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SUMMARY

Hybrid neural-microelectronic systems, systems composed of biological neural net-
works and neuronal models, have great potential for the treatment of neural injury and
disease. The utility of such systems will be ultimately determined by the ability of the en-
gineered component to correctly replicate the function of biological neural networks. These
models can take the form of mechanistic models, which reproduce neural function by de-
scribing the physiologic mechanisms that produce neural activity, and empirical models,
which reproduce neural function through more simplified mathematical expressions.

We present our research into the role of model complexity in creating robust and flexi-
ble behaviors in hybrid systems. Beginning with a complex mechanistic model of a leech
heartbeat interneuron, we create a series of three systematically reduced models that in-
corporate both mechanistic and empirical components. We then evaluate the robustness
of these models to parameter variation, and assess the flexibility of the models’ activities.
The modeling studies are validated by incorporating both mechanistic and semi-empirical
models in hybrid systems with a living leech heartbeat interneuron. Our results indicate
that model complexity serves to increase both the robustness of the system and the ability

of the system to produce flexible outputs.

xii



CHAPTER |

INTRODUCTION AND BACKGROUND

The machines and inventions of mankind — while impressive in their power and scale —
appear crude and ugly when compared to the elegant creations of nature. Consider the
capabilities of a simple worker ant. The ant can navigate based upon visual and chemical
cues in its environment, can traverse uneven terrain while carrying over thirty times its own
weight, and runs on sugar water. No creation of mankind can be said to meet any of these
impressive feats.

Nature can therefore serve as dfeetive teacher, instructing us in how to design tech-
nologies that allow us to treat disease, repair injuries, interact with our environment, and
increase our productivity.

This idea is not without precedent. For centuries, mankind has used the designs of
nature to inspire his own creations. Leonarda da Vinci studied the anatomy of birds and
bats in his &orts to design gliders. George Cayley noted that birds’ wings performed
two separate functions, lift and thrust, and used this knowledge to build a manned glider.
Wilbur and Orville Wright observed how birds’ wings change shape to alter their lateral
movement. These studies of how biology solves the problem of flight were all critical to
the development of the airplane.

In fact, many people view evolution as a sort of “perfect engineer” designing a solution
ideally suited for a given goal and constraints. Whether evolution may or may not be
a perfect engineer, it is certainly a very, very good engineer, producing systems that are

extremely well suited to solving certain problems.



1.1 Introduction

The nervous systems of animals are able to integrate vast amounts of information from the
animal’s internal and external environment, and produce responses to regulate and control
a wide variety of physiological processes. The power and flexibility of nervous systems is
produced in part by the massive parallel structure and integrative capabilities of the system.
But another key factor is that even small circuits of neurons, or individual neurons them-
selves, can demonstrate an amazing degree of complexity in their behavior. By studying
the nervous system and basing new technologies on neural-like properties, we can develop
new methods to treat neurodegenerative disease, repair traumatic neural injury, and create
machines that better interact with the physical world.

In order to better understand the workings of the nervous system, however, it is neces-
sary to develop a quantitative description of the workings of the nervous system: a neural
model. Fortunately, although neurons demonstrate a great deal of functional and mecha-
nistic complexity, their electrical activity can be approximated by simplified models. There
are two basic types of neural models: empirical models and mechanistic models.

Empirical models take a “black box” approach to describing neural function. This ap-
proach assumes no underlying structure for relating a neuron’s inputs to its output. The
model is deemed “good” as long as its input-output relationship corresponds to that ob-
served in biology. Empirical modeling therefore seeks to reproduce the function of a given
neuron or neural system, often through the simplest means possible.

Mechanistic models reproduce the input-output relationships of biological neurons by
describing the biophysical processes responsible for the generation of neuroelectric activity.
The behavior of the model derives from a neuron-like structure. Mechanistic models are
usually much more complex than their empirical counterparts. They are, however, able to
provide insight into the inner workings of a neuron or neural system that are not possible
with empirical models. Mechanistic modeling often assumes that the biophysical structure

of the neuron is important to its function.



Ultimately, the choice of modeling strategy is dependent upon the context in which
that model is to be used. Determining the “best” model for a given application requires
evaluating the tradébbetween modesimplicity and modelaccuracy A simple model
may not be able to provide the necessary functionality, while an overly complex model
may inhibit one’s ability to study or control the system.

An emerging area in which model choice plays a crucial role is in the development of
hybrid neural microsystemsystems in which neural models and living neurons interact
in real-time. These systems exploit biology as part of the technology, creating a functional
result that is a product of both the biology and the engineered construct. The assumed ben-
efit of such a system is that the complex dynamics and functionality of the living neurons
are left intact, while the model provides a means to manipulate and control the system. In
such a system the model component needs both to correctly interpret signals coming from
the living neurons and to produce a meaningful response to those signals. Obviously, the
choice of model in such a system is of critical importance.

Two characteristics of neural systems that must be reproduced by such hybrid systems
arerobustnesandflexibility. Robustness can be considered as the size of the system’s in-
putparameter space; the nervous system is able to function reliably despite the ever-present
"noise" of physiologic processes: changing concentration gradients, errors in transcription,
etc. Flexibility can be considered as the size of the system’s thghdvior space; neural
systems are able to produce a rich variety of behaviors in order to achieve their function. In
order for hybrid systems to accurately reproduce the function of neural systems, itis critical
that the models employed in such systems contribute to operation that is both robust and

flexible.
1.1.1 Specific Aims

Our long-term goalis to develop the techniques and methodologies for creating hybrid

systems that accurately reproduce the function of biological neural networksbjéative



of this research is to determine how the performance of hybrid systenfiecdeal as the
complexity of the model is reduced. Olypothesiss that reducing the complexity of the
model will both decrease thebustnes®f the system and decrease ftexibility of the

system. Towards this end, we propose the following specific aims:

1. Create a hybrid half-center oscillator for investigating neural network proper-
ties. As an initial step towards building hybrid neuro-microelectronic systems, we
will create a hybrid system composed of a single biological neuron and an analog cir-
cuit model neuron already developed within our group. This aim will serve several
goals. First, it will familiarize us with the neurophysiological and engineering tech-
niques necessary to build hybrid neural circuits. Second, by using a physiological
model neuron and basing the structure of the hybrid network on that of a biological
network, we will be able to use the controllability of the model neuron to investigate

neuronal properties responsible for generation of activity in the network.

2. Construct a flexible platform for interfacing real-time model neurons to living
neurons. In order to interface a variety of neuronal models with living neurons, we
need to construct a platform for modeling that meets several criteria. First, it must
have a means to communicate with the equipment used for recording and stimulating
living neurons. Second, it must allow all neuronal models to operate in real-time. Fi-
nally, the architecture of the platform must accommodate a variety of neuronal model

structures — the underlying dynamics of the neuronal model must be modifiable.



3. Develop a series of systematically reduced neural modelStarting with a previ-
ously developed physiologically realistic neuron model, we will perform a series of
systematic reductions in the complexity of the model. These reduced models will
encompass both physiologic and empirical mechanisms. We will the evaluate the

models for their ability to produce robust and flexible behavior.

4. Validate neural models with hybrid systems.Using the reduced models developed
in Aim 3, we will construct at hybrid systems using our reduced model neurons, and

evaluate the ability of these systems to produce robust and flexible behavior.

1.2 Background and Significance

This project draws from three subject areas: modeling neural systems, the dynamics of
rhythmic neural networks, and the electrophysiological techniques to bring models and

neurons together.
1.2.1 Modeling Neural Systems

Neurons display an incredible diversity of activities, behaviors, and functions. In most
neurons, there are numerous ion channel types, modulatory agents, and spatial processing
structures that contribute to the behavior of the neuron. Despite this extraordinary amount
of complexity, the electrical activity of a neuron can often be described by a simplified
system of equations — a neural model. Neural modeling seeks to relate neural function to
a mathematical structure that provides insight to the operation of the system.

The rationale for modeling a neuron is the same as for modeling any physical system:
a model allows the operator to better analyze or understand the physical system without
the constraints of the physical system. In the case of the nervous system, analysis and
understanding of neuronal properties are very compelling reasons to create a neural model
because many neuronal properties are physically inaccessible with current technology. As

an example, it is very dicult to record with high precision from numerous individual



neurons in a large neural network; a model neural network, however, can provide us with
detailed information about the behavior of individual neurons. A model therefore provides
us with a means to understand how a physical system works, what function it accomplishes,
and what properties and parameters are necessary for its operation and control.

The requirements for a neural model are also the same as for any model of a physical
system: the model must be simple enough to be understandable, but also accurately portray
the relevant aspects of the physical system. Which aspects are relevant and what criteria
constitutes a “good” model are left to the discretion of the modeler. While a simple model
may produce the desired results, it may not provide enough insight into the workings of the
system to be of much use. Alternatively, the detail of information in a complex model may
prohibit efective analysis. This tradeffds the fundamental decision that must be made in
modeling any physical system: model simplicity vs. model accuracy.

It is not surprising that there are a wide variety of neural models, from the extremely
simple to the incredibly complex. At the risk of over-simplification, we will separate these
models into two categories: empirical models and mechanistic models (Figure 1).

Empirical models, also known as nonparametric models, take a “black box” approach
to describing neural function. This approach assumes no underlying structure for relating
a neuron’s inputs to its output. An empirical model is considered to be a “good” model as
long as its input-output relationship corresponds to that observed in biology. An underlying
assumption of empirical neural modeling is that the function of a neuron is distinct from
the mechanisms used to produce that function. Given the constraints of physics, chemistry,
and genetics, it is not surprising that complex mechanisms may be needed to achieve a
functionally simple result. As an example, consider the transduction of light into electrical
potentials by photoreceptors in the retina. This process is dependent on several complex
biochemical reactions, involving numerous enzymes and proteins. The conversion of light
energy to electric energy by a photodiode, in comparison, seems rather simple. Mathe-

matical neuronal models, which are free from all physical constraints, can seek the most



Empirical Model

m —_ Mechanistic Model

Figure 1: Empirical neural model (black box) utilize any convenient mathematical struc-
ture to describe neuronal function. Mechanistic neural models (grey box) utilize known
physical properties of the system to describe neuronal function.

straightforward way to describe a neuron’s activity. Empirical modeling therefore seeks to
reproduce only the function of a given neuron or neural system, often through the simplest
means possible.

The classical integrate-and-fire neuron model is an excellent example of an empirical
neuron model [19]. In this model, the neuron simply integrates a current input until a
certain threshold voltage is reached. The neuron then “spikes” , its voltage is reset to
some value, and the integrate-and-fire process continues. The integrate-and-fire model
thereby provides a good description of the relationship between current input and spiking
frequency: as the magnitude of the current increases, the time required to reach firing
threshold decreases, and therefore the spike frequency increases. The Fitzhugh-Nagumo
and Hindmarsch-Rose models are other good examples of empirical neural models [8, 30].

Another excellent example of an empirical model is the resonate-and-fire model, which



describes how neurons can respond preferentially to stimuli given during a certain phase of
their oscillation [17].

The distinct advantage of empirical models is that are relatively easy to analyze and
require little computational overhead. The disadvantage of these models is that while they
describewhata neuron does they do not expldiowa neuron does it. For example, the
integrate-and-fire model neuron would correctly predict that lowering the spike threshold
would increase the resultant spike frequency but would not be able to explain how spike
threshold could be lowered in a real neuron.

Mechanistic models which are also known as also known as physiological or paramet-
ric models, reproduce the input-output relationships of biological neurons by describing the
biophysical processes responsible for the generation of neuro-electric activity, and the be-
havior of the model derives from a neuron-like structure. They incorporate known physical
and chemical laws to describe both the activity of a neuron and the process by which the
neuron generates that activity. Mechanistic models are usually much more complex than
their empirical counterparts. They are, however, able to provide insight into the inner work-
ings of a neuron or neural system that are not possible with empirical models. Mechanistic
modeling often assumes that the biophysical structure of the neuron is important to its
function. As a result, they can not ontiescribea neuron’s behavior but algwedictthe
neuron’s behavior under altered conditions.

The standard method for mechanistic neural modeling is based on the Hodgkin-Huxley
formalism [16]. This method of mechanistic modeling describes the activation and inacti-
vation of voltage-dependent ion channels in a neuron’s membrane. lons move across the
membrane dependent upon the state of the channel and the chemical and electrical forces
upon the ion; in turn, the movement of the ions across the capacitative membrane of the
neuron changes the neuron’s membrane potential, altering the state of the ion channels.

The advantage of mechanistic modeling is that the structure and parameters of the

model correspond with physical properties of the neuron itself, and thus describe not only



what the neuron does, but aldmw the neuron does it. Continuing our spike threshold
example, increasing the density of the fast sodium current watddtesely lower spike
threshold, leading to an increase in spike frequency for a spiking neuron. Because of the
physiological approach to modeling, we know not only that lowering the spike threshold
increases firing frequency, but also how a living neuron might accomplish this feat. Fur-
thermore, because the interaction dfelient physiological processes is taken into account
we often find that modifying one parameter has a significéieceon howanotherpara-

meter dfects the system. The disadvantage of mechanistic modeling is that it generally
requires far more computational resources than a simplified empirical model. Furthermore,
the large number of equations and parameters necessary often ffeae analysis of

the model very diicult.

These two neural modeling strategies illustrate the classic trdide-modeling phys-
ical systems. The simplicity of empirical models facilitates implementation and analysis;
the accuracy of mechanistic models provides greater insight into the the form and func-
tion of living neurons. Of courseeverymodel is, at some point, a simplification of the
physical system. A modeler who studies the physical biochemistry of ion chances might
say that Hodgkin-Huxley type neural models are overly simplistic. Nonetheless, there is a
significant diterence between models that assuro@nderlying structure and models that
incorporatesomeof the known structure of neurons into their operation; and as more of the
neural structure is incroporated into the model, the model’s accuracy increases, while the
model’s simplicity decreases.

Given this trade-fd, it is not surprising that many modelers have sought to find an
approach to modelling that bridges the empirical and mechanistic strategies. The goal of
this approach is to reduce the complexity of mechanistic models while still retaining their
physiological relevance and insight into neuronal function.

One of the simplest methods to reduce neural model complexity is to eliminate con-

ductances to a smaller set that produce the desired feature or features of neural behavior.



The oscillatory Morris-Lecar model is good example of this type of model [28]. Although
Morris and Lecar originally designed their model to describe slow action potentials in the
barnacle muscle fiber, the reduced set of conductances they use has proven extremely use-
ful for describe oscillatory phenomena in small neural networks. For example, this model
has been used veryfectively to demonstrate the “escape” and “release” mechanisms re-
sponsible for creating oscillations in a two-neuron network [45]. Other techniques for
model reduction include combining several variables with similar dynamics into one vari-
able [18, 10], separating the model into fast and slow subsystems and characterizing their
interactions [3], or even replacing the fast variables with an integrate-and-fire model and
guantifying the &ects of spiking on the evolution of the slow variables [2]. All of these
methods provide a means to reduce the complexity of a model while still retaining much of

its physiological relevance.
1.2.2 Rhythmic Neural Networks and the Leech Heartbeat Timing Network

Rhythmic neurons and neural networks are characterized by the regular appearance of a par-
ticular pattern of activity. They are found in nearly all nervous systems, and are implicated
in a diverse range of behaviors and activities. Although they are critical for the formation
of locomotor actions and other movements, rhythmic pattern generating networks are also
involved in such diverse phenomena as visual processing, olfaction, memory, and sleep.
There are therefore two extremely compelling reasons to study rhythmic neural net-
works. First, their production of a sterotypic activity pattern provides a well-defined base-
line of activity. Applying a stimulus to the network often has a distirfié@ on the timing
relationship between theftierent elements of the network. Because we have a well-defined
baseline of activity and a well-defined response, we can make strong conclusions about
the relationship between the inputs and outputs of the network and how neural networks
process information. Second, the ubiquity of rhythmic neural networks across numerous

systems and species demonstrates that they are a critical component of animal life. In order
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Figure 2: The Central pattern generator for the leech heartbeat timing network. Two heart
interneurons in ganglia three and four (circles) are coupled via inhibitory synapses to form
a half-center oscillator. Coordinating interneurons from ganglia one and two (rectangles)
couple the two half-center oscillators.

to fully understand the behaviors and activities produced by these networks, it is critical to
understand the mechanisms by which oscillatory circuits function [27].

One rhythmic network that has been particularly well studied is the network that paces
the heartbeat in the medicinal leech. This network produces a pattern of activity that is rela-
tively simple; the generation of this pattern, however, relies on the interaction of numerous
complex mechanisms, both intrinsic and synaptic. The network has a very well-defined
and symmetric synaptic structure, with a few core elements that produce a rhythmic pattern
that paces the rest of the network. The central timing of this network is generated by two
elemental oscillatoren the third and fourth ganglia of the leech [14, 15]. Each elemental
oscillator is composed of twheart interneurongHN) that are connected by mutually in-
hibitory synapses. This two-cell network is generally referred toledfacenter oscillator
The two elemental oscillators are coupleddmordinating fiberghat originate from heart
interneurons in the first and second ganglia (Figure 2).

When one heart interneuron of an elemental oscillator fires, it inhibits the activity of its
partner. Mechanisms within the inhibited neuron serve to drive the neuron out from inhibi-
tion, the neuron begins firing and then inhibits the activity of the first neuron, and the cycle

repeats [1]. Thus, the neurons fiverstsof spiking activity separated by periods of silence.
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Numerous intrinsic currents within the heart interneurons serve to determine the structure
of the bursts . In particular, a hyperpolarization-activated inward curtgndnd a slow
calcium current]c,s appear to interact to determine the period and duty cycle of bursting.
I, determinines the frequency of inhibitory stimuli from which an inhibited neuron can es-
cape;lcas of the opposing cell, however, determines the time course of inhibitory stimuli
[14]. In simpler terms];, determines the dynamics of the inhibited phase of activity, while
lcasdetermines the dynamics of the active phase of activity.

The well-defined synaptic structure of the leech heartbeat timing network makes it ideal
both for circuit analysis and for the creation of biologically realistic hybrid systems. Ap-
plication of the pharmocological agent bicuculline blocks the inhibitory synapses in the
network, dfectively isolating individual neurons from all other neuronal activity. This fa-
cilitates the creation of a hybrid oscillator in which one of the neurons of the elemental

oscillator is replaced by a model neuron.
1.2.3 Hybrid Neural-Microelectronic Systems

Modeling and experimentation have been viewed traditionally as separate, albeit comple-
mentary, fields. Data from neural models suggest new experimental directions; experi-
ments, in turn, suggest refinements to the models.

Advances in technology, however, have led to the creation of models that operate in real
time: the input given to the model is represented in the output of the model with a minimal
delay. These real-time models can therefore perform an active role in an experiment. In
such experiments, the features of the model — high degree of controllability, access to
internal states, well-defined structure — can be used to investigate or control the neural
system in ways that are impossible through traditional techniques. The neural system, on
the other hand, provides a level of physical realism and complexity that modeling can not
accomplish. Thus, a “hybrid” system is created that draws from the strengths of both the

model and the physical system.
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As described earlier, neuronal modeling is a diverse field, with maftgrdnt types of
models used investigatingftkrent phenomena. Given the diversity in both biology and
biological modeling, it is not surprising that the development hybrid systems has taken
many diferent directions.

In one of the first hybrid systems, four interconnected analog oscillator circuits were
coupled to each other and to a single neuron from the mamallian inferior olive [48]. Oscil-
lations in this hybrid network were triggered by a stimulus to either the neuron or one of
the analog oscillators. These oscillations were sustained with activation of a low-threshold
calcium current in the olivary neuron. This approach illustrates one of the primary strate-
gies for building hybrid systems. With this approach, a relatively simple empirical model
component is designed to reproduce some dynamical feature of the neuronal system'’s be-
havior. This approach is useful because a simplified modeling paradigm facilitates the
investigation of the dynamical properties of the system. In this approach, precise physio-
logic modeling is neither required nor desired, as the complexity introduced by modeling
physiological processes would hinder analysis of the system. This approach has shown
that realistic activity can be generated between non-physiologic models and living neurons
[40, 47].

A different strategy for building hybrid systems was made possible by the development
of the dynamic clamp, a technique for creating computer-generated physiologic conduc-
tances in living neurons [41]. Shortly after the development of the dynamic clamp, a hybrid
system was created wherein a Hodgkin-Huxley type model LP cell was introduced into the
stomatogastric ganglion network of the crab [38]. In this system, it was shown that increas-
ing the strength of model ionic currents could alter the behavior of the hybrid network. In
further studies this network was used to investigate how both synaptic and cellular con-
ductances contribute to network behavior [20]. This approach relies on physiology-based
modeling paradigms, such as the Hodgkin-Huxley approach. While such systems are osten-

sibly more dificult to work with and harder to analyze, the advantage is that the physiologic
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nature of the modeled system can be used to understand the mechanisms by which neuronal
systems generate activity. This approach has been used extensively in recent years to inves-
tigate network activity in the stomatogastric ganglion, the leech heartbeat timing network,
the thalamus, and the spinal cord [21, 6, 29, 26, 44].

Another, less significant, division within the field of hybrid systems is the choice of
model implementation technology. Most hybrid systems have been constructed with digi-
tal microprocessors or digital signal processors as the implementation architecture for the
neural model. Several other systems, however, have been implemented by using analog
solutions, either discrete or integrated analog circuits. Each metfiext several advan-
tages and disadvantages. As a general rule, digital systems are easier to implement, and
more flexible; however, they consume large amounts of power and often require much
overhead in order to obtain real-time operation. Alternatively, analog systems possess the
characteristics of automatic real-time operation and low power consumption, although they
are usually more diicult to implement and characterize and are less flexible than digital
systems [25, 33, 34, 7].

Ultimately, the choice of implementation technology is less important to the behavior
of the hybrid network than the underlying structure of the model, and should be chosen
based on the requirements of the particular project.

Hybrid neural systems have generally remained relatively small in scope. That is, they
have involved only a few model neurons and a few living neurons. This is due to the
limitations of both neural interfacing techniques and simulation methods. However, as
both the technology for emulating networks and the technology simultaneously recording
and stimulating from neurons improves we can expect hybrid neural networks to grow in
both scale and complexity. Early signs of this trend are currently evident in projects that
use microelectrode arrays to interface engineered systems to cultures of living neurons [35].
As the scale of these systems grows, we can expect that the complexity of the systems will

grow as well. It is therefore important to assess how much computational complexity is
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required in order to produce useful interactions with the nervous system.
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CHAPTER II

HYBRID SYSTEMS DEVELOPMENT

This chapter presents our initial studies in developing hybrid systems composed of model
neurons and living neurons. Our goal with these experiments was to demonstrate that we
could generate biologically realistic activity with a hybrid system, and use the properties
of the model to reveal the functional role of an ionic current [46]. Our interest in the
consequences of model complexity grew out of these experiments.

The hybrid system used in these experiments is composed of a single leech heart in-
terneuron and an analog circuit based "silicon neuron” connected by inhibitory synapses.
The rhythmic activity produced by this hybrid half-center oscillator is qualitatively similar
both to the activity of the rhythmic network in the leech, and to the activity of a mathemat-
ical model half-center oscillator.

We focused our studies on investigating the functional role of the hyperpolarization-
activated inward current;, on the oscillations produced by the network. We focused our
studies only, because it has been implicated in the generation of rhythmic activity in nu-
merous vertebrate and invertebrate systems [32, 42, 23, 39]. By inducing charmgges in
the maximal conductance &f, we show thafy, determines both the period of the oscil-
lations and the balance of activity between the two neurons in the network. Moreover, we
demonstrate that the model neuron is iedive replacement for a heart interneuron, and
that changes made in the model can accurately mimic similar changes made in the living
system. We also used a previously developed mathematical model the half-center oscilla-
tor to corroborate our findings. Our results demonstrate that this hybrid system technique
is advantageous for investigating neuronal properties that are inaccessible with traditional

techniques.
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Figure 3: Schematic of hybrid half-center oscillator. A heart interneurons (HN) in the
leech ganglia is pharmacologically isolated with bicuculline and impaled with a sharp mi-
croelectrode. \oltageurrent-clamp amplifiers were used to record voltages and inject
current into both the heart interneuron and the silicon neuron (HN). The dynamic clamp
creates real-time model synaptic currents that couple the heart interneuron and silicon neu-
ron.

2.1 Materials and Methods

The hybrid system used in these experiments consists of three components: the heart in-
terneuron (HN), the silicon neuron (SiN), and the dynamic clamp (Figure 3). The specific

methods used to create this hybrid system are described below.
2.1.1 Leech Heart Interneurons

Leechesliirudo medicinali$ were obtained from a supplier (Leeches USA, Westbury, NY
and Biopharm, NC) and maintained in artificial pond watesC. The animals were
anesthetized in ice-cold saline, and midbody segmental ganglia three and four were each
isolated and pinned ventral-side-up in Petri dishes lined with Sylgard (bath volume 0.5
ml). The methods for preparing and maintaining leech ganglia and for identifying heart in-

terneurons for electrophysiological recording are described elsewhere [31]. The ganglionic
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sheath over the cell bodies was removed with fine microscissors or scalpels.

Ganglia were superfused continuously with normal leech saline containing (in mM):
115 NaCl, 4 KClI, 1.8CaC}, 10 glucose, 10 HEPES fier, pH adjusted to 7.4 using 2 M
NaOH. Heart interneurons were isolated pharmacologically @#k10* M bicuculline
methiodide (Sigma, St. Louis, MO) added to normal saline. In some experimehtsiva
concentration of CsCl was added to the saline to blgck

Heart interneurons were penetrated with sharp microelectrodes made from borosilicate
glass tubes (A-M Systems) 1 mm outer diameter, 0.75 mm inner diameter and filled with 4
M potassium acetate with 20 mM KCI. Microelectrode resistance was 250 Mem-
brane potential recording and current injection were performed using an Axoclamp 2A
electrophysiology amplifier (Axon Instruments, Foster City, CA). All hybrid systems ex-
periments were performed using discontinuous current clamp (DCC) mode. DCC sample
rates were between 2.5 and 3 kHz. The electrode potential was monitored by an oscillo-
scope to ensure that it settled between current injection cycles. The input resifahce (
of the neurons was measured by injecting several short pulses of inhibitory current; only

neurons withR,, > 60MQ were accepted for hybrid experiments.
2.1.2 The Silicon Neuron Model

The silicon neuron was fabricated through an integrated-circuit brokerage service in the
AMI 1.2um process (MOSIS, Marina del Rey, CA). It was designed to produce electri-
cal activity similar to a leech heart interneuron by emulating its major ionic currents with a
Hodgkin-Huxley-like formalism [16, 43]. The silicon neuron provides emulation of several
ionic currents: a passive leak currégty, fast sodium currenty,, a fast inactivating potas-
sium currentk,, a persistent potassium curreht, persistent sodium currety, slowly
inactivating low-threshold calcium curreht,s and a hyperpolarization-activated inward
current,l,,. Parameter values of the silicon neuron were set using 16-bit, 4-channel digital

to analog converters (Analog Devices, Inc., Norwood, MA). Digital to analog converters
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were interfaced to a PC via PIC microcontrollers (Microchip, Inc., Chandler, AZ). A user
interface and software to communicate with PIC microcontrollers was written with the
Java programming language (Sun Microsystems, Santa Clara, CA). Membrane potential
measurement of and current injection into the silicon neuron were accomplished by direct
connection to the headstages of an Axoclamp-2A electrophysiology amplifier (Axon In-
struments, Union City, CA). State variables were measured through a current preamplifier
(Stanford Research System, Sunnyvale, CA).

The architecture of the silicon neuron was based on a previously published mathemat-
ical model of a heart interneuron [14]. There are three notaltferdnces between the
silicon neuron and this mathematical model. First, the silicon neuron does not emulate the
potassium currenlx,, or the fast calcium currert,r. Second, there is no exponential
power (other than 1) applied to the state variables of the silicon neuron. Third, the time
constants of the silicon neuron are single-valued parameters, instead of voltage-dependent

functions.
2.1.3 Dynamic Clamp

Dynamic clamp was used to implement artificial synaptic conductances between the silicon
neuron and an intracellularly recorded oscillator heart interneuron [5]. Dynamic clamp

synapses were implemented according the following equations [4]:

ISyn = §SanpostMposl(Vpost_ ESyn) (1)

deost _ Xpost_ Ypost

= 2
dt T2 ( )
dxpost _ Moo(vpl’e) - Ileost (3)
dt 0.2
1
Xeo(Vpre) = 1 + e 1000Uper O1) 4)
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d Mpost _ Xoo(vpre) - xpost

5
dt T1 ( )
0.9
Moo (Vpre) = 0.1 + 1 + & 1000Vprer0%) (6)
wherer; = .002s, 1, = .011s,gsyn = 500nS, andEsy, = —0.062V.
Dynamic clamp, was implemented as follows:
Ih = OhM(Vin — En) (7)
M, Moh —NMh
_n_=h h 8
dt T, ®
1
Mo (Vim) = 1 + ©l80Vm+047) | 500Wm+.047) (9)
1.7
Tm, = 0.7+ (20)

1+ e—lOO(\/m+.073)
whereE;, = —-.02 V.
All dynamic clamp calculations were performed on a dedicated real-time signal process-

ing controller board (DS1104, DSPACE, Detroit, Ml).
2.1.4 Data Acquisition and Analysis

All experimental data were digitized and stored using pCLAMP software (Axon Instru-
ments, Union City, CA). For both hybrid experiments and mathematical modeling, analysis
of burst characteristics were performettine with scripts written in Matlab (MathWorks,
Natick, MA).

Action potentials (spikes) were detected by determining when the membrane potential

rose and then fell across a threshold of -20mV. If this sequence of two crossings occurred
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within a time window of .001 s, the event was taken to be spurious due to noise or digitiza-
tion and discarded. All other such events were considered to be spikes.

The time of occurrence of the spike was taken as the time when the maximum mem-
brane potential was reached. For all detected spikes in a continuous record, the mean and
standard deviation of the inter-spike interval (ISI) was calculated. ISIs greater than 0.5
sec were used to mark the end of one burst and the beginning of the next burst, however
when three successive ISIs were greater than 0.5 sec, the middle spike was considered to
be spurious and was discarded. All ISIs within a burst had values within the mean ISI
two standard deviations. We verified this method manually for 630 sec of recorded data
and it was found to be highly accurate for detecting both spikes and bursts of spikes.

At least 8 burst cycles were detected and analyzed per experimental trial. For each
experimental trial, cycle period, burst duration, duration of the inhibited phase, and final
spike frequency at burst transition was calculated. Burst period was calculated as the time
between the median spike of one burst and the median spike of the next burst. Determin-
ing cycle period in this fashion minimizes period variability due to spurious spikes at the
beginning and end of a burst. Burst duration was calculated as the time between the first
and last spike of a burst of spikes. Duration of the inhibited phase was calculated as the
time between the last spike of a burst and the first spike of the next burst. The final spike
frequency was defined as the instantaneous spike frequency for the last two spikes of a
burst.

In experiments where the maximal conductancé,ofvas varied directly in the sili-
con neuron or in the heart interneuron with dynamic clamp, we measured the activation
variable,m,, and determined the percent of the inhibited phase at which it first reached it
maximal value. For heart interneurons, even whewas set to zero or a negative value in
dynamic clampm, was calculated and this point of maximal activation was determined to
estimate when endogenolysvould activate.

Values reported here are the mean and standard deviation across experiments, except
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as indicated. Statistical significance was assessed by performing a one-way ANOVA and a
multiple comparison of means using the Bonferroni t-test. Af€wbp = 0.05was used

to evaluate statistical significance.

2.2 The Hybrid Half-Center Oscillator

We discovered after several trials that cell input resistaRgg éfter sharp electrode pen-
etration was critical to the success of establishing rhythmic bursting in the hybrid system.
Poorly penetrated heart interneuroRg, < 60MQ , fired at a high frequency and dominated

the silicon neuron in the hybrid half-center. Moreover, the low input resistance resulted in
a fast membrane time constant and therefore poor synaptic integration. We thereby decided
to accept only cells witR;, > 60MQ for the experiments described here.

To determine appropriate synaptic strength for hybrid oscillations, the maximal synap-
tic conductancegsyn, for both artificial synapses was varied between 0 nS and 625 nS in
twelve equal steps for four separate preparations. When isolgégd= 0) both the sili-
con neuron and heart interneuron fired tonically (Figure 4A). For low values of synaptic
conductance, the two neurons continued to fire tonically, with occasional lapses in activ-
ity (Figure 4B). Once dfficient synaptic strength had been reached, the neurons began
alternating oscillations (Figure 4C). Once stable oscillations were established, their period
varied little with increasingsy, (Figure 4D). The oscillations observed@y, = 511 nS
were regular; the cdicient of variation of the period ranged from 3.7% to 11.5% with a
mean of 6.8% for the four preparations shown. We selected 500nS as the canonical value
of gsyn for all further experiments.

Using canonical parameters for the silicon neuron and g4jhset at 500nS, rhythmic
antiphasic bursting was obtained with all heart interneurons WRgre 60MQ. To initiate
antiphasic bursting, the synapses were activated by moving their maximal conductances
from 0 to 500 nS (Figure 5). Activating the synapses caused one of the neurons to be

inhibited while the other continued to fire tonically. Once a neuron was inhibitedi, its
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Figure 4: Variation of gsyn in hybrid half-center oscillator.A. In isolation, both the
heart interneuron (HN, black) and silicon neuron (SiN, red) are tonically filB\g/Meak

synapses will cause occasional inhibition, but not half-center oscillaorsynapses of
suficient strength cause sustained half-center oscillatiBng€hanges irgsy, do not sig-

nificantly alter the period of half-center oscillations.
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Figure 5: Strong artificial inhibitory synapses cause an immediate transition from tonic
firing to rhythmic bursting in a hybrid half-center oscillator. Membrane potentig),(
synaptic currentlg,), and h-current conductancey)) are shown for the silicon neuron
(SiN, red) and the heart interneuron (HN, black). The vertical dashed line indicates the
time at which the dynamic clamp was activated to enable the mutual inhibitory synapses.
When one of the neurons is inhibited, iigactivates, driving it back toward the firing
threshold. Once it begins to fire, the other neuron is inhibited,,itctivates, driving it

back toward firing threshold so that it inhibits the first neuron, and the cycle repeats.
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Figure 6: Comparison of biological and hybrid half-center oscillat@gsBiological half-

center oscillatorB. Hybrid half-center oscillator. Membrane potential of the silicon neuron
is shown in red. Membrane potential of the biological neuron is shown in black.
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activated; meanwhile, the spike rate of the active neuron rapidly increased and then slowly
decreased due to the activation and subsequent inactivatibiaofOnce the spike rate

in the active neuron was low enough, the inhibited neuron escaped from inhibition and

began firing, inhibiting the other neuron. This process then repeated, resulting in antiphasic

bursting that was similar to that observed in the biological oscillator (Figure 6).
2.2.1 Unilateral Variation of g, in the Silicon Neuron

To assess experimentally th&exts of varyinggy, of the silicon neuron (SiNy,), we es-
tablished rhythmic antiphasic bursting between the silicon neuron and an isolated heart
interneuron. In five separate experimental preparations, we varied,Sitdm 0 to 8 nS

in increments of 2 nS (canonical S = 4 nS). At each interval we assessed the cycle
period, the burst duration, and the final spike frequency for each neuron. Typical activity is
shown in Figure 7, and results are summarized in Figure 8.

With canonical parameter values, the cycle period Wast 0.4 s. This period is is
considerably shorter than both the average period observed in the biological system and
the period of the mathematical model mathematical model (8.8s and 8.6s, respectively),
although the period is close to the low end of the range observed in the biological system
(6.4s) [4]. There are several possible factors that might explain tHesreince. For ex-
ample, sharp microelectrode penetration of the heart interneuron causes a decrease in the
membrane time constant, reducing thifgoacy of spike-mediated synaptic transmission.
Limitations in the silicon neuron, such as the lack of voltage-dependent time constants, or
in the dynamic clamp synapses, such as the lack of graded synaptic transmission, could
also play a role.

With increasing SiNgy, the oscillator cycle period decreased (Figure 8A); there was a
statistically significant #ect of varying SiNg;, on the period of the system. With complete
removal ofly, (SiN g, = 0), the silicon neuron was not always able to escape from inhibi-

tion (n= 2); in the cases where it was able to escape3jnthe cycle period was greatly
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Figure 7: Half-center oscillator activity with variation dj, in SIN. Membrane potential
traces for SiN (red) and HN (bluely, for the silicon neuron is shown in black above the
SiN membrane potential trace. Asterisks indicate whgmneaches its maximal level of
activation.A. SiNg, = 2nS.B. SiNg, =4nS.C. SiNg, = 8nS.
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elongated13.3+1.8s). When SiNg, is varied, the change in the cycle period of the hybrid
half-center oscillator is largely accounted for by the change in the duration of the inhibited
phase of the silicon neuron.

In this hybrid half-center oscillator, the duration of the inhibited phase of one cell is
approximately equal to the burst duration of the opposing cell. With canonical parameters,
the burst duration of the silicon neuron and the burst duration of the heart interneuron were
similar 2.5+ 0.5s and2.2+ 0.2 s, respectively). With increasing Si\ the burst duration
of the heart interneuron decreased, corresponding to a decrease in the inhibited phase of
the silicon neuron (Figure 8B). The final spike frequency of the heart interneuron also
increased (Figure 8D). There was a statistically significéieceof varying SiNg, on the

burst duration and final spike frequency of the heart interneuron but no app#iesttosn
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these characteristics in the silicon neuron. The absence of a significant change in the burst
duration of the silicon neuron indicates that variations in §iNselectively influence the
inhibited phase of the oscillation. The increase in the final spike frequency of the heart
interneuron indicates that with a highgythe silicon neuron is able to overcome a higher
frequency of inhibition from the heart interneuron and escape into its burst. Variations in
SiN gy, thereby change the balance of oscillations; with higher values ofyStNe silicon

neuron has an increased duty cycle, and with lower values ofj$tNe heart interneuron

has an increased duty cycle.

With canonical parameters, the final spike frequency is noticeably higher for the silicon
neuron than for the heart interneuron; the heart interneuron is generally able to escape from
a higher frequency of inhibition. This fiierence is most likely due to theffirence in
membrane time constants and input resistance, which determindittaey of dynamic-
clamp synaptic currents in altering membrane potential.

At low values of SiNg, the time point during the inhibited phase of the burst cycle
at which | attained it maximal level of activation was well before the burst transition
occurred. We expressed this time point as a percent of the inhibited phase. This observation
indicates that the silicon neuron was "waiting" for a decrease in the inhibition it receives
from the heart interneuron before it could begin firing. Therefore, the dynamics of spike
frequency adaptation in the heart interneuron were determining the duration of the inhibited
phase of the silicon neuron rather than the dynamids attivation. As SiNg;, increased,

I attained its maximal level of activation at relatively later and later time points in the
inhibited phase. The absolute amount of time necessary to attain maximal activation was
nearly invariant but this maximal activation occurred at a greater percent of the inhibited
phase. At high values of Silg,, I, attained it maximal level of activation practically at

the end of the inhibited phase. This observation indicates that at high values gf il
dynamics ofl,, activation were determining the duration of the inhibited phase of the silicon

neuron rather than the dynamics of spike frequency adaptation in the heart interneuron.
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2.2.2 Unilateral Variation of g, in the Heart Interneuron

To vary the strength df, in the heart interneuron, we used dynamic clamp to create a model
I, which could be used in conjunction with the endogengws the heart interneuron. By
setting the maximal conductance of the dynamic clampiN gy, to be greater than zero,

we added to the endogenolys We subtracted from the endogendgby setting HNgj, to
negative values. Subtractingin excess of theféective endogenoul, created a positive
feedback system, driving the cell to an extremely hyperpolarized state. Several cells were
tested, and it was found that an artificial maximal conductance of -16 nS would almost
always cause this undesirable condition to occur, but -12 nS would not; -12 nS was there-
fore chosen as the maximal "negative conductance". Furthermore, the heart interneuron
required a larger variation ih, than did the silicon neuron to observe simildieets, so

HN g, was varied over a larger range than in the case for the silicon neuron.

In five experiments, hybrid oscillations were established and HN was varied between
-12 nS and+16 nS. SiNg, was kept constant at the canonical value of 4nS. Typical activity
for different levels of HNg;, is shown in Figure 9. With no addition or subtraction to the
endogenous, (HN g, = 0 nS), the cycle period of the hybrid oscillator wag4 + 0.6 s,
and the burst duration of the silicon neur@il(+ 0.3 s) was similar to the burst duration
of the heart interneuror22 + 0.4 s). With increasing HNpy, the period of the system
decreased (Figure 10A); there was a statistically significieceof varying HNg, on
period. Moreover, with increasing Hey, the burst duration of the silicon neuron decreased,
corresponding to a decrease in the inhibited phase of the heart interneuron, and the final
spike frequency of the silicon neuron increased (Figure 10B-C). There was a statistically
significant €fect of varying HNgy, on the burst duration of the silicon neuron, but tiffeet
on final spike frequency of the silicon neuron was not statistically signifiqgart 0.08).

There was no apparenffect of varying HNg, on burst duration or final spike frequency
in the heart interneuron.

As observed when varying Sify},, the change in period when varying HIN was due
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to a change in the duration of the inhibited phase of the modified neuron. The duration
of the inhibited phase of the heart interneuron, which is equivalent to the burst duration of
the silicon neuron, decreased, while the burst duration of the heart interneuron remained
relatively constant. These results are remarkably similar to the case wheg, SiNas
varied; increasing HNj, causedy, to attain its maximal level of activation at a relatively
later point of the inactive phase of the burst cycle. Although tfexehere is not as striking
as in the SiNg;, case, it is still apparent.

In six additional experiments, we blocked the endogerigud the heart interneuron
with 2mM Cs+ and the dynamic clamp was then used to reintroduce a completely artificial
I into the heart interneuron. HY}, was then varied from OnS to 32 nS in 8 nS increments.
Typical activity for diferent levels of HNg, is shown in (Figure 11). As observed in the
other experiments whemg, was varied, increasing HNy,, decreased the cycle period of
the system (Figure 12A); there was a statistically significéfiece of varying HNgy, on the
period. Moreover, with increasing Hey, the burst duration of the silicon neuron decreased,
corresponding to a decrease in the inhibited phase of the heart interneuron, and the final
spike frequency of the silicon neuron increased (Figure 12B-C). There was a statistically
significant d€fect of varying HNg, on the burst duration and final spike frequency of the
silicon neuron but no apparenffect on these characteristics in the heart interneuron. As
in the previous experiments, the change in period was due to a change in the duration of
the inhibited phase of the modified neuron (Figure 13D). IncreasinggkiBlso led to
an increase in the percent of the inhibited phase at whj&itained it maximal level of
activation in the heart interneuron (Figure 13C), which was very similar to vghavas
varied in the silicon neuron.

The remarkable similarity in results wheg was varied in the silicon neuron and the
living heart interneuron, both with endogendygresent and when it was blocked by+Cs
demonstrates that the dynamics of dynamic cldggore compatible with the intrinsic cur-

rents in the living neuron and thitserves a similar function in both the heart interneuron
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and the silicon neuron.

2.3 Comparison with Mathematical Modeling

To corroborate our results from the hybrid systems analysis, we investigatefiebis ef
unilateral variation in a mathematical model of a leech heartbeat half-center oscillator. This
additional mathematical modeling of the half-center oscillator was performed in the GEN-
ESIS simulation environment (freely available frdmtp;Avww.genesis-sim.ofg running

under Mandrake Linux v8.1. The model half-center oscillator consisted of two single-
compartment heart interneurons connected by inhibitory synapsé®rditial equations

were integrated using the exponential Euler method with a time stéf6fs. For each
simulation, the model was run for 100 s to allow the activity to settle, and then 400 sec of
data were recorded. Details of the model structure and simulation parameters are found in
Hill et al. [14].

Previous modeling studies indicated tlgatdetermines the final spike frequency, the
firing frequency at which a heart interneuron escapes the inhibition of the other neuron in
the half-center oscillator. However, these studies investigated onlyffihetseof bilateral
variation of parameters not the unilateral variations that we employed in our hybrid systems
analysis. We varied, of one model neuron of a model half-center oscillator from 0 to 8
nS (4 nS canonical) in 0.5 nS increments. We then assessed the resultant activity for cycle
period, burst duration, duration of the inhibited phase, and final spike frequency.

Unilateral variation ofg, in the model revealedfiects similar to those observed in
the hybrid system. Increasing, unilaterally resulted in a decrease in the burst dura-
tion of the unmodified (constant) model cell corresponding to a decrease in the duration
of the inactive phase of the modified model neuron (Figure 14A). The burst duration of
the modified model neuron, however, exhibited virtually no change. This selectivity for
influencing the inactive phase of the burst was not apparent when was varied bilaterally

(Figure 14B, inset). Final spike frequency increased nearly linearly for the constant model
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neuron but remained constant for the varied model neuron (Figure 14C). The changes in
final spike frequency in the unmodified model neuron for unilateral variatiam obrre-
sponded closely to the changes in final spike frequency observed for symmetric variation of
on (Figure 14C, inset)). These modeling results for asymmetric variation of further support
the hypothesis developed from symmetric variatiorgpfn the model and from our hy-
brid system analysis thaj, sets the final spike frequency from which an inhibited neuron
escapes.

Finally, the changes in cycle period of the model half-center oscillator observed under
bilateral and unilateral variation of are qualitatively very similar (Figure 15). Essentially,

the change in period for a bilateral chang@jins double that for a unilateral changegn

2.4 Discussion

These experiments provide three findings that are important for the rest of this thesis. First,
they demonstrate that biologically realistic activity can be generated using a hybrid oscilla-
tor. Second, they demonstrate that the parameters of the model can be used to manipulate
the output of the hybrid network. Third, they demonstrate that a hybrid system built from

a reduced model can produce results that are very similar to the predictions of a complex

mathematical model.
2.4.1 Functional role ofly in the Hybrid Half-Center Oscillator

We investigated the role of the hyperpolarization-activated inward curkgnty rhythm
generation and the control of period and burst duration. We varied the maximal conduc-
tance ofly, gy, in the silicon neuron and, by using dynamic clamp, in the heart interneuron,
both with endogenous present and with endogenolgdlocked. In all three of these stud-

ies, Increasingy, increased the firing frequency of the active (unvaried) neuron at which
the inhibited (varied) neuron escaped from inhibition. As a result, increagidgcreased

the duration of the inhibited phase in the varied neuron, and decreased the cycle period.
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Previous modeling and physiological studies have indicated tleederts an important
control on period in heart interneuron half-center oscillators [31, 14]. By making unilat-
eral changes in this analysis, we have supplemented the previous work to demonstrate the
selectivity ofly, in controlling the inhibited phase of the heart interneuron burst cycle. In
both the mathematical model and the hybrid system, modulatidp lmf g,, substantially
effects the duration of the inhibited phase of the oscillation, with little orffecéon burst
duration of the varied neuron. Thus, in addition to its role as a period regulatam also
alter the balance of activity in a half-center oscillator. Our results are consistent with other
investigations into the functional role bf, which demonstrated that increasipglecreases
cycle period and increases the duty cycle of modified cell [24]. Because leech heartbeat
half-center oscillators always produce equally balanced rhythmic oscillations, any modu-
latory process which acts am would either have to either act bilaterally or additionally
effect some other property in order to maintain an appropriate balance of activity.

These results demonstrate that the hybrid systems technique is useful for investigating
the role of neuronal properties in the generation of neural activity. The accessibility of
the model provides a degree of control that is not possible with traditional experimental

methodologies; the neural component, however, provides a level of realism and relevance
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greater than with modeling alone.
2.4.2 Validity of the Hybrid Neural Network

For several years, numerousats have been made to construct hybrid networks for neu-
ronal network investigations. The goal of such investigations has been to use the control-
lability and well-defined structure of a model to better understand neuronal function, while
still retaining the realism provided by living neurons. In general, thé&&ets have taken

two different approaches. The first approach has employed non-physiological models, such
as nonlinear oscillators or phenomenological model neurons, coupled to a neuron or a neu-
ronal network [48, 47]. The relative simplicity of these models facilitates the study of
dynamical properties; such study is extremelRicult with more complicated models. The
second approach has been to use physiologically realistic, conductance-based model neu-
rons. This approach facilitates the investigation of both the mechanisms by which activity
is produced and the functional role ofidirent conductances [38, 20, 29, 26, 21, 6].

Our hybrid system used an analog silicon neuron that implemented a realistic conductance-
based model based on the Hodgkin-Huxley formalism [16, 43]. This mechanistic approach
to modeling was necessary because we were interested in studying how intrinsic ionic cur-
rents contribute to generating rhythmic oscillatory activity. When the tonically firing model
neuron and tonically firing biological neuron were coupled with inhibitory synapses using
dynamic clamp, they produced alternating rhythmic bursting. This transformation in ac-
tivity is analogous to results observed when inhibitory synaptic transmission is reversibly
blocked in heart interneurons recorded by sharp microelectrode penetration [4].

The oscillations produced by our hybrid system were qualitatively similar to those ob-
served in the living heart interneuron half-center oscillator. We demonstrated that alter-
ations ofg, in the silicon neuron and heart interneuron produced simifacts on cycle pe-
riod, burst duration, and escape frequency. This demonstration of symmetry in observed ef-

fects between the model neuron and the heart interneuron indicates that conclusions drawn
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from the model can be applied confidently to the living system.
2.4.3 Reduced Models in Hybrid Systems

The silicon neuron used in these experiments is a reduced version of a physiologically
realistic mathematical model of a heart interneuron. As compared to the mathematical
model, the silicon neuron implemented a reduced set of ionic currents, the time constants
of the silicon neuron were single-value parameters rather than voltage-dependent functions,
and the state variables were not raised to powers.

In spite of the reduced nature of the model, however, the results produced by experi-
ments with the hybrid system were very similar to the results observed in simulations with
the more complex mathematical model. The one promindférdnce was that the hybrid
system oscillated at a substantially shorter period than the mathematical modélethe e
of g, on period, burst duration, and escape frequency, however, were the same in both the
hybrid system and in the mathematical model.

It appears, therefore, that the functiongafwas not #ected by the reduced nature of
the silicon neuron. This finding led us to question the functional consequences of model

complexity in hybrid systems.
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CHAPTER Il

REDUCTION OF THE HN MODEL

In the previous chapter, we demonstrated our ability to generate realistic half-center oscilla-
tions with a hybrid system, and we demonstrated how these oscillations could be controlled
through the parameters of the model neuron. Our ultimate goal is to evaluate how model
complexity contributes to the performance of such hybrid systems. In order to address this
goal, we must first create a series of reduced models based on the heart interneuron.

We begin with a previously developed mechanistic model of the leech heartbeat in-
terneuron, referred to hereafter as the FULL model [14]. We then use a variety of model
reduction techniques to eliminate state variables and ionic currents in this model, creating
a simplified mechanistic model referred to as the R1 model. In the next reduction stage,
we will replace the Hodgkin-Huxley style spiking mechanisms with integrate-and-fire type
dynamics, creating a model with both mechanistic and empirical components, referred to
as the R2 model. In the final reduction stage, we will replace several active ionic currents
with a passive current; this final model is referred to as the R3 model.

In the following chapters, we will evaluate the robustness and flexibility of these re-
duced models in model half-center oscillators. We will then validate our reduced models
using hybrid half-center oscillators. These studies will produce both an understanding of
how model complexity contributes to the robustness and flexibility of model systems and

an understanding of how well our reduced models predict the behavior of hybrid systems.

3.1 FPGA Implementation of Neuronal Models

Before reducing our model, we must consider our simulation platform. The silicon neuron

used in Chapter 2 is not afffective platform for evaluating model reduction. Although the
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silicon neuron provides control over a model's parameters, it does not provide control over
the model’s structure. Utilizing the silicon neuron would therefore allow only specific kinds

of reduction techniques. For example, while a particular state variable could be eliminated
from the model by adjusting its parameters, a more structural change, such as replacing
Hodgkin-Huxley style dynamics with integrate-and-fire type dynamics, would be very dif-
ficult. Although diferent circuits could implement structurallyfidirent models, the long
fabrication time makes this strategy rather onerous. Additionally, the silicon neuron’s real-
time performance can be a hinderance in modeling; platforms capable of running a given
model faster than real-time provide a distinct advantage when investigating the parameter
space of a model.

In order to address these deficiencies with the silicon neuron, we implemented our
neuron models on a field-programmable gate array (FPGA). The FPGA provides several
distinct advantages over the silicon neuron: the model structure can be easily altered, the
time required to physically implement a given model design is minimal, and FPGAs are
capable of incredibly fast running speeds [13, 12]. We will describe here the basics of
modeling neurons on FPGASs, and provide the specifics of our FPGA-based neuronal model

design.
3.1.1 FPGAs

FPGAs are programmable digital logic devices. In their simplest form, FPGAs consist of
two elements: logic cells and interconnects. The logic cells are small circuits consisting
of a small look-up table, binary logic gates, and flip-flops. The interconnects consist of
wires and multiplexors placed around the logic cells; they alldfec@nt logic cells to be
hooked up to each other, and also allow communication with devices outside of the FPGA.
Although the functionality of a single logic cell is quite limited, when several logic cells are
hooked together they are capable of implementing much more complicated functions, such

as counters, adders, or multipliers. Because a single FPGA device can contain millions of
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logic cells, an FPGA is capable of extremely complex functionality. Furthermore, advanced
FPGAs contain additional logic elements, such as block RAM or dedicated multipliers,
augmenting the capabilities of an FPGA even further.

The user of an FPGA creates a description of the desired function of the FPGA either
by using a hardware description language (such as VHDL or Verilog), or by designing a
logic schematic. Computer software is then used to turn the code or schematic into a binary
file that can be downloaded to the FPGA. This binary file defines how the the logic cells
are interconnected to each other, and how the communicate with external devices. Once
this binary description has been downloaded to the FPGA, the FPGA will implement the

described logic as long as the device remains powered.
3.1.2 Modeling Neurons on FPGAs

There are several importanttidirences between FPGAs and digital computers to consider
when modeling neurons on FPGASs. The first majdfedence is that FPGAs utilize fixed-
point representation for all numbers, rather than floating-point representation. ffars di
ence means that the model must be analyzed ahead of time in order to determine how much
precision is needed for each signal or parameter within the model.

For example, consider the following equation describing an ionic current in a Hodgkin-

Huxley style model:

lion = gonnfonhion(vm - Eion) (11)

We then make the following assumptions: The membrane potentiatanges from
—80 to +20 mV, and requires a resolution of at least .1 mV. The reversal potdatial
will be -20 mV, requires similar resolution to the membrane potential. The state variables
Mon and hig, range from 0 to 1, and require resolution of at least .001. The maximal
conductancegi,n, Will be varied from 20 to 200 nS, with a resolution of 0.25 nS. The

current,lion, would therefore be expected to range from -12 to 8 nA.
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If SI units are used to represent these signals in Volts, Siemens, and Amps, the voltage
signals would require 15 bits (including the sign bit), the state variables would require 10
bits, and the maximal conductance would require 32 bits. If we wish to resolve the current
to .01 nA, we would require 38 bits of precision. If we utilize non-SlI units (mV, nS, nA),
however, we can obtain similar resolution using 12 bits for the voltage signals, 10 bits for
the maximal conductance, and 12 bits for the current (the state variables are unitless, and
therefore their requirement is unchanged). By changing the units of our signals, we have
conserved FPGA resources without losing any numerical resolution.

The second factor to consider when implementing a neuron model on an FPGA is that
certain mathematical operations — namely exponential functions and divisions — are ex-
tremely resource intensive. When such resource-intensive functions are required by the
model, it is necessary to utilize look-up tables stored in memory to implement the function.

For example, the steady-state activation function

1

M = 1 V)

(12)

would be extraordinarily diicult to implement using standard logic elements. How-
ever, if the parametesandb are known, the signal,,, can easily be turned into an index
into a look-up-table (LUT) whose values corresponarte. This method, unfortunately,
means that the parameterandb must be set at compile time, and cannot be altered while
the FPGA is running.

The third consideration when implementing a design using FPGAs is that not all pa-
rameters or signals are externally accessible. The number of inputs and outputs of the
FPGA are limited; in addition, due to the operation mode in which the FPGA was used,
increasing the number of inputs and outputs of the model decreased the speed at which the
FPGA could run. Although the inputs and outputs of the model can be time multiplexed, or
buffered, it adds a level of design complexity that we were not able to address during this

project. We therefore had to choose which model parameters and signals were externally
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accessible.

As a final consideration, we note that not all FPGA operations are instantaneous. For
example, accessing a stored value from memory requires one FPGA clock cycle to com-
plete; utilizing a dedicated multiplier to multiply two signals requires three FPGA clock
cycles. Many FPGA clock cycles are therefore necessary to compute one model simulation
step. This latency provides an opportunity to increase the performance of the FPGA. By
changing the parameters of the model with each FPGA clock step, several models with

different parameters can be run simultaneously. This technique is knquypediaing
3.1.3 Specific Methods Used for HN Models on FPGAs

Our HN HCO models were implemented on a BenADDA FPGA development board from
Nallatech, Inc. (Eldersburg, MD). We chose this development package because it contained
a powerful FPGA and converters for interfacing to external analog devices. At the center
of this board is a Xilix Virtex-1l FPGA. The Virtex-Il provides 3 million logic gates, 96
dedicated 18x18 multipliers, and 96 1-KB units of block RAM. In addition, the BenADDA
board provides two analog-to-digital converters (ADCs) and two digital-to-analog convert-
ers (DACs) that can be used to interface the FPGA with external devices.

The logic design for the FPGA was performed using the Xtreme DSP development kit
from Xilinx. This kit allows the logic for the FPGA to be designed and compiled within the
Simulink modeling environment (Mathworks, Cambridge, MA)ffBient Simulink blocks
are provided for dterent logic structures: such as counters, adders, multipliers, etc. Model
design is accomplished graphically by connecting these block together. Once the model
has been designed, it can be compiled into FPGA-usable code; furthermore, the code can
be linked into a new Simulink block that can be used in other Simulink models. This new
block will use the FPGA as a computational resource, a functionality knovaasvare
co-simulation

The hardware-co-simulation functionality facilitates utilizing the FPGA as a modeling
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tool. Once the neuron model has been compiled into a hardware co-simulation block, a
new Simulink model is created that contains the neuron model block, and Simulink con-
stant blocks for the input parameters. The output of the neuron model block is sent to the
Matlab workspace or to a file. Using the matlsdt_paramand sim commands, scripted
simulations of the neuron model can be run that utilize the FPGA for solving the model
equations. The functionality, however, comes at a price; in order to synchronize data trans-
fer between Matlatsimulink and the FPGA, it is necessary to the Simulink and FPGA
clocks to be matched (known aggle-step modwithin Simulink). This clock-matching
causes significant computational overhead, and limits the performance of the FPGA. In
our model, the FPGA was clocked at approximately 200 kHz in single-step mode, whereas
when the FPGA could generate its own clock (knowras-runningmode), clock speeds

of over 40 MHz were possible. Even with this limitation, however, the FPGA was still able
to run the model at very fast speeds; data were produced at a rate approximately 36 times
real-time.

All ionic current state variables in the model were implemented as 28 bit unsigned
signals with their binary point at the 28th bit. The membrane potential was represented
in mV using a 28 bit signed 2s-complement signal with the binary point at the 20th bit.
This permitted an fective range oft128 mV with a resolution o278 = 3.8 x 10°° mV.

All state variables were integrated using Euler-type integrators with a simulation step size,
T=1x10%s.

Time constants were implemented using look-up tables. Each look up table consisted
of 2048 entries, with each entry consisting of an 18-bit unsigned value with 18 fractional
bits. The values stored in the look-up tables correspondéd#dqV,,), with entry O corre-
sponded to a membrane potential of -80 mV and entry 2047 corresponded to a membrane
potential of 48 mV. The time constant look-up table were therefore able to resolve time
constant values frorth x 1074 to 26.2 s, in 1/16 mV increments, with a numerical preci-

sion that varied fron0.38 x 10™° s at the low end td31 s at the high end (because of
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the inverse function there is more precision for smaller values and less precision for larger
values). Eight bits of extra precision were added to the values for the look-up tables for
The.s @NdTr,, IN Order to provide better resolution of their larger time constants.

Steady-state activation and inactivation functions were also implemented with look-
up tables. As with the time constant look-up tables, each table consisted of 2048 entries
that spanned the voltage range from -80 to 48 mV. Each entry contained a 14-bit unsigned
value with 14 fractional bits. This precision provides a resolution of the steady-state value
t0 6. x 107°.

A concession to resource conservation must be made when modeling synaptic currents.
Spike mediated synaptic currents are described in the original model by the following equa-

tions:
N
Isynt, V) = (Vpost— Esy) X ) MiGsynfsynft — o) (13)
s=1

fsyn(t) = a(e_(t_tS)/ 011 _ e—(t—ts)/.OOZ) (14)

deost _ Moo(vpre) -M
dt 0.2

(15)

0.9

Moo (Vpre) = 0.1 + 1 + o 1000¥prer04)

(16)

wherea = 1.785 Esy, = —625 mV, gsyn = 60 nS, andts is the time of occurrence
of presynaptic spika. Vpe andVpes are the pre- and post-synaptic membrane potentials,
respectively.

Because the exponential functidgq(t) is implemented using a look-up tabte; ts <
1024 msec. At the end of this time range, howewvigy(t) has decayed tih.5e - 4, several
orders of magnitude below its peak valuelpfso we do not think this limitation impacts

the dficacy of a single synaptic event.

49



Furthermore, due to the limitation of resources on the FPGA, we cannot coasalgr
presynaptic spike as in equation 13. In order to conserve resources on the FPGA we restrict

the number of presynaptic spikes considered when calculbfjpto the previous four:

N
|Syn(t, V) = (Vpost_ ESyn) X Z MigSynfSyn(t - ts) (17)

s=N-3
Taking this limitation and the time limitation ofs,{t) together, we could possibly

encounter problems when the spike frequency of the presynaptic cell is greater than 39 Hz,
although given the exponential droff of fsy,(t), we think this will only pose a problem
when the frequency exceeds 115 Hz. At this rate, an additional spike will "interrupt" more
than 5% of the last synaptic event in the queue of four. This condition only occurred during
a few of our hybrid systems experiments, and we do not think that it caused any significant
alteration of the system’s activity.

Eighteen simultaneous models were pipelined through the FPGA; we could therefore
run eighteen simultaneous single-cell models, or nine simultaneous half-center oscillator
models.

The input parameters to the FPGA consisted baseandspacevalue for the maximal
conductances of the ionic currents. For example if the basalue were set to 4, and the
spacegy, value were set to 0.5, the first neuron model in the pipeline would bave 4,
the second model would hagg = 4.5, the third would haveg, = 5, and so on. In some of
the reduction stages, it was necessary to include other model parameters as FPGA inputs.
These diferences are noted in the sections on model reduction.

The output of the FPGA was limited to the membrane potential of the models. The
membrane potentials of the eighteen model neurons were multiplexed together and output
as a single signal in order to optimize the FPGA speed during single-stepped hardware
co-simulation. Because of this multiplexing, the time spacing between output samples for
a single model was 1.9 msec, even though the model was simulated with a step size of

.1 msec. Given the width of the spikes produced by all our models, we do not think this
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downsampling caused any problems for our analysis.

3.2 Model Descriptions

We now turn our attention to the reduction of the original HN model. Beginning with the
FULL model, we will perform three reductions to the model. The first reduced model (R1)
will be created by eliminating state variables and ionic currents from the FULL model. The
second reduced model (R2) will be created by replacing the Hodgkin-Huxley style spiking
mechanisms with integrate-and-fire mechanisms. The final reduced model (R3) will be
created by replacing active ionic currents with a passive ionic current. All results reported

in this section are from neuron models running on the FPGA.
3.2.1 Parameter Tuning

One of the primary problems with model reduction (and with neuronal modeling in general)

is the phase of model development known as the tuninpoameter estimatiophase. In

this phase, the parameters of the model are adjusted so that a desired activity is produced
by the model.

One of the primary problems of tuning the model is that multiple sets of parameter can
produce the same activity [22, 9, 11, 37, 36]. Tine-uniqueness probleposes a serious
challenge for the model developer because although the same activity may be produced
by the model at distinct point in parameter space, the response of the model to parameter
variation at these points may be veryfdrent. Unfortunately, no current method exists to
determine the "correct" parameter set for a given activity, and developing such a method is
beyond the scope of this thesis.

With all of our reductions, the parameters were tuned in the context of an asymmetric
half-center oscillator. That is, once teguctureof a reduced model had been determined,

the reduced model was coupled via inhibitory synapses to a FULL model neuron. The
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parameters of the reduced model were then tuned with the goal of achieving an approxi-
mately equal duty cycle between the two neurons in the oscillator. Specifics as to which

parameters were tuned are included with the details of each reduction.
3.2.2 FULL Model

The FULL model is taken from Hill et al [14]. This model is a single isopotential com-
partment following the Hodgkin-Huxley formalism. In addition to the details cited in the
section on FPGA neuronal modeling, the FULL modéfeis from the original published
model in three ways. First, we have eliminated the FMRF-amide activated culigeent
Second, we have eliminated the externally injected curigntThird, we did not include

the graded synaptic currehyy,c. Bothlke andl, were not required for any of our simu-
lations, so their removal had no impact on any of our studigss has been shown to have
little effect on the half-center oscillations, so we do not think its elimination impacts any of
our studies.

As implemented on the FPGA, the FULL — FULL model half-center oscillator (a FULL
model coupled to a FULL model) produces oscillations that are very similar to those pro-
duced in the original published model (Table 1). This similarity demonstrates that our
FPGA model was able to accurately reproduce previous modeling results obtained through
a conventional modeling system. The FULL model is capable of producing both tonic

spiking (Figure 16) and intrinsic rhythmic bursting (Figure 17).
3.2.3 R1 Model

The first reduction stage combines state variables and ionic currents with similar dynamics
into a single variable or current. The R1 model therefore retains the Hodgkin-Huxley
formalism used in the FULL model; only the number of state variables emulated has been
reduced.

In an attempt to uncover similarities betweefielient ionic currents and state variables,

we performed a multi-dimensional parameter sweep of each state variable. These sweeps
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10 mV

Figure 16: Tonic firing in the FULL model.

were performed on the FULL model in single cell configuration, and they covered a plane of
the parameter space described by the half-maximal activation vditggand the maximal
conductancej,,. For ionic currents with inactivation variables, two additional parameter
planes were investigated: thg,  — gbarion plane and the, , — by, plane. We analyzed
the regions of these planes where the model produced intrinsic bursting behavior in order
to determine where the model could be reduced.

We first recognized that the inactivation kpf;, hg; is largely unimportant in the be-
havior of the model (Figure 18). Increasibg, shifts the steady-state inactivation curve
to a point where there is little or no inactivation Igfi; this change had littleféect on the
period, duty cycle, or spike frequency characteristics of the model.

By eliminatinghk,, we now have

IKl = gKlnﬁl(Vm - EK) (18)
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Figure 17: Intrinsic bursting in the FULL model.

In asymmetric half-center oscillator configuration, there was a slight imbalance in duty
cycle due to elimination offix;. g«; was tuned from 100 to 71 nS in order to compensate
for this imbalance.

Next, we discovered that the fast calcium currdggr is functionally very similar to
the slow calcium currentlc,s (Figure 19); the period, duty cycle and spike frequency
characteristics of the model respond similarly to changes in the half-maximal activation
and maximal conductance of balk,r andlc,s This similarity is surprising, because,r
and lc,s evolve on very dierent time scales.lcor was therefore eliminated by setting
Ocar = 0 NS, andgcas was tuned from 3.2 nS to 4.0 nS to compensate for the change in
activity.

These two reductions, the eliminationtgf, andlc,rwere discovered through examina-

tion of the model’s parameter space. To supplement this method, we employed the method
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Figure 18: Effect of hy; andgk; on period, duty cycle, and mean spike frequency of
bursting. As the half-maximal inactivation voltagelgf increases, there is little change in

the period, duty cycle, or mean spike frequency of bursting.

of equivalent potentials to reveal similarities among the state variables (Figure 20) [18, 10].
The equivalent potential of a state variable is the value of the membrane potential at which

the state variable’s steady-state value would be equal to its current value. The steady-state

function, f.,, for the state variables (excap..) in the FULL model always takes the form

of the sigmoidal function:

1

fo(a b, Vi) = 17 (19)

the equivalent potential),, of a state variablenis therefore given by
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n(t-1)

A b (20)

Un(m,a,b) =

whereb is the half-maximal activation (or inactivation) voltagejs the slope of the
function at the half-maximal voltage, an, is the membrane potential. We compute the
equivalent potentials for all remaining state variables over one oscillation period of the
FULL — FULL half-center oscillator. We then compare the equivalent potentials to each
other, and make reductions for state variables whose equivalent potentials are correlated.
The equivalent potential fan, was not computed because its steady-state function is non-
invertible.

The equivalent potentials method shows us two further reductions that can be made to
the FULL model. First, the activation of the fast sodium curregg, is linearly correlated
with V.. This relationship means that we can eliminakg as a state variable, replacing it

with its steady-state activation function

MNa = MNawo (2 l)

Second, we assume a linear relationship betwégn andU,,,, and a quadratic corre-
lation betweery,, andU,,,. These assumptions initially led us to motlgl as a quadratic
function of mp; further investigations, however, revealed that the net activatiokk0f
(mé hka) could be closely approximated e itself (Figure 21). We se@ka = 0, and
gp Was tuned from 7 to 6.3 nS in order to compensate for the change in activity induced by
this reduction.

All of these reductions taken together constitute the R1 model. This reduced model is
very similar to the FULL model; it is capable of both tonic firing and intrinsic bursting.
The spike shape is very similar (Figure 22) to the FULL model, as is the waveform of the
intrinsic bursting (Figure 23). The behavior of the FULL — R1 half-center oscillator is very
similar to the FULL — FULL half-center oscillator (Table 1).

This reduction has greatly simplified the FULL model. The number of state variables
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has been reduced from 14 to 8, and the number of ionic currents emulated has been reduced

from9to 7.
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Figure 19: Modulation oflcasandlcqr have similar €ect on burst period. The period of
the model responds similarly to changes in the half-maximal activation voltage and maxi-
mal conductances dt,sandlcar
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Figure 22: Comparing FULL and R1 models tonic firing.
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Figure 23: Comparing FULL and R1 models intrinsic bursting.
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3.2.4 R2 Model

In the second stage reduction, we replace the fast spiking cutrgmatsdl c; with integrate-
and-fire (IAF) mechanisms [2]. In this hybrid integrate-and-fire model, the integrate-and-
fire parameter¥nesh the firing threshold, anl s, the reset potential, are functions of
the slow calcium inactivation variable s

In order to make this reduction, we first characterize the relationship betwgeand
Vieset We do this by makindic,s a parameter of the R1 model, varyihg,sfrom 0 to 1
in increments ofL/128 and then analyzing the activity of the model at each valug-gf
The model was given 30 seconds to settle and then 30 seconds of data were recorded. We
calculateV,eset as the average minimum voltage between spikes (Figure 24); additionally,
we calculate the spike frequency for each valubQg (Figure 25).

Next, we removed the spike generating currégtisndly,, and replace them with IAF
mechanisms that are described\yse;andVinresh ViesetiS @ function ofhc,sbased on the
results shown in Figure 24, and implemented as a 128-entry look-up tablégyiths the
index into the table. We mad® s andViyesh model parameters, and examined the spike
frequency of the model atflierent points in th&nesh— —casparameter plane (Figure 26).
Using these values, we then calculated what valuagkn (as a function ohc,g) would
best reproduce the relationship between spike frequenchggdOverall, the hybrid IAF
model produces spike frequencies that are higher than R1 model. We were unable to lower
the spike frequency by raisingyesy doing so caused the model to fall silent.

The final step in creating our hybrid IAF model is to consider theat of a spike on
the slow variabldc,s In an IAF model, the membrane potential transitions instantly from
Vinresh 10 Vieses this transition ignores thefect of a spike waveform on the evolution of the
state variabldnc,s In order to compensate for thigfect, we calculated the perturbational
effect of a spike orhc,s by integratinghc,s over a typical spike waveform from the R1
model (Figure 27).

Our new "hybrid" IAF model is therefore described by:
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Figure 24: Viesetas a function ohc,sin the R1 model. Changes Beak and geax affect
Vreset-

dVin _%(IP + 12 + lcast In+ lea) @ Vi < ViresNcas) 22)
dt Vresel(hCaS) -Vm Vm > Vthresh(hCaS)
dhess _ | TSm0 V< Viesi{ficad (23)
dt

DhCas(hCa§ - hCaS : Vm = Vthresh(hCaS)

and all other equations are as in the R1 model.

Two problems were encountered with this model. First, the model was not able to
produce intrinsic bursting behavior. Second, the model did not produce half-center oscilla-
tions.

To address the first problem, we investigated how changé&sjnandg.x affect the
reset voltage and spike frequency, Bsx and geax are associated with changes in the
intrinsic behavior of the model. The results are shown in Figures 24 and 25. These figures
show that a decrease Hj.q« Or an increase igeq IS essentially equivalent to an increase

in hcas Changes irEeqx and geax had little efect on the perturbation dfc,s by a spike.
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Figure 25: Spike frequency as a function bg,sin the R1 model. Changes Be.« and
Oeak affect the spike frequency.

We therefore changed the structure of the model to account forfteiste

dVm B _é(lP + k2 +lcast In+ liead @ Vi < VihresHhio9) (24)
dt Vresel(hé;as) -Vm © Vp2> VthreSh(h’Cas)
dhcas _ | SR V< Vives{ead) (25)
AU | Dieulcad —heas & Vin 2 Vinrestead
hé:aS = hCaS+ .016x (Eleak_ 62) + 0.029x (gleak_ 11) (26)

This change adequately reproduced the relationship between spike frequengyand

(Figure 28), and allowed the model to produce both tonic firing (Figure 29) and intrinsic

bursting activity (Figure 30).

To account for the second problem, the inability of this model to produce half-center

oscillations, we theorized that the eliminationlQf was preventing our hybrid IAF model

65



reset
-5H = = “thresh

Vthresh (mV)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure 26: CalculatingViresh as a function othcas The black line indicates the reset
potential,Vieset The dashed red line indicates the value¥@gk.sn that best reproduce the
spike frequency relationship of Figure 25
from reaching firing threshold. We based this theory on the fact that the steady-state activa-
tion function formy,, M.na has a relatively shallow slope. Without the slight contribution
of Iy, at subthreshold voltages, the model was unable to reach firing threshold. We tested
three approaches to solving this problem: First, we tried increasing the magnitude of the
hyperpolarization-activated curreftby increasingy,; a two-fold increase ig, was unable
to elicit half-center oscillations, so we abandoned this approach. We tried both increasing
gp and decreasingeax; both of these approaches produced half-center oscillations, but the
oscillations were unequal, with the R3 model dominating the activity of the FULL model.
Finally, we tried increasingcasto 5.375 nS. This approach was successful: the increase in
Ocas caused the hybrid IAF model to escape inhibition, and an increagg,iffrom 8 to
8.75 nS created approximately equal duty cycles between the two neurons.

The introduction of integrate-and-fire dynamics has eliminated the formation of phys-

iologic action potentials. In the data shown here, "spikes" are overlayed on top of the
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Figure 27: Change imcas Dn., due to a spike.

membrane potential waveform in order to aid comparisons between the models. The spike
is created by setting the external membrane potential of the model (that is, the membrane
potential output by the FPGA) to 0 mV for 1.9 msec after a spike event occurs. The "inter-
nal" membrane potential of the model does not have this spike overlay.

The spike shape of the R2 model is obviously quit@edent from the FULL and R1
models. Even with this significant change in the structure of the model, however, the
period, duty cycle, and slow-wave characteristics of the FULL-R2 half-center oscillator
are very similar to FULL-FULL half-center oscillator (Table 1). Only the spike frequency
characteristics of the R2 model are noticeabiaient from the FULL-FULL half-center

(Table 2).
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Figure 29: Comparing FULL and R2 models tonic firing.
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Figure 30: Comparing FULL and R2 models intrinsic bursting.
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Figure 31: Third stage reductionlp andlx, are replaced with a single passive current
IIeak2-

3.2.5 R3 Model

In the third and final reduction of the HN model, we replace the persistent sodium current,

Ip, and the persistent potassium curregd, with a single passive currehia. (Figure 31).

IIeak2 = gleakZ(Vm - Eleak2) (27)

wheregeakz = —7.875nS andEjgake = —64.5 mV.
This reduction was not possible before the introduction of integrate-and-fire mecha-
nisms because in the superthreshold region the combinatibnasfd I, was not nearly

linear.
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Figure 32: Comparing FULL and R3 models tonic firing.
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Figure 33: Comparing FULL and R3 models intrinsic bursting.
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Oeak Was set to 8.5 nS in order to create balanced oscillations in the FULL-R3 half-
center oscillator.

This reduced model was able to produce both tonic firing (Figure 32) and intrinsic burst-
ing (Figure 33) that were very similar to the R2 model. The period, duty cycle, and slow-
wave characteristics in the FULL — R3 half-center oscillator were very similar to the FULL
— FULL half-center. As in the FULL — R2 half-center oscillator, the spike frequency char-

acteristics of the reduced model were noticeable higher than those of the the FULL model.
3.2.6 Discussion

We have successfully reduced our FULL neuron model to create three reduced neuron
models: R1, R2, and R3. The R1 model retains the physiologic character of the FULL
model, albeit with a smaller set of state variables and ionic currents. The R2 model replaces
the physiologic spiking mechanisms with integrate-and-fire mechanisms, creating a model
with both mechanistic and empirical components. The R3 model replaces two active ionic
currents with a single passive current.

All three reduced models were able to produce both intrinsic bursting and tonic spiking
activities, similar to the FULL model. In this sense, all three reductions are "good" reduc-
tions of the original model. In the following chapter, we will investigate the ability of the
models to produce robust and flexible activity in half-center oscillators, we will investigate
how parameter variationfiects the reduced models, and we will validate our modeling

studies using a hybrid half-center oscillator.
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CHAPTER IV

FUNCTIONAL ROLE OF MODEL COMPLEXITY IN

HALF-CENTER OSCILLATORS

Neural systems are presumed to produce activity that isfobilstandflexible They are

robust in the sense that they function despite changes in their environment, such as changes
in temperature, ionic concentrations, transcription errors, etc. They are flexible in that they
are able to produce a rich variety of behaviors in order to achieve their function.

In order to accurately reproduce the function of neural systems, a neuronal model sys-
tem must also be robust and flexible. In a hybrid neural system, robustness and flexibility
are necessary because without them the functionality of the system will be extremely lim-
ited. The primary goal of this thesis is to evaluate how model complexity contributes to
the functionality of hybrid systems built from both model neurons and living neurons; ro-
bustness and flexibility are our metrics for evaluating the functional performance of the
system.

Unfortunately, given the experimental overhead involved, we cannot fully evaluate
these metrics within the context of our hybrid system. Instead, we will create dbyee-
metric model oscillators that emulate a hybrid system. In these asymmetric oscillators, a
reduced model neuron will be coupled to a FULL model neuron; the FULL model neuron
will serve as the "biological equivalent” in the system. We will then perform a first-order
parameter sweep of the maximal conductances in each asymmetric oscillator, and evaluate
the robustness and flexibility of each model system. We will then use the hybrid system to

validate a subset of our simulations of asymmetric model oscillators.
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4.1 Robustness and Flexibility Metrics

Neural systems are considered torbbust they function despite changing input condi-
tions. For example, all neural systems are subject to biological "noise": internal variations
in ion concentrations, errors in protein transcription, the presence of modulatory agents,
varying synaptic input, etc. A neural system must be able to function in spite of these
ever-changing conditions.

Neural systems are also considered tdlbeible they produce a rich variety of out-
puts in order to achieve their function. In a locomotor system, for example, the network
may produce dierent patterns of activity depending on whether the animal is walking or
running.

In order to assess the robustness and flexibility in our model networks, we must first
define quantitative measurements of robustness and flexibility. Our robustness metric will
describe the range of inputs over which the model functions, an approximation of the size
of the system’s input space. Our flexibility metric will describe variability in the model's

outputs over its functional range, an approximation of the size of the system’s output space.
4.1.1 Robustness Metric

The robustness of a system describes the size of the systems input space over which the
system functions. We assume that the function of a half-center oscillator is to produce half-
center oscillations. The inputs to our system are the system parameters: maximal conduc-
tances, reversal potentials, time constants, etc. Our robustness metric therefore describes
the range of model parameters over which the system produces half-center oscillations.

For each parametgrinvestigated, we will produce @bustness score:

r =50x (Iog( pmax)) (28)

min

wherepnin is the lowest value of the parameter where the system produces half-center
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oscillations, andbnax is the largest value where the system produces half-center oscilla-
tions. pmin IS greater than or equal to 0.1 times the canocial paramter value. A score of
100 indicates that the model produces half-center oscillations from 0.1 times the canonical

parameter value to 10 times the canonical parameter value.
4.1.2 Flexibility Metric

The flexibility of a system describes the variability in the system’s output over its functional
range. The functional range is determined by the range of parameters over which the system
produces half-center oscillations. The output of our system is taken to be the measurements
of the burst characteristics: period, duty cycle, etc. In order to assess variability of the
system’s output, we will use a statistical method known as principal component analysis
(PCA).

PCA is a data reduction method in which a number of possibly correlated variables are
transformed into a new set of uncorrelated variables, which are callgulittegpal compo-
nents The first principal component will account for as much of the variance between the
variables as possible; it is often a weighted mean of all the variables. The second principal
component accounts for as much of the remaining variance as possible, and so on, until all
the variance in the data is accounted for.

Although the number of principal components returned is equal to the original number
of variables, most of the variance in the data will often be explained by the first few princi-
pal components. PCA thereby gives us a method to assess the overall amount of correlation
in the data, an approximation of the size of the space spanned by the data. In the case of
our neuron models, it gives us an approximation of the number of independent outputs that
the system can produce. For example, if the oscillator period, duty cycle, and mean spike
frequency could all be controlled independently, we would expect more principal compo-
nents would be needed to explain the variance of the model’s output than if the period and

mean spike frequency were correlated.
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We must note that there is no standard method for interpreting the results of PCA. In
order to turn the results of PCA into a measure of oscillator performance, we chose to use
the 95% level of variance explained; that is, how many principal components are needed
to explain 95% of the variance in the data. A data set where three principal components
are needed to explain 95% of the variance in the data is judged to have fewer modes of
operation than a data set where five principal components are needed. Therefore, the more
principal components needed to explain 95% of the variance, thédegsdewe will con-
sider the model to be.

We perform PCA on twelve measures of the half-center oscillator activity: period, duty
cycle, burst duration, inhibited duration, mean spike frequency, median spike frequency,
initial spike frequency, peak spike frequency, final spike frequency, phase of peak spike
occurrence, number of spikes per burst, peak of the slow-wave, and trough of the slow-
wave. The PCA was performed on the combined data set from the FULL and reduced
neuron in the oscillator, for a total of 25 measures (period is identical for both neurons in a

half-center oscillator).

4.2 Asymmetric Half-Center Oscillators

Our ultimate goal is to determine how model complexifieets the robustness and flexi-

bility of a hybrid half-center oscillator. Unfortunately, assessing robustness and flexibility
within the context of a hybrid system would be verghdult, if not impossible. Our present
interfacing techniques have several problems associated with them: the time required for
dissection and preparation of the ganglia, the low probability of an electrode stick of suf-
ficiently high resistance, and the limited life of a heart interneuron after microelectrode
penetration. This overhead prohibits the large-scale parameter variations needed to fully
assess the robustness and flexibility of the system. Furthermore, because our measurement
of flexibility is based on the variability of the data, it is likely that the inherent variability

between biological preparations, which is considerable, may overshadovifactydeie to
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model reduction.

In order to assess how model reduction migfieet the robustness and flexibility of
hybrid systems, we will utilize a model system that emulates a hybrid system. We will
constructasymmetrianodel half-center oscillators. In each of these oscillators, one of the
reduced models will be coupled to a FULL model neuron; the FULL model will serve as
a "biological analogue”. We will then vary the maximal conductances of both the FULL
and reduced model in each oscillator, and evaluate how the robustness and the flexibility of
the oscillators change as the model complexity is reduced. We will then use the the hybrid
system to validate a subset of these studies. If the hybrid system reproduces the results
of these studies, we can be reasonably well assured that the conclusions drawn from the

models can be adequately applied to the hybrid system.
4.2.1 Asymmetric Model Half-Center Oscillators with Canonical Parameters

Using the models described in the previous chapter, we constructed four asymmetric half-
center oscillators. In each model half-center, a FULL model neuron was coupled to another
model neuron, either another FULL model neuron or one of the three reduced model neu-
rons. As described in the previous chapter, the parameters of each reduced model were
tuned in order to produce balanced oscillations with the FULL model; for each reduced
model, this set of parameters is referred to as the canonical parameter set.

The canonical activity of all four oscillators is shown in Figure 34. The most notable
difference between the model oscillators is that the period increases from 8.3 s in the FULL
— FULL oscillator to 10.8 s in the FULL — R3 oscillator. Because of the use of IAF mecha-
nisms in the R2 and R3 models, the spike shape of the R2 and R3 models is noticeably dif-
ferent than in the FULL and R1 models. The shape of the underlying slow-wave, however,
is largely unchanged as the model complexity is reduced, indicating that our reductions
have not significantly fected the models’ slow variables.

The measured characteristics of the model oscillators are compared in Tables 1 and
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Figure 34:. Comparing full and reduced half-center oscillators at canonical parameter val-
ues. A. FULL — FULL half-center oscillator.B. FULL — R1 half-center oscillator.C.
FULL — R2 half-center oscillatoD. FULL — R3 half-center oscillator.

2. For both the FULL and the R1 model in the FULL — R1 oscillator, the period, duty
cycle, spike frequencies, and slow wave characteristics are very similar to those observed
in the FULL — FULL oscillator. In addition, these characteristics are all very similar to the
previously published modeling studies [14], indicating that our FPGA implementation has
not significantly altered the behavior of the model.

As compared to the FULL — FULL and FULL — R1 oscillator, the period of the FULL
— R2 oscillator is increased. The spike frequency characteristics of the R2 neuron are
increased as well; the mean, peak, and initial spike frequency of the R2 neuron are notice-

ably higher than for the FULL and R1 neurons. The escape frequency of the R2 neuron (the
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Table 1: Canonical oscillation for dierent half-center oscillators. Data are taken from the
FULL model of the asymmetric half-center oscillators.

Original FULL-FULL FULL-R1 FULL-R2 FULL-RS3

Model[14] HCO HCO HCO HCO
period (s) 8.6+0.1 83=02 80+02 96+00 108=00
duty cycle 050+0.02 051+029 053+025 050+005 050+ 0.0

meanf (Hz) 129+ 0.6 130+ 0.6 134+05 134+01 124+00
initial f (Hz) 124+ 5.9 130+ 5.8 155+48 174+23 172+24

peakf (Hz) 176+10  175+10  180+11 182+06 180+0.9
escapd (Hz) | 103+0.7  103+09  106+09 103+01 103+0.

sw peak (mV) ~41 ~405+16 -405+13 -407+06 -411+03
swtrough (mV)|  -59 ~582+02 -587+01 -601+00 -604x00

spike frequency of the opposing cell at which the R2 neuron begins its burst) is unchanged
in the FULL — R2 model. The spike frequency characteristics of the FULL neuron in the
FULL — R2 oscillator are essentially unchanged from the FULL — FULL and FULL — R1
oscillators. The trough of the slow wave for the FULL neuron decreases slightly in the
FULL — R2 oscillator, most likely due to the increased spike frequency in the R2 neuron.
Finally, the standard deviations of all measurements except the initial spike frequency de-
crease in the R2 model; the activity of the FULL — R2 oscillator is less variable than in the
FULL — FULL and FULL — R1 oscillators.

The FULL — R3 model has the longest period of all four oscillators, and the R3 model
has the highest mean and peak spike frequencies of all four models. The escape frequency
of the R3 is lower than in the other models, indicating that the R3 model can not as easily
escape from inhibition as the other modelsThe spike frequency and slow-wave characteris-
tics of the FULL model in the FULL — R3 oscillator are all essentially unchanged from the
FULL — R2 oscillator.

These data demonstrate that the R1, R2, and R3 reduced models are all able to form
half-center oscillators with the FULL model. The membrane potential waveforms of all
four oscillators have a qualitatively similar structure, although there is an increased period

in the FULL — R2 and FULL — R3 oscillators. The measured characteristics of the FULL
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Table 2: Canonical oscillation data for reduced model in asymmetric half-center oscilla-
tors.

Original FULL-FULL FULL-R1 FULL-R2 FULL-RS3

Model[14] HCO HCO HCO HCO
period (s) 8.6+0.1 83=02 80+02 96+00 108=00
duty cycle 050+0.02 051+003 049+003 049+001 049+0.0

meanf (Hz) 129+ 0.6 130+ 0.6 136+ 04 182+02 230+02
initial f (Hz) 124+ 5.9 130+ 5.8 146+ 70 241+65 228+85

peakf (Hz) 176+10  175+10  206+14 269+08 353+07
escapd (Hz) | 103+07  103+09  105+10 102+01 93+0.3

sw peak (mV) —41 ~405+16 -405+13 -40+13 -406+0.1
swtrough (mV)|  -59 ~582+02 -587+01 -584+02 -591+00

model in these oscillators are all generally unchanged as the complexity of the opposing
neuron is reduced. In the FULL — R2 and FULL — R3 oscillators, the spike frequency
characteristics of the reduced model is noticeably higher than in the FULL —R1 oscillator.
Overall, we think that these data demonstrate that the asymmetric reduced model oscilla-
tors are all able to reasonably reproduce the characteristics of the FULL — FULL model
oscillator, at least at canonical parameters. We will now examine the performance of the

reduced oscillators when the parameters of the model are varied.
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Table 3: Robustness scores for parameter variation in FULL model. For each conductance,
the parameter score is equal30 x 10g(Pmax/ Pmin) Where pmax and pmin are the maximum

and minimum of the parameter range over which the oscillator function. A score of 100
indicates that the oscillator operates from .1 to 10 times the canonical parameter value.

Parameter Full — Full HCO | Full- R1 HCO| Full- R2 HCO| Full- R3 HCO
ONa 63.0 63.0 52.0 56.2
Op 4.4 4.9 5.8 2.4
Ocar 100.0 97.8 90.6 83.6
dcas 72.7 75.3 96.7 100.0
Jx1 79.8 57.6 70.7 96.9
Ok2 12.2 12.2 47.7 63.9
OkA 69.0 71.6 96.5 47.1
Oh 100.0 100.0 100.0 100.0
Jieak 11.6 10.2 55.9 53.2

4.2.2 Parameter Variation in Full Model

There is a great degree of variability among living neurons. Even neurons with the same
functional role in a network may have significantlyffdrent morphologies or ion channel
concentrations. In a hybrid system, it is of critical importance the model component of the
system function despite variance in the biological component.

We will use our asymmetric model oscillators to assess how the performance of the
reduced models might befected by biological variability in hybrid systems. For each
asymmetric half-center oscillator, each maximal conductance in the FULL model is var-
ied from O nS to 10 times its canonical value, while keeping all other parameters at their
canonical values. We will evaluate the robustness and flexibility of each oscillator in order
to determine how the system'’s function eeted by model reduction.

Robustness

The parameter ranges over which the oscillators function are shown in Figure 35.
The robustness scores for the four asymmetric half-center oscillators are shown in Table
(Table 3). There is no consistenffect of reducing the complexity of the model on the

parameter range where the model produces half-center oscillations. The functional ranges
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Figure 35: Functional parameter ranges for FULL model in asymmetric oscillators. Each

bar shows the functional range of the parameter in the FULL model over which the system
produces half-center oscillations.
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of gna andgcqr are reduced when the complexity of the opposing cell is reduced. The func-
tional ranges ofjcas and gy, increase as the complexity of the opposing cell is reduced.
The functional range af, is undfected by model reduction. The functional range of the
other maximal conductances constricts or expandsfiégrdnt stages of model reduction.
Because there does not appear to be any consistent ovéeatl@ model reduction on the
parameter ranges of the FULL model, it stands to reason that all of our reduced models

should be able to form hybrid half-center oscillators when coupled to a biological neuron.

Flexibility
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The results of our flexibility analysis are shown in Figure 36. For all of the model oscil-
lators, 95% of the variance in the data was explained by six or seven principal components.
When the maximal conductances of the FULL model are varied, there is essentially no
difference in the results of PCA between the four half-center oscillators oscillators. This
finding indicates that although reducing the model can constrict or expand the functional
range of the parameters, no significant modes of activity are lost or gained.

Discussion

The results presented here demonstrate that the reduced model neurons are all capable
of creating a half-center oscillations when coupled to a FULL model neuron. The overall
robustness of the system, as determined by the parameter ranges of the FULL neuron where
the model produces half-center oscillations, does not appear to be substaffealigdby
model reduction.

We must note, however, that the robustness of the system to variation in a single para-
meter can be substantiallyfected by model reduction. Thigfact was most notable in the
cases 0fjc,r, Whose functional range was decreased as the model complexity was reduced,
andgk., whose functional range was increased as the model complexity was reduced. Fur-
thermore, it is very likely that the robustness of the system is dependent upon the location
of the canonical parameter point in the system’s parameter space. The system can exhibit
its canonical activity at dierent points in its parameter space; a more thorough analysis of
the system’s robustness would need to examine the system uffiagedi canonical para-
meter sets. Unfortunately, we were not able to examine the system in such detail in these
studies.

The overall flexibility of the system, as determined by PCA, did not noticeably increase
or decrease as the model complexity was reduced. As with our robustness measurement, a
caveat to this finding is that the results may be dependent on the location of the canonical
parameter point in the system’s parameter space. Another caveat is that we have only

analyzed the overall flexibility of the system; the flexibility of the system in the fagg of
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variation, for example, may be altered as the model complexity is reduced.

Nonetheless, the overall robustness and flexibility of the asymmetric oscillators do not
appear to be significantly altered as the model complexity is reduced. This finding indicates
that there should be noftlculty in creating hybrid oscillators using our reduced model
neurons, and that the functional role of the biological neuron in these hybrid systems will

not be significantly altered as the complexity of the model neuron is reduced.
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4.2.3 Parameter Variation in Reduced Models

The primary rationale for creating hybrid systems is that the model component provides
access to controls that are not accessible through other techniques. In future medical ap-
plications, this control will allow the model component to modulate the activity of the
biological network, curtailing thefects of traumatic injury or disease. In scientific inves-
tigations, this control allows the investigator to examine the functiofiatts of specific
neuronal components. In either of these cases, it is desirable that the model component
be both robust and flexible. A high level of robustness means that the system will be able
to function over a large range of parameters, and a high level of flexibility means that the
system can produce a variety of outputs in order to achieve its function.

We will now use our asymmetric model oscillators to assess the potential for reduced
models to produce robust and flexible activity in hybrid half-center oscillators. In the re-
duced model of each asymmetric half-center oscillator, we individually ga4y g,, and
Oeak from zero to ten times their canonical value while keeping all other parameters at their
canonical values. We chose these parameters as the focus of our study because they are
retained across all three model reductions. After examining the individiete of each
parameter on the network activity, we will compare tlffeet of parameter variation on the
overall robustness and flexibility of system.

Variation of g, in reduced models

The dfect of varyingg, on the oscillator period, duty cycle, mean spike frequency and
escape frequency is shown in Figure 37. There is no signifi¢kedtaf model reduction on
the role ofg, in the system. The only fierence between the four model oscillators occurs
for the FULL — R2 oscillator, where the functional rangegefs noticeably decreased.

This reduction in the range @}, is due to a peculiar interaction of the ionic currents.
Large amounts of}, cause the neuron to rapidly overcome inhibition. This rapid escape
from inhibition, however, does not allow for Sicient removal ofl ;5 inactivation before

I, deactivates. The lack of removal lef,sinactivation means that less depolarizing current
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Figure 37: Effect of varyinggy in reduced modelsA.Oscillator period, which is the same

for both neurons in a half-center oscillatd. Duty cycle for the reduced model neuron.

C. Mean spike frequency of the reduced neur@n.Escape frequency of reduced model
neuron (the final spike frequency of the FULL model neuron)

is available to driveV,, to the firing threshold. These combineffeets together cause

the R2 neuron to be unable to escape from inhibition. This problem disappears in the R3
model because replacing and Ik, with a passive current provides a slight decrease in

hyperpolarizing current between -45 and -40 mV (Figure 31), which helps the neuron to

reach its firing threshold.
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same for both neurons in a half-center oscillatBr. Duty cycle for the reduced model
neuron.C. Mean spike frequency of the reduced neurbnEscape frequency of reduced
model neuron (the final spike frequency of the FULL model neuron)

Variation of gcasin reduced models

The dfect of varyinggcas on the oscillator period, duty cycle, mean spike frequency
and escape frequency is shown in Figure 38. There is litffergince on hovgc,s effects
the FULL — FULL and FULL — R1 oscillators. Increasimg,s causes an increase in the
oscillator period and the duty cycle of the modified cell. dssincreases, there is an
initial increase in the mean spike frequency of the modified neuron, followed by a gradual
decrease. The escape frequency of the modified neuron dramatically decreases at a certain

point, but otherwise remains constant. This transition is due to the appearance of "plateau-

like" oscillations, where the modified neuron becomes severely depolarized and as a result
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Figure 39: Typical oscillator activity with increasingcagn FULL—FULL model half-
center oscillator. The unmodified neurair{s = 3.2 nS) is shown in blue. The modified
neuron is shown in red. The activity in the FULL-R1 half-center was very similar to that of
the FULL — FULL model.A. gcas = 2 NS.B. gcas = 3.2 nS (canonicallC. gcas = 10nS.

Note the appearance of "plateau-like" oscillations in the modified neuron.

cannot fire action potentials (Figure 39). In the R2 and R3 models, however, this type of
activity is not possible because of the resetting/gfafter a spike event (Figures 40 and
41).

The relationship betweegr,s and the oscillator period is dramaticallffected by the
introduction of IAF mechanisms, as are the duty cycle and spike frequency relationships.
Increasingcasin the R2 neuron causes an increase in the duty cycle of the R2 neuron with
the period initially remaining relatively constant. This change can be seen in the activity

traces shown in Figure 40. Whegasexceeds 13 nS, there is a sharp increase in the period

of the oscillator. In the R3 neuron, the duty cycle increases in a manner similar to the R2
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Figure 40: Typical oscillator activity with increasingc,gn FULL—R2 model half-center
oscillator. The FULL neuron is shown in blue. The R2 neuron is shown inkede,s = X
NS.B. gcas = 5.375nS (canonicall. gecas = X NS.
model. With low values ofc,s the period is very long. Increasimg,sinitially causes the
period of oscillation to decrease. After this initial decrease in period, the R3 model behaves
similarly to the R2 model: the period remains relatively constant with increagingthen
sharply increases before the oscillations terminate.

In both the R2 and R3 models, large increasagiacause the oscillations to terminate.
Even thoughl ;s inactivates at depolarized membrane potentials, there is still $gxpe
present. Whemc,s is large, the contribution offc,s is suficient to keep the IAF model

neurons firing at a rate from which the FULL model can not escape.
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for both neurons in a half-center oscillatd. Duty cycle for the reduced model neuron.
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Variation of geaxin reduced models

The dfects of varyinggeak 0N the oscillator period, duty cycle, mean spike frequency
and escape frequency are shown in Figure 42. In all models, incregigingauses a de-
crease in the duty cycle and mean spike frequency of the modified neuron. In the FULL and
R1 reduced models, these changes are associated with an sharp decrease in the oscillator
period at low values dfj..x, Whereas in the R2 and R3 models these changes are associated
with a sharp increase in the oscillator period at high valueg.gf Changes imgeax have
little effect on the escape frequency of the neuron.

Robustness
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Figure 43: Functional parameter ranges for reduced models in asymmetric oscillators.
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system produces half-center oscillations.
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Table 4. Robustness scores for parameter variation in reduced models. For each con-
ductance, the parameter score is equab@ox 10g(Pmax/ Pmin) Where pmax and pmin are

the maximum and minimum of the parameter range over which the oscillator function.
A score of 100 indicates that the oscillator operates from .1 to 10 times the canonical
parameter value.

Parameter Full — Full HCO | Full - R1 HCO| Full— R2 HCO| Full - R3 HCO

Jcas 72.7 68.7 27.9 25.1
Oh 100.0 100.0 83.7 100.0

The functional parameter ranges of the reduced models over which the asymmetric os-
cillators function are shown in Figure 43. The robustness scores for the various parameters
are given in Table 4. For botlr,sandgiax, there is a significant decrease in the robustness
score as the model complexity is decreased. The most notable change in these robustness
scores occurs between the R1 and R2 models, the point at which the conductance-based
spiking mechanisms are replaced with integrate-and-fire mechanisms. The functional range
of g, fully spans the region from .4 to 40 nS in the FULL — FULL, FULL — R1, and FULL
— R3 oscillator; in the FULL — R2 oscillator, the functional rangeggis restricted, due
to the interaction explained above. It appears, therefore, that the ovéeall ef model
reduction is to constrict the range of parameters over which the system functions.

Flexibility

The results of our flexibility analysis are shown in Figure 44. In the FULL, R1, and
R3 models, 95% or more of the variance in the data is explained by the first six principal
components, similar to when the maximal conductances were varied in the FULL model.
In the R2 model, 95% of the variance was explained by the first 5 principal components.
This decrease in the flexibility of the FULL — R2 oscillator’'s output is most likely due to
the shortened range gf.

This result is somewhat surprising, because we observed that replacing the physiologic
spiking mechanisms with IAF mechanisms eliminated a particular mode of oscillation: the

"plateau-like" oscillations seen in the FULL and R1 models. If we apply our flexibility
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Figure 44: Principal component analysis of half-center oscillation when maximal conduc-
tances are varied in the reduced model. Bars indicate the contribution of each principal
component to explaining the variance in the data. Lines indicate the total amount of vari-
ance explained. The dashed horizontal line indicates where 95% of the variance in the data
has been explained.
assessment only to the data frggasvariation, instead of to the entire data set, we observe
that there is a definite reduction in the flexibility of the system in the FULL — R2 and FULL
— R3 oscillators (Figur@?). This alteration in the system’s flexibility does not appear in
our analysis of the overall system flexibility because it is overshadowed by the variance
introduced bygeak andgh,.

Discussion

As was the case when parameters were varied in the FULL model, it is apparent that

we must consider theffect of model reduction on each parameter on a case-by-case basis.

Reducing the complexity of the model caused a decrease in the robustness of the system to
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variation ingcasandgeax. The robustness of the systentgovariation was &ected only in
the R2 model.

As we discussed in the previous section, it would also be advantageous to examine the
functional parameter space of the system in a more global fashion. The robustness of the
system to variation in a particular parameter is likefigeted by our choice of a canonical
parameter point; a more global analysis of the model would inform us whether or not the
results at this parameter point are typical of the system as a whole.

Although there was a clear restriction in the functional ranges of the ineyésand
Oeak there was little overall change in the flexibility of the models as determined by PCA.
The notable dference was in the FULL — R2 model, where the restrictiog,cdppeared

to reduce the flexibility of the model somewhat.
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4.3 Validation of Reduced Models Using Hybrid Systems

The results from our modeling studies indicate that a reduction in model complexity can
effect the robustness of the system to parameter variation in the model. The model studies
also demonstrated that the flexibility of such systems may be altered by model reduction.
But do these results hold true for actual hybrid systems?

Unfortunately, directly assessing robustness and flexibility within the context of a hy-
brid system would be impossible. The experimental overhead and limited time available to
work with an individual preparation preclude using large-scale parameter sweeps in hybrid
systems. Furthermore, the lack of a means to account for the variability among biological
neurons severely decreases the utility of our robustness and flexibility metrics.

We can use the hybrid system, however, to validate some of the predictions from our
model. We demonstrated this ability in Chapter 2 where we examined the functional role of
O in both the hybrid system and mathematical model oscillator. Tieeteofgy, on the os-
cillatory characteristics was the same in both the model system and the hybrid system; this
similarity validated our ability to apply predictions from the model to the hybrid system.

The dfects ofg, variation on oscillator period, duty cycle, and spike frequency char-
acteristics was nearly identical in all of our asymmetric model oscillators;fteete were
also what we observed and validated in Chapter 2. We can therefore be reasonably well
assured that all of our model oscillators correctly describe the rolg, of determining
network activity.

In asymmetric model oscillators, the reduction of the HN model had a signifif@ct e
on the role ofyc,s In the R3 and R4 reduced models, the dynamic rangeffs shortened
as compared to the FULL and R1 models. The FULL and R1 models have a very similar
relationship in howgc,s effects the oscillation characteristics, and the R2 and R3 models
have a very similar relationship in hogeas effects the oscillation characteristics. There
is, however, a noticeableftierence between the first two and the last two models in how

Ocas€effects the oscillation characteristics. Notably, the rangggfover which the system
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operates is constricted in the R2 reduction stage, andibet ®fgc,son oscillator period,
duty cycle, and spike frequency characteristics is noticealfigrent.

In order to validate these modeling results, we created a hybrid half-center oscillator
using the R1 and R2 reduced models, and vaggd of the model neuron. We chose to
utilize only the R1 and R2 models in our hybrid systems because it was at the reduction
from R1 to R2 that we observed the most noticeable change in oscillator behavior. We chose
to study the fect of gcas On oscillations because it was the parameter most influenced by
the reduction from R1 to R2.

For both the R1 and R2 model neuron, we created four separate hybrid system prepara-
tions. In the R1 model hybrid oscillator we vagy,s over four points: 2, 4, 8, and 16 nS.

In the R2 hybrid oscillator we vanyc,sover these points as well as 5.375 nS, the canonical

value ofgcasfor the R2 model.
4.3.1 Using FPGAs in Hybrid Systems

The creation of hybrid systems requires the model used to operate in real-time. In real-time
operation, a simulation step sizebk 104 s must takel x 104 s to compute. Otherwise,

the model will run to fast or too slow for its output to correlate with the physical system
with which the model interacts. In order to achieve real-time performance with the FPGA,
several modifications to our previous methods were necessary.

Second, because the lowest possible FPGA clock frequency (20 MHz) provides per-
formance far in excess of real-time it was necessary to modify the FPGA model neuron
architecture.

First, the FPGA was no longer run with a single-stepped clock. As stated previously,
the hardware co-simulation functionality provided with the Xilinx XtremeDSP package
was necessary in order to run scripted simulations with the neuron models. It was also
necessary to run the model using a single-stepped clock; that is, the Simulink clock and the

FPGA clock needed to be synchronized. Othewise, we did not obtain correct output from
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the neuron model. This synchronization is accomplished by having Simulink generate the
clock signals for the FPGA. Unfortunately, this method means that the user of the model
has no control over the clocking speed of the FPGA. Additionally, the clock speed can vary
greatly as the resource load on the PC changes. Therefore, in order to obtain true-real time
operation the FPGA was run free-runningclock mode, where the clock frequency of the
FPGA is explicitly set before the model is run.

Second, because the lowest possible FPGA clock frequency provides performance far
in excess of real-time it was necessary to modify the FPGA model neuron architecture. The
minimum possible free-running clock frequency is 20 MHz. This limitation is built into the
FPGA development system, and cannot be overcome. At this frequency, the model, with a
simulation step size dfx 10~* s, will run at approximately 2000 times real-time. There are
several possible ways to modify the model in order to obtain real-time performance. One
would be to reduce to the simulation step siz&to 10°8. This method, however, would
require significant changes to the precisions of time constants and state variables within
the model, so we did not pursue it. Instead, we modified the state variable integrators so
that they were enabled for only 1 out of every 2000 clock cycles. This method proved very
simple to implement, and produced true real-time results from the FPGA.

Third, because we wanted only one model to interact with a living neuron at a time, we
no longer pipelined multiple models through the FPGA.

Finally, in order to interface with the electrophysiology equipment, we added the DACs
and ADCs to our model. The membrane potential of the living neuron was input to the
model through one of the two dedicated ADCs. The membrane potential and the synaptic
current signal for the living neuron were output using the two dedicated DACs.

A schematic deptiction of the FPGA-based hybrid system is shown in Figure 45. All
electrophysiology, data acquisition, and data analysis methods are the same as those used

in Chapter 2.
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4.3.2 Qcasin the R1 model.

With canonical parametergid.s = 4 nS), the R1 hybrid half-center oscillator produced
rhythmic oscillations in all four experiments. The period vé&e®&+ 2.2 s, the duty cycle
was0.47 + 0.17, and the mean spike frequency w39 + 3.5 Hz. The escape frequency
was7.9 + 3.8 Hz.

As predicted by our modeling studies, increasipgs shows a consistent increase in
the oscillator period (Figure 46), although only the first group (at 2 nS) was significantly
different from the others (g .05). Also, the oscillator period is significantly shorter for the
hybrid half-center oscillator than for the model half-center. This phenomenon was observed
in the silicon neuron hybrid system used in Chapter 2; as we discussed then, this shortening
of the period is most likely due to thefects of sharp microelectrode penetration, which
decreases the membrane time constant and limitsfittaey of spike mediated synaptic
transmission.

Increasingcas from 2 to 4 nS causes a slight decrease in the duty cycle of the model;
this difference, however, was not statistically significant. The increase in duty cycle be-
tween 4 and 8 nS was both significant and similar to the increase predicted from our mod-
eling studies, although the range of duty cycles observed was smaller than that predicted
from modeling.

There was a significant increase in mean spike frequency from 2 to 4 nS, and from 4
to 8 nS. There was no significant change in mean spike frequency from 8 to 16 nS. This
change was similar to that predicted by modeling, although we did not see the decrease in
spike frequency from 8 to 16 nS as we saw in the model half-center. Additionally, the mean
spike frequency was noticeably higher in the hybrid half-center than they were predicted
by modeling.

Finally, increasingcas from 4 to 8 nS caused a significant decrease in the escape fre-
guency of model neuron. The trend of this result is very similar to that predicted by mod-

eling, although the escape frequency is lower in the hybrid system.
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Figure 46: gcasin R1 hybrid HCO.

The activity observed in the hybrid system is similar to that observed in the modeling
studies (Figure 47). As in the model, large valueg®&k cause the "plateau-like" oscilla-
tions in the model, where the model becomes so depolarized that it cannot fire.

Overall, the results from our HN — R1 hybrid system are very similar to what we expect

from our modeling studies of the FULL — R1 model oscillator.
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4.3.3 Qcasin the R2 model.

With canonical parametergdas = 5.375nS), the R2 hybrid half-center oscillator produced
rhythmic oscillations in all four experiments. The period v@ag+ 2.7 s, the duty cycle
was0.59+0.11, and the mean spike frequency va#s5 + 3.2 Hz. The escape frequency of

the R2 neuron wa.2 + 1.4. The period and mean spike frequency were all significantly
higher in the HN — R2 oscillator than in the HN — R1 hybrid oscillator; this increase,
however, is predicted by modeling. The mean duty cycle was higher for the HN — R2 hybrid
oscillator than in the HN — R1 hybrid oscillator, and the escape frequency was lower; these
differences, however, were not statistically significant.

The R2 hybrid half-center oscillator behaved verffatiently from the R1 hybrid half-
center (Figure 48). As predicted by the modeling studies, the R2 hybrid system did not
produce half-center oscillations whega,s = 2 nS. Increasingcas from 4 to 5.375 nS
caused a slight decrease in the period of oscillations, and increggigtp 8 nS caused
a slight increase in the oscillator period; neither of these changes were statistically signif-
icant, however. In the model oscillator, increasmgs from 8 to 16 nS, caused a large
increase in the oscillator period. In the hybrid oscillator the oscillations also increased, but
not to the extent predicted by modeling.

As gcasWas increased from 4 to 8 nS, the duty cycle of the R2 neuron increased, in a
manner very similar to the duty cycle predicted by our modeling studies. Incregsigag
from 4 to 5.375 nS and from 5.375 to 8 nS caused a statistically significant increase in the
duty cycle. There was no statistically significant change in the duty cycle between 8 and
16 nS.

Increasingcas caused a large increase in the mean spike frequency of the R2 neuron.
As in the HN — R1 hybrid oscillator, the mean spike frequency of the reduced model neuron
in the hybrid oscillator was much higher than that predicted by the model oscillator. This
difference is especially noticeable fi.s = 16 nS. This very high spike frequency is un-

doubtedly due to the fact that, in the R1 model, the conductance-based spiking mechanisms
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place a limit on the maximum firing rate the neuron; withoutisient time to remove in-
activation fromly,, there is no way the neuron can fire another spike. This firm limit in
the inter-spike interval is often referred to as #iesolute refractory periodf the neuron.
When the conductance-based spiking mechanisms are replaced by IAF mechanisms, how-
ever, there is no such limit to the spike frequenay;only needs to exceed esnin order
for a spike to occur. Thus, with an large increase in the depolarizing cuggnthe neu-
ron fires at a very high frequency, and the mean spike frequency of the R2 neuron increases
substantially with increasingcas

Overall, the escape frequency of the R2 neuron is lower than that predicted by model-
ing. Overall, there is little change in the escape frequenayass increased. Although,
increasingcasfrom 4 to 5.375 nS does cause a significant increase in the escape frequency
of the R2 neuron, there was no statistically significaffiedence in the escape frequency
whengcaswas increased above 5.375 nS.

Overall, the oscillations observed in the HN — R2 hybrid oscillator were very similar
to what we observed in the FULL — R2 model oscillator (Figure 49). The period remains
relatively constant agcasincreases, while the duty cycle of the R2 model neuron noticeably

increases.
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4.3.4 Discussion

These experiments provide validation of our reduced models. As was predicted from our
modeling studies, both the R1 and R2 model neuron were able to create realistic half-
center oscillations when coupled to a living neuron. Furthermore, the relationships between
Ocas and oscillator period, duty cycle, and spike frequency characteristics were correctly
predicted by our modeling studies.

The R1 hybrid oscillator functioned wheg,s of the R1 model was set to 2 nS; the R2
hybrid oscillator did not. This result indicates that there is indeed some constriction of the
system’s input space when the model is reduced. As was the case with our modeling stud-
ies, however, we must admit that our experiments did not address the parameter space in
holistic fashiongcaswas the sole parameter varied; the parameters of the heart interneuron
are, of course, unknown.

As we observed in our hybrid experiments in Chapter 2, the absolute values for the
period, duty cycle, and spike frequency characteristics in our hybrid system are not what
we expect from our modeling studies. Thrend of the these characteristics ggas is
varied, however, is correctly predicted by the modeling studies. It appears, therefore, that
the functional role ofc,sin the hybrid oscillators is correctly represented by our model

oscillators.

4.4 Symmetric Half-Center Oscillators

The asymmetric half-center oscillators used in the previous studies are a useful tool to an-
alyze and understand how reduced neuron models might behave in a hybrid half-center
oscillator. The asymmetric parameter variation showed that model reduction had little ef-
fect on the functional range of parameters in the FULL model of the asymmetric oscillator,
but did reduce the functional range@f.sandgeax parameters in the reduced model of the
asymmetric oscillators. The overall flexibility of the model, however, did not noticeably

change as the model was reduced.
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There is a seeming contradiction in this result: although the size of the input space is
noticeably reduced by model reduction, the apparent size of the output space is not. It is
therefore possible that the presence of the FULL model neuron in the asymmetric model
oscillators acts to maintain the flexibility of the oscillators as its partner is reduced.

In order to test this hypothesis, we constructed tlygametrichalf-center oscillators
for each of the three reduced models; we then asymmetrically va¢igddn, andgiea, as
we did with the asymmetric half-center oscillators. Although these models do not provide
a direct comparison with hybrid oscillators, they provide an insight into the functional
role of complexity that is important in development of hybrid systems: if the presence of
additional complexity in a model system helps to stabilize the robustness and flexibility
of that system, that additional complexity provided by a biological neuron may serve to

accomplish the same function in a hybrid system.
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Figure 50: Functional parameter ranges for symmetric oscillators. Each bar shows the
functional range of the parameter in the reduced models over which the system produces
half-center oscillations.

Robustness

The parameter ranges over which the symmetric reduced oscillators produce oscilla-
tions are shown in Figure 50. Robustness scores are given in Table 5. In the case of the
R3 — R3 model network, half-center oscillations were not produced with canonical para-
meter values. It was possible to produce half-center oscillations by incregsing both
neurons of the oscillator, but because this change would be a departure from our previous
studies we chose not to do so.

As was the case with parameter variation in the reduced model of the asymmetric half-

center oscillators, decreasing model complexity from the R1 to the R2 model causes an
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Table 5: Robustness scores for parameter variation in symmetric oscillator models. For
each conductance, the parameter score is equ#l *dog(Pmax/ Pmin) Where pmax and pmin

are the maximum and minimum of the parameter range over which the oscillator function.
A score of 100 indicates that the oscillator operates from .1 to 10 times the canonical
parameter value.

Parameter Full - Full HCO | R1 - R1 HCO| R2-R2 HCO| R3-R3 HCO

Jcas 72.7 79.8 20.1 —
Oh 100.0 100.0 75.6 _
Oieak 11.6 21.4 3.5 J—

overall decrease in the ranges of the parameters where the model produces half-center
oscillations. Interestingly, the R1 — R1 oscillator appears to be slightly more robust than
the FULL — R1 osicllator. Furthermore, the robustness of the oscillator to variatigasgn
andgieax increases in the R1 — R1 oscillator as compared to the FULL — FULL oscillator.
In the R2 — R2 oscillator, the robustness of the systegeig gn, andgeax are all decreased
with respect to the FULL — R2 oscillator, indicating that for the R2 model, the presence of
the FULL model in the oscillator serves to increase the robustness of the system.

Flexibility

The results our flexibility assessment are shown in Figure 51. In the FULL — FULL
oscillator, six principal components were needed to account for 95% of the variance data.
In the R1 — R1 oscillator, five principal components were needed to account for 95% of
the variance in the data. In the R2 — R2 oscillator, 95% of the data were explained by
slightly more than four principal components. These results are noticedtdyeait than
for the asymmetric reduced oscillators. In the asymmetric reduced oscillators, there was
little change in the flexibility of the model as the model was reduced. In the symmet-
ric oscillators, however, decreasing model complexity causes a noticeable decrease in the
number of principal components needed to explain 95% of the variance in the data; the
flexibility of the model is noticeably reduced for the reduced model oscillators. In addi-
tion, the flexibility of the R1 — R1 and R2 — R2 oscillators are lower than their asymmetric

counterparts.
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Discussion

The functional &ects of model complexity are more apparent in the symmetric oscil-
lators than in the asymmetric oscillators. Replacing the physiologic spiking mechanisms
with IAF mechanisms causes a significant decrease in the robustness of the system. In the
case of the R3 — R3 oscillator, this decrease in robustness is so severe that the canonical
parameter point no longer lies within the system’s functional input space. It is interesting
to note, however, that the R1 — R1 oscillator is more robust than both the FULL — FULL
oscillator and the FULL — R1 oscillator. In this case, model reduction appears to increase

the size of the system’s functional input space.
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CHAPTER V

CONCLUSIONS

The goal of hybrid systems research is to develop systems that reproduce the function of
biological neural networks, either for the treatment of injury or disease, or for the creation
of engineered constructs that use neural properties for computation or interaction with the
physical world. In these systems, the living neurons provide the complex dynamics and
functionality that are necessary to reproduce biological phenomena, whereas the model
provides a means to manipulate and control the system. In order for these systems to
function, however, the the engineered component must be able to correctly interpret signals
from the nervous system, and produce signals that are functionally relevant to the nervous
system.

We have developed a hybrid half-center oscillator that consists of a single model neuron
coupled to a single biological neuron. The relative simplicity of this system allowed us to
ask fundamental questions regarding the role of neuronal mechanisms and model complex-
ity in the generation of neuronal activity. We have shown how a single neuronal property
can be used to control the activity of the system. We have shown how the hybrid system
can be used to validate neuronal models. Finally, we have shown how the complexity of
the model &ects the robustness and flexibility of the system. These three findings are im-
portant for the development of next-generation hybrid systems in which neuronal models

will interact with larger-scale neural networks.
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5.1 Regulation of Neuronal Network Activity by an Intrinsic
Current

Biological neural networks regulate their activity through numerous mechanisms. lonic
currents, 2nd-messenger systems, and the transcription of proteins all play a role in deter-
mining how the nervous system behaves. In order to create engineered constructs that can
be used to modulate or control the activity of biological neural networks, it is critical to
understand how biological neural modulate and control their own activity.

Our hybrid system provides a novel method for investigating the role of neuronal prop-
erties in the generation of neural activity. The model provides a degree of control over
neuronal properties that is not possible with traditional techniques. The biological compo-
nent, however, provides a degree of realism and relevance that is much greater than with
modeling alone. By utilizing a physiologically realistic model in our hybrid system, we
can draw very strong conclusions about how neural networks can modulate their activity
using neuronal properties.

We investigated how the ionic curreftregulates the activity of a half-center oscillator.
Increasingg,, the maximal conductance bf, caused the period of oscillations to decrease.
The decrease in oscillator period was caused by a decrease in the inhibited phase of the
modified neuron, indicating thay, preferentially &ects the inhibited phase of the oscil-
lation. Furthermore, we demonstrated thatletermines the frequency of spike-mediated
synaptic inhibition at which an inhibited cell escapes from inhibition; this finding demon-
strates howl, can be used to regulate the relationship between two cells in a half-center
oscillator.

The findings of this study are important both to biologists and engineers. Identifying the
effects of neuronal properties on the activity of neural networks improves our understanding
of the nervous system. Identifying mechanisms that can be used to modulate or control
the activity of neural networks improves our ability to develop functionally useful hybrid

systems.
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5.2 Validation of Neuronal Models with Hybrid Systems

Much of our understanding of the nervous system is based on studies using mathematical
neuron models. A neural model provides a degree of access and controllability that is
impossible with a biological neuron or neural network. Of course, the mathematical model
simplifies many properties of the biological system; a critical concern in neural modeling
is whether or not the model is valid representation of the biological system.

Hybrid systems are an invaluable tool for validating neuronal models. In a traditional
modeling paradigm, a model is validated by reproducing a particular characteristic of the
biological system; the model is then used to make predictions about the biological system
itself. Hybrid systems provide a means to further validate the predictions of the model.
By operating the model system in concert with a biological system, the idealizations of
modeling are tempered by the reality of biology. If a particular mechani$ects both
the model system and the hybrid system in a similar fashion, we can be reasonably well
assured that the model correctly describes the function of that mechanism.

We validated the results of modeling in three separate hybrid systems protocols. In
the first set of experiments, we examined tlie& of g, in @ mechanistic mathematical
model of a half-center oscillator, and validated this study using a hybrid half-center that
incorporated a silicon model neuron that was a reduced version of the mathematical model.
In addition, we induced changes in the living neuron to demonstrate that the model neuron
and the living neuron were operating in symmetry. In the second set of experiments, we
examined the role ofc,sin an asymmetric model half-center oscillator; in these studies,

a reduced mechanistic neuron model was coupled to a more complex mechanistic model.
We then validated these studies using a hybrid half-center oscillator composed of a living
neuron and the reduced mechanistic model neuron. In our final set of experiments, we
studied the fiect ofgcasin an asymmetric model half-center oscillator that was composed
of a complex mechanistic model neuron and a simplified, semi-empirical model neuron.

We then validated these studies using a hybrid half-center oscillator composed of a living
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neuron and the simplified semi-empirical model neuron.

All of our hybrid systems experiments validated the results of modeling. Although the
absolute values of certain oscillator characteristics (such as period, duty cycle, and spike
frequencies) were ffierent in our hybrid experiments and modeling studies, ffeceof
parameter variations on these characteristics was the same. For example, although the pe-
riod of the hybrid oscillator was less than the period of the mathematical model oscillator,
increasingg, caused the period to decrease in each of these systems. This validation in-

creases our confidence in the conclusions drawn from our models.

5.3 The Functional Role of Model Complexity

One of the most critical decisions in developing a hybrid system is the decision of how
complex the model component needs to be in order to produce a functional system when
coupled to the biological component. A more complex model might accurately reproduce
the behavior of biology, but may be so complex as to render it unusable. A simple model,
however, might be easily understood, yet may not provide enough accuracy to create an
effective system.

Biological neural systems are presumed to be both robust and flexible. Robustness
describes the ability of the system to function despite variable inputs. For example, the
presence of increased levels of nicotine in the brain doesffattahe ability of a person
to perform motor functions. The motor system could therefore be said to be robust to
changes in nicotine concentration. Flexibility describes the ability of the system to produce
different outputs in order to achieve its function. For example, a person’s motor system
produces dterent patterns of muscle activation depending on whether or not the person is
walking, jogging, or running. The function of the system, moving the person forward, can
be achieved using fierent outputs.

In order to evaluate how model complexity migifeet the robustness and flexibility

of hybrid systems, we created three asymmetric model half-center oscillators; in each of
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these model oscillators, a complex mechanistic model neuron was coupled to a reduced
model neuron. In addition, in order to evaluate tifieets of model complexity in model
systems, we created three symmetric model half-center oscillators; in each of these model
oscillators, a reduced model neuron was coupled to an identical reduced model neuron.

We assumed that the function of a half-center oscillator is to produce half-center oscilla-
tions. We assessed the robustness of these oscillators by determining the parameter ranges
of the maximal conductances over which the model systems produced half-center oscilla-
tions. We assessed the flexibility of our oscillators by performing a principal component
analysis on the output measures of oscillator activity. We judged that the more variance
there was between the measures of oscillator activity, the more flexible the system was.

Although decreasing model complexity did not appear to have any consiffiectt@n
the robustness of the asymmetric oscillators when parameters were varied in the complex
model, it did reduce the robustness of system when parameters were varied in the simplified
models. In the symmetric oscillators, reducing the model complexity caused a reduction in
the system’s robustness. In our asymmetric oscillators, there was little change in the overall
flexibility of the system as the model complexity was reduced. In our symmetric oscillators,
however, decreasing the model complexity caused a decrease in the overall flexibility of the
system.

Our original hypothesis was that model complexity serves to increase system robustness
and flexibility. Our modeling studies appear to support our original hypothesis. There are,

however, several caveats to this conclusion.

5.4 Future Research Directions

The findings reported here bode well for the development of hybrid systems. They demon-
strate the utility of these systems for biological investigations. They demonstrate that the
findings of neural modeling can be confidently applied to hybrid systems. Finally, they

demonstrate that even simplified models can be used to create realistic activity in hybrid
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systems, although their is a trad&-on system performance as model complexity is de-
creased. We envision that this research can be refined through two developments: a more
global analysis of neuronal models, and improved metrics for evaluating model perfor-
mance.

The studies presented here investigated only a small portion of the systems’ parameter
space. All of our parameter sweeps were conducted in one dimertBimiracsingle canon-
ical parameter point. To more fully gauge thiéeet of model reduction on the model's
parameter space, we would either need to map out a set of canonical parameter points —
distinct points in parameter space where the model produces the canonical output — or
conduct a multi-dimensional parameter sweep — simultaneously varying the parameters
of the oscillator instead of one parameter at a time. Either of these approaches, however,
would require more computational resources than we were provided in this study. Future
research studies should develop the computational resources that will allow a more global
analysis of the system to be performed.

The metrics we utilized to evaluate system robustness and flexibility were useful as a
first-order measure of system performance. Improved metrics are possible, however. Of
primary importance is the development of methods to assess what features of the activity
are important to the system. For example, we evaluated flexibility based on the relation-
ships between measures of spike timing and membrane potential. It is likely, however, that
other measures, such as the shape of spikes or slow-wave potentials, are more important to
the functionality of the system. More work will need to be done in order to evaluate what
features are most important to the functionality of the system.

The research presented here has provided a critical step in the development of hybrid
systems for biomedical and neuromorphic applications. Continued research will serve to

increase the applicability and importance of these systems.
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