal [17:, The remaining
comtributions come from less well delineated polysynaptic pathways, including disynaptic path-
ways via excitatory interneurons like Lpy and Lyp {17]. While the cirouit deseribed so far is
sufficient for habituation, sepsitization and classical conditioning also requure an input pathway
for the US. In behavicural experiments the US is presented to the tail or neck, so pathways
from these locations must exdst, but pathways from other body regions are likely to exist as
well. Tail stimoulation s by far the most common form of U5, se the author will only congider
this case,

Noxious stimulation of the tail {such as a strong electric shock) causes several things to oceur.
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Firetly there 12 strong withdrawal of the tail, medisted by the pleural and pedal ganglia, but in
addition, two other things ccour, Firstly there is activation of three classes [532] of modulatory
internenrons in the pleural ganglia [79). The serotonergic internevtons are most sighificant to
this reflex 52|, Processes from these serotonergic neurons contact the presynaptic terminal
of many of the synapses involved in this reflex. specifically the SN-MN synapses and those
between the SN2 and the eccitatory imternevrons. When stimulated, these neurons release
serotonin! (3-HT), the role of which is discussed later in the sections on sensitization and
classical conditioning., The second result of tall stimulation involves cirenits from the tail-
clicited siphon withdrawal refiex, and results in contraction of the gill in response to tail shock,
Thiz 15 significant to the mechanisme of classical conditioning discussed later.

7.2  Cellular Correlates of Behavioural Stimuli

The LE sensory neutosis ate laid oot around the siphopn in such a way that they have different
bt everlapping receptive fields, The sipnificance of this is that a typical point stimnotus will be
in the receptive ficld of approximately eight of the 24 LE neurons [17]. Each of these neurons
will fire approximately 1 - 15 spikes, depending on the strength of the siphon tap [35]. Thus each
of the gl motor neurons are likely to receive between 8 and 120 spikes via the monosynaptic
pathway (and more via the polysynaptic patheaye) from a single presentation of the C5, The
complex EPSP at each of the motor neurons is the combined response to all these apikes, scaled
according to the present efficiency of the synapses they arrive through, In tormal conditions
the motor neuron would probably fire sevetal times dunng the EPSP, but in order to record
and quantify the EPSP one must prevent the motor neuron from firing, This is accomplished
by hyperpolarizing the MN [19]. These complex EP3Ps are the only input to the motor neurons
and are proportional to the vardous compenents of withdrawal mediated by the respective motor

NenroTlE,

Y8erotonin i a common modulatory neuratranamitter, hladulatory, in thie sense, means that vather than
directly resulting in postsynaptic cuprenta, seratonin affects the efficiency of other moleculay processes.
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7.3 Complex and Monosynaptic EPSPs

Ax mentioned earlier in this chapter, the monosynaptic psthways from the LT sensory neurons
to the gill motor neurens account for 30 - 50% of the response to siphon stimulation [17], with
the remainder coming via polyaynaptic pathways. A reliable cellular cotrelate of the observable
withdrawal is the area of the complex EPSFE in the gill motor neurons [33, 57], which ia basically
a superposition of the PSP contributions from any active LI neurons along with contributions
from the polysynaptic pathways in the reflex. Unfortunately when it comes to analyzing plas-
ticity of the response, the complex EPSP does not supply information about changes in specific
synapses. In order to mode] the synaptic plasticity underlying the bebavioural modifications,
one must reduce the system to a single locus of plasticity ;6, 23, 29]. The obvious place to start
is with the primary SN-MN synapses as these make the single largest contribution, can be most
reljably 1dentified and have been most exdtensively studied. Fortunately, the bhekaviour of this
synapse can be independently observed by recording monosynaptic EPSPa at the motor neuron,
Basically, the monosynaptic EPSFP is the EPSP elicited by a single spike in a single sensory
neuron, transmitted only via the monesynaptic pathway, and henee represents the poslaynaptic
effect of one spike at one synapse. In order to accomplish this there are two requirements:
Firztly s single LE cell must be made o fire a single spike, This can be reliably accomplished
by stimulating the SN with intracellularly injected current [84]. The second requirement is to
glininate the comtributions of the polysynaptic pathways. This can be accomplished in two
ways. The most reliable approach s to physically reduce the circuit to a single LE cell and
a single MN, for example L7, which is usually accomplished in cell culture ;72]. The other
approach s to perform the experiment in an environment with high levels of Ca?t and Mg,
which has the effect of raising fiving thresholds for all neurops snd hence reducing the probahility
that the interneurons will fire [16, 29, 36]. Changes in the monosynaptic EPSP are the result
of plasticity in the SN-MN synapses [23]. The remamnder of this chapter will foems on the

meachanisms of plasticity in the monosynaptic component of the GEWR.
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7.1 Short-Term and Long-Term Memories

It hax bean guite eoncluzively shown thal short- and long-term memories are represented by
distinetly different mechanisms in the brain (48], Evidence for this has been provided in part
by clitiical studies of humans [63], and also by cellular studies of animals like Aplysra [52]. In all
cases 1t seems that repetition is the key for converting from short- to long-term memory. Short-
term memory involves reversible modifications to existing structures, such as C'a®+ buildup or
transmitter depletion [11]. Long-term memory, on the other hand, has been shown to require
gene expression and provein synthesia [50], meaning that TTH invelves structwral changes to
the neural circuit., Synapses are oot usually formed or lost, but rather are strengthened or
weakened by the growth or retraction of release sites within & synapse. The dependency of
LTM on protein synthesis has beett specfically shown for Aplypsia [83.

7.5  The Cellular Mechanism of Habituation of the Monosynap-

tic PSP

Cellular studies of habitnation in Aplysie are senerally incongistent in their approaci, but
soIne example protocols can be found in [19, 24, 32]. Initially an AP in one of the LE sensory
nenrons will produce a fairly large PSP 10 the postsynaptic motor nenrons. Bepeated firing
of the sensory neuron will result in a decreasing PSP, The time course of the PSP decrement
1g sirnilar o shape to that of the behwnonral decrement i whole-amimal experiments. This
response decrement is limited o the stimulated pathway, ruling out the possibility that the
decrement iz the result of deterioration due to isolation [19]. The observed habituation is
independent of sensory adaptation or motor fatigne and the sensitivity of the postsyoaptic
neuron is unaffected [24]. The primary mechanism i homosynaptic depresson - & reduction
i1 the quatitity of neurotransmitter released in response to an AP. The reduced release is due
to a depletion of releasable vesicles at the active zones of the synapse, which in turn [s due to
insufficient vesicle mobitization [11]. Resting the neuron allows it to replenish the releasable
vesiele pool from the storage pool, leading to recovery of the response.

Bepeating the stimmlation after rest leads 40 a greater decrement in EPSP amplitude and
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conversion to long-term habituation. As expscted (see T7.4), LTH requires protein and RNA®
synthesis. Long-term habituation leads to a significant reduction in the number and size of
active zones in the SN-MN synapse and in the number of transmitter vesicles associated with

thern [9].

7.6 The Cellular Mechanisms of Sensitization and Dishabitia-
tion of the Monosynaptic EPSP

T.65.1 Sensitization

There is little consistency among cellular stndies of sensitization in Aplysis, but some example
protocols can be fund in [15, 3%, 67). Strong stimmlation of the tall sthmulates serotonergic
interncurons? which contact the presynaptic terminal of SN-MN synapses. In tesponse, the
interpenrons telease serotonin (5HT) into the synapse. As scnsitization is not site specific,
the axons of the facilitatory nternsurons (FIN) contact all SN-MN synapses in this refies,
and probably others. The presepce of 5-HT in the affected synapses acts to increase levds of
cAMP?, which in turn stimulates the cAMP-dependent protein kinase® (PKA). The increased
PKA activity reduces two specific K currents {52] which has the effect of broadening the
AP generated by the sensory neuron [53]. This leads to increased Ca®t influx during the AP,
thereby increasing transmitter release. While the effects of %HT application do somewhat
outlast its presence (62, the abovemnentioned mechsnism still only accounts for short-term
sensitization. According to [53], five tail shocks or five applications of 5-HT are sufficient to
calse protein-synthesis-dependent long-term sensitization. Basically, the repeated applications
lead to an increase in PEA activity which reaches high enongh levels to activate the mitogen-

activated protein kinase® (MAPK). These two enzymes then translocate to the nuclens and

YRMA i 8 nicleic acd invalved in the transmission of genetie information from DA, 1t 8 synthesized during
the process of transeribing 5 gene into 4 protein or RNA soquenca,

*A serotonergic interneuren is an interneuron which, when stimulated, releases serotonin.

*Cyclic adenosine monophosphate (cAMP] is a common second messenger regulating biochemical reactions
dependent on hormones and neurotransmittors,

*cAMP-dependent protein kinase, or protein kinase A (PKA), refers to a class of enuymes whose degoee of
activity depends on the level of eAMP in the cell. Like octher protvin kinases, PKA modifies other proteins,
generally resulting io a functional change in that protein, Most cellular pathways are regulated by kinages.

“Mitogen-activated protoin kinawe (MAPK) is a protein kinase which affects cell reponse to growth factors,
a8 well a3 regulating sctivities ench as gene expression, differontiation and mitosis (the aormal procoss of cell
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activate a transcriptional’ cascade beginning with the transcription factor® CREB-1Y. Finally,
CREB-1 leads to the activation of some immediate responee genes and then to growth of new
CONnoctions.

Irrespective of the means of expression, animals that have received long-term sensitization
training have up to twice as many varicosities, all of which show an ncreasze in the nuinber,
size and vesicle component of active zones [10]. While these changes are induced and cxprossed
presyraptically, some change in Lhe posteynaptic neuron s regquired in order to acecormmodate
these new releasc sites, most likely an wpregulation of excitatory amino acid®® (EAA) receptora

[82).

7.6.2 Dishabituation

According to [46], broadening of the AP of a habituated synapse has little cffect on transmitter
release. This s because transmitier releass in such aynapses s limited by the available vesicle
population rathor than by AP duration. It is theroforc not surprising that dishabituation
of short-term habatvated synapses involves an additional process. This procoss 1= hkely to
involwe the mobilization of sesicles, which would have no cffect on a aynapse which was nol
habituated. Dishabitwation of long-term habituation involves the re-growih of lost connections

andl 1s thetefore the same as long-tern sensitization of non-habituated synapses.

7.7 The Cellular Mechanisims of Classical Clonditioning of the
Monosynaptic BRSSP
Some exanples of protocols for cellular dassical conditioning siudies can be found in [4, 3, 41].

As with habituation and sensitization there is little consistency. Classical conditioning train-

ing involves the prescntation of paired CS and US. Prescntation of the US (taill shock) ob-

divisionissue groweh],

"Transeription 1% the process wherahy a DNA sequence s convarted to a complementary RNA. Tt is the
heaginning of the procese which sventually leads to the tranclation of genetic code into actual peptides o proteins.

“A tpapecription factor 38 & protein which regulates transeription,

*CREB-1 stands for eAMP Responsive Element Bindimg protoin 1.

U e rilatory aming mckls (EAAs) sre u class of excibistory neurctranemitters. Many (but certrinly not all)
neuroteAnemitters are amino atids, EAA receptors Are the receptor proteins that hingd to these neurotransmitters,
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viously causes semsitization of all SN-MN synapses in the GSWR. However, those synapses
where the US is closely preceded by the CS undergo substantially greater facilitation [21]. The
asgociative component of classical eonditioning 12 4 combination af two mechanisins, wamnely
activity-dependent enhancement of presynaptic facilitation {ADPF) and postsynaptically in-
duced long-term potentiation {Hebbian LTP) f5, 38, 73].

ADPF results from an interaction between elevated Cla®t levels caused by the C8 and the
presence of 3-HT cansed by the US. When the CF s presented the sensory neuron fires, leadng
to Ca?t influx and hence to briefly elevated Ca®T levels. When the US is presented the FIN
releases 5-HT into the synapse, activating the PKA pathway as in sensitization. However if
the CS is presented about (.5 seconds hefore the TS, then the PKA activation is significantly
enhanved by the elevated Ca®t level, leading to enhanced facilitation |5, 41].

Hebbian LTF oceurs when presynaptic firing coincides with postsynaptic depolatizatinn, As
mentioned previously, presentation of the U3 elicits a strong withdrawal of the pill and siphon,
and therefore depolarization of gill and siphon motor neurons, This depalarization of the motor
neurons removes the Mg>t block of NMDA-tvpe glutamate-receptor-gated Ca®t channels in
the posteynaptic neuron, The removal of the Mg”™ blockade allows the channel tn respond
to the presynaptically released neurotransmitter {by opening}. This allows C'a®t to flood the

postsynaptic cell. The elevated pestsynaptic Ca*T concentration then induees LTP [5].
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Modelling
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Chapter 8

Introduction to the Model

The first part of tlis thesis aimed to familiariee the non-nenrcscientist with the hasics of nen-
ronal operation and with the funetioning of the specific neural cireuit wnder investigation, In
fact purt one can be viewed as an extended litevature review. In Part IT of this thesis the auchor
will attempl Lo extract, from the broad and tneonsistent experitnental data witlin the literature,
the nature of the synaplic plasticity at work in Aplysio’s GSWR and creale a mathematical

mitockel degcribing this bhehaviour,

8.1 Scope of the Modcl

Despite the relative simplicily of Aplisin’s withdrasral reflexes, the GSWR is suill wo complex
1o model I ity entirety o ovder to set acbwinable goals, the author has decided to Tt the

srope of the model in two tnajor wayws:

1. The model will focus exclusively on the moncsynaptic component of the reflex, in which

the key site of plasticity 18 the SN-WMN gynapeae,

2, The anthor will atlempt only to modal the short-term comnponent of the plasticity.

In the monosyoapuic GSWH circuit, the SN-MN syriapse 1s the loens of plasticity nnderlying
belwvioural medificacion, While the plasticity (and henee this symapse) is the focus of the
model, it will still be neceszary w moedel the sensory and melor nenrons wo some degroe so that

the hehaviour of the modelted svnapss can be evaluaced,
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8.2 System breakdown

llsynapsell

Figure 8-1: A skerch of the monosynaptic CSWE circull a3 constructed in dsolaied eell colture.
Shows LI sensory neuron (3N, LES motor neuron (MN ) and serotonergic iberneuron (G-HT),
I’her blue circle shaws the synapae which includes parts of all Lhree neirons,

The gystem in question eonsists of at Joast two neurens, namely one of the 24 LE? siphon
sensary nentens and ane of the LES” class siphon molor nourans, as well as the gynapat hetwesr)
therm, In addilion, there may be s third dcwron, namely a serotonersic interneuron froom the
phowral gansha, bud o soeme cxperimental preparations thos 2 omtted and the ancondirioned
stimuluy (173) takes the formn of exagenausly applied serotanin, Howoever, the question of de-
lineuting the synapes is somewhat ditticult as & synapse does nol exisy as a diserecs physical
entity. A sheteh af this avrangement can be lound in Flgure 81, Fortunately, [rom a funetiomal

poind ol view it 15 casy to sepatate this areuit inte four "eompartments", as shown in Fignre

"The LE cluster i a population of 34 aensery neurena innervating the siphon skin. Their sowaca are abl

Iocated 1o the abdovanal oaoglioo,
Thy LTS neurous are 4 groep of siphno motor nenrons that have heen shown to makes significant contribotings

to Lhe GEWR 6],
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5-HT Tail Shock or
FS Stimulation

Siphon Tap or | |
Injected Current Shgk

W
Spikes
mono-EPSP
(P9 connective)
LE synapse LFS

(SN) (MN)

Tap = Spikes _' Spikes => P5(C _r PS5 =>PSP
(SN axon) {MH dendrlte

(Plasticity)

Tigre 3-2: A block diagram showing the functional breakdown of the monosynaptis Gaiye
civenit with blocks representing each model "eompartment ",

The first compartment is the LE semsory nouren, ncluding the majonty of e axon. Iis
role is simply that of o transdueer and serves 40 converd, plysical stimuli into trains of action
potemlials.  These AT: are generated at its axon hillack and propagate alang the axon as
storontypod cvents Al the inlormalion o the spike train can be reprosonted by & sequence of
firing times.

The second compartment ks the LFS moetor neuron, mcluding the majority of its dendrite.
[ts role is to comerd inpuls in Lhe lorm of Postsyoapdic Carrents (TSCs) nlo outputs o the
formn of spike trains which m turn are converted, via the Neuromuscalar Tunelion (NBT). inta
Poysical musele cont raclaons,

The third compartment is the modulatery intermearon which Gres in response to strong fail

stimtlation, Ils role i 4o encode 1w strenpth and time of cocwrrence of the US, and presont
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this inlormation to the synapse, where it will trigger 5-HT release,

The foureth (and for this work the most important) eompartment is the synapsc itsclf. This
includes a portion of the presynaptic axon (from which sprouts the synaptic bouton) and the
partion of the postaynaptic dendrite containing all the ion chammels required to convert reloased
neurofransmitter to postsyoaptic current. Thus the input to the synapse is a set of firing times

and the output is the menosynapric EPSC.

8.3 DModel Frarnework

Rather than using a dedicated neural simulation package, the author has chosen to use MatLab
as the simulation platform. This choice was motivated in part by the author’s familiarity with
MatlLah, and in part by its suitability for the task at hand: MatLab 15 a completely gencral
package, allording the programiner full control and as sach not imposing a specific structure on
the model.



Chapter 9

Modelling the Sensory and Motor

Ncurons

In arvder to test the functioning of a model synapse, it is necessary to provide it with an input
and view its ontput. In addition, this should be realised in a way that conforms to the data
presented in the liferaturs. Sinee the model to be developed is of the monosynaptic cireuit, the
relevant experiments are performed on reduced preparations. Regardless of whether LE spikes
are clicited by touching the siphon skin or by intracellular current injection, the stimulus is
vontrolled =0 as to produce a desired patfern of output spikes, Tn the Lterature whers raduced
preparations arc used [31, 41, 65!, the response is usually quantified in terms of the area under
the monosynaptic EPSP, rather than in termns of physical withdrawal or MN spikes. Thus

complete models are not reguived for the sensory and motor neurons.

9.1 LE Sensory Neuron

Detailed modelling of the workings of the LE neuron is not required for this project. Rather, it
should be possible to create an LE apike train to mateh one vsed in & documented experiment.
There is no need to model the membrane of the LE neuron, so instead a simple MatLab program

was developed by the anthor which allows the user to specify any nomber of pretests!, tralning

LA pretest js & stngle presentation of the CF, followed by a long delay, which ia used to gquantify the bhassline
TRELHOIEE,



trials® and post tests®, This corresponds to the choice of training protocel. The only miner
complication to an otherwise frivial medel i= that the LE neuron must encode the stimulus
strength as well as its time of oceurrence. Since APs are stereotyped. the stimulus strength is
encaded by the number of spikes in a brief tetanus! which the LE neuron fires in response to
cach stimulus. A graph of the relationship belween the strengih of & siphon tap and nomber
of spikes elicited is presenited in [35] and 1= reproduced in Figure 9-14. A good fit te the imtial

stecp portion of this graph is obtained by the function®:

¥ = round(0.1661z? — 0.3308z -+ 2,2753) {9.1)

where 7 is stimulus strenglh in g/mm? and % is limited to s maximum value of 13. The
polynemial was found using regression. An example trace of membrane potential from a real
LE neuron, also fram [35], is included in Figure 3-1B. One can see that the firing rate is initially
higher and declines over fime, but this would be guite difficult to model. Instead the author's
model uses an average firing rate of 50Hz.

Those experiments which use electrical rather than tactile stimulation generalty elicit a
tetanus of 5 to 40 spikes duration at a frequency between 20 and 50Hz, Such stimuli have

conatant {frequency, so this model more elosely resembles these cases.

9.2 LIPS NMotor denron

In Lhe lileralure, Lhe vasl majority of experitnents invelving the moncsynaptic compement of the
GSWR use the amplitude of, or area under, the monosynaptic EPSP as the meéasured output,
However, in many cases the EPSP could exceed Lhe firing (hreshold and should therefore elicii
a spike. This tiiust be prevented becanse a pestsynaptic AP would mask a portion of the EPSP.
Fortunaiely the motor neuron can easily be prevented from firing by sufficiently hyperpolarizing
it by means of injected current. This allows the EPSP to be recorded, as shewn in Figure 3-1C

*Different training protocols are used to elicit different types of plasticity.

"A poet test is a eingle prasentation of the 8, usually after a long delay, used to quantify the status of Lhe
synapae after some pericd of recovery.

14 tetanus I8 o Lrief bout of high Fequency firing, wsually in response to a singls stimulos,

i Bound is a psuedo-fanction which rounds off its arpument to the nearest integor,
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| Parameter | Value
£ 1.2uF

R 656002

s 45, 1m 1"

Table 9.1: Paramaters for a model LFS maotor neuron [49|

{also taken from {35]). Needless to say, the hyperpolarized level must be used as a baseline for
calculating the amplitude or area of the EPSP.

In order to replicate these experiments, the model motor neuron must also be prevented from
spiking while converting the PSC to a PSP. As discussed in section 2.6, the Leaky Integrate-
and-Fire (LIF)] model is a good balance between realism and simplicity, As such, the motor
neurcn was modelled as a leaky integrator with the firing mechapism removed or, rather, not
included. The only significant variables for an LIF pewon that will be prevented from firing
are the membrane capacitance (C,), the membrane resistance {R,,} and the resting potential
{Loast). In order to make quantitative comparisons betwesn model behaviour and experimental
data, these three variables would need to have realistic values, Empirically obtained values for

these variables were found in [49], and are reproduced in Table 9.1,

4.4 The US Pathway

In addition to modelling the SN, MN and synapse, it 15 also neressary to allow for the input of
the US. T reduced preparations this is performed in one of two ways. The first possibility is
to leave one or both of the pedal nerves (P9) connected to the abdominal ganglion, and either
alectrically stimulate the P9 nerves themselves [65] or leave the tail attached and stimulate it
{4}, In this case, the peak H— HT concentration varies linearly with stimulus intensity, as shown
i1 Figure 92 (adapted from [62]).

The second possibility, which 18 most commonly nsed in isolated cell culture, is to use
exogenous application of a § — HT solution, typically with a concentration” of around 50pM
[13i. The reader may have poticed that the coneentration of applied § — AT is abont 1000

times greater than in response to tail stimmiation. The reason for this difference is that the

% poneentration in Micre Mol



applied 5— HT has to pass through diffusion barriers and contend with active 5 — HT Lransparl
mechanisms, so only a small percentage of the applied 5§ — AT will penetiate the synapse and
bind to serotcnin receplors.

For the purposes of this model, the author has chosen lo implement the former case. As-
certaining the nature of the 5 — H7T release in response to P9 stimulation will ba parl of a later
chapler, so for now cnly the refative strength and lime of oecurrence of PO activity comprise

the US.
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Chapter 10

Modelling the Synapse

The original aim of this thesis was to model the synaptic plasticity underlying cortain be-
haviowral modifiestions in Aplysia’s GSWR. Preliminary investipation, repotted in Chapter
7, has shown that the single largest contribution to this plasticity originates from the primary
sensorimotor synapses in the circuit, The anthor's decision to moedel only the protein-synthesis-
mdependent, short-term plasticity provides a fucther simplification of the origina] aim. While
the basic mechanizms reported in the literature have already becn presented, a decper investi-
gation into the details of these mechanisms and their interactions will be necessary in order 1o
madel the synapse with a reasonable degree of accuracy, Before modelling the dynamics of each
separate form of plasticity, it will be necessary to determine how they assert fheir influence on

the PSP,

10.1 PSP and Plasticity

As discussed proviously, the effects of synaptic plasticity are best observed as changes in the
area under the EPSP. In the literature (6, 33, 84|, EPSPs are generally referred to as being
either complex or monosynaptic. While the shape of a complex EPSP is quite unpredictable,
due to the many contributions from variouws synapscs, the shape of a monosmaptic EPSP is
quite consistent {see Figure 1{-1, taken from [4]}. The shape of the EPSP depends on two
fuctors, namely the membtane time constant and the PSC. Before beginning to look at the

plasticity, it is necessary to model the time course of the PSC in responsc to an AP
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Figure 10-1: Examples of complex and monosynaptic EPSPs clicited in an LFS molor neuron
in response to the LE activity shown {reproduced from [4]).

A good approxitnation of the shape of a real monosynaptic EPSP {such as that in Figure
10-1} ean be achieved if the PSC is o decaving cxponential like the one shown n Figure 10-2.
The FSC ix described by its initial value al the time of spike ocovrrence (called FPSCh) and its
time constant of decay (Trege). For this slightly idealized case, the EPSE atea vaties lneatrly
with the pesk smplitnde. The amplitude, and henes aves, i= the producl of the Lime-lo-peak
{TTF} and rale-ofrise (ROR) of Lhe EPSP, as illustrated in Figure 10-3. These two in turn
are dependent on Teeo and PSCy respectively,

Foi the sake of realism it is desirable 1o know how the PSC varies with plasticity, According
to [45], these two properties (TTP and ROR) are affected differently by different types of
plasticity. Specifically [45] shows that for depression to 70%, the relative contributions are 16%
TTP and 84% ROR, while for facilitation to 175% the contribulions are 63% TTP and 37%
ROR. For the salie of smplicity the author will negloct the smaller of the above contributions.
Thus in this model habituation will alfect ROR via PO and sensilizalion will affect TTE via

Teac.
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Figure 10-2; PSC (top) produced by the synapse model and resuliing PSP (bottom) from the
LFS model,

10.2 Syunaptic Stochasticity

It was mentipned in Section 3.1 that the release of neurotransmitter during an AP is probabilistic
in nature, The probability of an individual docked vesicle undergning exocytosis on arrival of
a spike is approximately 0.05 [77]. However, this unreliability can be compensated for by
inereasing the number of releasable vesicles, The SN/MN synapees in this circuit contain over
2000 vesicles in total [9], of which about 30% are releasable [11], This means that on average over
30 vesicles should undergo exocytosis in response to each 3N spike. Random fuctuations in the
mumber of released transmitter quanta will contribute to the varahility in EPSP amplitude,
bnt this madel will neglect these fluctuations in the interests of simplicity. The release of
transmitter will therefore be modelled as being deterministic and release probability will not
feature in the model. If it becomes necessary to include the effects of stochastisity at a later

af



Monosynaptic EPSP

| PSP amplitude

Figure 10-3: Effects of rateof-rise (ROR) and time-to-peak (TTP) vu lhe smplitude of a
monsgynaptic EPSP.

atage it would be fairly trivial to do so. A possible method would be to include a white noise

cotmponent, with apptopriate vatiance, in the PSC,

1.3 Dasic Siructure of Modcl Synapsc

Having cxamined the shape of the EPSP and detennined a smitable structure for the PSC, the
next step of tue model is to creste a "blank” gynapse, into which the mechanisms of plasticity
can be inseried. Flasticity aside, the role of this synapse model is fo convert a presynaptic

firing time infto a postaynaptic curtent. The procedure {or accomplishing this is as follows:

I {t = tyine) then PSC = PSC + PSCy {10.1)

The meaning of the pgeudocode above {s that whenever a presynaptic action potential necurs
(f = topike) the PSC i stepped up by an amount PSCh. The current then dies away according

tex
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d P50
et

= {—FP5C)/Tpsc (10.2)

Where Tpger = 3ms, comreaponding o the TTP for a baseline EPSI [15], A valuc of
PECh = sl was estimated by the asthor, as this walue prodoced an EPSP of plausable
arnplitude in the motor newron. A companson between an EPEP generated by the model and a

real EPSP is shown in Pignre W4, T 35 the shape and order of magailude which are significant,
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Figure 10-4: A graph showing the similarity o shape of a real LFS EPSP (adapted from [5])
{black} and a simulated LFS EPSP from the model (blue).

In order to allow for the later inclusion of plasticity, variables called Hab and Sens are
introdhzoed.  These variables are vaed 1o scale PSCy and Tese respectively, and both have
initial values of unity. However, Hab ja limited to the range | — 1 while Sens z 1. So, for
example, Hab = 0.7 and Sens — 1 corresponds to habituation to 70% of control, while Hal — 1
and Sens = 1.5 corresponds o sensitization to 1500 of control. Tt may becomme necessary to
inchude another vanable to accound for some part of classical conditioning, bat that will be
decided later.

How these vanables change In response to gynaptic activity 1z the aubject of Lhe remainder

of this chapter and 5 the essenee of this model,
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Figure 10-3 Typical habituation data (adapted from [20]} (black) and the negative exponcntial
that approximates it (ted). The equation for the red curee sy = 900e™ 04} + 10, where =
is trial muonber and ¥ is response amplitude [pereent of eontrol).

10.4 Habituation

Habituation of the GSWR in dplysic was originally described in [69], and has been attributed
to homosynaptie depression in the form of reduecd transmitter release [24]. This im turn is
thought to be due to depletion of the releasable vesicle pool [11]. This standard depletion madel
it qpuite widely aceepted and accounts for the exponcntial-like decay of cficiency with repeated
stinmlation [TU]. A typical habittation tine course {adapred from 20¢) and the exponential
that approximates it are shown in Figure 10-5. Notc that the exponential is a function of the
mumber of presentations, rather than of time. The spontansons tecovery from babituation with
rest follows a similar exponential-like time course, an examnple of which (taken Dhom [69)) is

shown in Figure 10-6. 5o, as o fivst approsimation. habituation could be modellal ws follows:

d T ab
elt

= [(Hahp — Hab} — Dol Trroi (10.3)
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Figurc 1i-6: Spontaneous recovers from habituation (reproduced from |69, Animals were
habituated and then allowed to recover [or dillerent periods belore being presented with a
single seinmdus to tese for recovery, Bach point is an average of three separate rosts, except the
last which is based on twe.

Where Hab is a variable in the range 0 < Hab < 1, Habp = 1 and fg, 15 a pulse train,
corresponding to presyuaptic spikes, which provides the drive to habituate the synapse. The
tesponse ol this model to a craining session consisting of 10 rials with ISI = 10s, and apptopeiats
wvales for Tepop and Tgrp. is shown in Flgure 10-TA, While at first glanee this muay appear to be
a [airly good approdimation, the problem arises when one attempts to frain the same synapse
with a different TST.

In Aplysia, habituation occurs with simnilar dynamics across 8 wide raope of 158Is - from 1
to 100 seconds |16] and more. Unfortunately, when the model deseribed by 1003 s stimulated
with an ISI ol 100s (a tenfold increase) the increased reeovery time between cach trial allows for
[ull recovery aned henee no buildup of habituation, as secn in Figure 10-TB, A harcher probilem
arises when an ISL ol 1s 15 used. With so little time to recover between cach spike, the variable
Heh s driven below zern, This is not aceeptable as real svnapses can never changre sign theough

learping (see Section 3.1},
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In order to solve the Jatter problem, some mechanism is required that will prevent Hab
from going below zero. One possibility would be to multiply the aquation for % by Hab so
that % == {} as Habh == (1. The problem with this approach is that as more time is spent.
driving Hah towards zero {even once it is indistinguishable from zero), more time is required
for recovery, A more promising approach is to use an entirely differcnt method, and create the
exponential-like decay by multiplying Hab by some mumber less than one for each presynaptic

spike.

If{t = toire) then (Hab= Hab- AH) (10.4)

where: AHeR 0 < AH <1

The meaning of the pseudocode in 10.4 is that for each presynaptic action potential {t =
Lapike }, the variable Hab is multiplied by some real number [AH} which is in the range zero to
one. In the absence of any recovery functiom, this will produce a negative exponential which
approaches a limit of zoro with a steepness determined by AH. Recovery can take the same
form as in the prior model, namely:

dHab

—5— = (Habo — Hab){Tia (10.5)

Where Tl 15 the time constant of recovery and Hafy = 1. Now Hab will tend to soms
valoe, Habyy,, = 0, dependeat on the two free variables AH and T This will ocour when
the decrement with sach apike is exactly balanced by the recovery between them. For constant
AH, Thae and 181, and assuming that % remains constant during recovery, the steady state

value of Hab is given by

151
(Ta - 01 — AH) + 181)

Hﬂ-ﬁﬂmd.y = {lﬂﬁ]l

In order to proceed with the model, it is necessary to determine the nature of AH and Tyrap.
While it would be convenient to assume that they are constants, this is unfortunately not the

case. In fact, [16] shows that thore are some uncxpected effects of IS1 on the time course of
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habitualion. The following subsection is based on that research,

10.4.1 Effects of ISI

In (16], Byrne investigates the effect of traimng ISI on certain aspects of habituation and finds
that "These data are inconsistent with a classical depletion model for synaptic depression and
indicate that either a single complex function of time and 151 or multiple functions uwondetlie
syiiaptic depression and its recovery at the sensory neuron sytapse.” His findings show that
thres properties, namely Lhe maximal depression atlained, the median depression of Lhe second
of two EPSPs and the rate of tecovery, are non-linearly dependent on IS1. The relationships
between these quantities and IST are well surnmarized in three graphs in Bymne's paper, which

are reproduced here, along with extracis from their original text, in Figure 10-8.
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Figure 10-8: Effects of ISI on habituation, adapled from [16]. The following are exiracts from
the original captions. A ) "EPSP depression versus stimulus number, Group data from 62 eells
in 37 dilferent experiments. At least 12 cells were examined at sach 18I with the amplitude
of the first EPSP seored as 100%." B ) "Relationship between spike interval and second of
twe EPSPs. Depression is defined as 1 — phgrt where EPSP, is the size of the first EPSP
and EFPSP, the size of the second EPSP." C ] "Relative recovery 100s after 10th EPSPE, One
bundred seconds after a train of 10 EPSPs at I8Is of either 1, 3, 10, o1 30=, an 11th EPSP was
elivited, Percent recovery is defined as 100 x %ﬁ%ﬁl‘f.“

Examining this data, some gualitalive conelusions aboul the effect of ISI can be drawn:

1. The maximum depression attainable with a given ISI is non-linearly dependeni on said

181, with a flat region in the vicinity of 3 to s ISL

G



2. The mean depression of the second of two EPSPs shares a similar non-linear dependence

on 51, also with a flat region between 3 and 30s 151

3. The relutive recovery after 1002 i3 inversely related o ISI. Howewer, since recovery after
100s is inversely proportional to the time constant of recovery, this time constant is

directly, but still non-linearly, related to 151

Ideally this model would reproduce these relationships exactly, but unfortunately that is
unlikely to be possible for several reasons. Alinor complications arise from needing to {ind
Functions whick {it the data in Figure 10-8 and from the fact that these graphs include so few
data points. The real problem however is in determining the relationship between the quantities
in the data (maximum depression, depression of the second of two EPSPs and recovery after
100 seconds) and the variables AH and Trp.p. While recovery after 100 seconds depends only on
Titap, the other two quantities are dependent on both AH and Tgap After some preliminary
work attempting fo find functions for AH and Ty that fit the data, it s the author's opinion
that such functions, if found, would be mnpractically complicated. For this reason and in the

interests of model simplicity, the followine simplifications will be made:

1. The maximum attainable depression will be identical for all 151z, A value of Haby,, =~ 0.5
will be used, as this is approximately the value for 18I = 3 to 30 seconds [16].

2, The rate of depression (as a function of stimulus number, not time] will be identical for

all [SIs

3. Rate of recovery is inversely proportinnal to IS1 Ne attempt will be made to reproduce

the nonlinear relationship in the data.

These are cleasly significant simplifications which make the model less aceurate and realistie,
but the author feels they are warranted. Considering that a 100 fold increase in 151 [from 1
ta 100 seconds) leads to a mere 30% change in Hab ., the frst two snoplifications seem
reasonable. The meovery data presented by Byrne is problematic, as it shows recovery after
100 seconds. The problem is that 100 seconds is a habituating 151, so the stimulus used to

measure the recovery will also cuuse habutuation. Further, Byrne has not presented recovery
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data for a 1kascond training ISI. These problems with the data mean that acourate and
realistic modelling of the dependence of recovery on 151 is not possible, so instead the model
will only reproduce the key qualitative aspect, which is that recovery is slower for longer training
I5Is. This zerves as justification for the third simplification,

In light of these simplifications, the requirements can be met if AH = o and Tyay = J T57,
where rx and 7 are constamts. In addition to influencing Haby,,., AT also affects the "sharpness"
of the exponential so a value of o = (1,55 was chosen (by trial and error) such that Hab has
almost reached steady state within 10 stiruli, Next, a value of § = 5.25 was found (alzo by

trial and ervor] to produce the cotrect faby.,. 30, the next two equations for the modal are:

AH = 085 (10.7)

Ties = (5.25-18Is! (10.8)

10.4.2 Implementation Details

In order to implement the model deseribed by equations 104 to 10,7 in MatLab, a few issues
mtist still be cleared up. The first is how to determine what a suitable training trial s and when
to apply the changes from said taial. The answer to this comes from the observation that the
responge to the first of a series of training stimuli is not decremented at all. This is obvicusly
becattse the experimenter uzes a long delay betwreen pretests and the onset of training. The
implication of this Is that it is actually the gap between spikes, rather than the spikes themselves,
that constitutes a training tysal. So, whenever a spike occurs, Haob = Hab - AH and this new
value of Hab is used to calculate the amplitude of the EPSP in response to that spike. However,
if the interval since the last spike s sufficiently long (as for the first traming spike} then no
decrement shonld ocour. It is therefore necessary to actively imnpose a "maximnm dectementing
ISI" (FSFmax). There is also the izsue of "minimum decrementing I8I". It has already been
mentioned that LE neurons fire a brief tetanus in respotse to tactile stimulation and we would
certainly not wanl the synapse to habituate to each individual spile in the tetanus, For this
reason it ¥ also necessary to impose a "minimum decrementing ISI" (£S5 ), below which no

halituation is performed. The 1s IS] used in [16] 1= the shortest the author has observed in the
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literature, so this seems to he & reasonable value for TST .

Another issue is what TSI to e in determining . Basing yecovery on only the most
recent, IST is not appropriate, as that would allow, for example, a single short I51 to override the
elfects of a whols trainiug session with long ISL Thus it b necessary to determine the averape
traiming 151, which will be valled 57 qq. Only decrementing ISIs should be included in this

gvetape, Now cquation 14,4 can be updated as follows:

if (= topine) ond (TS g0 < TST € T8T 0 then| (10.9)

Hub — Hab AH
A-1

1
ISITrLr.u.r.'. = ISITrLr-.rJ:ﬂ B {T:I =+ 151 - {E]I }
Where FS7T is the tiowe since he lasn spike, T8Tpn = 18 and F9Fu.. = 120s are the
minimnm and maxmum decrainenting ISls respectively aud A — 1015 & user-definable constant
determining the relative weight of Lhe most recent IS0 The chodee of T8 T, was rather arbivrary,

but secms rensonable considering the IBls observed in the lterature.

10.4.3 Onutput of the Habituation Medel

The equations presented above are the author's description of the habitnation exhibited by
Lhe primary SK-MN synapses in the dplysa GEWH. An ewluation of this and other formos of
plastivity can be found in Chapter L, but the preliminary results are promising, The response

uf the model to input Lrains conalziing of 16 spikes with varicus ISIs is shown in Figure 10-0,

10.5 Sensitization and Dishabituation

The mechanism of short-termn behavionral sensitization of the GEWE in Aplysin wag first de-
gcrileed in [22] and was showno to be the result of presynaptic facilitativn which in tarn 1= the
regult of serotonin activated evchic AMP! (cAMP) [15]. A few years later it was fonnd that

cAVP exerts its influcnce by reducing a specifie K+ conductance, leading to increased Ca”™ in-

"Cvelie adenesine monophosphate, of cAME 19 2 common second messenger for communication within a <l
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flux during the AP [53], which in tumn ieads to spike broadening. This change in the duration of
the AP allows for more transmitter to be released. Initially it was thought that dishabituation,
being facilitation of a depressed syoapse, shared the same mechanizm aml was meraly a special
ease of sensitization. This was disproved by [46] which showed that when transmitter-release
levels are depressed, prolongation of the AP does not lead to a significant change in transtoitter
releage. Further proof for a second, splke-broadening independent process was provided by [71],
which showed that sensitization and dishsbituation emerge at different times during the deval-
opment of Aplysie. Both of these processes however are triggered by the presence of serotonin
in the synapse [39). Before the mechanisms of sensitization and dishabituation can be modelled,

it will he necessary to model the 5-HT dynamics.

10.5.1 Serotonin in the Synapse

The uature of serotonin relesse in response to tail nerve stimulation wes first investigated in
[62], in which the US tock the form of a 2-second train of pulses delivered to P9 (the pedal tail
nerve). Stimulug intensity waa controlled by varying the frequency of this spike train over the
range 0 to 40Hz, [t was found that 40Hz stimulation resnlted in a peak 5-HT conecentration of
approximately 160nM and that this peak wes reached within 4-6 secends, The anthors of (62
also found that it takes approximately 40 seconds for the concentration to return to baseline.
The buildup of serotonin in the synapse is likely to be the result of a 3HT "current" Howing
into the synapse (frpy). In the absence of miormation about the natyre of this curment, the
author will moedel it as a square current pulse, whose duration correspends to the time-to-peak
of the 5-HT concentration (see Figure 10-103. The net outward 5-HT current is likely to be
proportional to the concentration, o the return to baseline will probably have the shape of a
negatjve exponential. The serotonin concentration in the synapse can therefore be approximated

by the following eguations:

if ([t = tysomset) then (10.14)

t+ T ¥
IEHT(mj]t-i- T = J5uvmax * Patim straﬂgth}
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d5HT iHT

Tdt Tt = Teur

(1011}

Where t pg stimaiue onzer = time of US onset, gyl = duration of serotonin current pulse (5s
in this case), f3rm mux = serotonin current required to reach maxamum coneentration of 160034
{(£AnM.&~! in this case), PYyim srengn = relative strength of US on the range 0 = 1 and
Tigr I8 8 time constant governing the rate of decay of the scrotonin concentration (fspr = 8s
in this case). The time course of 5-HT concentration as determined by this medel {for maximal

118 strength) is shown in Figure 10-10.

10.5.2 Dishabituation

The spike-broadening independent process of dishabituation is believed to involve vesicle mo-
hilization [46], Considering that short-term hahituation results from a depletion of readily
teleasable vesicles [11], it makes sense for dishabituation to be applied to the same variable as
habituation, namely Hab, While little is kncwn about the exact time course of recovery with
dishabituation, it 18 known that the mejority of recovery has occurred within H} seconds of Us
presentation, but can continue for up to 10 minutes [61]. Unfortunately, as mentioned in the
previons snbsection, the 5-HT concentration returns to baseline within about 40 seconds, This
means that serotonin can not act directly on the depleted vesicle pool, not on the variable Hab
in this model, as its effect significantly outlasts ita presence. This prolongation of activity is
undouhtedly due to cAMP or some cAMP-activated process but. for the purposes of this tiinde],
it 15 only the resulting delay that matters, Also, the exact mechanism of this process is not
currently knowt., To include this process in the model an intetmnediary variable called DHafab,
whose time course parallels that of dishabituation, will be included. This variable will depend

ot 9-HT concentration as follows:

dishab

ot = [‘5H’T L Di'ghﬂb],frTIntermﬁd{ate [1']'12}

Where 3HT is the varable representing sevotonin coneentration and Trpperpediae 18 8 time
constant (T, ermediote = 75 chosen by trial and error so that the majority of the ares imder

D shab comes within 30 seconds of 5-HT onset, as illustrated in Figure 10-10. The next step is
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to molify Lhe previously prosented equation: for the recovery of Hab (cguation 1.5} to inelude
the dishabituating effect of serctonin, This is scecnplished as follows:
i ffnh Ihshal

= {Habs— FFabyiTipas +
eft o ab) Tatal Trpianan

(10.13)

Where Dishab is the previously diseussed intermediary variable and Thae 18 8 tine con-
stant [ Toians = UBus) chosen so that Mfeb toeovers within a realistic Lime frame. Becovery
from Babituation with and withoul o Jdishabituating stimulas is shoem e Figore 10-11. For

Dighat = 0 this equation obrvionsly reduces Lo s previous [orm,

10.5.3 Sensitization

As alroady discuszsed, sensitizalion cxerts its influence prinarily through spile broadeninge [53].
In keeping with this, and the findiugs of 45, iU wes stated sl the beginning of this chaptor
that sensliivacion would be applied to the fime-to-peak of the EPSP via the variable Toge.
While the mechanism underlying sensitizalion is guite well upderstood and bus been discussed
previously, il will be mecessary o ascortain the time conrse of sensilization onset In order to
maodel] it

It turns oul thal 1ke onset of sensitization is gquite different for monosynaplic versus complex
EPSPs.  Fxperiments wvolving complex EPSIs or intact Aplysio, such as 81], show that
sensitizaiion coly begins o sof in beteson 10 aud 200 minntes afler US preseatation. Inthis
same work it i found that o stronger Lail shock leads ta lower sensitization or, for sufficlently
sirong stimulatian, ta inhibition. A good review of this data is presented in [33], which gocs
on to compare behavioural sensitization to that of the complex and moecosyaaptle EPSE, TL
was provioasly mentionesd that the comples EPSI closely parallels the observed withdrasal.
It is Lherelore nol surprising that the modifieations to complex EPSE and to the behaviour
display the same time course of onset and dependency om stinoahas strengsh,  Forlunately
(for the sake of model simplicily] the monceyaaptic EPSE bobaves inoa mewe straightforward
maaner. Specificallv, the mouosyuaptic RPSF s significantly faeilitated within 30 seconds of
5IIT wpplication (the cellular apalog of tail shock) awd also shows stronger Dacllitation [or
stromger tail shocks, Thus it can be concluded that both the delayed onset ad inverse effect of

stronger stimuli are Lhe result of competing imhibitory processes which ate not presest in the
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mopesynaptic componsnt of the Teflex,

Liltle is known about the exact time sourse of sspsitization oosel. probably due Lo a lack of
"high resolntion' experimental dats, Instead, experiments in the literature |33, 84| generally use
onby a few post-tests which are too far separated i1 tne to provide delailed informatien about
sensitization onset. While there are undoubredly good reasons for this from an cxperimental
point of view (probably to de with net habituating the synapse). it does lmil the preclsion
with which sensitization can be modelled, In partcular, the dithculty is in determining the
Lime taken for sensitization to reach its twaxinnm value, Other fackors which must be ineluded
in the model are the rate of tecovery and the masimum sensitization wttsinable from a single
US prosontation.

Serotonin leads ro apike broadening through cAMDP-dependent Protcin Kinase [53], so sen-
siliwalion is unlikely to be irmmediate. Insteawd, (s peak occurs somewhere in the vicinity of
30 to 9 seconds posk stimulus, For the sake of simplicity, the suthor has chosen fo nge the
5-HT concentration to directly drive the sensilizallon, rather than utilizing an intermediate
vatialle az in the case of dishabdtuarion. While £his is not entirsly scourate from a biological
standpoint, 1t produces peak sensitization approximately 35 scoomds after stimulus prosenta-
tion, coTresponding to the time taken for the 5-HT copecolraltion to return to near bascline
Asswming that the recovery from sensitization s roughly exponential o shape, we have the

fullowing sgnation for the variable Sens:

e
df

— [4HT - Rgena + [Senay — Fenid)] /T 5o (L L4}

Where 3H T 15 the sorotonin concentration, Senap — 118 the reauny value of Sens, g, 1=
4 comstant governing the degree of sensitization produced by s given gqnantity of serotonin and
Tgome 15 a titne constant of recovery, The next slep in crealing the madel is 6o find values of
Iigens and T which provide a good fit to the cxperimental data,

In [62 il i= stated that "exopenous application of 10-50p8 5-HT produce maxirnal effects
on tail SN plasticity nwder onr eurrent sxperimental conditions,". In [33], exogenous applicalion
of S0udd 5-HT leads to facilitation €0 275% of baschine at the 30 second post-test, which is the
el facilitadion reported in that work, Therefore it scoms reasonable to assume that this

i the masimum facilidation attainable by a single, brief BIT1 application. So, for the purposes
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of this model, the author will select valung of Rg.,. and Tse. which produce a good [ Lo the
data of 33, for mwaxinnen strength TS, Using a irial and error procedure, the follwwing values
were found: Reee = 042 % 10% and Te.,, — 330a. A graph of the sensitization prodneed by
this model n response 1o a maximum strength US is shown in Figure 10-12{top}.

As montioned carlier, the process of spike broadening underlving senaitisation of this reflex
has little effect on lransmilier release when the synapsc s alroady depressed [46) Thus it is
neeossary to modify the sensitization model to rellect this. In the real synapae this inetfectiveness
i due to a lack of releasable vesicles, bat the madel developed this far does oot sxplicitly
roproscnt the fransmitter pool. Insiead, this reduced sensilivity Lo spike broadening while

depressed will be accounted for by modifying the model as follows:

dS5ena

= = |Hub™ - [(RHT- Bstmad + [Sensg — Sf.'ns]]ngm_.‘ (10.15)

Where Hab® i3 the variahle representing habituation, vaised to the ='th power. The choice
of n detormines the "stespness" of the cutoff, and a value of v = 10 was chosen by the author,
Thix choice was estimaiod, as the aathor was unable to find any specific data o the Lterature
deseribing the relationship belweon the degree of depression and the effectiveness of sensitiza-
tion. The effect of a sensitizing stimulus {or depressed and for resied modal synapses s shown

in Figure 112,

10.6 Classical Conditioning

Classical comditioniog of this refles was firsl reported in (21, and was attributed to activity-
dependent arnplification of presynaptic factlitation (ADPFE} in 41 . Later cxperimental work
rovealod the volvement of 8 second proeess, namely Hebhian long-term potontiation (H-LTP}
[3, 38, 64]. Both of these mechanisms have been introduced in Chapter 7.7, Trom a funetional
point of view, both of these processes are fairy stealghtlaward, There are howoyer two signil-
icant complications, The first of these lies in deteroming how the tweo oechanisins interact,
while the second lics i scparating the long- and shovi-termo formos of classical conditioning.
Unfortunately, while altempling to answer the first of these guestions, papers which seemed

to comtradict each other were discovered in the lterature. This e the subject of the following
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subsection,

10.6.1 Unravelling the Mechanism of Classical Conditioning
The Contradiction

In a recent work {5] it is reported that "conditioning of the siphon-withdrawal reflex is blocked
by bath application of cither the PKA® inhibitor KT5720 ar the NMDA receptor® antagonist
APV". The significance of this is that PEKA is required for ADPF, while NMDA receptars play
a critical role in H-LTP. Thus the finding that either of these substances block CC altagether
tmplies that the two mechanisms cannct function independently.

In contradiction to this, [38] reports that H-LTP was clicited in a reduced preparation which
involved no possible source of 5HT. Further contradiction comes from (31}, which uscs an iso-
lated cell eulture and produces ADPT despite the fact that the postsynaptic matar newron is
hyperpotarised below -80mV for the purpeses of recording. This is significant because post-
aymaptic depolarization is one of the requircments for H-LTP, so hyperpolarization blocks this

mechanism.

Two Forms of Classieal Conditioning

A possible explanation for these inconsistencies was provided by [74]. In this work the authors
tepott two forms of activity-dependent enhancement, both of which last over 24 hours, The frst
of these, henceforth Form-1, is induced by a single paiting of 5-HT with a brief tetanus (20Hz,
2 seconds) and is similar in magnitude and duration to that produced by four applications of
5-HT alome, showing little decrement over 24 hours, The other, Form-2, is induced by mmltiple
pairings of 5-HT and tetamus. The single most important difference between the two forms Is
that the associative eomponent of Form-2 iz blocked by postsynaptic hypetpolarization (which
is known to block H-LTP), while Form-1 iz not. Further information about the mechanisms
of classical conditioning can be mferred from the experimental data presented. This data has

heen extracted from the graphs in [74] and is summarised in table 10.1.

*Protein Kinase A {PK A} is ectivated by cAMP and is involved in presynaptic facilitation,
“WAIDIA receptors are & specific type of glutamete receptor which have the rule of detecting eoincident pre-
and postsynaptic activiey, Thue they are vital to the process of H-LTFR.
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Training Stitnulus | 30 min Test 24 hr Test | 24 hr Test (1.7 hypl
1x Tetanus 100% {assumed) | 100% 100% (assumed)

1= 5HT Unknown 106% 1005

1x Pairing 150% {assumed) | 160% 150%

4% Tetanus 100%, 1065% 105% (assumed)

4 » 5=-HT 150% 150% 1504%

4 Pairing 150% 185% 15059

Table 10.1: EHects of repatition and of LT hyperpolarization on the onset of {acilitation

The firat thing to observe from this data is that, as mentioned, only Form-2 conditioming i=
blocked by L7 hyperpolarization. The next point is that at 30 minutes post training, the faeili-
tation produced by 4 % 5-HT and by 4 Pairing are identical, and that the further associative
enhancement only kicks in over the next 24 hours. In addition, hyperpolarization of L7 dunng
training reduces the 24 hour post-test for 4= Pairing to the same level as for 4 = 5-HT. This
strongly suggests that the further 35% enhancement is attnbutable to H-LTP.

It seems reasonable Lo assume that the enhancetment produced by 1x Pairing is presvhaptic
{as it is not affected by LT hyperpolarization) and therefore that full facilitation is present at
30 minutes post training, as for 4 = 5-HT, Tt also seetns reasonable to assutne that 1= Pairing
is unlikely to produce more facilitation than 4+ Pairing at the 3minute post-test, Thiis in
the absence of daia, a value of 150% For the 1> Paitdng J0-minute post-test will be assumed,

An Hypothesis

In light of this assumption, and the abovementioned observations, the following seems a reasomn-
able explanation: The facilitation observed at the Ml-minute post-test is produced by presynap-
tic mechanisms invalving cAMDP, This presynaptic facilitation has a8 maximam of 150% for the
5HT concentration nsed, which can he achieved by four applications of serctonin. However,
while pairing these applications with tetama does not produce greater presynaptic facilitation,
il does inecresse the efficiency of the serotonin, allowing a single pairing {0 have the same ef-
fect as four applivations of 5-I1T alone. For a single pairing, postsynaptic mechanisms are not
recruited so wo further facilitation occurs, In the case of multiple pairings, however, there is
a further associative enhancement due to H-LTE which sets in over the next 24 hours and is

blocked by LT hyperpolarization during iraining,.
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Ewvaluation of the Hypothesis

Having developed this theory bascd on [74] alone, a good test of its validity will be how well it
explains the inconsistencies mentioned at the begmnieg of this subscction. In [5] it was reported
that postsynaptic application of the NMDA receptor antagonist APY (which blocks H-LTF)
blocks the associative enhancement. However, this waork uses a training protoeol consisting of
threc scts of four paivings each, and is henee comparable to Form-2 conditioning, which does
require H-L'TP. Another observation is that this work also shows facilitation to 150% of control
for the first set of pairings. On the other hand, [31] produces an sssociative emhancement
despite posteynaptic hyperpolatization, but this work vees a training protocol involving only a
single presentation of the stimulus, as in Form-1, so this is also consistent with the theory.

In [38], H-LTF is induced in a preparation involving no scrotonin and hence no ADPF. While
this docs not divectly contradhet the proposed theory, having made no prediction as to whether
H-LTP can ast alone, there is an Inconsistency in terms of onset of LTP. This work shows
peak facilitation at the 10-minute post-test, in the absence of ADPF, while [74] shows no sign
of H-LTF at the 30-minute post-test. A possible cxplanation for this is that the rate of onset,
as well as the magnitude, of H-LTP could depend on the nature of the training. Specifically, the
requirermnent [or postaynapiic depolarization is uolikely o be binary, To [38], the US is "strong
postsynaptic depolanization”, while in both [5] and [74] the postsynaptic neuron & "natyrally”
depolarized by presynaptic activity, While the degree of depolarization in [38] is not reported,
it conld well have been signifieantly stronger than in either of the other works., In fact, this
theory helps explain the fact that [5] does not show any significant associative enhancement
when ADPF is blocked. In control cxperiments, the first presentation of the training stimulus
leads to significant facilitation of the synapsc, Thus, the following siphon tap will lead to
greater postsynaptic depolarization which in turn will facilitate the induction of H-LTP. When
ADPF is blocked, there is no initial facilitation so subsequent presentations do not lead to
greater poataynaptic depolarization. Rather the postsvnaptic responsc declines, as a result of
habitnation to the C8. Bo while H-LTP can be induced alone, it interacts with ADPF indirectly
through the latter’a ability to enhance the postavnaptic depolarization roquired for the former.
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In Conclusion

While the theory presented above ia unlikely to be entircly correct, it does seem to explain
some of the peculiarities of classieal conditioning. The distinction between Form-1 and Form-2
conditioning is also useful, as it had not been possible to define long- and short-term forms of
classical conditioning., While both forms last over 24 hours, Forme-1 is likely to be sharter lasting
than Form-2, as it does not involve LTP. Thete is also a similar dependence on the number
of training presentations, and a difference in the underlying mechanism. Since the scops of
this work has been limitcd to the short-term component of plasticity, the model of classical

conditioning will be restrieted to Forme-1, and hemce will only incorporate ADFPF.

10.6.2 Modelling Form-1 Classical Conditioning

The mechanism of ADPF has been fairly well understood for some tire [41] [see 73] for review|,
and was described ln Chapter 7.7. To recap briefly, €S presentation (siphon tap or 8N stimu-
lation) results in temnporarily clevated Ca®~ in the presynaptic terminal. If the US is presented
just after the 8, the elevated Cat level interacts with the seratonin so as to enhance cAMP
synthesis, leading to greater activation of PKA and hence greater facilitation. Thus the first
step in modelling this process is to characterize the Ca® buildup resulting from a tetamus.

According to [56] the Ca*t concentration builds up during the tetanus, reaching its peak
just after the tetanus ends. The Ca®t concentration then decays back to baseline with a double
exponential time course and time constant, Ty, of about 30 seconds, There must, however,
be a maximum attainable concontration, Cais.,. With continmed tetanic stimulation the Cet
concentration will approach this limmt, The mumerie value of thas mascimum eoncentration 1s oot
significant to this model, so Cagree, = 1 will be used, and 0 £ Cw = 1. Classical conditioning is
maximal when the C3 precedes the US by approximately 500ms [42]. While the real mechanism
may include some intermediate messenger through which Ce®* and 5-HT interact, this madel
will assume that they interact directly.

Let us assume that the calcium concentration exerts its effect on cAMP symthesis only at
the time of 5-HT release. While this is unlikely to be the ease in reality, it doey simplify the
model. Then the model calcium concentration must be at a maximum approximately half a

second after the onsct of the tetanus.
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The first step is to model the caleium eurrent, fevn, To avold excessive complexity, soms

simplifring assumplions will be made:

1. Euch AP results in o sguare pulse with magnitude Te 1, which will be delermined later,
and duration [, D2, In [68]. the authors investizate the duration of ealeinm eurrent in
neurons taken from chicls embryos and find thal, lor slow APs, the o current Leging
0.4ms after the AP peak and ends juat after the potential returns to baseline, 1t is likely
that fpo in Aplysie will hawve o similar time course due to Lhe general congervation of
peuronal mechanizma, Based on the traces of LE nenron APs presented in [45] the tine

bom peak to bascline is estimabed al 2,5ms. Thos Ie., 0 = 2.5me,

2. Currend pulses will never overlap. It is impossible 1o elicil & second AP belore the firal is
over anid fe pulaes do not outlast the AP 1n the model & tetans s a 5001z spike frain,

g0 the shortest 151 possible iz e,

In licht of these assumplions, we can define the caleium current as follows:

if (t) = topike) thon | (10.16)

IC'(:{E)EII(?"D = I,._",'u.nl.’f}

Where tauie 8re the firing times of the presynaptic neuron. A value of Lo, M 10 st
was chosen. The caleihmm concentralion at any given time is dependent on the calcium current
and 1= given Ly

Adn Citpgar — O

[
= =l — 2 Cal /T (1017}
il e

Where e, 15 given by the previous equation, To, = Mbs s the fime constant wmeentioned pre-
viously and a is the variable representing the Tu’t concentration. The caleinm concentration
resuliing from a brief tetanus is shown i Figure 10- 145

Driel application of 5-HT alone or tetanic stimulation alone both lead to o similar degree
of short-lasting [acilitation, io about 130% and 125% of conirol respectively {31, Pairing

the stmnli produces facilitation with a peak masnitude roughly equal to the sum of the teo
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componerts [13] but much longer lasting. However, post-tetanic potentiation is not within the
scope of this work ap the Important feature to model ts the extended duration of facilitation,
The data of [74] (reproduced in 10.1) suggests that there is no significant decrement in the
facilitation over 24 hours. On the other hand, [31] claims that the associative facilitation shows
no significant decrement over 20 minutes, while [13] reports that a pairing produced "larger
facilitation that lasted ~ 30 min". It is difficult to draw conclusions from such varied results,
particularly eonsidering that all three works used the same preparation, consisting of an L7
motor neuron co-cultured with two pleural ganglion mechanoreceptor newrons, All three works
use a 20Hz, 2s tetanus as the C5, and exogenons 5HT application (10pM in [31] and 50uM
in the other two works) as the US and all three use a protocol with a single pairing, The
only apparent difference in the protocols is that [74] has a 3mmute delay between wash-in and
wash-out of serotonin, while [13] and [31] use delays of < 60s and 30z réspectively. According to
[62] the serotonin concentration resulting from strong tail nerve stimulation returns to baseline
within about 40s of the end of stimmlation, =o the exposure durations used by [13] and [31] are
more realistic than that of [74]. If these three works are anything to go by, it seems that the
duration of the associative facilitation is related to the duration of HT application. In this
model, serotonin is released in response to PO stimulation and dissipates within §0 seconds,
a similar time course to that in [13]. To avoid excessive complexity, the author has chosen
not to model the proposed relationship between duration of serotonin presence and duration of
facilitation. Inatead, the modelled ADPF will have similar duration to that reported in [13].
Because this model doez not include PTP, the only differences between sensitization and
conditioning are the requirement of the latter on presymaptic Ca®*, and the difference in du-
ration. Equation 10,10 characterises the sevotonin concentration resulting from the US. Let us
introduce another vaciable which will represent the combirved presence of caleium and serotonin

ags follows:

if(t = tus onea) then{ (10.18)

41 'l
IE.F_FT_G-G[:'I}J;' B = Inmrmax - PYstim strenath Ca}
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dSHT Ca
dt

5HT Ca

10.19)
Trmr ¢

=Tegy bu—

Where 5HT Ca representa the sexotonin concentration scaled by the relative Ca?t con-
centration [variable Ce} at the time of US presentation. The other variables are the same as in
cquation 10.10. Next, we introduce a variable ealled £, representing tlie associative enhance-
ment of ADPF, which is governed by equations of the same form as for scositization {equation
10.158) except driven by 5HT  Ca as follows:

dCC

— = |Hab" (SHT_C6 Rgens} +(CCs — CC} - Tsens/ TocH Toons (10.20}

Where CCh = 1 is the steady state value of OC, T 15 o time constant controlling the rate
of recovery from conditioning and the other variables are the same as these in 10015, Note that
the omset of O is scalad by Teonq but the rate of recovery depends on T, the value of which
is estimated from [13] to be 60 minutes (T = 3600 seconds). The next guestion is what to do
with Lhe sarialle OO, ADPF s an extension to the mechanizm of scnsitizalion, so rather than
allowing €'C' to directly affect the PSC it will be act via Serns. A simple but affective solution
is to use £'C' as the steady state value of Sens, numely Senisg. We do this by adapting eqnation
10.15 as follows:

dSens
t

= [Hab" - (BHT - Rgens) + [CC — Sens)]{ Teens {10.21)

Where the anly modification was to replace Sensg = 1 with the new variable JC, 8o that
Sene 2 CC. Thus if, at the time of US onset, Ce = 0.5 then Sens will initially be larger than
CC, but as Sens begins to decay (faster than CC' does} it only goes as far as its new buseline,
namely OC. This rather confusing situation iz illustrated in Figuve 10-14. In most classical
conditioning scenarios, the presynaptic calcium concentration will be very dose to maximum
when the US cecurs. In these cases, Isgr ¢, will be virtually identical to fsgr and as a result
Sens will not be noticeably larger than OC. This will result in Sens simply tracking the time
course of &C. The time course of modalled facilitation resulting from paired and unpaired
presentation of the CS and US is shown in Figure 10-15. The CS is a 1s, 50Hx tetanus which
is followed (0.58 later for paired traiming or 60 later for unpaired training) by a US of 25%
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Figure 10-14: Time course of variables Sens (blue) and CC (black) in response fo paired
stimulation at ¢+ = (. The tetanus used was unusually short so that, at the time of US onset,
Cla = 0.6

strength, as described in section 9.4,

10.7 The complete synapse model

The model developed over the course of this chapter is reproduced here in its entircty. The
equations describing the model can be grouped into two classes. The first of these is the group
of DEs which govern the evolution of the vaniables. They are:

dca cﬂ'.’l-fru' —{la

e [feta ot 2 Lal T {10.17)

4 HT Ca 5HT Ca

—— i .lr = Sl o Ul 1[].19
p7 SHT © Tonr { )
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Figure 10-15: Paired traiming results 10 the waiable OC {black] being driven nearly as high
ags Sens (blue) and then prolonging the durstion of Sers, Unpaired iraining, where the 778
follows the C5 by ik, results i OO {red) never lesvming baseline. While Sens (mapenta) is
initially almost as hizh as for peired irajning, il diss away much fasier,

dhHT HHT ;
di botar = Tspr 010
w - [E'HT == -Df:"""llub] ."fTTﬂ.n'.r-.r:rrl.r-.rIEu.'.r-. {]':l- 12}
{Hab Dizkab
; df = (Huby — Hob){ Taes — T;“ - (10.13)
i
where 7 Ty =525 T80 .0 (1{18]
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d5ens

o = [Hab" (BHT - Rens) +{(CC = Sens)]/Toons (10.21)

dCe *
e [Hat* - (BHT _Ca - Ryens) + (0o — CC} - Tsens{Tor| /Tsena (10,20}
% — (—P8C)/(Tpse - Sens) (10.22)

The second gronp describes the response of the model to €3 and US spikes. These "equa-
tions" are in the form of pseudecode statements. If the condition or conditions of the if [}
then statements are met, then the Hnes of code within the brackets { } are exeented onee in

sequience, These equations are the source of discontinuities in the time eourses of the variables

'i'.f {t = s {msut]‘ fh-Eﬂ.{
IE:HT{:EJ]:-'_IEHTD = I!:-HTmax - POqim atrength llﬂ lﬂ}
‘TEHT_CH{EZI]:-F;“ITD = I&HTmax t Pgsiim strength ” Cﬂ} {1[] 18]
iF (= togine) aned (T8Fin < IST € [8T ) then] (10.9)
Hab = Hab- AH
"!I. 1y

A, 1
T8 ean = 18 mean - (— jE JTS.!TLTL} )

A

if {t = tugike) then {
PSC = PSC-+ PSCy- Hab (10.23)

Tea(2)i¥7020 = oM ) (10.16)
The various constants which feature in these equations are presented in Table 10.2. The
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Table 10.2: Values for the constants in the synapse mode]

equations presented here, combined with the simple model neurons as described in chapter
9 constitute the sutheor's model of the GSWR. The MatLab code written by the anthor to
implement these equations is meluded in Appendix 4. An evaluation of its accuracy and

realism is presented in the following chapter.
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Chapter 11

Model Evaluation

Il is the aim of this chapter to evaluate the validity of the anthor’s model. However, a rigorous
vetification is not possible for two primary reasons. The first is the lack of a benchmark with
which to compare the model. The experimental data in the literature is inconsistent in its detail,
meaning that there is no single ideal case. The second reason i that models in neuroscience
are never complete. This issue was discussed in the context of neuron models in Chapter 2.
Probably the two bast known neuron models are the Hodgkin Huxley (HH} equations and the
Leaky Integrate-and-Fire (LIF) model, and ever the former is an approximation. While the
HH model comes relatively close to reality, producing faitly realistic membrane hehaviour, the
far simpler LIF model 13 atill considered a valid apprecdmation to neural hinctioning,

The author’s synapse model lies somowhere between the HH and LIF models on a scale of
complexity, While not directly modelling ion channel dynamies {as the HH model does) it does
not simplify to the aame depree as the LIF modsl. Thos this model will be coneiderad valid
if it reproduces the broadscale foatures of the real synapse. This evaluation is split inte four
sections; one for sach of the three forms of plasticity it includea, and a fourth dealing sith the

model as a whole,

11.1 TFwaluating Habitnation

In Section 10.4 it waa decided that the progression of habituation (as a function of stimulus
number} should be independent of ISL It was also decided that the rate of recovery should he
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dependent on 151, but in 4 simple, linear fasion. Figure 11-1 shows the response of the madel
to habituation training consisting of ten trials at an IS[ of 3, 10, 30 or 100s. As can be seen,
habituation tends to a limit of 50% of EPSP) for all ISls used. This value is approcdmately that
reported in [16] for ISls of 3, 10 and 30s. Also evident from these plots is the slower recovery of
avoapses trained with longer IS, Spontaneous recovery from habituation is shown in Figure

11-2 {left}, and has a time course similar to that reported in [69].
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Figure 11-1; Habituation and recovery for training 1S80s of 3, 10, 30 and 100s. The two post
tests (stirmuli 11 and 12} are at an ISI of 125s. C8 strength = dg.mm 2.

This model's main flaw iz that, duc to the imposition of & minimum and masximum decre-
menting 181, thers ia a sudden jump from full habitnation to zero habituation as the 181 croszes
these limits, This behaviour is obviously unrealistic and undesirable. While thete is certainly
room for improvement, it is the author's opinion that this habituation model does teproduce

many of the broadscale features exhibited by habituation of the real synapse.
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Figure 11-2: Spontanecus recovery from habituation (10 stimuli} with rest (left) and dishabit-
uation {right). Traming ISI = 100z and the post tests arc at an ISI of 125s in both cases. The
US is presented &s after stimulus 10 {right). C8 strength = dg.mm =2, US sizength = 50%,
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11.2  Evaluation of Dishabituation and Scensitization

The effect of a dishabituating stimolus i shown i Figure 11-2 {right), and Figure 11-3 (left)
for stimuli of 50% and 25% sivength respeciively. The response quickly returns to baseline, bt
is not significantly facilitated. As mentionecd in Scetion 1005.2, little is known aboul the specific
time course of dishabiluation, but comparison with Figure 11-4 (A) (taken from [67]) sugmests

that the mode] is quite accurate.

151 = 30s. Dishal:wdlivn 15| = 15905 Sensitization
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Figure 11-3; Habilualion with a 3s IS8T followed by a 25% strengih dishabituaiing U3, presented
s after stimulus 10 (lefi). Ten stiomli at & non-decrementing IST of 150s followed by a 25%
strenpth dishabitnating US, presented bs after stimulus 10 (night]. 151 for the three post tests
i5 1255 in both cases.

The response of the model to scositization is ustrated in Figure 11-3 (right). Asgain there
is the problem of a lack of specific data about the time course of sensitization, but if the modol

output is comparcd with 11-4 (B} (taken from [67]), the similanty is immediately evideni.
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In Section 8.1, it was decided that this model would seek to veproduce only the short-term
forms of the plasticity nnder investigation. Since a requirement for comversion to long-term
memory is repetition, the author has thus far assumed only a snple presentation of the US.
The effect of repeated sensitizing stimali on the model must now be investigated. To this
end, Figure 11-5 (left) shows the effect of three US presentations in short succession. As
can be seen, the facilitation builds up over the three stimuli. However, this accumulation is
not representative of long-lerm sensitization, as the duration of faalitation is not significantly
affected. To more accurately reproduce the protein-synthesis-independent process of short-term
sensitization, it would be necessary to impose some limit on the value of Sens, representing the
maximal effect of spike broadening on transmitter release. Apart from this problem, the model
reproduces the broadscale, qualifative features of dishabituation and short-term semsitization

with a satisfactory depres of realism.

11.3 Ewvalnation of Classical Conditioning

[ keeping with the decsion to model only short-term plasticity, it was deciderd in Section 10.6
that only "Form-1" conditioning would be included in this model. Thus the actual process
being modelled is ADPF. It was also decided i Section 10.6 that the effect of pairing the C8
and TS should primearily be to incresse the duration (rather than the magnitude) of facilitation,
Figure 11-6 shows the time course of facilitation resulting from a single US presentation, either
unpaired {left) or paired (right) with the CS. As can be seen, the duration of facilitation is
ambatantially greater for paired stimmli. Figure 11-7 shows the effect of the relative timing
between C8 and US on conditioning. There s a reasonable degree of temporal specificity,
particularly for delays shorter than the optimum of 0.5a. For longer delavs however (Figure
11-7, bottem right) the degree of specificity depends on the duration of the CS. The modelled
Te?t concentration reaches near maximum within 0.5z of C8 onset. I, however, a long C8 is
used, the C'ut concentration will be near maximum from 0.5s after C8 onset until just after CS
offzet, Conditioning will be near maximum if the US is presented at any point in this window,
reducing the temporal apecificity. Fortunately, the output trains prodnced by real LE neurcns

[35] and the model LE neurons presented in Section 9.1, in response to a single C5 are both
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Figure 11-5: Multiplc presentations of cither unpaired (left) or paired (right) €8 and US. An ISI
of 125z was uscd throughout in both cases, The protocol consisted of 3 training trials followed
by 5 post teats. For unpaired training {sensitization) the US was prescnted 60s after the C8.
For paired training {conditioning) the US followed 0.5s after the CS. US strength = 4g.snm 2
and US strength = 100% in both cases,
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Fipure 11-6: Time course of facdlitation resulting from a single presentation of U8, eithear un-
paired (left) or paired (right) with the CS. ISI = 180s and C8 strength = 4dg.mm 2. The US is
presented either Hs (unpaired) or (.55 (paired) after the first CS and is 50% strength in hoth
Cases,

Figure 11-5 (right) shows the effect of multiple CS/US pairings. As diseussed in Section
10.6, Form-1 econditioning is by definition the produet of a single pairing. Therefore the fact
that facilitation builds up with repeated pairings is undesivable in this modcel.

I4 is the author’s opinion that, while being significanily limited in its scope, the model of
classical conditioning presented in this work reproduces well the associative facilitation resulting

from a single C5/13 pairing.
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11.4 Twvaluating the Complete Synapse Model

The simple models yeed for the LE and LEFS neurons are sufficient for reproducing experiments
imvolving reduced preparations of the monsavnaptic GSWR, in which the output is a measurcd
EPSF in the motor neuron and the input is chosen to produce a specifie LE spike train. More
detailed models of thess two netrons would almost certainly be compatible with the synapse
madel in this work., The US pathway is oot modelled with much realism, and is better suited
to representing exopenous 3 — HT application than release in response to tail stirmulation,

The emphasis of thie work iz on the SN-MK synapse and the plasticity which it cxhibits,
so the model synapse is the most significant component. The basic tole of the synapse is
converting presynaptic spikes into P8Cs. The structure of this PSC {discusssd in Section 10.3),
when integrated by the model motor neuron, results in a PSP that closely resembles that of a
rcal LFS EPSFP (Figure 10-4). The dedsion to apply habituation and sensitization to different
eomponents of the PEC (Section 10.1) adds to the realism of the modsl, but is mostly cosmetic
as both PSCGh - Hab and Tpego - Sens linearly affect the EPSP arsa, except for Sens < 00 1L
was decided in Section 10.1 that habituation would be applied to rate-of-rise (ROR) of the
PSP, while sensitization would be applied to fime-to-peak (TTP). Figure 11-58 shows three
representative PSPs for sensitized, habituated and control symapses, in which the cffects on
ROR and TTP ¢in be seen.

The models of habituation, dishabituation, sensitization and classical conditioning have boen
diseussed independently in the previous three sections. However, the interactions between these
processes mist also be considered. Figure 11-9 (left) shows habituation of & sensitized synapss.
The onset of habituation iz somewhat steeper, as it is accentuated by sensitization wearing off,
When she habituating stimalus stops and 1s repiaced by a notedecrenenting I81 the responsc
recovera to above baseline, as the sensitization thme constant is the longer of the two, This would
ot have boen possiblo if a singlo vatizble had been uscd to represent the coanbined effects of both
processes. The author was unable to find experimental data with a similar protocol, but this
i likelv to be corrcet, as the mechanisms of habituation and sensitization are independent, (see
Soctions 7.5 and 7.6), A similar sitwation ocours when habituation is preceded by conditioning,
as shown in Figure 11-9 (right). The interaction between the ssparate mechanisms doos not sscm

to introduce any unexpected behaviour, As a result of using separate variables for habituation,
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senzitization amd conditioning, che synapse can exhibit fairly rich behavioar., 1This i becase
the svnapse efficiency depends in & complex way on several underlylng processes, Thus more

information iz stored in the synapse than is Tepresenied by iis cilcicney alone,
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Figure 11-9; Haliiualion of a synapse thal has receivied cither sensitization (left) or conditioning
(right). In the case of sensitization, the pretest is followed G0k later by the TS, In the case of
eontditiomue, the T8 i5 presented (1.55 after the pretest. Habilualion training hemins 1255 afoer
the procest in both cases and a 304 151 35 nsed. The three post tests are presented with an 181
of 125:. €9 strenglh — dgmm—, US slrength = 1005,
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Chapter 12

Conclusions

Having completed the synapse model and evaluated its behaviour, some specific conclusions

can be drawn.

e The model is a definite success, and reproduces quite accurately the short term compo-

nents of habituation, sensitization and classical conditioning.

¢ While adding to the complexity of the model, the decision to maintain separate variables
for each of the three processes was definitely correct. Not only is it biophysically accurate,
it also allows the synapse to exhibit rich behaviour which could not be predicted from a

knowledge of the present synaptic efficiency and incoming stimulus alone.

@ The decision to model the shape of the PSP was perhaps unnecessary. While it does add
to the realism of the model, it is unlikely to have a significant behavioural effect because
the duration of the PSP is very short compared to the time scale of behavioural stimuli.
Similarly, applying habituation and sensitization to different aspects of the PSC was not

necessary as both have the same effect on PSP area.

# In terms of balancing realism and simplicity, the model in its present state leans quite
heavily towards realism. The author had originally hoped for a simpler model, but in

retrospect the present model is an indespensible stepping stone.

¢ Where this model will really be of use is in ascertaining which features of the real synapse,

and of the mechanisms of plasticity, are behaviorally significant.
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Chapter 13

Recommendations for Future Work

Further work on this project could progress in three possible directions:

1. The present model has been significantly limited in its scope. The first major simplifica-
tion was choosing to model only the short term component of plasticity, while the second
was choosing to model only the monosynaptic component of the reflex. Thus one avenue
of future work would be to expand the present model to include long term plasticity

and/or include the contributions of polysynaptic pathways in the reflex.

2. The present model, while being quite realistic, is still hugely simplified. A possible direc-
tion for future work would be to improve on the realism of the model and more accurately
model the processes underlying the various forms of plasticity. For example, the dynamics
of cAMP and PKA, as well as the interactions between cAMP and Ca®*, could be di-
rectly modelled. Also, the probabilistic process of transmitter release could be modelled,

possibly even at the level of individual vesicles.

3. The present model is unfortunately far too complicated to run in real time (without a very
powerful simulation platform). Before the synapse model could be used as a processing
element in a real time spiking neural network, it will be necessary to simplify it quite
drastically. Ideally the key properties of the synapse would be encapsulated in a model
which could be implemented in hardware, such as analog VLSL
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B b e oo —
$Function f(ISI) returns value for habituation decrement

$Current function is simply a constant, but an actual function

$could be included

function [decrement] = f{ISI)

decrement = 0.85;

$Function g(meanISI) returns value for habituation
$time constant. A more complex function could be
$implemented at a later stage

function [Trec] g(meanlISI)

i

Trec = 5,.25*meanIsSI;
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m
%$This is the model sensory neuron. Allows the user to create LE spike trains.
$Also allows for US. All times are in seconds

numpre = 1;
prelSI 180;

numtrials = 10;
ITI = 30;

pokeforce = 4; $in g/mm”~2 on the range 0 to 25
numtet = min (13, round(0.1661*pokeforce”2 - 0.3308*pokeforce + 2.2753))
tetISI = 1/50;

numpost = 1;
postISI (125);

deltaT = le-3;

duration = 5 + prelISI*numpre + ((tetISI*numtet)+ITI)*numtrials + postISI*nugp
ost + 5;

numpoints = ceil (duration/deltaT);

LEoutput = zeros(l,numpoints); %SN spikes
MCCspikes = zeros(l,numpoints); %Serotonergic interneuron spikes

USdelay = 0.5;
USstrength = 1; $on range 0 to 1

pointer = 5;

$MCCspikes (1, (pointer+USdelay) /deltaT) = USstrength;

for i = l:numpre
for j§ = l:numtet
LEoutput (1, round (pointer/deltaT)) = 1;
pointer = pointer + tetISI;
end

$MCCspikes (1, (pointer+USdelay) /deltaT) = USstrength;
pointer = pointer + prelISI;

end
$MCCspikes (1, found ( (pointer+USdelay) /deltaT)) = USstrength;
for i = l:numtrials

for j = l;numtet

LEoutput (1, round (pointer/deltaT)) = 1;
pointer = pointer + tetISI;
end i
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pointer = pointer + ITI;
end

$MCCspikes (1, round( (pointer + USdelay + postISI)/deltaT)) = USstrength;
for i = l:numpost
pointer = pointer + postISI;

for 3 = l:numtet
LEoutput (1, round(pointer/deltaT)) = 1;
pointer = pointer + tetISI:

end

end
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%¥Model synapse, including all plasticity. Uses the LE and MCC
$spike trains created by "sensory.m" for inputs. Outputs take
$the form of postsynaptic currents.

X = (deltaT:deltaT:duration):; % X axis vector

PSC = zeros(1l,numpoints);
PSCO = 2e~9;
PSCT = 6*deltaT;

hab0 1
hab = zeros (l,numpoints);
hab(1l,1) = hab0;

sens(0 = 1;

sens = zeros(l,numpoints);
sens(l,1l) = sens0;

Tsens = 300;

Rsens = (.65e9;

CC = zeros(l,numpoints);
TCC = 60*%60;
CC(1,1) = sens0;

Ca = zeros(l,numpoints);

ICa = zeros(l,numpoints);

TCa = 10;

ICal0 = 10;

ICaDuration = round(0.25/deltaT);
CaMax = 1;

HTO = 0;

HT = zeros(Z,numpocints);
IHT = zeros(2,numpoints);
IHTO = 20e-9; % 20nM/s
HT(1,1) = HTO;

THT = 9;

HTrisetime = 5/deltaT;

y = zeros(l,numpoints); %y is the intermediate dishabituation variable
Ty = Tel;
Thab = 20;

ISImax = 120;
ISImin = 1;
ISTI = ISImax;
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meanlISI

Tdis

nums

il

0;

hab

0.8e-6;

pikes = numpre + numtet + numpost;

spikes = zeros(l,numspikes);
spikecnt = 0;

Thab

for

= ¢g(meanlISI);

i = 2:numpoints

dPSC = -PSC(1,1i-1)/(PSCT * sens(l,i-1)):

PSC(1,1i) = PSC({l,i~1) + dPSC * deltaT:;

dhab = 1/Thab * (l-hab(1,i-1)) + y(1,i-1)/Tdishab;

hab(1,1) = min(1l,hab(1l,i-1) + deltaT*dhab);

dHTO0 = (IHT(2,i) - HT(2,i-1)/THT);
HT(2,1i) = HT(2,i-1) + dHTO*deltaT;

dHT = (IHT(1,i) - HT(1,i-1)/THT);
HT(1,i) = HT(1,i-1) + dHT*deltaT;

dCa = (-2*Ca(l,i-1) + ICa(l,i)*(CaMax-Ca(l,i-1))/CaMax)/TCa;
Ca(l,i) = Cal(l,i~1) + dCa*deltaT:;

dy = [HT(1,i) - y(1,i-1)]/Ty;
y(1l,i) = y(1,i~1) + dy*deltaT;

dCC = [HT(2,i) * Rsens * hab(l,i)"10 + (sens0-CC(l,i-1))*Tsens/TCC]/Tseps
CC(1,i) = CC{1,i~-1) + dCC*deltaT;

dsens = [HT(1,i) * Rsens * hab(1l,i)”*10 + (CC({l,i-1)-sens(1,1-1))]/Tsens;
sens(l,i) = sens(l,i-1} + dsens*deltaT:;

I8 = ISI + deltaT:;
if LEoutput{l,i) == 1 $Meaning that a splke has occured
if (ISI <= ISImax) & (ISI >= IS8Imin)
hab(1,i) = hab(l,i) * £(ISI):

if meanIS8I ==
meanlISI = ISI;
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else
meanISI = (meanISI*3 + ISI) / 4:
end
end

if (I8SI >= ISImin)
spikecnt = spikecnt + 1;
spikes (1,spikecnt) = hab(l,1i);

end
ISTI = 0;
PSC(1,1i) = PSC(1,i-1) + PSCO * hab(l,1):
for 3 = il:min(i+ICaDuration,numpoints)
ICa(l,3j) = ICa(l,3) + ICal;
end
end
if MCCspikes(l,i) ~= 0 $meaning that tail shock has occured
for j = i:(1i + HTrisetime)
IHT(1,3) = (IHTO * MCCspikes(1,1)):
IHT(2,3) = (IHTO * MCCspikes(1l,1)) * (Ca(l,i))~
end
end
end
$figure

$plot (x, IHT(1,:),"'r',x,HT(1,:),'k',x,y,'D")%,%x,PSC,"'g")
$xlabel('Time ( 5 }')

$ylabel ('5-HT concentration ( nM )"'")

$title('Square I5-HT pulse and resulting 5-HT concentration')
$legend('5-HT current ( nM/s )','5-HT concentration ( nM )')

$plot (x,LEoutput(l,:),'r',x,Ca(l,:), k")
$figure
fplot(x,sens(l,:), 'm',x,CC(1,:}),'r")

Page 3
01:15:23

e A S i)

$subplot(2,1,2),plot (x,LEoutput, 'r',x,MCCspikes, 'b',x,sens(1,:), k', x,hab, '’

)

$xlabel ('Time ( 8 ) ")

$ylabel ('Sens')

f$title('Sensitization of Habituated Synapse')
$legend('US time', 'Sens')

$subplot (1,3, 3),plot(spikes.*100, "k=-*")
gxlabel ("Stimulus Number')
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$yvlabel (*EPSP Amplitude (% Pretest)')
title (IS8T = 100 s')

$subplot(2,2,2),

gplot (spikes.*100, "k-*")

$axis ([0 12 0 1001y

$xlabel ('Spike Number')

$ylabel (*Relative Response ( % )')

$title('ISI = 30 seconds'?)
$subplot(2,2,4),plot{x,LEoutput(l,:),'r',x,hab{(l,:}),'k")
$xlabel ('Time ( s } ')

%ylabel ('Hab?')

&subplot(1l,2,2),plot (%, LEocutput, 'r’, %, hab, "k')
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$Model motor neuron. Uses PSC produced by "synapse2.m" as input.
$Output 1s either the resulting PSP, or a vector containing the
$relative areas under the PSPs for each stimulus

R = 6beb;

C = 1.2e-9;
thresh = -5le-3;
urest = -45e-3;

u = zeros{l,numpoints);
u(l,1l) = urest;

for i = 2:numpoints

du = (PSC(1,1) - (u(l,i-1)-urest)/R)/C;
u(l,i) = u(l,i-1) + du*deltaT;

end

previous = 0;

this = 0;

current = 0;

spikes = zeros(l,1);
numstims = 0;

for i = l:numpoints
this = u(l,i)-urest;
if (this < 0.5e-15)
this = 0;
end
if (this ~= 0)
current = current + this*deltaT;

elseif (this == 0)&(previous ~= 0)
numstims = numstims + 1;
spikes(1l,numstims) = current;
current = 0;

end

'previous = this;

end
%spikes(1,1)
$spikes = sgpikes./spikes(1,1)

$figure
$plot(x,u(l,:),'b")
$v=axis;

$v(l,1) = 4.92;
$v(l,2) = 5.52;

$axis(v);



D:\motor.m Page 2
31 August 2005 01:13:50

Fsubplot(2,1,2),plot(x,u(l,:))

$xlabel ("Time ( ms )');

$ylabel ('LFS Membrane Potential ( V )'):
title('PSP');

fsubplot(2,1,1),plot (x,PSC(1l,:)*1le9)
$xlabel ('Time {ms })');

$ylabel ('Postsynaptic Current ( nA )'):
$title('PSCY);

$subplot (1,2,2),plot(spikes(1,:), 'k=*")

Sv=axis;
$v(1,3) = 0;
¥v(1,2) = length{spikes{l,:))+1;

$axis(v);

¥title('Paired (conditioning)')

$xlabel ('Stimulus Number')

3ylabel ('EPSP amplitude ( % stimulus 1 }*')





