


Abstract

Due to the staggering complexity of the nervous system, computer modelling is
becoming one of the standard tools in the neuroscientist’s toolkit. In this thesis,
I use computer models on different levels of abstraction to compare hypothe-
ses and seek understanding about pattern-generating circuits (central pattern
generators, or CPGs) in the lamprey spinal cord. The lamprey, an ancient and
primitive animal, has long been used as a model system for understanding verte-
brate locomotion. By examining the lamprey spinal locomotor network, which is
a comparatively simple prototype of pattern-generating networks used in higher
animals, it is possible to obtain insights about the design principles behind the
spinal generation of locomotion.

A detailed computational model of a generic spinal neuron within the lam-
prey locomotor CPG network is presented. This model is based, as far as possi-
ble, on published experimental data, and is used as a building block for simula-
tions of the whole CPG network as well as subnetworks. The model construction
process itself revealed a number of interesting questions and predictions which
point toward new laboratory experiments. For example, a novel potential role for
KNaF channels was proposed, and estimates of relative soma/dendritic conduc-
tance densities for KCaN and KNaS channels were given. Apparent inconsistencies
in predicted spike widths for intact vs. dissociated neurons were also found. In
this way, the new model can be of benefit by providing an easy way to check the
current conceptual understanding of lamprey spinal neurons.

Network simulations using this new neuron model were then used to ad-
dress aspects of the overall coordination of pattern generation in the whole lam-
prey spinal cord CPG as well as rhythm-generation in smaller hemisegmental
networks. The large-scale simulations of the whole spinal CPG yielded several
insights: (1) that the direction of swimming can be determined from only the
very rostral part of the cord, (2) that reciprocal inhibition, in addition to its
well-known role of producing alternating left-right activity, facilitates and stabi-
lizes the dynamical control of the swimming pattern, and (3) that variability in
single-neuron properties may be crucial for accurate motor coordination in local
circuits.

We used results from simulations of smaller excitatory networks to propose
plausible mechanisms for obtaining self-sustaining bursting activity as observed
in lamprey hemicord preparations. A more abstract hemisegmental network
model, based on Izhikevich neurons, was used to study the sufficient conditions
for obtaining bistability between a slower, graded activity state and a faster, non-
graded activity state in a recurrent excitatory network. We concluded that the
inclusion of synaptic dynamics was a sufficient condition for the appearance of
such bistability.

Questions about rhythmic activity intrinsic to single spinal neurons – NMDA-
TTX oscillations – were addressed in a combined experimental and computa-
tional study. We showed that these oscillations have a frequency which grows
with the concentration of bath-applied NMDA, and constructed a new simplified
computational model that was able to reproduce this as well as other experi-
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mental results.
A combined biochemical and electrophysiological model was constructed to

examine the generation of IP3-mediated calcium oscillations in the cytosol of
lamprey spinal neurons. Important aspects of these oscillations were captured
by the combined model, which also makes it possible to probe the interplay be-
tween intracellular biochemical pathways and the electrical activity of neurons.

To summarize, this thesis shows that computational modelling of neural
circuits on different levels of abstraction can be used to identify fruitful areas
for further experimental research, generate experimentally testable predictions,
or to give insights into possible design principles of systems that are currently
hard to perform experiments on.
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Sammanfattning

I denna avhandling använder jag datormodellering på flera abstraktionsnivåer
för att undersöka egenskaper hos rytmgenererande nervkretsar i ryggmärgen
på nejonögat, ett primitivt ryggradsdjur. Nejonögat har länge använts som mod-
ellsystem för att förstå hur rörelser (simning i nejonögats fall) alstras av relativt
enkla nervkretsar som kallas centrala mönstergeneratorer (“central pattern gen-
erators” eller CPG på engelska). Jag har utvecklat en biofysikaliskt baserad da-
tormodell som kan användas till att simulera nervceller i sådana CPG. Modellen
innehåller bland annat detaljerad information om kinetiken hos jonkanalerna i
cellmembranet. Denna neuronmodell har sedan använts för att undersöka nå-
gra generella principer för mönstergenerering i ryggmärgen. Bland annat har en
storskalig simulation av hela ryggmärgen baserad på neuronmodellen visat att
simningsrörelserna kan kontrolleras på ett enkelt men flexibelt sätt, så att ak-
tivering av ryggmärgen nära huvudet är tillräckligt för att styra både framåt- och
bakåtsimning. Vi visade i samma studie att ömsesidig inhibition mellan höger
och vänster del av ryggmärgen stabiliserar rörelserna och att variation mellan
individuella celler gör rörelserna lättare att koordinera. Neuronmodellen använ-
des i en annan studie för att undersöka hur självupprätthållande aktivitet kan
uppkomma via synaptiska interaktioner i ett litet excitatoriskt nätverk. En mer
abstrakt nätverksmodell visade hur synaptisk dynamik kan leda till bistabilitet
mellan ett långsamt och gradvis varierande aktivitetstillstånd och ett snabbt
och stereotypt tillstånd. En studie där vi kombinerade experiment och dator-
modellering visade på några tidigare okända egenskaper för rytmisk aktivitet i
enstaka nervceller och ledde till att vi kunde utveckla en matematisk modell som
kan förklara experimentella observationer av denna typ av aktivitet. Slutligen
konstruerades en hybridmodell bestående av en modell av en biokemisk reak-
tionsväg (som utmynnar i IP3-beroende svängningar i kalciumnivån i ryggmärgs-
celler) och en neuronmodell, så att man kan koppla ihop den biokemiska ak-
tiviteten inuti cellen med den elektriska aktivitet som främst styrs av jonkanaler
i cellmembranet.
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Chapter 1

INTRODUCTION

The nervous system is a vast and intriguing entity. As a result of hundreds of
millions of years of evolution, it has acquired layers upon layers of anatomical
and functional components. We are far from understanding the mystery of how
human thought and cognition is generated in the brain. An ostensibly simpler
part of the central nervous system, the spinal cord, is responsible for generating
most of the movements of living organisms. This thesis examines some aspects
of neural circuits in the spinal cord of the lamprey - one of the most ancient
vertebrates that is still extant. The tool I use for doing so is computational
modelling on several different levels.

Since the lamprey is a vertebrate - although a primitive one - it is assumed
that some of the knowledge obtained through studying it will be applicable to
higher vertebrates, including mammals, and ultimately, humans. With regard to
locomotion, it is, together with the Xenopus laevis tadpole, the most well-studied
vertebrate model system so far, and information from many levels of biology -
from single ion channels to swimming behaviour - has been collected. Many
of the control principles involved are understood, but interesting questions still
remain; I will try to outline some of these in this thesis. In studying the lamprey
locomotor system, computational modelling is useful in several ways. First, in-
formation from different experimental studies and from different biological levels
can be integrated into a coherent framework. Computational modelling can be
used to simulate single neurons, locomotor networks, or an entire “virtual lam-
prey” with muscles and sensory capabilities, swimming in a simulated physical
environment. Ultimately, these levels must be reconciled to yield a complete pic-
ture. Second, computational modelling can be used to guide new experiments,
either by pointing out inconsistencies in the understanding of one of the in-
volved subsystems, or by suggesting novel mechanisms which were not known
from previous experiments.

A picture that has emerged over the past decades is that movements are gen-
erated using motor programs - "a set of muscle commands which are structured
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2 1.1. Contributions

before a movement begins and which can be sent to the muscle with the correct
timing so that the entire sequence is carried out in the absence of peripheral
feedback" (Marsden et al., 1984). These motor programs are generated by a
complicated motor infrastructure (Grillner, 2003) involving distributed spinal lo-
comotion modules whose activity patterns can be combined in different ways,
depending on the task. The spinal cord itself can thus be seen as a kind of
mega-module for generating structured locomotor patterns which can then be
dynamically modified according to instructions from the brain in response to
changing environmental conditions. It should be added that the spinal cord
also contains many of its own fine-tuning mechanisms for adapting the activ-
ity patterns in response to incoming sensory data. Not much is known about
the identities and locations of locomotor modules in higher vertebrates. In the
lamprey, it is easier to isolate and characterize these modules, so that basic
principles for their function can be derived and possibly extrapolated to higher
vertebrates.

The following exposition assumes that the reader is somewhat familiar with
basic components of neurons, like axons, dendrites and synapses, and under-
stands what is meant by e.g. neuronal membrane potential, depolarization,
hyperpolarization and action potentials.

1.1. Contributions

• We present a new and biophysically detailed computational model of a
generic lamprey locomotor network neuron (Paper I).

• We propose, using simulations, novel central and local control mecha-
nisms for regulating locomotor patterns in vertebrate spinal networks (Pa-
per II)

• We show that reciprocal inhibition, in addition to its role in controlling
alternating right-left activity, may also be important for assuring robust
control of the swimming pattern in lamprey (Paper II).

• We propose plausible mechanisms underlying “locomotor bouts” in lam-
prey hemicord preparations (Paper III).

• We propose that synaptic dynamics may be the simplest explanation for
the simultaneous existence of different modes of activation in lamprey
hemicord preparations (Paper IV).

• We present a simplified conductance-based model that can reproduce the
characteristics of NMDA-TTX oscillations in lamprey locomotor neurons
and explain novel experimental results derived in the course of the same
study (Paper V).

• We present a hybrid model combining a biochemical pathway model of
IP3–mediated intracellular calcium oscillations with an electrophysiologi-
cal model of a locomotor neuron (Paper VI).
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Chapter 2

BIOLOGICAL BACKGROUND

2.1. Early research on locomotion

Up until about a century ago, locomotion - or in more everyday terms, move-
ment from one place to another - was thought to result from chains of reflexes
in the spinal cord in response to stimulation of the skin (Philippson, 1905, qtd.
in Brown, 1911). For instance, in a walking human, setting down a foot - let’s
assume the right foot by way of example - on the ground was thought to initiate
a sequence of reflexes which would lift the left foot from the ground and perform
a cycle of movement by suitably contracting different muscles. When the left foot
hit the ground again, a new set of successive reflexes would then cause the right
foot to be lifted, and so on. This means that the act of movement would be en-
tirely driven by sensory stimulation in the form of pressure from the ground on
the skin of the limbs. However, this picture began to change around 1900. An
early key observation was that dogs were able to move their hind legs in a man-
ner reminiscent of walking when held suspended in the air (Freusberg, 1874,
qtd. in Brown, 1911). Furthermore, Sherrington (1910) demonstrated that cats
and dogs are able to walk even when all sensory nerves are severed from their
limbs. Brown (1911) showed conclusively that the mechanism of locomotion in
cats could neither be determined by peripheral skin stimuli nor self-generated
stimuli intrinsic to the muscles. Sherrington and Brown also showed that loco-
motor activity can be evoked without input from higher brain centres. Instead,
the basic mechanism for the generation of movement is contained within the
spinal cord. This was subsequently found to apply to other organisms as well1.
In other words, locomotion-like activity can be generated purely by neural cir-
cuits in the spinal cord, even without any rhythmic stimulation from higher

1Maybe not all of them, though. A new study (Song et al., 2007) used gene knock-
out techniques to find the first apparent example of an organism — the Drosophila larva
— that seems to need sensory input in order to move. This is in contrast to all other
organisms studied so far!
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6 2.2. Central pattern generators

brain centers or from sensory receptors. These neural circuits were later chris-
tened "central pattern generators" (see Grillner and Wallén, 1985a, for a review
of this concept).

2.2. Central pattern generators

It is important to emphasize that central pattern generators (henceforth abbre-
viated as CPGs) cannot account for the patterning of movements in a natural
setting. What they can do is to generate a kind of template pattern of movement,
which is then modified according to sensory input, descending commands from
the brain, and so on. Brown’s explanation of this point is too eloquent to leave
unquoted (Brown, 1911):

A purely central mechanism of progression ungraded by propriocep-
tive stimuli would clearly be inefficient in determining the passage of
an animal through an uneven environment. Across a plain of perfect
evenness the central mechanism of itself might drive an animal with
precision. Or it might be efficient, for instance, in the case of an ele-
phant charging over ground of moderate evenness. But it alone would
make impossible the fine stalking of a cat over rough ground. In such
a case each step may be somewhat different from all others, and each
must be graded to its conditions if the whole progression of the animal
is to be efficient.

The actual identity of the central pattern generator, in terms of the neurons
that make it up and their connections to each other, may vary from animal to
animal. There is also a slight linguistic ambiguity when using the CPG term
- should one regard the spinal motor system as consisting of a single CPG or
separate but interacting CPGs (Grillner and Wallén, 1985a)? The appropriate
conceptualization may vary from system to system; for instance, some muscles
in the locust are thought to be controlled by separate neural circuits, while in
other organisms the norm is that circuits are shared, so that overlapping sets of
neurons are used in different motor tasks (Pearson, 1993). In the system under
study in this thesis — the lamprey — there is good evidence that the swimming
CPG can be regarded as continuously distributed over the whole spinal cord.
Subnetworks isolated from different parts of the lamprey spinal cord have the
ability to generate their own rhythmic activity (Cohen and Wallén, 1980), but
there are no strict anatomical borders between distinct subnetworks. It should
be noted that CPGs are not only found in the spinal cord; many CPGs for stereo-
typed motor acts such as breathing and swallowing are located in the brain stem
(Grillner, 2006). Also, CPGs are found in invertebrates, which by definition do
not even have a spinal cord; some well-studied invertebrate CPGs are the pyloric
CPG in the stomatogastric ganglion of the lobster (Marder et al., 2005) and the
swimming and crawling CPGs in leech (see De Schutter et al., 2005 and refer-
ences therein). Thus, CPG is a rather general concept which points to a neural
circuit capable of reliably generating a patterned and behaviorally appropriate
activity in isolation, no matter the anatomical location of the circuit. Usually,
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Figure 2.1. The lamprey feeds on fish by attaching to them with its suction
mouth. [Public domain image from Wikimedia Commons.]

some type of unpatterned (i.e., non-periodic) stimulus is needed to initiate the
locomotor-like activity, but it does not determine its shape.

There is also some evidence that CPGs are found in humans (MacKay-Lyons,
2002). For natural reasons, performing experiments to isolate different CPGs in
humans are out of the question. Instead, model organisms are used to examine
the organization of the locomotor network. It may be noted that descending
control from the brain is thought to play a much larger role in humans than in
other organisms (MacKay-Lyons, 2002).

2.3. The lamprey as a model system for vertebrate locomo-
tion

The lamprey is a very important model organism for understanding vertebrate
motor CPGs (Grillner, 2003). The lamprey is an ancient jawless vertebrate, a
cyclostome, which looks similar to an eel. Many species of lamprey exist, but
in general they are parasites who feed on host organisms (typically fish) by at-
taching themselves to the host’s body with their round mouths and sucking out
body fluids and blood (Fig. 2.1). Lampreys are considered a nuisance in the
fishing industry, and fisheries around e.g. the Great Lakes in North America
have actively combatted lampreys in their lakes. In some countries, lampreys
are considered a delicacy. Indeed, Henry I of England liked to eat lampreys so
much that he actually died from ingesting too many of them, or as the saying
goes, he died "from a surfeit of lampreys" (Green, 2006).

The lamprey swims with undulating movements produced by a travelling
wave of activity that pushes its body through the water. These movements are
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generated by spinal CPG networks that coordinate the right and the left sides of
the body, so that the muscles on the right and the left side are contracted in an
alternating fashion. There is also coordination along the body; during normal
swimming, the activity wave starts at the head (the rostral end) and propagates
toward the tail (the caudal end) so that there is a slight time delay between
the activation of successive neuronal subcircuits as the wave passes through
the body. The reliable propagation of this wave depends on the coordination of
these time delays. In a similar manner, the human walking pattern is dependent
on a temporally precise sequence of muscle activations.

There are several different reasons to use the lamprey as a model system for
locomotion. Perhaps the most important one relates to evolution. The lamprey
is, together with the hagfish, the most primitive vertebrate that is still extant.
It hasn’t evolved much in over 400 million years. This means that the central
nervous system (CNS) of the lamprey is likely to be the most primitive version of
a CNS that we can examine. Somewhat like a Model T Ford in automobile me-
chanics, it allows us to look at the simplest known construction for a vertebrate
motor system. Furthermore, the lamprey is a good experimental model because
its spinal cord is easily accessible to dissection. Because the spinal cord lacks
a blood supply, instead being oxygenated from the surrounding cerebrospinal
fluid, it can be kept "alive" in an oxygenated chemical bath for several days
(Cohen and Wallén, 1980). Motor activity can be elicited in such a preparation
by the addition of various chemicals, such as the excitatory amino acids D-
glutamate and NMDA (N-methyl-D-aspartate). This form of stimulation is called
bath application of the chemical in question. The activity observed in response
to such stimulation, called "fictive swimming", is similar to activity recorded in
an intact, swimming lamprey (Wallén and Williams, 1984) (see Fig. 2.2).

Many important results concerning vertebrate locomotor CPGs have been
obtained by studying the lamprey. I will try to outline a few of the results that
also hold true for some of the other model organisms examined so far. First, it
is useful to know something about the anatomical organization of the lamprey
spinal cord. Longitudinally, the spinal cord is divided into about 100 segments.
These are not strictly defined by any kind of anatomical borders, but rather by
the fact that they each send out axons to the same set of ventral roots (see below).
Transversally, the spinal cord is divided by the midline into two parts; the right
and left hemicords. Combining the longitudinal and transversal division, we can
talk about hemisegments - the left and right parts of a single segment. Within
each (hemi)segment, there are different kinds of neurons. The sensory neurons
transmit information about, for instance, skin pressure and muscle stretching
to the central nervous system. The motor neurons send motor commands (in the
form of action potentials) to the muscles via axons projecting through the ventral
roots, and can therefore be considered the output elements of the motor circuits.
Furthermore there are many types of interneurons between the sensory neurons
and the motoneurons. More details about these neurons will follow below, after
we have considered some common features of CPGs.
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Figure 2.2. Fictive swimming in lamprey. The same type of electrical activity
is recorded from the ventral roots in a live swimming lamprey (left) and in an
isolated spinal cord preparation perfused in solution containing stimulating
agents (right). The latter type of activity is called fictive swimming. [Adapted
by permission from Macmillan Publishers Ltd: Nature Reviews Neuroscience
(Grillner, 2003), copyright 2003.]

2.4. Recurring features of CPGs

It is useful to look at organizational principles known to be important for most
or all of the CPGs examined so far. Aside from the lamprey, useful information
about CPG organization in vertebrates has been gleaned from e.g. the Xeno-
pus frog tadpole (Roberts et al., 1998), cat (Grillner and Zangger, 1979), turtle
(Kjaerulff and Kiehn, 1996) and neonatal rat (Mortin and Stein, 1989). For in-
vertebrates, there is a wealth of data from the lobster (Marder et al., 2005), leech
(reviewed in De Schutter et al., 2005) and Clione limacina mollusc (Arshavsky
et al., 1985), among many others. As a sweeping generalization, one might say
that invertebrate and vertebrate CPGs are different insofar as invertebrate CPGs
tend to have a smaller number of neurons, and that it is easier to identify a
distinct function for each of these neurons, while vertebrate CPGs have a more
distributed character. However, many of the characteristics of locomotor CPGs
are similar across both vertebrate and invertebrate species (Pearson 1993; also
cf. chapters 4 and 10 in Stein et al., 1997). Below is a list of features that have
been described in many known vertebrate CPGs. Most of them are also found
in various invertebrate CPGs. Note that these features are not general in the
sense that they are found in all vertebrate CPGs — as Pearson (1993) writes, ’...
CPGs can be assembled in many different ways by using different combinations
of basic cellular and synaptic processes in the neurons that make up the CPG
network’ (p. 267).

The list is purposefully left incomplete, in order to avoid getting bogged down
into details, but hopefully it provides a useful reference.
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Activation of excitatory amino acid receptors

In living animals, spinal CPGs are activated by a constant and unpatterned
(tonic) “input drive” from the brain. In in vitro experiments, this drive can be
mimicked by applying different kinds of agonists that initiate locomotion. In
particular, excitatory amino acids (EAAs) such as glutamate and NMDA can ini-
tiate locomotion in vertebrates (Cohen and Wallén, 1980; Poon, 1980). These
EAAs can activate the CPGs both via NMDA-, AMPA- (alpha-amino-3-hydroxy-
5-methyl-4-isoxazolepropionic acid) and kainate-type glutamate receptors. In
the lamprey, either NMDA or D-glutamate can initiate fictive swimming. Bath-
applied NMDA is also used as an experimental tool for initiating fictive locomo-
tion in e.g. Xenopus embryos and in higher vertebrates such as chick embryo
(Barry and O’Donovan, 1987), mouse (Hernandez et al., 1991) and mud puppy
(Wheatley and Stein, 1992). Other types of agonists can initiate fictive locomo-
tion in some species: for instance, the dopamine agonist L-DOPA can also evoke
locomotor activity in lamprey (Cohen and Wallén, 1980) as well as spinalized
cats (Jankowska et al., 1967), 5-HT (serotonin) can induce rhythmic muscle dis-
charges in rabbits (Viala and Buser, 1969), and acetylcholine can cause activa-
tion of spinal CPGs in neonatal rats (Smith et al., 1988). However, the excitatory
amino acids are fairly generally used receptor agonists for inducing fictive lo-
comotion in a variety of vertebrate species. Note that invertebrates do not, in
general, seem to have NMDA receptors, so this particular feature is specific to
vertebrate motor systems (Mayer and Westbrook, 1987).

Reciprocal inhibition

Arguably the most important design principle used in CPGs is reciprocal inhi-
bition between two subcircuits resulting in alternating activity. This principle
was already described by Brown (1911) in the context of cat locomotion. Brown
noted that an alternating activity such as one limb being extended while a limb
on the opposite side is contracted can be explained by positing a system with
a coupled pair of circuits. When one of the circuits (or half-centers) is active, it
suppresses the other one through inhibiting connections. When the activity is
terminated through some process of fatigue (as Brown calls it) the circuit on the
opposite side is disinhibited and gets activated, in turn inhibiting the previously
active circuit. This cycle is then repeated indefinitely (at least in theory). This
conceptual model is called the half-center model.

The half-center model has two central assumptions, and a third assumption
that is sometimes included but may regarded as optional. In the half-center
model:

1. Reciprocal inhibition between neurons or neuronal circuits is used to en-
sure alternating activity.

2. Some process of “fatigue” must be posited to explain why the activity of
one of the half-centers is eventually terminated.

3. (assumed in most but not all versions) The individual half-centers must
not be able to oscillate by themselves.
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The “fatigue” process could be due to a variety of mechanisms, including
synaptic depression (activity-dependent decrease in synaptic efficacy) or spike
frequency adaptation (see Fig. 2.5 and related explanation below). Wang and
Rinzel (1992) introduced the concepts of escape and release to explain different
types of activity-terminating mechanisms. These concepts were developed in
the context of two mutually inhibitory neurons rather than networks. Escape
occurs when a neuron that is being inhibited gets depolarized enough, due to
its internal dynamics, to “escape” the inhibition of the opposing cell and cross
the voltage threshold required to fire an action potential. Release occurs when
the inhibiting neuron terminates its own bursting (for instance, through the
build-up of calcium and activation of calcium-dependent potassium channels)
and “releases” the opposing neuron so that it can become depolarized and start
firing action potentials.

The third criterion, disallowing intrinsically oscillating half-centers, is not al-
ways explicitly stated. Given self-oscillating components, the half-center model
still explains how alternating activity may arise, although it is no longer neces-
sary for explaining the generation of the rhythmic activity itself.

The first computer simulation using a kind of half-center model seems to
have been a study by Reiss (1962), who described both digital and analog simu-
lations in his rather impressive paper. Amongst other things, he noted that the
half-center design does not always lead to alternating activity: for some param-
eter settings, the activity can become synchronized between the half-centers,
despite the mutual inhibition, or one of the half-centers may completely sup-
press the other one. Soon after Reiss’ simulations, another modelling study was
used to understand the generation of flight patterns in locusts using the half-
center concept (Wilson and Waldron, 1968). The first experimental confirmation
of the existence of true biological half-center oscillators (defined as fulfilling all
three criteria above) was presented by Selverston et al. (1983), who investigated
cells in the lobster stomatogastric ganglion. By selectively knocking out single
neurons in different combinations, Selverston et al. showed that there exists
a pair of cells that fire action potentials continuously when isolated from each
other, but in rhythmic alternating bursts when connected to each other. They
also found, however, that there was another type of cell which fired in rhythmic
bursts even when isolated - a pacemaker cell. Thus this system contains both
autonomous and conditional oscillators.

In the lamprey, the half-center principle has been used to understand alter-
nating activity during fictive swimming, when hemisegments in the left and right
hemicords alternate so that one side is silent while the other is active. Originally,
the reciprocal inhibition was thought to be crucial for rhythm generation, as in
the “full” half-center model; today, however, it is thought that the hemicords are
able to generate their own rhythmic activity. This will be addressed at length
below. Fig. 2.3 shows a conceptual model of how the alternating activity could
be achieved in lamprey spinal CPGs: populations of cross-projecting inhibitory
interneurons ensure that activity is confined to one hemisegment by inhibiting
the other hemisegment while their own hemisegment is active. Excitatory pro-
jections within each hemisegment are assumed to activate all types of neuron
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Figure 2.3. A conceptual “half-center” model of a lamprey spinal cord seg-
ment. The midline divides the segment into a left and a right hemisegment.
Many cell types are omitted for clarity. EIN = excitatory interneuron, CIN
= contralaterally projecting inhibitory interneuron, MN = motoneuron. MN,
which directly activate the muscles, are considered to be output elements of
the circuit. CIN inhibit all types of neuron on their contralateral side, so that
only one of the hemisegments can be “turned on” at a given point in time. EIN
provide recurrent excitation to all types of neuron on the same side.

in the same hemisegment. It should be noted that there are alternative concep-
tualizations of a segmental lamprey CPG module; a review of such conceptual
models can be found in Parker (2006).

Post-inhibitory rebound

Intimately connected to the half-center model is the concept of post-inhibitory
rebound, a mechanism whereby a neuron (or a neuronal circuit) which is re-
leased from inhibition is activated to a stronger degree than would be expected
if it had not been inhibited. This phenomenon, already noted by Sherring-
ton (1910), was shown to be involved in generating patterned motor activity
in the Clione mollusc (Satterlie, 1985), and subsequently its importance has
been stressed in e.g. computational models of Xenopus swimming (Roberts and
Tunstall, 1990). An inhibited sub-circuit which has the post-inhibitory rebound
property is able to “jump-start” its activity as soon as the inhibition from e.g. an
opposing neuronal population is lifted, or goes below some threshold level. On
the level of a single neuron, post-inhibitory rebound has often been described in
terms of inactivating low-voltage activated calcium channels (Matsushima et al.,
1993; Tegnér et al., 1997).

Excitatory cores

Many CPGs have been found to contain recurrent excitatory circuits - loops
of interconnected neurons where firing activity can be sustained or amplified
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Figure 2.4. A conceptual “excitatory core” model of a lamprey spinal cord
hemisegment. Most types of neuron are omitted for clarity. EIN = excitatory
interneuron, MN = motoneuron. Recurrent excitatory connections between
EIN generate a rhythm based on single-spike synchronization. The output
of the recurrent excitatory network is fed to the MN and subsequently to the
muscles.

through positive feedback. Activity can then be maintained long beyond the
end of some transient stimulus to the circuit neurons. This kind of reverber-
atory circuit could be built using excitatory synaptic transmission or electri-
cal synapses (gap junctions) between the neurons. In Clione, both excitatory
synaptic transmission and tight electrical coupling between interneurons are
involved in generating reverberatory activity (Satterlie, 1985). Excitatory in-
terneurons in Xenopus form a similar type of network (Roberts et al., 1995).
Interestingly, in Xenopus, the motoneurons also feed back onto the interneu-
rons (and to other motoneurons) using (cholinergic) excitatory transmission and
electrical coupling, adding another level of re-excitation (Roberts et al., 1998).
In both Clione and Xenopus, alternating activity between the excitatory circuits
is thought to be achieved through a combination of cross-inhibition and post-
inhibitory rebound. In lamprey, modelling studies suggested that a type of
recurrent excitation could be operating in hemisegmental networks (Lansner
et al., 1997; Lansner et al., 1998). This prediction was subsequently verified
in experiments (Cangiano and Grillner, 2003). Lamprey hemicord preparations
are able to generate rhythmic bursting, which is probably mostly due to mu-
tual re-excitation between excitatory interneurons which feed their output to
motoneurons (see Fig. 2.4). It has been proposed that networks of this type,
called excitatory cores, are also found in parts of the cerebral cortex. This is one
of many analogies that can be drawn between spinal CPG circuits and cortical
networks (Yuste et al., 2005).
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Membrane properties

Plateau potentials

Locomotor activity is rhythmic, but what is the source of this rhythmicity? Per-
haps over-simplifying a bit, one might contrast two different hypotheses: either
the rhythmic activity is an intrinsic property of (some of) the CPG neurons, or
the rhythmicity only arises as a consequence of the concerted activity of the con-
nected CPG network. Perhaps, in many cases, the most plausible explanation
is a combination of single-cell and network properties (see e.g. Selverston et al.,
1983, for a concrete example of a network where both principles are known to
operate). In any event, CPG neurons from many different systems display an
intrinsic oscillatory property in that they can generate so-called plateau poten-
tials, often when stimulated by bath NMDA application. Such plateau properties
have been found in lamprey (e.g. Grillner and Wallén, 1985; Wallén and Grill-
ner, 1987), frog tadpoles (Sillar and Simmers, 1994), turtles (Guertin and Houn-
sgaard, 1998), neonatal rats (MacLean et al., 1997) and many other organisms.
In most cases, the oscillatory activity has been linked to a specific property of
NMDA receptors: the magnesium block. When a neuron is resting, or close to
its resting potential, its NMDA receptors are typically mostly blocked by mag-
nesium ions (Nowak et al., 1984). This blockage is voltage-dependent, so that
when the membrane potential is depolarized, the magnesium ions tend to un-
bind from the NMDA receptors. These can then pass more (depolarizing) current.
In this way the depolarization leads to a self-reinforcing positive feedback loop
that causes a quick jump in membrane potential, thereby initiating the plateau
potential. Slower hyperpolarizing processes then set in and eventually terminate
the plateau potential, taking the cell back to near resting potential, after which
the cycle can start again. In some preparations, alternative explanations have
been put forward; in turtles, for example, the generation of plateau potentials
has been linked to an L-type calcium current rather than the NMDA magnesium
block (Guertin and Hounsgaard, 1998). Paper V in this thesis attempts to better
characterize plateau potential generation in lamprey CPG neurons.

Transmitter modulation

CPG circuits in both invertebrates and vertebrates are affected by many kinds of
chemical modulation through the action of various transmitter substances. This
modulation occurs when neuromodulating substances bind to receptors that
subsequently activate intracellular biochemical pathways, which in turn can
modify membrane properties. Dopamine, 5-HT, acetylcholine and substance P
are only a few of the neurotransmitters that have been shown to act in modu-
lating CPG activity. In lamprey, dopamine has complex effects which may differ
depending on the type of neuron under modulation (Buchanan, 2001; Svens-
son, 2003). 5-HT also has diverse effects in lamprey spinal neurons - it has
been found to slow down fictive swimming and to reduce the current carried
through N-type calcium channels (Hill et al., 2003), but also to presynapti-
cally inhibit neurotransmitter release (Schwartz et al., 2005). Furthermore, it
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has been shown to reduce the slow afterhyperpolarization and depress synaptic
transmission in three types of segmental interneurons (Biró et al., 2006). γ-
aminobutyric acid (GABA) modulation has been found to operate during fictive
swimming; for example GABAB receptor activation is involved in presynaptic
inhibition (Alford and Grillner, 1991), presumably through down-regulation of
voltage-dependent calcium channels (Grillner, 2003). Substance P increases the
frequency of network activity in lamprey through a variety of different effects
which may vary between cell types (Parker, 2006). Many other types of neuro-
modulation, involving e.g. different types of metabotropic glutamate receptors
(El Manira et al., 2002; Kettunen et al., 2002), have also been examined in lam-
prey.

Frequency regulation

Most neurons communicate (in general) by action potentials (“spikes”); in motor
systems, motoneurons activate muscles by sending isolated spikes or groups of
spikes (bursts). To fine-tune the commands to the muscles, it is then important
that the neurons be able to regulate their firing frequency. In spinal motoneu-
rons, repetitive firing is typically controlled by the “slow AHP” (sAHP) following
action potentials. During the sAHP, the membrane potential is depressed, usu-
ally due to the action of calcium-dependent potassium currents which are acti-
vated following the influx of calcium that occurs during an action potential. (In
the lamprey, sodium-dependent potassium currents have also been shown to be
involved in generating the sAHP (Grillner, 2003)). During the inter-spike inter-
val, the effective calcium concentration decays as calcium is removed from the
membrane by different mechanisms. The calcium-dependent potassium chan-
nels will therefore get successively less activated, until the depolarization starts
to dominate and leads to the next spike. In this way, the sAHP introduces a
time delay before the neuron can fire the next spike. The phases of repolariza-
tion in a lamprey CPG neuron can be seen in Fig. 2.5a. After the spike has
reached its peak, the membrane potential rapidly falls down to a hyperpolarized
level. This is called the fast afterhyperpolarization (fAHP). It may then, such
as in the case shown, display an afterdepolarization (ADP), where the mem-
brane potential is briefly depolarized from the fAHP level. This is followed by the
more lengthy sAHP, which hyperpolarizes the neuron for a longer time and thus
participates in regulating the time that passes until the next spike. Fig. 2.5b
illustrates the phenomenon of spike frequency adaptation. This means that the
interval between spikes successively grows, which can happen because of sAHP
summation due to progressive accumulation of calcium (and, in the lamprey,
probably also sodium) ions. Many neurotransmitters (for example 5-HT in lam-
prey; Biró et al., 2006) affect the sAHP, thereby allowing a fine control of the
firing frequency. In the lamprey, the sAHP has been linked to the termination of
locomotor bursts, first through computational modelling (Grillner et al., 1988;
Hellgren et al., 1992) and later using experiments (Hill et al., 1992). Further
modelling studies have addressed e.g. the possibility of dynamic sAHP regula-
tion as a crucial factor in pattern generation (Ullström et al., 1998).
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Figure 2.5. (A) The repolarization phase in the (model) neuron shown here
consists of a fast afterhyperpolarization (fAHP), a subsequent afterdepolar-
ization (ADP), and finally a slow afterhyperpolarization (sAHP). (B) Spike fre-
quency adaptation. The firing frequency in this (model) neuron gradually
decreases; the first interspike interval is shorter than the following ones.

Synaptic plasticity and homeostasis

It should not be forgotten that CPG networks are far from static. They con-
tain many adaptive and homeostatic features, of which neuromodulation (men-
tioned above in connection with membrane properties) is one. As an example of
homeostasis, Marder and Prinz (2002) describe experiments where intrinsically
bursting cells from lobster CPG networks were removed and plated individu-
ally in culture. The neurons then became silent (i.e. they stopped firing), but
over the course of three days, they recovered their ability to generate bursting
patterns by adjusting the densities of different ion channels. Another type of
adaptive change is synaptic plasticity - activity-dependent changes in synaptic
efficacy. Virtually all synapses are subject to some kind of dynamic regula-
tion (Zucker and Regehr, 2002). In the lamprey, Parker and Grillner (2000b)
described several kinds of short-term synaptic plasticity, including synaptic de-
pression (activity-dependent decrease in synaptic efficacy) between excitatory
segmental interneurons and facilitation (increase in efficacy) in synapses from
one type of inhibitory interneuron to another type. Also, synapses between ex-
citatory and inhibitory segmental interneurons were sometimes facilitated and
sometimes depressed. Later, Parker (2003a) also showed that inputs from exci-
tatory interneurons to motoneurons are usually depressed during spike trains.

2.5. The lamprey CPG

The lamprey is, together with the Xenopus embryo, the model system which has
shed the most light on detailed cellular and circuit properties of vertebrate CPG
networks. Many important experimental findings were first published for the
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lamprey: for instance, the importance of excitatory amino acid receptors for lo-
comotion (Cohen and Wallén, 1980) and the presence of intrinsic, NMDA-driven
plateau potentials in CPG neurons (Grillner and Wallén, 1985b). Many studies
have described e.g. the behaviour of the lamprey CPG in response to neuro-
transmitters and -modulators (see Svensson et al., 2003, for a good overview),
the intersegmental coordination in swimming (see e.g. Matsushima and Grill-
ner, 1990; Matsushima and Grillner, 1992; Sigvardt and Williams, 1996; Tegnér
et al., 1993; Williams and Sigvardt, 1994), post-inhibitory rebound (Matsushima
et al., 1993; Tegnér et al., 1997), turning behaviour (e.g. Fagerstedt and Ullén,
2001; Fagerstedt et al., 2001), detailed characteristics of membrane currents
(e.g. El Manira and Bussières, 1997; Hess and El Manira, 2001; Hess et al.,
2007), anatomical organization of the CPG (e.g. Rovainen, 1979; Rovainen,
1983) and many more topics. Also, numerous computational modelling stud-
ies, both on a more abstract level (e.g. Buchanan, 1992; Cohen et al., 1982;
McClellan and Hagevik, 1997; Williams et al., 1990) and on a more biophysi-
cally detailed level (e.g. Grillner et al., 1988; Brodin et al., 1991; Ekeberg et al.,
1991; Grillner et al., 1988; Hellgren et al., 1992; Hellgren Kotaleski et al., 1999a;
Hellgren Kotaleski et al., 1999b; Lansner et al., 1997; Lansner et al., 1998; Ko-
zlov et al., 2001; Kozlov et al., 2007; Tråvén et al., 1993; Ullström et al., 1998;
Wadden et al., 1997; Wallén et al., 1992) have been used to glean even more
insights. In addition, neuromechanical models incorporating muscle activation,
sensory feedback and water forces have been developed (Ekeberg, 1993; Eke-
berg and Grillner, 1999). Physical lamprey robots have also been built by Ayers
et al. (2000) and Crespi et al. (2005). Some of the relevant findings from the
studies listed above have been described in the preceding text. Let us now take
a somewhat closer look at lamprey CPG networks as they are currently under-
stood.

As mentioned earlier, the spinal cord of the lamprey consists of approxi-
mately 100 segments. Figure 2.6 (from Grillner, 2003) shows a graphical rep-
resentation of some of the relevant components of one segment in the lamprey
locomotor network.

The left and right hemisegments are enclosed by boxes. A segment receives
input from the so-called command regions, the mesencephalic and diencephalic
locomotor regions (abbreviated MLR and DLR) via reticulospinal (RS) neurons in
the brainstem (Grillner, 2003). On an even higher level, the basal ganglia mod-
ulate the activity of the locomotor command regions. The reticulospinal (RS)
neurons synapse on excitatory receptors in the spinal segment. There are also
ascending projections from spinal to RS neurons (Kasicki et al., 1989); the inter-
play between feedforward (RS to spinal) and feedback (spinal to RS) projections
has been suggested to dynamically stabilize the motor pattern (Wang and Jung,
2002). The CPG neurons also receive sensory excitatory and inhibitory input
from stretch receptors (SR-E and SR-I), also called edge cells. The activity of
these cells in response to sensory input can have profound effects on the motor
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Figure 2.6. A graphical representation of some important components of the
lamprey CPG network. Reticulospinal neurons activate the segmental CPG,
which also receives sensory input. The segmental CPG consists of mutually
inhibiting hemisegments containing inhibitory and excitatory interneurons.
Motoneurons send motor commands to muscles. [Adapted by permission
from Macmillan Publishers Ltd: Nature Reviews Neuroscience (Grillner, 2003),
copyright 2003.]

pattern: if they are rhythmically stimulated, the pattern generated by the CPG
will be entrained to the stimulation frequency (Grillner, 2003).

The output from the segmental module is the activity of the motoneurons,
which project through the ventral roots (not shown) to the muscles. CPG neu-
rons also receive modulatory input, as mentioned earlier.

Before going into details about the types of neuron contained within the seg-
mental networks, let us review some results about rhythm-generation in seg-
mental and hemisegmental spinal preparations.

2.5.1. The generation of rhythmic activity

It has long been known that preparations consisting of just a few spinal seg-
ments, down to 1.5 segments (Wallén et al., 1985), can show rhythmic activ-
ity in the form of bursts of action potentials, alternating between the left and
the right side of the segment. Glycinergic inhibitory transmission was shown
to be necessary for the alternation of activity (Alford and Williams, 1989), and
contralaterally projecting interneurons (i.e., interneurons that project between
opposing hemisegments) are the most likely source of this inhibition. However,
from early experimental results it was not clear whether the reciprocal inhibi-
tion between hemisegments was a necessary condition for the rhythmic activity
to appear, or if it was just a prerequisite for the alternation of activity. One
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study (Buchanan, 1999) suggested that the reciprocal inhibition implemented
by crossing interneurons was necessary for the generation of rhythmic activity.

However, earlier modelling studies of the lamprey CPG (Lansner et al., 1997;
Lansner et al., 1998) had put forward the suggestion that hemisegmental “ex-
citatory cores” could generate the basic rhythmicity, meaning that the cross-
connections would modify the rhythm rather than creating it. This prediction
led to experimental investigations using a technique where the spinal cord was
transected at or close to the midline. These studies showed that rhythmic burst-
ing can be induced in hemisegmental preparations, down to a single hemiseg-
ment (Cangiano and Grillner, 2003; Cangiano and Grillner, 2005). This means
that the crossing inhibition is indeed not required for rhythm generation. In the
hemisegmental bursting, of course, there was no alternation between right and
left sides, but the bursting pattern observed was linked to segmental bursting
by partially transecting the cord in several steps. Two different types of burst-
ing were found in hemisegmental preparations: a fast rhythm (about 2-12 Hz)
and a slow rhythm (0.1-0.4 Hz). The faster rhythm was evoked by bath-applied
D-glutamate (and in some cases by NMDA as well), and it was this rhythm that
was linked to fictive swimming. The experiments showed that the frequency
of the rhythm increased as a function of degree of transection, so that pure
hemisegments had the fastest rhythm and the pure segments had about 3 to
4 times slower frequencies (Cangiano and Grillner, 2003). The slower rhythm
was evoked by NMDA and was dependent on the magnesium block of the NMDA
receptor. However, this rhythm took a long time to develop and could not be
linked to fictive swimming.

Additional experiments showed that the hemisegmental bursting rhythm
could be induced even when glycinergic transmission was blocked – in fact, the
frequency of the rhythm was not appreciably changed during these conditions
(Cangiano and Grillner, 2003). Therefore it was concluded that hemisegmen-
tal EIN, connected into a recurrent network, was the likely source behind the
rhythmic bursting. This circuit would then be a kind of excitatory core, as dis-
cussed above. As yet, little is known about the interconnections of the EIN in a
hemisegment. Cangiano and Grillner (2005) noted that only part of the recorded
cells (including EIN) were activated during rhythmic bursting. This finding, con-
sidered together with the large variety of EIN cells could mean that there is a
continuous recruitment of EIN, or that there are subpopulations of EIN which
may be recruited in different contexts. Interestingly, at least two modeling stud-
ies had previously suggested that EIN may not be required for rhythm gener-
ation in the lamprey locomotor network given reciprocal inhibitory connections
between hemisegments (Ijspeert et al., 1999; Jung et al., 1996).

Apart from NMDA and D-glutamate stimulation, a transient electrical cur-
rent injection was also shown to reliably induce rhythmic bursting in hemiseg-
mental preparations (Cangiano and Grillner, 2003; Cangiano and Grillner, 2005).
This is remarkable since the same phenomenon has not been observed in seg-
mental preparations. The rhythmic activity in response to a current injection is
self-sustaining: it continues far beyond the extent of the stimulation signal (300
ms), typically lasting for several minutes. This type of self-sustaining bursting is
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called a “locomotor bout”. An experimental recording of the activity of a neuron
during a locomotor bout in a lamprey hemicord preparation is shown in Fig. 2.7.

Figure 2.7. Neuronal activity during a locomotor bout in a lamprey hemicord
preparation (modified from Cangiano and Grillner, 2005). The upper trace
shows the membrane potential in a neuron, and the lower trace a burst pat-
tern recorded from a ventral root. After an initial current pulse, the neuron
continues to spike rhythmically, although at a lower frequency than during
the pulse. The neuron’s spikes are in phase with the ventral root bursts; it
fires only one spike per locomotor burst. [From Cangiano and Grillner (2005).
Copyright 2005 by the Society for Neuroscience]

Interestingly, the activity of individual neurons during locomotor bouts seems
to be different from the activity during segmental bursting. During locomotor
bouts, neurons almost always fire a single action potential during each bursting
cycle. Thus, the burst that is recorded from the ventral roots is in fact a “popu-
lation burst”, composed of single spikes fired at slightly different times (although
they are, overall, fairly synchronized). In contrast, in segmental bursting (regu-
lar fictive swimming) neurons often fire bursts of spikes (Buchanan and Cohen,
1982; Cohen and Wallén, 1980). A conceptual sketch of the hemisegmental
burst as an emergent population burst is shown in Figure 2.8.

Spiking in different EIN is synchronized by fast excitatory (AMPA) synaptic
transmission; single MN spike once in each cycle and their population activity
is recorded in the ventral roots as a burst. The time between successive spikes
in EIN is, according to this model, primarily dependent on their sAHP.

The experimental papers describing locomotor bouts did not contain detailed
explanations of the possible mechanisms involved in their generation, although
it was noted that AMPA synaptic transmission was necessary (presumably be-
cause of their role in synchronizing EIN spiking). In Paper III, we use a network
model with realistic model neurons to examine some possible mechanisms.
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Figure 2.8. A conceptual sketch of ventral root bursts generated by syn-
chronized single spikes during locomotor bouts in hemisegmental networks.
Upper part: Reciprocally connected EIN project to MN, the activity of which is
recorded from the ventral roots. Inhibitory cells are not included because they
were not necessary for burst generation. Lower part: EIN and MN fire single
spikes during a bursting cycle. EIN synchronize their spikes by fast synaptic
transmission, and the interspike interval is determined mostly by their sAHP.
MN receive input from EIN and spike at slightly different points in time. This
leads to the appearance of bursts in a VR recording. [From Cangiano and
Grillner (2005). Copyright 2005 by the Society for Neuroscience]

The self-sustaining bursting in lamprey is faster than EAA-induced bursting
(up to 20 Hz or more), which is in itself intriguing – if the network is capable
of operating at such high frequencies without external input, why doesn’t it go
to this high-activity state when it does receive input? This is the question we
address in Paper IV.

2.5.2. Types of CPG neurons

The cartoons of the segments and hemisegments shown so far have included
three groups of neurons: excitatory and inhibitory interneurons and motoneu-
rons. Thinking in terms of these neuronal groups is sufficient to understand the
current conceptual models of rhythm generation, but it should be pointed out
that these groups can be partitioned into subtypes of neurons, and that other
kinds of neurons are also found in the segmental networks.

Sensory neurons

Sensory cells are not considered to belong to the CPG network per se, and there-
fore they will not be considered from here on. Primary among the known sensory



22 2.5. The lamprey CPG

cells in the lamprey spinal cord are edge cells, which sense the lateral movement
of the spinal cord, and dorsal cells, which sense touch and pressure (Parker and
Grillner, 1996).

Interneurons

It is useful to divide the spinal interneurons into excitatory and inhibitory in-
terneurons. Excitatory interneurons were characterized in early experimental
studies (Buchanan and Grillner, 1987; Buchanan et al., 1989). There are both
ipsilateral (i.e., projecting to the same side of the spinal cord) and contralateral
(projecting to the opposite part of the cord) types of EIN (Biró et al., 2006). EIN
are heterogeneous, with a large spread in properties such as input resistance
and firing properties (Buchanan, 1993; Cangiano and Grillner, 2005; Parker and
Bevan, 2007).

Inhibitory interneurons can be subdivided into several categories. There are
larger contralaterally and caudally projecting interneurons (CCIN) which have
been divided into two types (CC1 and CC2 inhibitory interneurons) based on
morphological considerations and innervation (Buchanan, 1982). Their number
has been estimated to be 10 to 20 per hemisegment (Buchanan, 1982). More-
over, there are smaller contralaterally projecting inhibitory interneurons (ScIN),
which are thought to be more numerous - they may make up half of all the
400-600 interneurons estimated to be present in a hemisegment (Ohta et al.,
1991). All types of contralaterally projecting inhibitory interneurons are candi-
dates for being part of the segmental CPG network, as they could mediate the
reciprocal inhibition responsible for generating alternating activity. However, it
is at present unclear what the relative contributions of the larger and less nu-
merous CCIN and the smaller and more numerous ScIN might be (Buchanan,
1999; Parker, 2006).

Small ipsilaterally projecting inhibitory interneurons (SiIN) have also been
found (Buchanan and Grillner, 1988). They may not be necessary for the gener-
ation of rhythmic activity in a hemisegmental preparation (Cangiano and Grill-
ner, 2003) although they are likely involved in shaping this activity. There is
evidence that the inclusion of inhibitory interneurons can make an excitatory
network more robust and enable smoother grading of activity (Chance et al.,
2002).

One additional type of inhibitory interneuron, the lateral interneuron (LIN) is
found in rostral parts of the spinal cord (Buchanan and Cohen, 1982). In some
conceptual models (e.g. Buchanan, 2001), these neurons are considered to be
part of the segmental CPG network, but there is some evidence to make this un-
likely: the LIN have long axonal projections rather than projecting within their
own segment, and since they are localized to the rostral part of the spinal cord,
they cannot be a general feature of the segmental CPG networks. A modeling
study (Hellgren et al., 1992) showed that LIN need not be included in a net-
work model to explain generation of alternating rhythmic activity. Experimental
evidence also suggests that rhythmic activity can be elicited in segments from
which LINs are absent (Rovainen, 1983).
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Finally, giant interneurons (GI) are unusually large cells within the main
column of cell bodies (Christensen, 1983). Since GI activity is not correlated to
locomotor activity, these cells are not considered to be part of the CPG network.

Motoneurons

The motoneurons can be divided into myotomal motoneurons (MMN), project-
ing to the muscles, and fin motoneurons (FMN), projecting to the fins (Krause,
2005). These may or may not be considered to be part of the CPG – if mo-
toneurons are considered to be purely output elements that relay the rhythm
generated by interneuronal networks, they would strictly speaking not belong
to the CPG. This view is supported by early experimental evidence (Wallén and
Lansner, 1984). More recently, it was proposed that motoneurons may never-
theless have cholinergic back-projections to interneurons in the CPG in some
cases (Quinlan et al., 2004). If so, motoneurons would have to be considered
part of the CPG network.

2.5.3. Intersegmental coordination

We have looked in some detail at the neuronal types and rhythm-generating cir-
cuitry in segments and hemisegments. But what about the interaction between
segments? Research into intersegmental coordination in the lamprey CPG has
been going on since 1980, when Cohen and Wallén reported that the pattern-
generating capability was distributed over the whole spinal cord and that the
time delay between segment activations was linearly related to the cycle pe-
riod. (As mentioned earlier, an activity wave passes through the spinal cord
when the lamprey is swimming, and consecutive segments are recruited with
a time delay). The intersegmental phase lag is equal to this time delay divided
by the total locomotor cycle period. Wallén and Williams (1984) reported that
during forward swimming, the intersegmental phase lag is approximately con-
stant and equal to about 1% of the total cycle time, independent of locomotor
frequency. Thus the absolute time delay is adaptively controlled to match the
swimming speed. Similarly, human walking or running requires that muscles
are activated in a precise sequence relative to each other, but the actual time
that passes between muscle contractions is shorter when we are running faster.
Cohen et al. (1982) presented the first mathematical model for describing the
intersegmental coordination in fictive swimming using coupled limit-cycle os-
cillators. Later modelling studies using similar coupled-oscillator models led
to the conclusions that asymmetric functional coupling between segments was
important, with ascending coupling setting the intersegmental phase lags and
descending coupling changing the frequency of the coupled oscillators (Williams
et al., 1990). Matsushima and Grillner (1990) proposed a conceptual model,
“the trailing oscillator hypothesis”, in which a local increase in excitability could
initiate a traveling wave producing the correct phase lags, even when assum-
ing symmetric coupling. These apparently contradictory hypotheses can in fact
be reconciled at least in some respects, and the differences in the conclusions
are partially due to the fact that they approach the problem in different ways.
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An interesting study that used genetic algorithms to “breed” control networks
for lamprey swimming based on Ekeberg’s neuro-mechanical model (Ekeberg,
1993) was able to produce the appropriate phase lags over a wide frequency
range using a combination of asymmetric coupling and local excitability in-
creases (Ijspeert et al., 1999). Biophysically inspired models, e.g. Wadden et al.
(1997), Hellgren Kotaleski et al. (1999a), Hellgren Kotaleski et al. (1999b), were
developed accordingly to examine the trailing oscillator hypothesis combined
with asymmetric coupling. These models could correctly account for some as-
pects of intersegmental coordination, but a persistent problem was that the
intersegmental phase lag tended to vary with swimming frequency. In Paper II,
we present a new simulation model where this problem is rectified, and present
a conceptual explanation of how it may be solved by the lamprey spinal CPG.



Chapter 3

COMPUTATIONAL MODELS IN

RESEARCH

3.1. What is a (computational) model?

A model can be defined as an object - real or imaginary - which represents an-
other object. For the model to be meaningful, the representing object should
share some characteristics with the represented object. If the model is an imag-
inary construct, it is called an abstract model. Abstract models attempt to rep-
resent the important characteristics of the modelled system (so they are usually
simplified) and can be used for theorizing within a logical framework. A mathe-
matical model is a special kind of abstract model, and a computational model is
really just a mathematical model implemented on a computer.

It should be emphasized that, because of the necessary simplification and
abstraction involved in constructing a computational model, as well as the pos-
sibility of yet-to-be-discovered information crucial for understanding the mod-
elled system, a model is never true. The model should never be confused with
the actual system - or as Alfred Korzybski (the inventor of general semantics)
put it (Korzybski, 1948):

The map is not the territory.

3.2. What is a computational model good for?

Why, then, should one use computational models to address questions in neu-
roscience (and other fields)? A very good question, which has many answers.

• Dealing with complexity

Neural systems are so complicated that the human mind could not possibly
be able to predict their outputs in response to arbitrary inputs. This means

25
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that computer simulations are helpful in deriving conclusions about the work-
ings of this huge, interconnected system. However, it is also certainly the case
that so much remains unknown about the working of the nervous system that
we cannot hope to be able to build extremely accurate simulation models of it
today. Instead, models must be abstracted to a level appropriate for the specific
question being asked. In general, it is desirable to have an explicit question in
mind when one starts to construct a model.

• Integrating information about a system

A computational model can work as a platform for unifying disparate ex-
perimental data (perhaps from different levels of description; see below) in a
consistent manner. This leads to the next point,

• Checking conceptual models and revealing assumptions

Scientists always work with models, though they may not be explicitly stated.
Hypotheses about the nervous system are formulated in words, and all neurosci-
entists probably have an internal model of the workings of the brain or of some
subsystem that they are interested in. However, such verbal, qualitative models
are necessarily vague and potentially inconsistent. Often, many assumptions
are hidden in these models. One of the greatest advantages of a computational
model is that it can be used to check the consistency of a conceptual model.
When putting down a model in mathematical form, one is forced to make all
the assumptions explicit; and when concrete values are assigned to different
parameters, it often turns out that some mechanism which sounded plausible
in a verbal explanation is in fact impossible or unlikely given the mathemati-
cal model. Therefore, a computational/mathematical model can be used as a
"sanity check" and as a guide for the experimentalist’s intuition.

• Comparing and discovering hypotheses

A computational model can be used either as a hypothesis-testing tool or an
exploratory tool. In the former case, a model is used to evaluate hypotheses set
forth in advance by a researcher. In a typical scenario, the model’s output is
compared to some set of experimental data, and the likelihood of each hypoth-
esis being true, given the model, is evaluated. In the exploratory case, little or
no data exists to guide the simulations; rather, the model’s output is used to
look for novel or interesting mechanisms which have not yet been established in
experiments. In both cases, the model’s output can be used for

• Suggesting fruitful areas for new experiments

Often, revelations of inconsistencies in conceptual models as discussed above
also suggests useful experiments needed to resolve the inconsistencies. The
ability to guide experimental research is undoubtedly one of the main practical
advantages of using computational models. However, if a model is to be help-
ful in this regard, it is very important that the modelling process be intimately
connected to experimental research. In an ideal case, there should be a cycle
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of experiments and simulations leading to a gradual refinement of the under-
standing of the system in question. For example, a puzzling experimental obser-
vation could be addressed using a computational model, leading to suggestions
about where it would be most fruitful to look for new experimental data. The
new results from further experiments are then fed back into the model, making
it even more accurate and better suited for suggesting a new batch of experi-
ments. Needless to say, this ideal scenario cannot always be realized, and many
simulation studies are performed based on results from the scientific literature
without a close connection to bench scientists.

3.3. Modelling on different levels of description

It is not always trivial to decide the level of detail needed in a mathematical-
computational model. (The present thesis is a good example of this!) In theory
it is easy; as the saying goes, a model should be "as simple as possible, but not
simpler". But strictly speaking, this is only true from a mathematical viewpoint.
In models of biological systems, it is often convenient to work with models where
the components can be mapped to biological entities which can be manipulated
in experiments. In such models, some simplicity and mathematical tractability
can be sacrificed in favour of biological interpretability.

A biological system can be described on many different levels: genes and
biomolecules, cells, tissues, organs, organisms and populations, to name just a
few possible levels. On a general level, modelling can be divided into “bottom-
up” and “top-down” modelling. In bottom-up modelling, the emphasis is on
reductionism: the modeller proceeds from the smallest relevant (but what is
relevant?) components and models their interactions, hoping that some emer-
gent phenomenon will appear. In the top-down case, the emphasis is more
holistic: the modeller proceeds from the phenomena under study and tries to
find the sufficient model components for the phenomena to appear. It is clear
that neither of these approaches is usable in all cases. Bottom-up modelling
requires considerable information about the properties and interactions of all
system components, and there is always an inherent uncertainty about whether
all the important components have been included in the model. It is usually
necessary to use information from higher levels to decide which components
are really needed. Also, it is easy to run into computational constraints: no
one today would suggest modelling the brain starting from the level of quantum
mechanics.

Top-down models, by contrast, suffer from the fact that an observed phe-
nomenon could be due to any number of combinations of factors; how can we
tell whether the one we have found is the right one? Such a model can sug-
gest sufficient or possible mechanisms for a phenomenon to appear, but it can
never say that they are the actual ones! Thus, bottom-up modelling usually
needs information from higher levels, and top-down modelling needs informa-
tion from lower levels. A compromise called “middle-out” modelling has been
suggested by Brenner (1999). It involves starting from some middle level and
working both upwards and downwards. But even here, one will still need in-
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formation from both upper and lower levels to be able to start the analysis. In
view of these problems, it seems reasonable to work on several different levels in
parallel while trying to establish connections between each level as they appear.
Research cannot afford to look at one level only, or levels that are too far apart.
For instance, few would argue that we could ever understand behaviour simply
in terms of biomolecular reactions (or, for example, quantum events occurring
during these reactions). That would be like in the story by Plato (in Phaedo, qtd.
in Parker, 2006), where Socrates

“ridiculed the idea that his behaviour could be explained in mechanis-
tic terms, saying that someone holding this belief would explain his
posture in terms of muscles pulling on bones and his speech to the
properties of sound, air and hearing, forgetting the true cause of his
behaviour; that he had been sentenced to death and chosen to stay”.

3.4. Historical aspects of computational modelling

Computational modelling, of course, dates only as far back as the date of the first
usable computers. However, mathematical models have been used throughout
history, and computational models are really mathematical models implemented
on more efficient calculating devices than e.g. a human brain or abacus. An in-
teresting precursor to today’s computer models of biological systems was van
der Pol’s electrical circuit, which embodied equations for simulating the electri-
cal activity of the heart (van der Pol and van der Mark, 1928). Although van
der Pol’s model is not implemented in this way today, the underlying “relaxation
oscillator” equations are still in active use in many types of dynamical systems
research.

One of the first really successful and accurate mathematical models of a
complex biological system happened to be born in the field of neuroscience.
This was the model of action potential generation developed by Hodgkin and
Huxley (1952) using data from the squid giant axon. This model, developed by
scientists who did not even have electronic calculators to aid them (instead they
used a manual Brunsviga calculator), is astoundingly powerful considering how
it was developed. (Or is it actually the case that it is so good because they had
to think harder without the "prosthetic brain", the computer?) Even though
many refinements of the model have been put forward and new generations of
more realistic neuronal models have been developed, the Hodgkin-Huxley model
is still a natural benchmark and the canonical starting point for any scientist
dealing with computational neuroscience.

Another big step in modeling neurons was the theory of compartmental mod-
els by Wilfred Rall (see e.g. Rall, 1962). Borrowing methods from cable theory
- mathematical tools originally developed for calculating how telegraph cables
transmit messages over the Atlantic - he built up a solid framework for simulat-
ing the propagation of electrical current and potential in the dendritic trees of
neurons. The division into isopotential compartments developed by Rall can be
seen as a spatial discretization of the continuous partial differential equations
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governing the current propagation. With Rall’s formalism, standard numeri-
cal methods can be used to solve a system of ordinary differential equations to
simulate the activity of a neuron.

In latter years, many new insights into the behaviour of neurons have yielded
ever more detailed and accurate models. In particular, the stochastic nature of
ion channel opening has been realized and taken into consideration in many
simulations (Diba et al., 2006). However, it is fair to say that the framework
developed first by Hodgkin and Huxley and then by Rall is still the dominant
one. A recent article (Naundorf et al., 2007) raised some debate as to whether
the Hodgkin-Huxley model is still adequate, but the authors’ conclusions were
later rebutted (McCormick et al., 2007). Be that as it may, the present thesis
mostly contains work based on the theories of Hodgkin, Huxley and Rall.

3.5. Types of models used in this thesis

In this thesis, I have used computer modelling of the lamprey’s spinal CPG
network on different levels, from a biochemical pathway model to a full-scale
spinal locomotor network model. The following section gives some conceptual
and mathematical background on the components of these models. For single
neurons, three kinds of models have been used:

(1) The detailed, conductance-based compartmental model presented in Pa-
per I. This was used to model the full spinal network in Paper II, and a morpho-
logically simplified version of it was used in Paper III.

(2) The Izhikevich neuron model, which is a simple, two-state model based
on results from mathematical bifurcation theory. This was used in Paper IV.

(3) A simplified conductance-based model developed by myself to examine
plateau generation in single neurons. This model was developed as part of Paper
V.

In addition, a mass-action kinetics based model of the biochemical path-
way leading from mGluR5 stimulation to IP3-dependent calcium release into the
cytosol was developed. This model was then coupled to an earlier version of
neuron model (1), yielding the combined biochemical-neural model described in
Paper VI.

3.5.1. Compartmental modelling (Hodgkin-Huxley type)

Neurons contain a range of ion channels; membrane-embedded molecules that
allow the passage of certain ions into or out of the cell. The ion channels play a
critical role in determining the input-output characteristics of a neuron: how it
responds to stimuli and passes on the information it has received. Ion channels
exist in other cell types as well, but their role in creating membrane excitability
is especially prominent in neurons. The degree of opening of ion channels can
be dependent on the neuron’s membrane potential, the concentration of some
ligand (extra- or intracellular) or even mechanical stretching of the membrane
(Kandel et al., 2000). It has been found that lamprey locomotor network neurons
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contain a large number of different voltage- and ligand-gated ion channels (see
e.g. Grillner, 2003, for a comprehensive overview).

Paper I describes a compartmental model of a neuron, where the ion chan-
nels have Hodgkin-Huxley-type kinetics (although with many modifications com-
pared to the original model). Compartmental models are inspired by electrical
circuits. Each neuron is represented as a number of connected isopotential
compartments. (Isopotential means that the electric potential is the same every-
where within the compartment.) Mathematically, a compartmental model can be
viewed as a discretization of the continuous cable equations originally used for
modelling branched neural structures (Koch and Segev, 1998). Each compart-
ment can have a unique membrane resistance, axial resistance, capacitance and
mix of ionic channels. For more on compartmental models and Hodgkin-Huxley
type models of ion channel kinetics, see Koch and Segev (1998).

3.5.2. Simplified models

The Izhikevich model

May authors have proposed simplified models of action potential generation and
other neural phenomena, e.g. the FitzHugh & Nagumo model (FitzHugh, 1961)
and the Morris-Lecar model (Morris and Lecar, 1981). These models were simpli-
fications of more detailed neuronal models (the original Hodgkin-Huxley model
in the FitzHugh-Nagumo case), motivated by plausible mathematical considera-
tions. The idea behind such models is to allow analytical examination of neural
phenomena; in particular, these models can be examined in the phase plane
since they only have two state variables. The drawback is that the parameters
in these models can be hard to map to measurable biological entities; another
kind of reduced model which is more easily interpretable in terms of electrophys-
iology was introduced by Pinsky and Rinzel (1994). Izhikevich (2003) introduced
a new abstract model based on mathematical bifurcation analysis. Instead of
working by simplifying an existing model, he started by observing that differ-
ent types of dynamical bifurcations underlie transitions between neural modes
of action such as tonic spiking, bursting, post-inhibitory rebound, and so on.
By mapping different bifurcations to neural mechanisms he was able to devise a
very simple model that, given the appropriate parameter settings, can reproduce
most known firing patterns in single neurons. Because the model is not built
upon known biological mechanisms, its parameters can be difficult to relate to
neuronal components, but it is useful for network simulations because it is easy
to implement and large networks can be simulated quickly. The equations for
this model are given below.

dv

dt
= 0.04v2 + 5v + 140− u− I (3.1)

du

dt
= a(bv − u) (3.2)

In addition to the equations, there is a further “resetting rule”: if v = 30 mV,
then v is set to c and u is set to u + d. Thus, there are four parameters: a and b
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from the actual equations, and c and d from the auxiliary rule. I, which appears
in the first equation, represents the sum of injected or synaptic currents. The
v state variable is to be interpreted as membrane potential, while the u variable
is interpreted as the value of some recovery process. By setting a, b, c and d

in different ways, neurons with specified firing characteristics can be obtained
(Fig. 3.1). For example, a = 0.02, b = 0.2, c = −55 and d = 4 yields a model of an
intrinsically bursting neuron.

In paper IV we use Izhikevich’s model to simulate a hemisegmental network
in the lamprey spinal cord in order to understand one of the problems outlined
earlier: how an excitatory network with a high recurrent re-excitation capabil-
ity can nevertheless also function in a slower "tonic" mode where the frequency
varies according to the external drive. However, we also added some extra fea-
tures (described in the paper) to account for the presence of NMDA synapses as
well as synaptic facilitation and saturation. The Izhikevich model was chosen
because we needed to run a large number of simulations.

Figure 3.1. The Izhikevich model is able to mimic different types of
neural behaviour depending on how its parameters are set. [Electronic
version of the figure and reproduction permissions are freely available at
www.izhikevich.com.]

A simplified conductance-based model

In some cases it is difficult to adapt pre-existing models to a specific modelling
task. This was the case in the work described in paper V, where we tried to
construct a simplified model of how tetrodotoxin (TTX) resistant NMDA oscil-
lations are generated in lamprey CPG neurons. This type of oscillation arises
when synaptic transmission is blocked using TTX, pharmacologically isolating
the neurons from each other. When NMDA is applied to such preparations, they
sometimes display characteristic plateau potentials.
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Such plateau potentials had been simulated in the full detailed model of
Paper I, but because of the large number of parameters (particularly with regard
to dendritic properties), it was difficult to get an understanding of the conditions
under which these oscillations could be produced. In Paper V, we therefore set
out to build a model which could be analyzed more easily.

Conceptually, the aim was to develop a "biologically minimal" model of NMDA-
TTX oscillations. By this we mean a model that includes biologically meaningful
components, like ion channels, although these are modelled in a simplified way.
A “mathematically minimal” model would be even more compact in terms of
parameters and equations, but it would be more difficult to map the model pa-
rameters to experimentally accessible entities in such a model. Our approach
was to include only those biological components that are thought to be directly
involved in generating and shaping NMDA-TTX oscillations.

The model has two state variables: V (corresponding to membrane poten-
tial) and C (corresponding to an effective calcium concentration in a “calcium
pool” accessible to calcium-dependent potassium channels within the cell mem-
brane). Since there are only two state variables, successive states of the system
can be plotted in a two-dimensional phase plane, which potentially gives some
geometric intuition about the system. The ion channels considered were the
NMDA channel, a calcium-dependent potassium channel (KCa), a leak channel,
a voltage-dependent potassium channel (Kv), and a voltage-dependent calcium
channel (Cav), although the last two ones turned out not to be absolutely nec-
essary for generating the NMDA-TTX oscillations. Some of the simplifying as-
sumptions of the model follow:

1. Point neuron assumption: there is no explicit geometry, i.e. dendritic and
axonal arbors are disregarded.

2. Steady-state assumption: all ion channel activations are assumed to reach
their steady state instantaneously when the membrane potential (or cal-
cium concentration, depending on the ion channel) is changed. This is
reasonable since NMDA-TTX oscillations occur on a time scale which is
much slower than the internal kinetics of any of the ion channels, as far
as is known.

3. The activation of the KCa channel is directly proportional to the concentra-
tion in the Ca2+ pool. (Other activation functions such as a Hill function
were used, but did not substantially change the simulation results).

4. The influx to the Ca2+ pool is a linear function of the calcium currents
and the decay term is exponential; thus, no diffusion, buffering or active
transport is explicitly modelled.

The full mathematical formulation of the model is found in Paper V.

3.5.3. A biochemical network model

Paper VI discusses a mathematical model of the biochemical pathway that leads
from metabotropic glutamate receptor 5 (mGluR5) activation to oscillatory IP3-
mediated Ca2+ release in the lamprey (Kettunen et al., 2002). IP3 and Ca2+ bind



3. COMPUTATIONAL MODELS IN RESEARCH 33

to the IP3 receptor (IP3R), thus leading to the release of Ca2+ from the endo-
plasmic reticulum to the cytosol. The mathematical model of the biochemical
pathway was later connected to a version of the electrophysiological model of
Paper I, yielding a combined biochemical-electrophysiological model.

The biochemical pathway model can be divided into two parts: (i) A mass-
action kinetics based model of the biochemical reactions leading to the gener-
ation of IP3, and (ii) A model of how IP3, together with calcium, activates the
IP3 receptor. For part (ii) we used and compared three different mathematical
formalisms; see below for details. Part (i), comprising the biochemical reaction
pathway from mGluR5 to IP3, was the same for all versions of part (ii). The whole
simulated biochemical pathway as well as a simplified version are shown in Fig.
4.4 in the Results chapter. The reactions and the corresponding equations and
parameters are given in the Appendix.

The biochemical pathway was modelled using coupled chemical reactions
obeying ordinary mass action kinetics. Suppose we have a reaction of two bio-
chemical species, A and B,

A + B 
 AB (3.3)

with the forward reaction rate k1 and the backward reaction rate k2. Then the
rates of change of the concentrations of each species per unit of time, according
to mass-action kinetics, are written as

d[A]

dt
=

d[B]

dt
= −d[AB]

dt
= k2[AB]− k1[A][B] (3.4)

Some reaction steps were also modelled according to Michaelis-Menten ki-
netics (Palsson and Lightfoot, 1984), which assumes the following simplified
scheme for an enzymatic reaction (note the irreversible second step):

E + S
kf



kb

ES
kcat→ E + P

Here E is the enzyme, S the substrate and P the product, while ES denotes
the enzyme-substrate complex. Differential equations are then set up for these
reaction steps according to standard mass-action kinetics like above.

The differential equations were specified for each molecular species in the
model and the coupled system was solved using XPPAUT (Ermentrout, 2002)
and CHEMESIS (Blackwell and Hellgren Kotaleski, 2002).

Three (or two, depending on the viewpoint; see below) different mathemat-
ical descriptions for the IP3R model were used: the “De Young-Keizer model”
(De Young and Keizer, 1992), although our implementation uses an equiva-
lent and rescaled version (Li and Rinzel, 1994); the “Li-Rinzel model” (Li and
Rinzel, 1994), which is a simplified version of the De Young-Keizer model; and
the “Tang-Othmer model” (Tang and Othmer, 1995). The De Young-Keizer model
assumes that three independent and equivalent IP3R subunits are involved in
Ca2+ release. Each subunit has three binding sites, one for IP3 and two for
Ca2+. One of the Ca2+ sites is activating, while the other is inhibitory. Each of
the three sites is either occupied or not, so each subunit can be in one of eight
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states. Only one of the states (the one where the IP3 site and the activating Ca2+

site are occupied, but not the inhibitory Ca2+ site) contributes to Ca2+ release,
and all three subunits must be in this state for the channel to open (De Young
and Keizer, 1992).

The Li-Rinzel model uses time-scale separation to simplify the De Young-
Keizer model into a version with only two state variables. The output of the
Li-Rinzel model is very similar to that of the De Young-Keizer model; in a qual-
itative sense they are almost completely equivalent (Li and Rinzel, 1994). We
observed extremely similar output using these two models, so I will consider
them as equivalent in the following and only report results for the De Young-
Keizer version.

The Tang-Othmer model represents a further simplification of the De Young-
Keizer model. It allows only certain transitions according to the following schematic:

R ↔ RI ↔ RIC+ ↔ RIC+C− (3.5)

R denotes an "empty" receptor with no molecules bound, I denotes IP3, RI

denotes a receptor-IP3 complex, RIC+ denotes RI with Ca2+ bound at the acti-
vating site, and RIC+C− denotes RI with Ca2+ bound at the activating and the
inactivating site (Tang and Othmer, 1995). Analogously to the De Young-Keizer
model, only the RIC+ state contributes to Ca2+ release.

After the biochemical pathway model was finished, it was integrated into an
earlier version of the lamprey CPG neuron model using CHEMESIS. This allowed
simulations where changes in intracellular calcium levels resulting from IP3R
activation could have effects upon calcium-sensitive ion channels in the cell
membrane, as described in Paper VI.



Chapter 4

RESEARCH PROBLEMS ADDRESSED

In this thesis, computational modelling on different levels of detail has been
used to examine various questions about neurons and neuronal circuits in the
lamprey spinal CPG network.

4.1. Paper I: A detailed model of a lamprey CPG neuron

4.1.1. Motivation

The aim of the work presented in Paper I was to develop a new, biophysically
detailed model of a lamprey CPG neuron, based mainly on published data about
different ion channels. The aim of the model was that it should be generic, but
possible to adapt for simulating different types of CPG neurons, e.g. EIN, CIN
and MN. In earlier modeling work, a compartmental model (Ekeberg et al., 1991)
has been used with success to simulate and address hypotheses about the lam-
prey CPG network. However, at the time when that model was developed, little
data existed on e.g. kinetics of ion channels in these neurons; instead, parame-
ters were to a large extent based on estimates from other organisms. Also, many
novel types of ion channels have been characterized in lamprey CPG neurons
since the publication of the study, for example, a high-voltage-activated, inac-
tivating potassium current, Kt, and two sodium-dependent potassium channels
KNaF (F for fast) and KNaS (S for slow). The potential importance of some dendritic
conductances has also been recently realized, and the old model, which had a
simple dendritic morphology and no active dendritic conductances, was less
helpful in this regard. This is particularly important because in recent years,
the dissociated cell – where most of the dendritic tree has been removed – has
become an important preparation since it is much easier to patch-clamp than
an intact cell. The dissociated cell, in many respects, shows different response
characteristics compared to the intact neuron. The old model could not account
for most of these differences, again because all of its active conductances were
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placed on the soma, so that removing the dendritic tree in simulations had mi-
nor effects. An additional goal was to examine the effects of using an updated
model, instead of the old one, to simulate CPG networks.

4.1.2. Model overview

I will here give a short and superficial overview of the model to make the follow-
ing presentation easier to follow. The details can be found in Paper I. Fig. 4.1
shows a graphical representation of the morphology of the model neuron. This
idealized neuronal geometry was the one we used as default, although other
geometries based on reconstructions of actual neurons were also tried. The
model has a soma (cell body), a spike-generating zone (the initial segment of the
axon) and many dendritic branches. The dendritic compartments are divided
into three categories: primary, secondary and tertiary dendrites, corresponding
to proximal, medial and distal dendrites - an alternative terminology sometimes
used. We include all types of ion channels known to exist in lamprey CPG
neurons, a total of 12 types: a voltage-dependent sodium-channel (Na+), two
voltage-dependent potassium channels, one transient (Kt) and one slow (Ks),
three voltage-dependent calcium channels (N-type, CaN; L-type, CaL and a low-
voltage activated type, CaLVA), a bath NMDA channel (NMDA) with associated
calcium influx (CaNMDA), two calcium-dependent potassium channels (KCaN and
KCaNMDA), and two sodium-dependent potassium channels, one fast (KNaF) and
one slow (KNaS). The NMDA-related channels (NMDA, CaNMDA, KCaNMDA) are only
used when simulating NMDA application. Roughly speaking, Na+, Kt, and KNaF

are related to action potential shape, KCaN and KNaS are related to frequency con-
trol, CaLVA is related to post-inhibitory rebound, and CaN and CaL are involved
in various processes from frequency control to NMDA-TTX oscillations. The role
of Ks is still unclear; neither experiments nor simulations have been able to
suggest a strong connection between Ks density and a particular function. The
conductance densities for the different channels were different in soma, the ini-
tial segment and the dendritic compartments.

4.1.3. Methodology and practical issues

Even with the large amount of newly published information on lamprey CPG
neurons, there were many practical problems to consider when developing the
new neuronal model. For example, how should the parameters be set and how
should one evaluate resulting models? There are many different kinds of con-
straints; for example, measured passive properties, voltage-clamp recordings of
individual currents, observed effects of channel blockers, estimates of typical
firing frequencies, information about the shape of inter-spike intervals, and so
on. Some of these constraints are exemplified below.
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Figure 4.1. A cartoon of the geometry of the model neuron in Paper I. The dif-
ferent compartments are a soma (cell body), a spike-generating region in the
axon (initial segment), and a total of 84 dendritic compartments of different
sizes. [Picture created by Alexander Kozlov, 2007]

Approximate workflow

In practice, the model was built up using roughly the following steps.

• The morphology was loosely based on experimental reconstructions of in-
terneurons, and tuned to match passive characteristics reported by Buchanan
(1993).

• Current kinetics for which there was relatively detailed information from
dissociated cells were tuned to match the available information so that
their conductance density on the somatic compartment could be inferred.
(Hess et al., 2007)

• For less well-constrained currents, estimates for somatic densities were
made based on more indirect information. (For example, calcium current
kinetics and densities were based on El Manira and Bussières, 1997).

• Initial segment channel densities were tuned so that a model dissociated
cell would get firing characteristics similar to actual dissociated cells (Hess
and El Manira, 2001).

• The remaining channel densities, somatic and dendritic, were set so that
different phenomena could be reproduced; for example, sAHP summation
in cadmium (Wallén et al., unpublished), shape of sAHP in catechol (Hess
and El Manira, 2001) etc.

Many of the steps were, of course, iterated in response to new experimental
data, or (most commonly) because changes further down in the chain tended to
break constraints that had been fulfilled earlier.

It should be noted that the data was drawn from a variety of different prepa-
rations, neuronal types (sometimes unidentified cells); some data were from lar-
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val or young adult lampreys, while some were from adult lampreys. It has been
implicitly assumed by researchers working on dissociated cells (which usually
come from larval or young adult lampreys, due to the difficulty of dissociating
cells from mature adults) that current kinetics characterized in these prepara-
tions are similar to those that would be found in adult animals. In fact, there are
differences between e.g. modulation effects on neurons from lampreys in differ-
ent life stages, and even between adult animals during different seasons of the
year (Parker and Bevan, 2007). This should be kept in mind when extrapolating
information from dissociated cells to intact adult cells.

Detour: Automated parameter fitting

It is time for a small detour to discuss the possibility of using automated param-
eter fitting. One might reasonably ask whether it is not best to design a value
function incorporating all the constraints mentioned above, and then to opti-
mize that function using some automated parameter fitting scheme. However,
there are a couple of reasons why this is probably not a good idea.

Huge search space First, the number of parameters in the model is large.
Even with a supercomputer, it would be practically impossible to search more
than a minuscule part of the parameter space in a feasible timeframe. There-
fore, the only realistic approach is to tune sub-parts of the system (single ion
channel kinetics, for example) independently and then try to fit their respective
contributions (i.e. conductances) to the dynamics. After a model has been fully
developed, it can be “frozen” for use in network simulations, such as was done
in e.g. Paper II. Variation in a population of model neurons can then be simu-
lated by sampling some parameter value of interest (like input resistance) from
a distribution centered around the default parameter value.

Hard to design value function Another practical reason is that it can be very
difficult to codify the constraints into a value function. For example, how should
one weigh the criteria against one another? Is a “correct” behaviour when sim-
ulating the application of a certain channel blocker more important than ob-
taining a realistic sAHP summation curve, for example? If so, how much more
important? Also, on the level of a single constraint, it can be hard to formulate
the fit mathematically – for instance, action potentials should “look reasonable”,
which is a non-trivial thing to put down in the form of a mathematical expres-
sion. In addition, requiring the model to match e.g. the precise spike timing
from a set of experiments is very hard, because different numerical methods (or
pseudo-random number generators) can lead to different outputs even for the
same model. Here, the ability of a human to evaluate the model as a whole is,
in my opinion, indispensable.

A didactic reason A third reason, which is of a somewhat different character,
is more about the researcher who works on the problem. Hand-tuning a com-
partmental model is undoubtedly a hard and frustrating task (“a fool’s game”
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- Eve Marder, pers. comm.) but on the other hand, it eventually provides the
researcher with a good intuition about the model and, by extension, the actual
biological system under study. In other words, model-building is also a learning
experience. Automated parameter-fitting, by contrast, gives little insight into
why a certain parameter setting gives a certain behaviour.

Admittedly, a number of good neuronal modelling studies based on auto-
mated parameter fitting have been published. For example, Prinz et al. (2003)
is an interesting paper that shows how a “database” of model neurons can be
used to gain insight about overall system properties. (The follow-up study, Prinz
et al., 2004, is also a fascinating study which shows how similar behaviour
can be generated using completely different network properties.) However, it is
important to note that the particular system under study was much better con-
strained by data, so that the authors varied only eight parameters – also, each
parameter was only allowed to take on one of six values, yielding a total of about
1.7 million models. The lamprey CPG neuron model presented here has many
more parameters, and this would have lead to a combinatorial explosion.

4.1.4. Results

Here, I choose to divide the results into three different categories: replication
of experimental results, finding inconsistencies in the experimental data or the
interpretations of experimental data, and predictions to be tested by future ex-
periments. Also, there is a short section of a certain type of robustness that the
model displays.

Replicating experimental results

One of the most important constraints, and one that was fairly well replicated,
was that time courses of a subset of the currents during an imposed action
potential waveform should be similar in simulations and in experiments (Paper
I, Fig. 2). Firing characteristics of interneurons, as well as the characteristic
shapes of fAHPs and sAHPs, were well-reproduced by the model (Paper I, Fig.
3).

The effects of applying channel blockers to dissociated and intact neurons
were well replicated at least in a qualitative sense. Thus, the application of cad-
mium (which blocks Ca2+ channels) resulted in repetitive firing where the sAHP
has a different shape (Paper I, Fig. 4a); also the sAHP in cadmium was summed
in the correct way, that is, depending on frequency of stimulation (Paper I, Fig.
4b). Catechol application to dissociated cells resulted in an inability of the neu-
ron to fire repetitively (Paper I, Fig. 6), while catechol applied to intact neurons
resulted in repetitive firing with characteristic, rounded interspike regions (Pa-
per I, Fig. 7). Simulated application of TTX and/or TEA in the presence of NMDA
resulted in realistic-looking oscillations for some parameter values (Paper I, Fig.
8).
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Finding inconsistencies or hard-to-explain features in experimental data

Running the model, it was found that while action potentials from simulated dis-
sociated cells looked reasonably similar to their experimental counterparts, the
spikes from simulated intact cells did not. Specifically, the spikes in simulated
intact cells were far too narrow (about 0.5 ms in half-amplitude width) compared
to experimental reports (about 1 ms in Hess and El Manira, 2001) and about 2
ms in e.g. Buchanan, 1993). They were in fact about as narrow as in (simulated
and real) dissociated cells, which is reasonable given that the kinetics are the
same in the model. The only thing that has been added is the dendritic tree,
but at least in the model version described in Paper I, the dendritic tree is so
electrically compact that it hardly affects the action potential width. Exploratory
simulations with a larger dendritic tree showed that the spike could be “smeared
out” to slightly less than 1 ms, but not 2 ms. The question is then where this
spike broadening comes from. The spike widths for dissociated cells reported
in Hess and El Manira (2001), which were well replicated by the dissociated
model neuron, were measured in in the absence of calcium currents. However,
an added calcium influx would not expected to have such a large impact on the
spike width (especially since calcium enters fairly late during the action poten-
tial), and indeed it shows no such effect in simulations, even assuming large
calcium conductances. One alternative explanation could be that the measured
spike widths are different because of different measurement techniques; an-
other is that the dissociated (larval) cells could in fact have different expression
levels of some important action-potential related ion channels. Using the model,
we could obtain broader spikes (2 ms or more) by reducing the Kt conductance
or changing its kinetics, so this may be the most plausible explanation. How-
ever, the difference in action potential width is a very interesting possibility for
further experimental analysis.

Another interesting question concerns sAHP sizes. Experimental studies
have shown that sAHPs tend to be small and relatively constant in size. In
the model, by contrast, the sAHP size tended to vary depending on the resting
membrane potential and other parameters. Buchanan (2001) noted that one
possible explanation of the small and constant sAHPs would be that the resting
potential of the neuron is located close to the K+ reversal potential. Because the
currents underlying the sAHP can be modelled as a product of a conductance
term and an electromotive force term (V −Erev), even a high potassium channel
conductance can give rise to a small current if V is close to Erev. However, the
generally quoted K+ reversal potential of -90 mV is quite far from Buchanan’s es-
timate of the mean resting potential (about -78 mV) and even further from other
estimates of -70 mV. We were able to obtain realistic-looking sAHPs by instead
setting the K+ reversal potential to -85 mV. However, the sAHP size variation is
still larger than observed in experiments so far. It may be that during physiolog-
ical activity, changes in intra- vs. extracellular K+ concentration during spiking
changes the effective K+ reversal potential enough to keep a fairly constant sAHP
amplitude.

Stauffer et al. (2007) gives a thoughtful and historical overview of similar
questions in relation to the sAHP in vertebrate interneurons and motoneurons.
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Predictions

We derived two main predictions by simulating the model. The first one deals
with the somatic and dendritic distribution of KCa and KNa conductances. It
turned out that these ion channels needed to be present in much higher den-
sities (10x) on the dendritic compartments than in the soma to fulfill various
experimentally derived criteria. One of these criteria (i) is an (unpublished) ob-
servation that dissociated cells tend to have no sAHP, or a very small one. Other
criteria used were the observation that intact cells typically have a clear sAHP (ii)
and estimates of typical firing frequencies for intact cells, e.g. from Buchanan
(1993) (iii). Criterion (i) neatly constrained the sum of somatic KCa and KNa

conductance densities to a maximum value, and (ii)-(iii) gave good constraints
on the total dendritic sAHP conductance densities. The relative balance of KCa

and KNa channel densities was tuned according to a fourth criterion: reproduc-
ing sAHP summation data with and without cadmium applied (Paper 1, Fig.
4b). Whether the prediction about the relative soma/dendrite densities of KCa

and KNa channels holds true will likely be settled through calcium and sodium
imaging experiments underway at the Department of Neuroscience, Karolinska
Institutet (Peter Wallén, ongoing research).

The second prediction is about the KNaF current, a fast sodium-dependent
potassium current for which no particular function is yet known. The kinetic
model for this current was mostly based on fitting the parameters to the cur-
rent’s time course during action potential clamp, with some additional con-
straints. For example, preliminary evidence shows that disabling the current
using substitution of lithium ions for sodium ions in a dissociated cell, while
also applying cadmium, should not abolish repetitive firing (Hess et al., un-
published data). Exploratory simulations showed that this current could have
a powerful role in frequency-regulation through its (indirect) interaction with
calcium and KCa channels. The KNaF is activated fairly late during an action
potential compared to Kt, and is more associated with the action potential’s re-
polarization phase (Hess et al., 2007). This is also the case in the model; KNaF

regulates the fAHP to some extent (as does Kt), but its effect is stronger on the
following ADP. The size of the ADP can be controlled by changing the KNaF den-
sity in the model, particularly if it is changed in the dendrites. A large ADP will
lead to a large influx of dendritic calcium and subsequently a powerful KCa ac-
tivation, leading to a strong sAHP. This prediction of KNaF’s potentially powerful
frequency-regulating role suggests further experimental analysis.

Morphological robustness of the model

To evaluate whether the model would be useful for simulating neurons with dif-
ferent dendritic tree structures – and to check whether the results held true for
more natural dendritic tree structures than the rather stylized one we used as
default – we ran the model with all parameters fixed on three realistic neuronal
morphologies in addition to the one used so far. These morphologies were taken
from reconstructions by Buchanan et al. (1989), and implemented as compart-
mental models in GENESIS. It turned out that the specific morphology we used
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was not important; all simulated neurons had the same kind of qualitative out-
put, both in terms of spike trains and adaptation (Paper I, Fig. 9) and in terms of
other results. Thus, the model is “morphologically robust” – the specific shape
of the simulated neuron is not expected to influence the output in a qualitative
sense.

In terms of parameter robustness, there are of course some variables which
are sensitive to changes. Most notably, the sodium kinetics must not be changed
too much or the firing properties are heavily distorted – but this is a common
feature of many neural models. We did not make any formal parameter sen-
sitivity analysis in this project, but from experience with the model, the most
crucial parameters apart from sodium kinetics seem to be the kinetics of the
CaN channel. This channel is involved in many phenomena (e.g. sAHP, TTX
and/or TEA oscillations, the KNaF-mediated frequency regulation, and so on)
and thus changes in its kinetics can lead to large changes in simulation output.

4.1.5. Interpretation and caveats

It should be admitted that with such a large number of adjustable parameters,
the predictive value of the model is limited; or at least, the predictions should be
taken with a large grain of salt. I view the neuron model primarily as a way to
integrate what is known about lamprey CPG neurons, and as a tool for checking
the current understanding of different behaviours of the neuron. The model is
useful for highlighting discrepancies between experimental data and for point-
ing out areas which are not well understood. Also, the model is never finished:
it should be updated depending on new experimental findings. For example, the
NMDA-related part of the model is already known (from Paper V) to be lacking,
and should be updated. From a formal point of view it might be claimed that the
fitting process should use a “training set” and a “test set” so that the finished
model could be independently validated against criteria which were not built
into the model to begin with. However – aside from the fact that it is already
hard enough to fulfill all criteria with full knowledge! – the goal of this work is
not really to build a predictor, but to construct a reasonable implementation of a
lamprey CPG neuron as its function is understood today. Therefore it is impor-
tant to include all the available knowledge. Instead, the independent validation
will come from future experiments. They will undoubtedly falsify many of the as-
sumptions in the model, which can then be further improved. It should be noted
that the model has also been used with morphologies roughly corresponding to
those of motoneurons, although this is not reported in Paper I. The simulation
output was then similar to what is shown in the paper, but more consistent with
what is known about motoneurons in terms of e.g. firing properties.
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4.2. Paper 2: Large-scale simulation of intersegmental coor-
dination

4.2.1. Motivation

The motivations of the work presented in Paper II were twofold: first, we wanted
to test the new cell model from Paper I in a network setting, to see whether it
offered any additional benefits compared to the previous cell model; and second,
we wanted to try to examine and potentially reconcile experimental findings on
the subject of intersegmental coordination.

As already mentioned, the problem of intersegmental coordination in the
lamprey has been studied for over two decades - see e.g. Matsushima and Grill-
ner (1990), Matsushima and Grillner (1992), Williams and Sigvardt (1994). Early
models used coupled phase oscillators as models of the (hemi)cord, starting with
Cohen et al. (1982) and followed up by e.g. Williams et al. (1990) and Sigvardt
and Williams (1996). During the 1990s, network models based on more detailed
neuronal units started to find use; see e.g. Hellgren Kotaleski et al. (1999a),
Hellgren Kotaleski et al. (1999b), Wadden et al. (1997).

One of the problems with the detailed simulation models was that the phase
lag could be made constant along the spinal cord, but only for a given frequency;
the phase lag tended to be frequency-dependent. In the experimental prepara-
tion, however, the phase lag is independent of frequency and approximately
constant (with fluctuations around the mean) over the length of the spinal cord
during fictive locomotion (Tegnér et al., 1993). We also wanted to resolve this
problem in the new network model.

A further sub-goal of the project was to examine the impact of the variability
of single cells on network function. This sub-goal became, in due course, the
main focus of the work.

4.2.2. Methodology

We used the cell model from Paper I as the basal network unit. Actually, the sim-
ulations were also run with the older cell model (Ekeberg et al., 1991), although
this is not reported in Paper II. The results were very similar; more on this later.
Anatomical and connectivity parameter choices were guided by experimentally
obtained estimates as far as possible, although sometimes there was no reliable
data available. We made an attempt to collect all published measurements of
passive, active and synaptic characteristics in all types of CPG neurons to use
as a guideline.

Some runs simulated a hemicord, when only excitatory transmission was as-
sumed, according to the same logic as in Papers III and IV. In simulations of the
whole spinal cord, cross-projecting inhibitory interneurons provided inhibitory
input to all types of neurons on the contralateral side, as in Fig. 2.3. Apart
from connections within their own segment, EIN and CIN neurons also pro-
jected to neighbouring (ipsi- or contralateral, respectively) hemisegments, with
longer projections in the caudal direction. We did not distinguish between CCIN
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and ScIN. ScEIN units were not included. Motoneurons were included as pure
output elements from which VR recording-like activity could be plotted. In these
virtual VR recordings, MNs were hyperpolarized to avoid spikes for clarity. The
model was implemented in SPLIT (Hammarlund and Ekeberg, 1998).

The criteria for a successful model were that it should (i) be able to show
fictive locomotion-like activity and (ii) it should have a constant phase lag over
some physiological frequency range.

Input to the spinal network was given through bath AMPA activation, and
descending locomotor commands were mimicked by current injection to a subset
of the spinal (hemi)segments.

4.2.3. Results

The locomotor pattern can be controlled from the head

Interestingly, we found through simulating the network that the phase lag over
the whole spinal cord could be controlled by giving locomotor commands (cur-
rent injections) to only the very rostral part of the simulated spinal cord (the 10
first segments). This was not only true for forward swimming patterns - back-
ward swimming patterns could also be evoked in this way. Backward swimming
has recently been described in the lamprey (Islam et al., 2006). In addition, a
forward swimming pattern could be dynamically reversed by changing the sign
and magnitude of the input current to the rostral part during a simulation. In-
stead, stimulation to the caudal part could not reverse the locomotor pattern,
except in localized circuits in the very caudal part of the spinal cord. This re-
sult is due to the inherent asymmetry of the synaptic projections in the lamprey
spinal cord: both inhibitory and excitatory interneurons project further in the
caudal direction than in the rostral direction.

A novel role for reciprocal inhibition

In addition to the rostral-control principle, another interesting finding shed new
light on CPG organization. A simulated hemicord network was able to reverse
its pattern dynamically during swimming, but the process was fairly slow and
not perfectly stable. In contrast, the full spinal cord with mutual inhibition
between hemisegments was able to accomplish the switch swiftly and reliably.
Thus, reciprocal inhibition between hemicords may not only be important for
achieving an alternating burst pattern, but also for stabilizing and facilitating
changes in the direction of locomotion.

The importance of being variable

The neuronal units in the simulation were, as mentioned above, endowed with
randomly varying properties (normally distributed around a mean value). This
led to a large heterogeneity in e.g. firing properties of individual neurons. Our
simulations showed that the inclusion of such variability is not only important
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out of considerations about biological realism, but that it is crucial for the func-
tion of the simulated network. We realized that it is important to replicate the
actual shape of the motoneuronal recordings as seen experimentally. The mo-
toneuronal bursts, in experiments, tend to look like triangle waves (see Fig. 4.2).
With a neuronal network of identical units, the bursts instead tend to have an
EPSP-like or relaxation oscillator-type shape with a sharp rising phase; only
when cellular properties are varied enough does the triangular shape appear.
It turns out that an intersegmental phase lag which is relatively frequency-
independent can be achieved with triangle-shaped population bursts in sim-
ulations, but not with EPSP-like bursts. A conceptual explanation follows (see
Fig. 3a,b in Paper II): if one (simplifying) posits some activation threshold that
must be crossed in a segment to recruit the next segment, the shape of a burst
in each segment matters. With an EPSP-like burst, the threshold will be crossed
almost immediately, and the next segment will be recruited. The time delay be-
tween segmental activations will always be approximately constant, but as the
burst duration varies, the intersegmental phase lag will also vary (because the
phase lag is equal to the time delay divided by the total cycle time). By contrast,
with triangle-like bursts, activity in the first segment builds up smoothly over
time and eventually crosses the threshold. It also decays smoothly and crosses
the threshold from the other direction with the same time delay. The actual
time taken to cross the threshold is frequency-dependent; but the time-to-peak
is always about half of the cycle duration. In this way, the time delay between
two consecutive segments is approximately proportional to the total cycle time.
This effect was observed in our simulations for a rather broad frequency range.

The principle outlined above in effect means that the segmental circuits can,
by themselves, keep the phase lag constant. Our simulations therefore revealed,
in addition to the rostral control of the swimming pattern, a local aspect of con-
trol which is intrisic to the segmental units. This interplay between centralized
and local control allows a flexible yet robust way to control the spinal locomotor
pattern.

4.2.4. Interpretation and caveats

As usual, the simulation suggests possible mechanisms, which are not neces-
sarily the actual mechanisms used in nature. Here, the hypotheses put forward
are, however, quite intriguing, and should provide ample food for future exper-
iments. I believe it is in cases like this where simulation really comes into its
own: when it can put forward elegant and plausible explanations of systems
that are hard to probe experimentally.

Comparison between simulations using the older cell model and the newer
one showed that the differences were minor, which further suggests that the
results are of a general nature. It might be conjectured that even much sim-
pler neuronal model units could be used to achieve the same results. Even
though this (unfortunately) means that the added detail of the new cell model
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Figure 4.2. Triangle-like motoneuronal oscillations in lamprey. (i) modified
from Mentel et al. (2006) [Reproduced with permission from Blackwell Pub-
lishing], (ii) modified from Shupliakov et al. (1992) [Copyright Wiley-Liss, Inc.
1992; Reprinted with permission of Wiley-Liss, Inc. a subsidiary of John Wi-
ley & Sons, Inc.], and (iii) modified from Buchanan and Kasicki (1999) [Used
with permission from Journal of Neurophysiology].

contributed little to the study of intersegmental coordination, this fact should be
interpreted in a positive light: if the phenomena had been dependent on some
specific ionic conductance in the new model, the results would, per definition,
not have been as general as they now appear.

These simulations used a rather high swimming frequency (3-15 Hz), cor-
responding approximately to the fast rhythm found in hemisegmental networks
(Cangiano and Grillner, 2003). Physiological swimming frequencies in the lam-
prey vary between 0.1 and 10 Hz at normal swimming speeds (Grillner, 2003),
and future simulations should extend the stable range of simulated locomotion
correspondingly, downward in the frequency range.

4.3. Paper III: Locomotor bouts in hemisegmental networks

4.3.1. Motivation

As mentioned earlier, it was recently shown that hemisegmental spinal prepa-
rations in lamprey can display rhythmic activity in response to both chemical
stimulation (using NMDA or D-glutamate) and to a brief electrical stimulation.
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The aim of the work described in Paper III was to focus on locomotor bouts;
the self-sustained activity arising in hemisegmental networks after a transient
electrical pulse. Could the experimentally observed results be replicated and the
mechanisms behind them understood?

4.3.2. Modelling approach

Here I outline the assumptions and criteria used to evaluate the output of the
model.

Although the experimentally observed locomotor bouts considerably outlast
the initial stimulus, they are eventually terminated – usually after a couple of
minutes depending on the size of the preparation (Cangiano and Grillner, 2005).
The reasons for this termination are not understood; the original paper stated
that some unknown activity-dependent process was the likely cause of the ter-
mination. Because of this uncertainty, as well as the fact that we were primarily
interested in the causes behind the appearance of the locomotor bouts, we did
not explicitly try to model their termination.

The most important experimentally based criteria that we required the model
to fulfill were the following:

1. It should display sustained spiking activity throughout the simulation.

2. The spiking should be organized in bursts [viewed on a network level, since
single neurons only spike once per cycle, according to the experimental
data].

3. Blocking of AMPA synapses should abolish the spiking activity after the
stimulation has ended.

After an inital round of experiments, new experimental data arrived suggesting
that locomotor bouts could arise even when NMDA receptors were blocked. We
then added a new criterion:

4. Self-sustained activity should be achievable even in the absence of NMDA
receptor activation.

The actual model neuron used was the one described in Paper I, but to re-
strict the computation time, the dendritic tree was simplified to just four large
compartments. The somatic and dendritic conductances of KCaN and KNaS chan-
nels had to be modified to be able to obtain the same kind of response character-
istics as in the full model, but other parameters were unchanged. To introduce
some variation in order to avoid unrealistically strong spike synchronization,
soma sizes were varied between 50 and 150% of the default value. The num-
ber of neurons was varied between 80 and 200. A given pair of neurons was
assumed to be connected with a probability of 30%, and synaptic conductances
were set so that the mean EPSP amplitude was around 1.5 mV as measured
in the soma. AMPA, NMDA, acetylcholine (ACh) and metabotropic glutamate
(mGluR) synaptic transmission was assumed. Inhibitory transmission was ne-
glected because strychnine application (which blocks glycinergic transmission)
neither abolished rhythmic activity nor increased its frequency in experiments
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(Cangiano and Grillner, 2003). In some simulations, axonal delays were ne-
glected; in others, they were randomized between 0 and 20 ms, based on rough
estimates from information on mean axonal velocity and anatomy.

4.3.3. Results

Locomotor bouts with and without NMDA

A first round of simulations was performed with 200 neurons endowed with
NMDA and AMPA synapses. Somewhat surprisingly, it was easy to achieve
realistic-looking locomotor bouts in this network model with a minimum of pa-
rameter tuning. The respective importance of NMDA and AMPA is easy to ex-
plain: the fast AMPA synaptic component tends to synchronize the spikes of
individual neurons, yielding a bursting pattern on a population level, while the
slower NMDA component sums and thus creates a tonic synaptic current which
is able to carry over the activity until the next action potential.

When new information suggested that NMDA transmission was in fact not re-
quired for locomotor bouts, the model was updated with two new synaptic com-
ponents, both known to be present in lamprey spinal neurons – ACh and mGluR
synapses. Using these together with AMPA synapses, it was still possible to get
locomotor bouts, but in a slightly different way. ACh synapses were assumed to
be slower than AMPA synapses but much faster than NMDA synapses, and they
could not in themselves carry the neurons’ depolarization over to the next spike.
The mGluR synapses were assumed to be extremely slow, and activated at a low
level. During the first second of the simulation, the mGluR component, however,
could grow strong enough that after a delay, some more sensitive neurons would
pass the spiking threshold. The activity of these neurons would then be propa-
gated through the network by AMPA and ACh synapses. The non-instantaneous
decay of the ACh component together with the weak but tonically active mGluR
component is then enough to keep a neuron sufficiently depolarized to be able
to spike again.

With AMPA, NMDA, ACh and mGluR synapses present, the network could
show locomotor bouts with less than 90 neurons; if NMDA was removed, up to
150 cells were needed. As in all simulations, the locomotor bouts were organized
in bursts with a frequency that fell within the experimentally observed interval.

Finally, the effects of introducing axonal delays were considered. The effects
of axonal delays in general are poorly understood, but it is possible that they can
be quite important. One of the few modelling papers examining axonal delays,
Izhikevich (2006), puts forward a very interesting hypothesis for network self-
organization involving an interplay of axonal delays and spike-timing dependent
plasticity (STDP). In our model networks, axonal delays neither enhanced nor
decreased the ability of a control network (i.e., a network without axonal delays)
to display locomotor bouts. However, the spiking pattern became more smeared
out, so that the output, while still bursty, was less synchronized. This is in
fact more consistent with experimental findings, where the synchrony is not
complete (Cangiano and Grillner, 2003).
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4.3.4. Interpretation and caveats

Needless to say, the mechanisms suggested by the model need not be the true
mechanisms responsible for self-sustaining activity in hemisegmental prepara-
tions. What we can learn is that nothing more than the components used in the
model need, in principle, be postulated if one wants to explain the phenomenon.
Although the model-generated locomotor bouts are quite robust, their robust-
ness would possibly increase even further if one introduced dynamical synapse
properties such as facilitation and depression – in experiments, locomotor bouts
are found in different hemisegmental preparations with exceptional regularity.

There is also a question of anatomical realism - is 90 neurons with 30% con-
nectivity realistic? It is not known how many excitatory interneurons a hemiseg-
ment typically contains; some (uncertain) estimates are “at least 20, proba-
bly many more” (Buchanan et al., 1989) and 40-50 (Grillner et al., 2005). 90
neurons would then correspond to about 2-5 hemisegments, which seems rea-
sonable given that several hemisegments are usually needed to elicit locomotor
bouts in a preparation (Cangiano and Grillner, 2003). The connection probability
is also unknown, though the figure 10% has been used (Kozlov et al., 2007). In
the simulations presented here (with no synapse blockers), each neuron would
on average receive 27 inputs with a mean EPSP size of 1.5 mV, yielding a total
synaptic input of about 40 mV (although the net effect would be smaller due to
sublinear EPSP summation because of differences in timing or EPSP shunting).
It is interesting to note that Kozlov et al. (2007) used a setup where each neuron
received input from 39 other cells with a mean EPSP of 1 mV, giving almost
exactly the same total synaptic drive. It may be that a certain excitation level in
this neighbourhood is needed to sustain the bout. In the in vivo network, the
cells also seem to receive additional depolarization during this kind of activity;
in Kozlov et al. (2007), a small additional current injection was necessary for
the network to generate the locomotor bouts, and in the simulation discussed
here the hyper-slow mGluR component can be said to implement this function.
mGluR activation is indeed one of the proposed explanations for the sustained
depolarization observed during locomotor bouts (Cangiano and Grillner, 2005).

Finally, the simulation model as presented here had a shortcoming in an
aspect not related to the problem it was designed to study. When simulating
bath AMPA and/or NMDA activation of the model network, it was discovered
that the network would tend to go into an unphysiological high-frequency state,
except in a small parameter range of bath EAA concentration. This prompted
the investigation in Paper IV.

4.4. Paper IV: Co-existence of a smooth and a stereotypical
state

4.4.1. Motivation

As has already been discussed, hemisegmental preparations from the lamprey
spinal cord can show rhythmic activity in response to NMDA or D-glutamate
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application, and in response to a transient stimulus. D-glutamate application
yields a burst rhythm of about 2-12 Hz depending on the concentration of the
EAA; NMDA application initially yields the same type of rhythm, after which a
slower (0.1-0.4 Hz) rhythm can develop over the course of several hours. In
locomotor bouts, there is no frequency dependence on the initial input current
magnitude; over a certain threshold, a given preparation shows a stereotypical
bursting frequency. The locomotor bout activity discussed in connection with
Paper III is fast and robustly observed in experiments, which suggests that the
hemisegmental networks contain a high capacity for regenerative self-excitation.
Now, if these highly excitable networks are stimulated by bath-applied EAAs,
why don’t they go to the fast locomotor bout state, or start spiking even faster
than in a “regular” locomotor bout? How can a slower, graded activity state
(“tonic state”) co-exist in the same network with a fast, stereotypical state (“bout
state”)?

We posited that this must be due to a bifurcation in the dynamics of the net-
work, so that two distinct dynamical modes, reachable via different initial condi-
tions, appear. Thus the phase portrait of the system (with EAA concentration on
the x axis and starting frequency on the y axis), for a given EAA concentration
level, would contain two fixed points (corresponding to the frequencies of the
tonic and bout states, respectively), separated by an unstable fixed point. If the
system starts above the frequency of the unstable point, it would then end up in
the bout state; otherwise it would end up in the tonic state. In other words, the
system would be bistable and sensitive to initial conditions. In the experimen-
tal preparation, a sufficiently strong current pulse of the proper duration would
send the network to the bout state, but when stimulating it with bath EAA, it
would start from a low (or zero) frequency and end up in the tonic state. Armed
with this conceptual model, we set out to construct a simple network that could
show this qualitative behaviour.

4.4.2. Modelling approach

Since we realized that the generation of the state space diagrams would re-
quire a large number of simulation runs, we chose to use the Izhikevich neuron
model for the neuronal units. The model from Paper III required around 1 hour
per second of simulation time, with the full model requiring even more, on our
computers. The parameters of the Izhikevich model were tuned to give reason-
able response properties, with f-I curves similar to those measured for lamprey
excitatory interneurons (Buchanan, 1993). Inhibitory transmission was again
neglected, so the network consisted of recurrently coupled excitatory interneu-
rons. We chose to use 50 neurons with a coupling probability of 30%; each
neuron therefore received input from about 15 neurons. The Izhikevich model
as originally described has only fast AMPA synapses which are active at their
full conductance for a single time step, after which they decay to zero. We added
NMDA synapses with a magnesium block and an exponential decay time that
was varied in some runs, but the default value was 180 ms. ACh and mGluR
synapses were not introduced because we knew that from Paper III that loco-
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motor bouts could be modelled by AMPA and NMDA receptors only, and for
easier interpretation of the results. Later, dynamical aspects were added to the
synapses in the form of facilitation and saturation. Both of these processes
were implemented in a simple way: a facilitating synapse was enhanced by a
factor 3.5 if it received two spikes within the facilitation window of 50 ms, and a
saturating synapse could not sum its activity over 140 single EPSPs.

The AMPA:NMDA maximum conductance ratio was 1:1, but a single EPSP
will always be larger in an AMPA synapse (sometimes much larger) due to
the magnesium block, which decreases the effective conductance of the NMDA
synapse at hyperpolarized potentials. Neurons were assumed to vary in their
sizes (this was modelled by multiplying their input by a random normally dis-
tributed factor, reflecting natural variation in input resistance) so that their in-
trinsic firing frequencies were variable. Bath glutamate activation was simulated
by adding constant factors to the AMPA and NMDA synaptic conductances.

4.4.3. Results

Our initial runs with static synapses suggested that while either tonic or bout-
like activity could be generated by model networks depending on parameter val-
ues (specifically, we varied the NMDA decay time constant), these activities could
never co-exist in the same network. If the NMDA decay time constant was high,
the system would always go to the bout state (because a large tonic depolariza-
tion from NMDA synapses would dominate), and if it was too low, the system
would go to the tonic state.

Noting that frequency (and cell type) dependent synaptic enhancement and
depression have been described in lamprey CPG neurons, we introduced simple
versions of synaptic facilitation and saturation as described above. (Depression
could also have been included, but turned out to be non-necessary.) With these
new synaptic dynamics, we were able to simulate a state diagram where tonic
and bout activity states could co-exist. The frequency in the tonic state was
smoothly dependent on simulated glutamate level, while the bout state showed
a weaker concentration dependence. Note that for the bout state, we only have a
single data point from experiments: the case with zero D-glutamate, which can
yield a locomotor bout in both experiments and in the model.

A conceptual explanation of why synaptic dynamics yield the desired out-
come can be readily formulated. Synaptic facilitation stabilizes the bout state
by enhancing the synaptic efficacy as soon as a critical frequency is reached,
while at lower frequencies, facilitation will never set in. This enables the tonic
state to vary smoothly without leaping to the bout state. However, the facili-
tation cannot be allowed to run unchecked, because it would eventually lead
to tonic high-frequency spiking far beyond the bout frequency. Therefore some
mechanism must control that synaptic conductances do not become too large,
and this is accomplished by synaptic saturation in the present model. Instead,
some form of depression or fatigue could have been used.

Summarizing, our simulations show that two different activity states can co-
exist in the same network, given the presence of synaptic dynamics. Similar
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results were later reported in a study where the authors examined a homoge-
neous excitatory network analytically (Barak and Tsodyks, 2007).

Interestingly, after the submission of Paper IV, we found that more than
two steady states could coexist in our networks, given that these were given a
specific type of connectivity. By constructing a locally clustered network (with
dense local and sparse global connections, but the same average connectivity
as before) we were able to obtain networks where 1-6 steady states could be
reached. Preliminary results indicate that the “new” states, which are always
intermediate between the tonic and bout states, appear because the bout state
can now be reached in separate, localized parts of the network, without the
whole network necessarily becoming activated. The intermediate states there-
fore represent situations where some parts of the network are in the bout state
and other (presumably more isolated) parts are in the tonic state. It is interest-
ing to speculate whether this kind of multistability in a relatively simple network
can have any physiological function. It is clear, however, that the connectivity
pattern does matter in some cases, and that a random connectivity should not
be automatically assumed.

4.4.4. Interpretation and caveats

There are a couple of confounding factors in the interpretation of these results,
although they are interesting from a theoretical point of view. Needless to say,
the components we found sufficient for network bistability are not necessary the
actual components used to accomplish it in the lamprey. Also, it is conceivable
that in the tonic, glutamate-stimulated state, the activity takes some time to
develop, and the network may have medium time scale compensatory mecha-
nisms that turn down the excitability during this period. By contrast, in the
case of electric current application, the network is “taken by surprise”, so that
the compensatory mechanisms do not have time to develop, thus enabling the
highly excitable locomotor bout state. However, this has not been experimentally
established.

With regard to parameter values, one may wonder about the unusually large
facilitation factor, for instance. While very large facilitation factors have been
found in some neurons (Thomson, 2000), this is likely not the case for lam-
prey CPG neurons (Parker and Grillner, 2000a; Parker, 2003b). Also, the NMDA
saturation limit of 140 single EPSPs seems high. However, I believe that the
necessity for such values may be connected to an issue discussed above, in
connection with Paper III. As was previously mentioned, a tonic depolarization
seems to develop during locomotor bouts, and this depolarization was not ex-
plicitly modelled here. The high NMDA synaptic currents allowed by our synap-
tic dynamics may provide the extra depolarizing drive necessary for modelling
the experimental system. Also, neurons in the present simulation only receive
EPSPs from about 15 other neurons, which is considerably less than in other lo-
comotor bout simulations and leaves each neuron with even less net excitation.
The dynamic synaptic parameters may compensate for this.
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4.5. Paper V: An experimentally based model of NMDA-TTX
oscillations

4.5.1. Motivation

As already mentioned, spinal CPG neurons in the lamprey – as well as other or-
ganisms – can display intrinsic rhythmic behaviour in the form of membrane
potential oscillations when stimulated by bath-applied NMDA. These oscilla-
tions have been examined in the lamprey using tetrodotoxin (TTX), which blocks
sodium channels, and thus abolishes action potential propagation. In other
words, TTX pharmacologically isolates neurons from each other, so that “pure”
NMDA oscillations can be recorded from their cell bodies. NMDA properties are
thought to be important for the generation of locomotor activity, possibly as
a mechanism for augmenting excitatory synaptic inputs (Grillner et al., 2001).
As already mentioned, it is well established that NMDA receptor activity is im-
portant for fictive locomotion, and NMDA-TTX oscillations are a useful tool for
understanding the properties of NMDA receptors. Fig. 4.3 shows an example of
NMDA-TTX oscillations. Refer to Paper V for a detailed conceptual explanation
of how they occur.

Figure 4.3. NMDA-TTX oscillations in lamprey CPG neurons. In the depolar-
izing phase, Na+ and Ca2+ enter through Mg2+-dependent NMDA channels.
In the repolarizing phase, KCa channels restore the membrane potential to
a level close to the resting potential. [Reproduced from Wallén and Grillner
(1987), Copyright 1987 by the Society for Neuroscience]

The motivation for the study presented in Paper V arises from the process
of modelling the lamprey CPG neuron and from examining previous models. An
counterintuitive feature, which has long been known, occurs in simulations us-
ing either one of the previously developed cell models (e.g. Tegnér et al., 1998)
and the new cell model in Paper I. This feature is that the oscillation frequency
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goes down (or sometimes stays constant) as the simulated bath NMDA con-
centration is increased. This is counter-intuitive because earlier experiments
(Brodin et al., 1985) showed that the frequency dependence in fictive locomotion
(i.e. without TTX applied) is precisely opposite: higher NMDA concentrations
give higher frequencies. It therefore seems natural that NMDA oscillations in
TTX should have the same frequency dependence. However, it is difficult to com-
pare the rhythmic activity during fictive locomotion with the NMDA-TTX case for
two reasons. During fictive locomotion, the neurons receive phasic synaptic in-
put (Kahn, 1982; Russell and Wallén, 1982) and fire action potentials. Both of
these factors could conceivably modify the dynamics enough to yield a differ-
ent frequency dependence. Our main motivation here was to characterize the
frequency-dependence of NMDA-TTX oscillations to resolve this question.

A second motivation, also born out of previous modelling work, was to try
to construct a simplified model of NMDA-TTX oscillations to get a better under-
standing of how and why they appear. Previous models were rather cumbersome
to analyze because of the large number of parameters, including morphologi-
cal and dendritic properties. It was hoped that a simple “point-neuron” model
could shed some light on the dynamics of NMDA-TTX oscillations. Of course, we
wanted to implement the correct frequency dependence in the model, depend-
ing on the experimental results. In order to better be able to construct such a
model, we also used new experimental results to try to isolate the NMDA-TTX
oscillations to their minimal form, with the least number of necessary compo-
nents.

4.5.2. Methodology

We began by performing experiments with NMDA and TTX application in CPG
neurons from lamprey of different species, with NMDA varied in three (or some-
times more) steps, to examine the frequency dependence of the oscillations. We
found that the frequency increased with the NMDA concentration, and based
on this result, we constructed different versions of the simplified mathemati-
cal model described in chapter 3 (section 3.5.2). In order to better constrain
the model, we used previously unpublished experimental results (reported in
the paper) examining the effects of various channel blockers. Our simplest
NMDA-TTX oscillation model (the “minimal model”) is one containing only NMDA
channels, KCa channels and a leak conductance, which may be the only com-
ponents necessary for generating the oscillations. Note that for simplicity, we
did not distinguish between KCaN and KCaNMDA channels, as was done in Paper I.
The most complex model, which was constructed for addressing the frequency
dependence phenomenon, included two further types of components, voltage-
dependent potassium (Kv) channels and voltage-dependent calcium (Cav) chan-
nels. This model was based on simply keeping the parameters constant in the
minimal model and adding equations describing the new channels.

We set up several criteria that a successful model should meet. These were
based both on typical characteristics of “normal” NMDA-TTX oscillations, and
on information obtained from many types of channel-blocking experiments.



4. RESEARCH PROBLEMS ADDRESSED 55

4.5.3. Results

Frequency dependence

The results from the frequency-dependence experiments showed that the fre-
quency was indeed increased when the NMDA concentration was increased from
100 to 200 µM, as in fictive locomotion. The frequency was in some cases more
than doubled when going from 100 to 200 µM. The qualitative results were
consistent over all preparations. I will call this type of frequency dependence
“positive”, and the opposite case – slower frequencies for increasing NMDA con-
centrations – “negative” frequency dependence. Except for the information about
the frequency dependence, a further interesting fact was that the length of the
plateau seemed not to increase much for higher NMDA concentrations. Plateau
lengthening at high NMDA levels was thought to be the probable reason for the
simulated decrease in frequency at high NMDA levels in previous models. From
visual inspection of the recordings, it was instead the inter-plateau interval that
was changed (=shortened) when NMDA concentration was increased.

Model evaluation and sensitivity analysis

We defined a set of criteria that a successful model should be able to fulfill. Note
that all of these criteria are defined for a gnmda range [gmin

nmda 2 ·gmin
nmda] where gmin

nmda

is the (approximate) minimum gnmda value that yields oscillations. We chose this
interval because the experiments were done from 100 to 200 µM concentrations,
and oscillations were not observed for concentrations below 100 µM ; so the
experiments can roughly be said to characterize a range of approximately [gmin

nmda

2 · gmin
nmda].

• The frequency dependence should be correct (higher NMDA concentration
gives higher frequency).

• The frequency should be within the experimentally observed range (0.05-1
Hz).

• The amplitude should be within the experimentally observed range (10-40
mV).

• There should be little plateau lengthening.

• Blocking Kv channels should give rise to larger-amplitude oscillations.

• Blocking both Kv and Cav channels should still allow “regular” NMDA-TTX
oscillations.

• Increasing (depolarizing) the resting membrane potential should result in
faster oscillations with reduced amplitude.

The model we developed was able to fulfill all the desired characteristics.
Moreover, it turned out to be very robust to parameter changes, according to
the sensitivity analysis we performed. In fact, by only changing a single param-
eter at a time, we were unable to obtain a model showing the negative frequency
dependence. By changing parameters in appropriate ways, one can obtain os-
cillations that resemble those found in a range of different experiments.
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Why didn’t the old model work?

The final question to answer, then, was why the old models based on Brodin
et al. (1991) (e.g. Tegnér et al., 1998) couldn’t show the positive frequency de-
pendence. I will call the family of models based on Brodin et al. (1991) “the old
model” from now on. As the sensitivity analysis indicated, obtaining the negative
frequency dependence in our new model was not a matter of simply changing
one parameter. By comparing the output of our newly developed model to the
old model, we discovered a combination of two modifications that yielded the
negative frequency dependence in the new model. Running a version of the old
model with Kv and Cav channels blocked – leaving just NMDA, KCa and leak
channels, as in our minimal model– we discovered that it then had a positive
frequency dependence, but that it generated NMDA-TTX oscillations with an ex-
aggerated amplitude (>50 mV) where the plateau was at -20 mV. Substituting
the magnesium block function used in the old model into our minimal model,
the same thing happened - large-amplitude plateaus at around -20 mV. In spite
of the difference in complexity of the models, they thus showed qualitatively
similar behaviour in this case. Further simulations showed that the given mag-
nesium block function induces a bistability where the model neuron must have
either no oscillations or large-amplitude oscillations. From this we derived a
prediction: that the magnesium block function (the steady-state I-V relation) of
lamprey CPG neurons may be substantially different from what has been as-
sumed. Changing the magnesium block was by itself not sufficient for switching
the frequency dependence in our new model. By comparing the relative magni-
tudes of parameters in the old and new models, we found that the older model
had a relatively much higher Kv conductance. By increasing this parameter sub-
stantially in the new model, when using the “old” magnesium block function, the
frequency dependence on NMDA concentration became negative.

4.5.4. Interpretation and caveats

An important fact to keep in mind when extrapolating from NMDA-TTX oscilla-
tions to behaviour is that it is uncertain how well the bath-applied NMDA ap-
proximates the input to neurons under physiological conditions. In vivo, NMDA
receptors are activated transiently rather than tonically; on the other hand,
NMDA synapses tend to sum their activity, and given strong input from e.g. the
reticulospinal system, it may be that summing results in a more or less tonic
NMDA receptor activation, maybe close to the saturation limit of the receptor.
Also, the fact that there are no action potentials complicates the interpretation
of how the NMDA-TTX oscillations can be related to normal locomotor activity.
Nevertheless, experiments (and simulations) of NMDA-TTX oscillations are valu-
able, because they offer a somewhat simplified model system where e.g. ion
channel properties can be studied. They give insight into the workings of the
NMDA receptor - insights which may then be used to better understand the net-
work through thought experiments or simulations. The work presented in Paper
V must of course be interpreted in the light of the numerous simplifications and
assumptions made. However, I believe that these simplifications are not critical,
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and that the model captures much of the essence of the NMDA-TTX oscillations.
It is to be hoped that this study can offer some further guidance for future work
where NMDA receptors are modelled. Finally, this project was the only one in
the thesis where the ideal feedback loop of experiments and modelling was fully
realized.

4.6. Paper VI: Coupling biochemical and neuronal models

4.6.1. Motivation and experimental background

Calcium permeable ion channels and calcium-dependent potassium channels
control a large part of a lamprey locomotor neuron’s behaviour (Bacskai et al.,
1995); working in tandem with the calcium-dependent potassium currents, they
control phenomena such as firing frequency adaptation, post-inhibitory rebound
and burst termination.

Calcium can enter the cell through (at least) N-, L-, and P/Q-type calcium
channels (all high-voltage activated), low-voltage activated calcium channels,
and NMDA channels. It seems that at least some pathways involving calcium
are segregated, so that (for example) only calcium that has entered through N
and P/Q type calcium channels activate the sAHP-determining KCa channel in
the lamprey (Wikström and El Manira, 1998). It has been suggested that there
are "microdomains" where different types of ion channels are co-localized in
close proximity and where effective calcium concentrations become extremely
high due to the microdomain’s small volume (Goldberg et al., 2003). In addition
to entry from the exterior through ion channels, calcium can also come into the
cytoplasm by leaving intracellular stores in the endoplasmic reticulum (ER), a
specialized subcellular structure primarily involved in the synthesis of proteins
and lipids (Alberts et al., 1994).

Recent experiments in lamprey locomotor neurons (Kettunen et al., 2002)
showed that intracellular calcium release occurs in these neurons and is the
result of a cascade initiated by glutamate binding to the metabotropic gluta-
mate receptor 5 (mGluR5) and culminating in the activation of inositol (1,4,5)-
trisphosphate receptor (IP3) receptors (IP3R) in the ER. IP3 is a so-called second
messenger molecule which mediates the release of Ca2+ ions from the ER into
the cytoplasm (Hamada et al., 2002).

The IP3-dependent increase in the intracellular calcium level is oscillatory,
which is a consequence of the kinetics of the IP3 receptor (see below). The
oscillations are very slow - with a period of 30-200 seconds, they are definitely
on a different time scale than spiking or locomotor network bursting.

The IP3 receptor is a tetrameric ion channel that releases Ca2+ from intra-
cellular stores in response to IP3 binding (Hamada et al., 2002). The degree of
opening of the channel is influenced by both IP3 and Ca2+ concentration. IP3 is
always needed for the channel to open, but it is itself not sufficient for channel
opening. Ca2+ acts as a co-agonist at low concentrations, which results in a pos-
itive feedback loop: cytoplasmic Ca2+ helps open the IP3R, which in turn releases
more Ca2+ into the cytoplasm (Miyakawa et al., 2001). However, Ca2+ is also a
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repressor of IP3R function at high concentration (Hamada et al., 2002). Thus
the IP3R has a bell-shaped dependence on Ca2+ concentration - at low values it
is not activated enough and at high values it is repressed, so an intermediate
value gives the highest activation, at least during steady state conditions.

The goals of the project described in Paper VI was, on one hand, to create a
detailed biochemical model of the reaction pathway starting with mGluR5 acti-
vation and ending in IP3-mediated Ca2+ release, and on the other hand, to couple
this biochemical model to (the then current version of) the electrophysiological
model of Paper I.

4.6.2. Methodology

A plausible reaction pathway between mGluR5 activation and Ca2+ release was
posited, guided by experimental results from Kettunen et al. (2002). Fig. 4.4
contains a graphical representation of the model; numbers refer to reactions
(see Appendix). A very brief summary of the pathway follows:

• mGluRs are activated by glutamate molecules binding to them.

• Activated mGluRs activate G proteins. These are normally coupled to
guanosine diphosphate (GDP), but upon activation GDP is exchanged for
guanosine triphosphate (GTP) and the G protein separates into two parts,
Gα and Gβγ .

• The Gα proteins activate phospholipase C (PLC); PLC turns off Gα, so there
is a negative feedback in this step.

• PLC produces IP3 through hydrolysis of phosphatidylinositol 4,5-biphosphate
(PIP2).

• IP3 activates the IP3 receptor. The receptor opens its channel and releases
Ca2+. Ca2+ upregulates PLC activity, so there is a positive feedback from
Ca2+ to PLC.

Kinetic parameters for the reactions involved were estimated from the literature;
since such data is scarce, values from different systems were used. Some of the
parameters were adjusted to yield output more similar to that observed in the
lamprey experiments. The reaction network was simulated by running coupled
ordinary differential equations as described in the previous chapter, first using
the XPPAUT package and then using the CHEMESIS extension to the GENE-
SIS neuronal modeling software. Finally, the CHEMESIS implementation was
coupled to the electrophysiological neuron model using functions in CHEMESIS
and GENESIS.

4.6.3. Results

Even with the high level of uncertainty in parameter values, we were able to
obtain IP3-mediated calcium oscillations in the biochemical model using either
type of kinetic model for the IP3 receptor. However, the fit to data was not ideal:
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Figure 4.4. A graphical representation of the simulated biochemical pathway
connecting mGluR5 activation to IP3- and calcium-mediated calcium oscilla-
tions. The numbers refer to equations in the model. Single arrows symbolize
irreversible reactions; double arrows symbolize reversible reactions. [Picture
created by Kristofer Hallén, 2002 and modified by Mikael Huss, 2007.]

the De Young-Keizer model of the IP3R was better at approximating the shape of
the oscillations, while the Tang-Othmer model gave more realistic frequencies.
A simulated replication of an experiment from Kettunen et al. (2002) yielded a
dynamical behaviour very similar to the experimental one using the De Young-
Keizer model, but not using the Tang-Othmer model. In this experiment, gluta-
mate was added in double pulses. The calcium oscillations had a pattern where
the first glutamate application step resulted in steady oscillations until the glu-
tamate was removed, after which one truncated calcium pulse appeared before
the calcium concentration returned to baseline. When glutamate was applied
in a second step, the calcium oscillations started again with an amplitude that
was slightly enhanced compared to the previous glutamate step. These features
were all faithfully replicated by our biochemical model with the De Young-Keizer
IP3R. Although the time scale was different between the simulation and the ex-
periment, the oscillation frequency was nevertheless within the experimental
range as reported in Kettunen et al. (2002).

The activation of mGluR5 receptors leads to slow intracellular calcium os-
cillations (f=0.005-0.033 Hz; Kettunen et al., 2002) which, if present during
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fictive swimming, cause the swimming rhythm to slow down. How the rhythm
is slowed down is not yet known. In Paper VI, we hypothesized that the intracel-
lularly released calcium could activate calcium-dependent potassium channels
and thereby hyperpolarize the cell, ultimately leading to a slowed-down locomo-
tor rhythm. To test this idea, we combined the model of the glutamate-induced,
IP3-mediated calcium oscillations with the previously developed locomotor neu-
ron model described in Paper I. This hybrid model showed that our proposed
mechanism was feasible. Preliminary experiments indicate that the hyperpolar-
ization is not mediated by potassium channels in the soma, since the somatic
resting potential is not affected by the oscillations (El Manira, personal com-
munication). However, as our generic neuron model has pointed out (Paper I),
the soma probably has a very low density of KCa current in comparison to the
dendritic tree, which means that the major contribution to a potential Ca2+-
mediated hyperpolarization would come from dendritic KCa currents. It is not
yet known from experiments whether the dendrites are hyperpolarized during
IP3-mediated Ca2+ oscillations.

4.6.4. Interpretation and caveats

Given the scarcity of data on kinetic parameters for the included reactions, the
results are of course highly speculative. The model output, in some respects, is a
good match for experimental results, but the components of the pathway should
be better characterized before one can claim a good quantitative description
of the phenomenon. The work in Paper VI should be regarded as a tentative
attempt to tie together the levels of biochemistry and electrophysiology. The
predictions of the combined model may, in the future, be tested and used as a
starting point for further research.



Chapter 5

CONCLUSIONS AND FUTURE WORK

5.1. Thesis summary

In this thesis, I have examined different aspects of pattern generation in the
lamprey spinal cord through computational modelling. As a starting point for
detailed network simulations, we constructed a generic model of a spinal CPG
neuron based as far as possible on published experimental data. This model
served as a building block of a large-scale simulation of the whole spinal CPG,
where three important results emerged: that the rostral part of the spinal cord
can control the phase lag during forward and backward swimming, that indi-
vidual segments can keep phase lags constant if the individual neurons have
sufficient variation in their firing properties, and that reciprocal inhibition may
be crucial for achieving reliable dynamic control of the swimming pattern. The
latter finding is particularly interesting in that reciprocal inhibition was already
known to be an important control principle in locomotion; our results thus sug-
gest that reciprocal inhibition (like many other features of biological systems) is
“multi-tasking” - it controls both alternation of activity and robustness of pat-
tern generation.

Interesting results about the rhythm-generating capabilities of relatively small
hemisegmental networks have emerged during recent years. The segmental CPG
network in lamprey can, in view of these results, be considered to have the same
organization as in the half-center model, but with half-centers capable of gener-
ating their own rhythmic activity. We used network simulations - both abstract
and detailed ones - to address questions about how the self-sustaining activ-
ity in hemisegmental networks comes about, and how it can co-exist with a
smoothly graded activity mode. The results suggested that known features of
lamprey CPG neurons and networks are sufficient to explain these phenomena.

Rhythmic activity is not always a network property - intrinsic NMDA-driven
oscillations are found in CPG neurons from lamprey as well as other species.
In order to understand more about the properties of these oscillations, we per-
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formed a combined experimental and computational study which culminated in
the construction of a relatively simple model that can reproduce and explain
many of the experimental findings. We were also able to suggest why earlier
models of the same oscillations failed to reproduce the new experimental data
emanating from our study.

Receptor-mediated modulation is an ubiquitous feature of neurons. This
modulation takes place through the action of biochemical pathways triggered by
receptor activation. We constructed a model able to simulate this kind of mod-
ulation by merging a biochemical pathway model with an electrophysiological
neuron model. With this type of model, one can address interesting questions
about neuromodulation, although in our paper it was ultimately difficult to pro-
ceed with the exploratory modelling without extensive further experimentation.

5.2. Future work

Many interesting questions remain about the lamprey CPG network. Some of
the questions I would like to see addressed in future work are the following.

• How is the hemisegmental rhythm connected to the segmental rhythm?

Assuming that the electrically activated hemicord preparation is representa-
tive of hemicord preparations under other conditions, the hemisegmental rhythm
appears to be generated by synchronization of neurons that spike only once
per cycle (Cangiano and Grillner, 2005). By contrast, during rhythmic activity
recorded from segmental preparations (or the full spinal cord), neurons often fire
many spikes at low frequency on top of a depolarized plateau during a locomotor
cycle. The segmental rhythm is 3-4 times slower on average, and the fast rhythm
in hemicord preparations - which was shown by Cangiano and Grillner (2003)
to be linked to fictive swimming - has not been observed to go below 2 Hz, while
the segmental rhythm can be as slow as 0.1 Hz. It thus seems that the hemiseg-
mental and segmental rhythms represent different dynamical modes. It would
be interesting to further investigate how the inhibitory (and maybe excitatory)
cross-connections promote this putative shift in dynamics.

• What is the role of the slow, NMDA-dependent rhythm in hemisegmental
networks?

Cangiano and Grillner (2003) found, in addition to the fast rhythm which
was related to fictive swimming, a slower (0.1-0.4 Hz) type of rhythmic activity
which was dependent on NMDA. This rhythm could not be connected to fictive
swimming. It would be interesting to examine this rhythm further. Is it never-
theless linked to low-frequency segmental bursting, even though this could not
be shown in experiments? Also, how is the slow hemisegmental rhythm gener-
ated? It is known that it is magnesium-dependent, but the long time required
for the rhythm to develop suggests that there may be additional slow activity-
dependent effects involved.

• What is the role of ipsilateral inhibitory transmission?
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Small inhibitory interneurons that project within hemisegments have been
characterized, but found not to be involved in generating the hemisegmental
rhythm (Cangiano and Grillner, 2003). Nevertheless, they might be important
for other reasons. New simulations and experiments could address their puta-
tive role in e.g. allowing smooth grading of rhythmic activity. A computational
study of cortical circuits (Lundqvist et al., 2006) also showed that adding ipsi-
lateral inhibition to an excitatory network can lead to physiologically realistic-
looking bursting activity. It could be hypothesized that in the lamprey, the ipsi-
lateral inhibition is more important in segmental bursting than in hemisegmen-
tal bursting, and that it could be involved in shaping the depolarized plateaus
seen during fictive swimming. These have, so far, proved hard to model, since
the spiking frequency on the plateaus tends to become unrealistically high in
the models.

• Why are action potentials in dissociated neurons and intact neurons dif-
ferent?

As mentioned earlier, the generic neuron model in Paper I cannot account
for the very significant differences in action potential width between dissociated
and intact neurons. As new measurement techniques become available, it may
be possible to acquire more accurate measurements. If the differences persist,
it would be interesting to see whether this is a question of developmental differ-
ences (dissociated cells are usually from larval lampreys and intact cells usually
from adult ones). In general, it would be interesting to extensively compare
characteristics of ionic currents in larval and adult lamprey neurons.

• What is the recruitment pattern of excitatory interneurons during fictive
locomotion?

It has long been known that the speed and strength of movements is graded
in animals using a “size-recruitment principle”, whereby motoneurons of in-
creasing size (decreasing input resistance) are gradually recruited into the ac-
tive pool (Kandel et al., 2000). In contrast, interneuronal recruitment has been
harder to study and therefore results are scarce (Bhatt et al., 2007). Are all
excitatory interneurons (for example) active during locomotor activity, or is only
a subset recruited at a given time? At least during locomotor bouts in lamprey,
only part of the EIN network was found to be active (Cangiano and Grillner,
2005), and similar results were obtained in an earlier study in Xenopus (Sillar
and Roberts, 1993). However, Bhatt et al. (2007) reported that during escape
responses in zebrafish, essentially all EINs are active both during slow and fast
movements. The grading of movement strength is instead accomplished by vary-
ing the firing intensity in individual neurons. It would be interesting to examine
the recruitment pattern and changes in firing intensity (if any) of lamprey EINs
during fictive locomotion. Also, as our preliminary results on multistability in
excitatory networks (see end of Section 4.4.3) suggest, the connectivity of a net-
work can have consequences. It would therefore also be interesting to know
more about the synaptic connectivity pattern of EINs and try to relate it to neu-
ronal recruitment.
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In addition, countless questions about adaptive properties such as synaptic
plasticity and neuromodulation can be asked.

5.3. Closing words

Even though the lamprey is considered a “primitive” vertebrate, its spinal loco-
motor circuits have turned out to be quite sophisticated and adaptable, and are
rewarding as an object of study. The work described in this thesis has made me
appreciate the efforts that have gone into understanding this model system for
locomotion. I have also found CPG research as a whole to be a rich and fasci-
nating field. In the beginning, I probably underestimated both the experimental
and theoretical challenges faced by researchers in this field.

Computational biology, including computational neuroscience, is still at an
early stage of development. Coming years and decades will undoubtedly provide
progress in leaps and bounds through e.g. data standardization and database
integration, new theoretical formalisms for describing biological processes, and
of course, more powerful computing systems. When it comes to the modelling
process itself, I have found that it is essential to have a clear question in mind
when starting to develop a computational model, and to connect the model firmly
to experimental research. As mentioned earlier, the ideal case is one where
simulations and experiments interact in a mutually beneficial loop. It is perhaps
significant for my development as a computational modeller that it was the last
project performed for this thesis (the work presented in Paper V) where the
interplay between modelling and experiments was the strongest.
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APPENDIX

This appendix contains a specification of the biochemical pathway model used
in Paper VI, as well as some comments on parameter modifications to the three
original IP3 receptor models used in the same paper.

I first give the reactions for the modelled system of biochemical reactions,
followed by the XPP code used to simulate the system. This code illustrates
how the differential equations are formulated for the reactions, and it shows the
parameter values used.

The equations and parameter values for the three IP3R models can be found
in the papers by Li and Rinzel (1994) and Tang and Othmer (1995). (We use
a re-scaled version of the De Young-Keizer model, described in Li and Rinzel,
1994.) In each case, one parameter value was modified to improve the model’s
fit to data. These modifications are explained in the concluding section of the
Appendix.

Some of this material was written by Kristofer Hallén.

Biochemical reactions

Abbreviations are explained below.

mGluR + Glu
k1f



k1b

RecGlu (5.1)

GGDP + RecGlu
k2f



k2b

RecGluG (5.2)

GGDP + mGluR
k3f



k3b

RecG (5.3)

Glu + RecG
k4f



k4b

RecGluG (5.4)

RecGluG
k5f



k5b

GαGTP + Gβγ + RecGlu (5.5)

GGDP
k6f



k6b

GαGTP + Gβγ (5.6)
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GαGTP
k7f



k7b

GαGDP (5.7)

GαGDP + Gβγ
k8f



k8b

GGDP (5.8)

Ca + PLC
k9f



k9b

PLCCa (5.9)

GαGTP + PLCCa
k10f



k10b

PLCCaG (5.10)

PLC + GαGTP
k11f



k11b

PLCG (5.11)

Ca + PLCG
k12f



k12b

PLCCaG (5.12)

PLCCaG
k13f



k13b

GαGDP + PLCCa (5.13)

PIP2 + PLCCa
k14f



k14b

PIP2PLCCa
k15cat→ IP3 + DAG + PLCCa (5.14)

PIP2 + PLCCaG
k15f



k15b

PIP2PLCCaG
k16cat→ IP3 + DAG + PLCCaG (5.15)

PIP2 + PLCG
k16f



k16b

PIP2PLCG
k17cat→ IP3 + DAG + PLCG (5.16)

PIP2 + PLC
k17f



k17b

PIP2PLC
k18cat→ IP3 + DAG + PLC (5.17)

IP3

k18f



k18b

degradedIP3 (5.18)

Abbreviations

GαGTP α subunit of G protein bound to GTP, active
GαGDP α subunit of G protein bound to GDP, inactive
Gβγ βγ subunits of G protein
GGDP G protein bound to GDP, inactive.
Glu Glutamate
mGluR metabotropic glutamate receptor
PLC Phospholipase Cβ

PLCCa Ca2+ bound to PLC
PLCG G bound to PLC
PLCCaG Ca2+ and G bound to PLC
RecG G protein bound to mGluR
RecGlu Glu bound to mGluR
RecGluG G protein and Glu bound to mGluR
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#ode file for XPPAUT
#Biochemical signalling model
#Kristofer Hallén 021104, modified by Mikael Huss May 03

dmGluR/dt=-mGluR*Glu*k1f+R_Glu*k1b-GDP*mGluR*k5f+R_G*k5b

# Two glutamate pulses
Glu=heav(T)-heav(T-480)+heav(T-660)

#R_Glu Glutamate bound to mGluR
dR_Glu/dt=mGluR*Glu*k1f-R_Glu*k1b-GDP*R_Glu*k3f+R_Glu_G*k3b\
+R_Glu_G*k6f-GT*betagamma*R_Glu*k6b

#GT=Galpha*GTP
dGT/dt=-GT*k2f+GD*k2b+GDP*k15f-GT*betagamma*k15b+R_Glu_G*k6f\
-GT*betagamma*R_Glu*k6b-GT*PLCCa*k9f+PLCCa_G*k9b-PLC*GT*k11f+PLC_G*k11b

#GD=Galpha*GDP
dGD/dt=GT*k2f-GD*k2b-GD*betagamma*k16f+GDP*k16b+PLCCa_G*k10f-GD*PLCCa*k10b

#GDP=The whole G protein complex.
dGDP/dt=-GDP*k15f+GT*betagamma*k15b+GD*betagamma*k16f-GDP*k16b\
-GDP*R_Glu*k3f+R_Glu_G*k3b-GDP*mGluR*k5f+R_G*k5b

#betagamma part of G protein
dbetagamma/dt=GDP*k15f-GT*betagamma*k15b-GD*betagamma*k16f+GDP*k16b\
+R_Glu_G*k6f-GT*betagamma*R_Glu*k6b

#G protein and glutamate bound to mGlur
dR_Glu_G/dt=GDP*R_Glu*k3f-R_Glu_G*k3b+Glu*R_G*k4f-R_Glu_G*k4b\
-R_Glu_G*k6f+GT*betagamma*R_Glu*k6b

#G protein bound to mGluR
dR_G/dt=-Glu*R_G*k4f+R_Glu_G*k4b+GDP*mGluR*k5f-R_G*k5b-R_G*antag*k17f+block_R_G*k17b

dPLC/dt=-Ca*PLC*k7f+PLCCa*k7b-PLC*GT*k11f+PLC_G*k11b-PLC*PIP2*k19f+PP*k19b\
+PP*k19cat

#Ca bound to PLC
dPLCCa/dt=Ca*PLC*k7f-PLCCa*k7b-GT*PLCCa*k9f+PLCCa_G*k9b\
+PLCCa_G*k10f-GD*PLCCa*k10b-PIP2*PLCCa*k13f+PPCa*k13b+PPCa*k13cat

dIP3/dt=-IP3*k8f+PPCa*k13cat+PPCa_G*k14cat+PP*k19cat+PP_G*k18cat

#Ca and G protein bound to PLC
dPLCCa_G/dt=GT*PLCCa*k9f-PLCCa_G*k9b-PLCCa_G*k10f+GD*PLCCa*k10b\
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+Ca*PLC_G*k12f-PLCCa_G*k12b-PIP2*PLCCa_G*k14f+PPCa_G*k14b+PPCa_G*k14cat

#G protein bound to PLC
dPLC_G/dt=PLC*GT*k11f-PLC_G*k11b-Ca*PLC_G*k12f+PLCCa_G*k12b+PP_G*k18cat\
-PLC_G*PIP2*k18f+PP_G*k18b

dPIP2/dt=0

#PLC, PIP2 and Ca bound
dPPCa/dt=PIP2*PLCCa*k13f-PPCa*k13b-PPCa*k13cat

#PLC, PIP2, G protein and Ca bound
dPPCa_G/dt=PIP2*PLCCa_G*k14f-PPCa_G*k14b-PPCa_G*k14cat

#dantag/dt=-R_G*antag*k17f+block_R_G*k17b
dantag/dt=0

dblock_R_G/Dt=R_G*antag*k17f-block_R_G*k17b

#PLC_G_PIP2
dPP_G/dt=PLC_G*PIP2*k18f-PP_G*k18b-PP_G*k18cat

#PLC_PIP2
dPP/dt=PLC*PIP2*k19f-PP*k19b-PP*k19cat

#Pang Sternweis 1990 Rat brain
init GDP=1
#Bhalla, scaled up from från Mahama and Linderman
init mGluR=0.3
#Smrcka 1991, bovine brain.
init PLC=0.04
#Normal intracellular calcium conc
init Ca=0.1
init PIP2=20
#Bhalla: ’antagonist-receptor binding is weak’, 0
init antag=0
#init Glu=1
#IP3
init IP3=1

par k1f=0.8 k1b=1
par k2f=0.0133 k2b=0
par k3f=0.006 k3b=0.0001
par k4f=0.0625 k4b=0.1
par k5f=3.85 k5b=0.05
#Mukhopadhyay et al 1999.
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par k6f=1.8 k6b=0
par k7f=3 k7b=1
par k8f=2.5
par k9f=25.2 k9b=1
par k10f=1.6667 k10b=0
par k11f=2.52 k11b=1
par k12f=30 k12b=1
par k13f=2.52 k13b=40 k13cat=10
par k14f=160 k14b=640 k14cat=160
par k15f=0.0001 k15b=0
par k16f=6 k16b=0
par k17f=60 k17b=0.01
par k18f=75 k18b=300 k18cat=75
par k19f=0.625 k19b=10 k19cat=2.5

IP3R model parameters

In the Li-Rinzel model, the d2 parameter was lowered to 0.5µM to make the
receptor sensitive to the IP3 concentration levels in the model.

In the version of the De Young-Keizer model that we used, described in Li
and Rinzel (1994), the b2 parameter, which is analogous to d2 in the Li-Rinzel
model, was scaled down by the same factor for the same reason.

In the Tang-Othmer model, the k−1 parameter was increased to 220 s−1 to
make the receptor sensitive for the appropriate IP3 concentration levels. The
new value is well within the physiological range.






