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Chapter 1. Introduction

1.1 Neural coding

The brain processes information. The hardware of this process is in the neurons that
form the brain. A neuron consists of three major parts: a dendritic tree, through which it
receives information from other cells, an axon, through which it sends away information
to other cells, and a cell body or soma, which contains the nucleus. Neurons communicate
with one another through action potentials or spikes: fast and steep fluctuations of the
electrical potential over the membrane. Normally, this membrane potential is around −65
mV. Ion pumps maintain a concentration difference between the inside and the outside of
a cell, which results in a regenerative electrical potential difference over the membrane.
Action potentials are generated in the soma through a positive feedback process, in which
a small fluctuation towards more positive membrane potential values (depolarization) is
amplified by ion-selective membrane-spanning pore proteins called ion channels. Once
the membrane depolarizes, sodium channels open, resulting in an influx of sodium and
a further depolarization of the membrane. The membrane is repolarized or hyperpolar-
ized by potassium channels, that also open with depolarization, but result in an efflux of
potassium [58].

Neurons are connected to each other through synapses, in which the axon of one (presy-
naptic) neuron sends a signal to the dendrite of another (postsynaptic) neuron. Once an
action potential reaches the synapse, a neurotransmitter is released. When this neuro-
transmitter reaches the postsynaptic cell, it binds to a receptor coupled to an ion channel
that opens and either depolarizes the membrane potential of the postsynaptic cell (exci-
tation), or hyperpolarize it (inhibition). Neurons communicate by sending sets of action
potentials, spike trains, to each other. In this thesis, the focus is on the coding of single
cells or small circuits, so on the question how a spike train represents a stimulus with a
biological meaning. A special focus will be on bursts: small groups of time-related action
potentials that follow each other quickly within a short period of time, followed by a
relatively long period of silence.

1.1.1 Two points of view in theoretical neuroscience

In studying information processing in the brain, there are at least two different approaches,
each with its own set of questions, its own mathematical formulations and its own types
of models. The first point of view is that of information theory, in which questions like
‘What computation is this system doing’, ‘How is it processing information?’ or ‘What
does this system code for?’ are asked and answered with the help of a mathematical
theory that was founded by Shannon [132] in the field of electrical engineering. This
first paper dealt with information transmission over noisy channels (it was done in Bell
labs for a reason!) and this theory was applied to neural systems (for a review, see [36],
for books on this topic, see [25], [125]). Attneave [4] and Barlow [8] argued that the
sensory systems are constructed in such a way that it only relays messages that give the
system new information, that cannot be deduced from already known information, so
they introduced the idea that the reduction of redundancy in sensory information is an
important function of the sensory systems. MacKay and McCulloch [91] used the same
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1.1. Neural coding

theory to address the maximum amount of information that could be transmitted in a
neural system depending on the way it encodes this information. The mathematics used
in this theory are derived from statistical physics, and will typically give answers in the
probabilistic realm, in terms of entropy or signal-to-noise ratio. Basically, one treats a
(neural) system as a black box, and investigates the relation between the input and the
output, for instance by trying to reconstruct the input from the output.

The second point of view is called the ‘mechanistic’ or ‘biophysical’ one, in which one
tries to answer questions about how the system behaves (electrically) depending on its
constituent parts. The mathematical approach used here is mostly that of the determinis-
tic theory of dynamical systems, as opposed to the probabilistic approach of information
theory. This will typically give answers in the realm of bifurcation theory, that tell when
the system will show a drastic change in behaviour when a parameter is changed. This
(sub)field of theoretical neuroscience started with the abstract models of Lapicque [85]
and McCulloch and Pitts [96], where neurons were simplified to ‘point neurons’ (occupying
no space, so the spatial dimensions are ignored), that integrate the incoming input over
time until a threshold is reached, in which case the neuron fires a ‘spike’. Remarkably,
this was before the mechanism and the mathematical description of action potentials were
described by Hodgkin and Huxley [58]. Rall [119] showed how to analytically calculate
the electrical activity in spatially extended neurons, by reducing the complex dendritic
tree to an ‘equivalent cylinder’. With the rise of computers, this later started the so-called
‘compartmental modelling’, in which a spatially complex neuron is represented by a set of
coupled compartments, each of which can be described with temporal evolution (ordinary
differential equations) only. So in this point of view one tries to give a mechanistical de-
scription of the electrical behaviour of a neuron, based on the knowledge of its constituent
parts (for books on this topic, see [27], [46], [67]). Based on this description predictions
can be made on how the neuron will behave if parameters are changed.

Both points of view discussed before are important for studying the brain, but they
are not always easy to combine. Since their mathematics is essentially a different lan-
guage, the communication between the two theories is not trivial and both theories answer
fundamentally different questions. Nevertheless, in this thesis both theories will be used.
Most models presented here are basically extensions or reductions of the Hodgkin and
Huxley model [58] and formulated in a very similar way, using one to three compartments
in the way Rall showed. However, many of the research questions in this thesis stem
from the realm of information theory, such as the question what a spike ‘codes for’. Ulti-
mately, the main question is how the biophysical properties of a neural system influence
the informational code it uses, and whether the coding possibilities could also influence
the biophysics.

1.1.2 Rate coding, temporal coding and reliability

In theoretical neuroscience, one of the major issues is the nature of the neural code: how
is information about the input of a neuron represented in the output spike train? Specif-
ically, there is much discussion about which information in a spike train is carried by the
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Chapter 1. Introduction

number of spikes in a certain time window, a so-called rate code, and which if any is
carried by the timing of each individual spike, a temporal code, in different systems and
under different circumstances [27]. The idea of rate coding started with the very early
observation of Adrian [1] that the intensity of the input is reflected in the frequency of a
spike train: sensory receptors often represent their stimulus in a rate code. An issue that
is strongly related to that of rate versus temporal coding, is the issue of reliability [125].
If a neuron is a temporal coder, so the timing of the individual action potentials carries
information, it is expected that the output spike trains are reliable: when a stimulus is
repeated, the timing of the output spikes is the same for each repetition. On the other
hand, if a neuron is a rate coder, so all information is carried by the number of spikes in
a certain time window, and none by their timing, one would expect that the timing of
the output spikes can vary much more upon repetitions of the stimulus. So a temporal
coder is expected to be more reliable than a rate coder. Mainen and Sejnowski [93] and
de Ruyter van Steveninck et al. [29] showed that even though static stimuli might lead
to very unreliable responses, fluctuating stimuli can lead to very reliable ones, indicating
a temporal code. Ultimately, the separation between rate versus temporal coding is not
that strict and the discussion is one of temporal resolution: how much jitter in the timing
of a spike will change its meaning, and over how large a time window can an average be
taken [46]?

To answer the question of how reliable a set of spike trains is, one has to quantify reliabil-
ity. This lead to a plethora of reliability measures, that will be discussed in chapter 5 and
appendix D (for a review, see [143]). The reliability of the output of a single neuron, and
therefore whether a rate or a temporal code is used, does not necessarily have to be the
same for all systems: different types of neurons can use different codes. The reliability
of the output of a neuron could even be different for the same neuron depending on the
input it receives: Butts et al. [18] showed that the relevant timescale of a spike train
depends on the frequency content of the input. The background that a neuron is in could
also play a major role: Rudolph and Destexhe [129] showed that background activity can
make a neuron more reliable, and Cafaro and Rieke [20] showed recently that correlations
in this background activity can increase the reliability even more. In chapter 5, it will
be shown that in assessing whether the reliability of the output of a neuron changes, one
has to correct for its input-output curve. It will also be discussed how the reliability of a
neuron can be influenced by several types of ion channels.

1.1.3 Spike and burst coding

The main focus of this thesis is on bursting neurons. Bursting is a firing mode of neurons
in which they respond to and input with a group of high frequency action potentials,
followed by a period of relative silence. Many different types of neurons show burst
firing modes next to a tonic firing mode, such as the pyramidal cells in the CA3 of the
hippocampus and the relay cells in the thalamus discussed in this thesis [81],[68]. In the
thalamus, it has long been thought that the burst mode was an indicator of slow-wave
sleep and pathological conditions [140], since the burst mode would prevent the relay
function to be carried out correctly. Later it was found that these cells also show burst
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firing combined with effective relay properties in awake animals ([121], for a review see
[133]). Even though these dual response modes are found in many sensory systems, their
function is not clear. The question of what bursts ‘mean’ or code for could be considered
as a special case of the question whether the timing of an action potential is important,
as discussed in the previous paragraph. In the next section I will discuss several opinions
regarding the function of bursts: what they code for, how this code is read out by the
next processing level and how this code can be changed.

What do bursts code for?

Bursts contain code, spikes are just noise Some researchers claim that bursts are
the ‘real code’, and single spikes are just noise. For instance, Gabbiani et al. [42] show
that in weakly electric fish, bursts are better indicators of the stimulus than isolated
spikes and hippocampal place-fields might be defined more accurately with bursts only
than when both bursts and spikes are considered [106]; [88] (but see also [54]). It is
important to realize that many synapses are very unreliable in transmitting single spikes,
so a burst might be needed to get the message through at all times [88];[26]. In agreement
with this, Swadlow and Gusev [141] show that a burst from the thalamus results in a much
stronger response in the cortex, the next processing level.

Bursts and spikes carry the same information Contrary to the conclusion in the
previous paragraph, Reinagel et al. [121] show that in relay cells of the lateral geniculate
nucleus of anesthetized cats spikes and bursts code for roughly the same information in
stimuli, but bursts are slightly more effective. They claim that this might mean that
postsynaptically different streams could be recruited, depending on how synapses are
tuned: synapses that transmit both spikes and bursts might maximize the recovery of
information in the stimulus, whereas synapses that transmit only bursts could transmit
a distinct stream that sends modulatory responses back to relay cells and other areas. In
this context short-term synaptic facilitation and depression mechanisms play an important
role, since these can be tuned to the stereotypical timing of action potentials within
bursts: a synapse with a low reliability and strong facilitation would respond to bursts
only, whereas a reliable synapse with strong depression would transmit both spikes and
bursts as unitary events. Kepecs and Lisman [75] show how short-term facilitation and
depression can be used to tune synapses to respond only to bursts of a specific length.

Bursts and spikes carry different information In chapters 2 and 3, we show sev-
eral examples, both in models and experiments, where bursts and spikes are sensitive to
different features of the input, indicating that they carry different information, contrary
to the results of [121] discussed in the previous paragraph. Sherman [133] claims that
geniculate relay cells (thalamus) that are in a tonic firing mode are better suited for a
linear response to the input, whereas cells that are in burst mode offer better signal de-
tection, giving a kind of ‘wake-up call’ to its postsynaptic targets. Similarly, Chacron
et al. [22] show in a simple model that the information in the spike train of a tonically
spiking neuron can be decoded in a linear way, which makes it a good stimulus estimator,
whereas the information in the spike train of a bursting neuron should be decoded in a
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nonlinear way, which makes it a better feature detector. According to them, these two
functions are mutually exclusive. Later, Oswald et al. [104] found that the two response
modes can occur in parallel, segregating a spike train in a burst part that is essential
for feature detection and a spike part that is involved in stimulus estimation. Moreover,
this feature detection can occur at the same time as an ‘interspike interval’ (ISI) code,
in which ISIs are correlated to the intensity of upstrokes in the stimulus [105]. Similarly,
Lesica and Stanley found that in cat LGN cells [87] bursts were triggered by excitation
after a prolonged period of inhibition. They found that during burst firing the signal
to noise ratio is increased. Furthermore, they found that when a stimulus is presented,
a burst is fired first, followed by tonic firing (‘silence/burst/tonic/repeat response pat-
tern’), agreeing with the hypothesis of the feature detection roles of bursts and stimulus
estimation role of tonic spikes. So there is much evidence that bursts give the system a
signal that something is going on, and that single spikes code for what exactly is going on.

In the hippocampus, Harris et al. [54] suggest that bursts signal for synchronous in-
put after a period of silence, since they found that burst probability and burst length
were correlated with extracellular spike amplitude and that the burst probability was
lower after periods of activity than after periods of spiking.

In weakly electric fish, bursts code for very different stimuli than spikes: Doiron et
al. [37] show that pyramidal neurons respond in an ‘oscillatory’ (bursting) manner to
global, communication-like stimuli, whereas they do not show any burst-like behaviour
in response to local prey-like stimuli. They claim that diffuse inhibitory feedback is
needed for this switching between response modes. In addition, Oswald et al. [104] find
that bursts code mainly for low-frequency events, whereas single spikes can also code for
higher frequencies and that the interspike intervals (ISIs) inside a burst are correlated
with both the amplitude and the slope of upstrokes in the stimulus [105].

In agreement with this, Kepecs et al. [76] show that in a general model of bursting
bursts occur mainly on positive slopes of an input signal with a cutoff frequency of 5 Hz,
and that the amount of spikes per bursts code for the steepness of the slope. Moreover,
in a later work [74] they find that spikes and bursts of different duration signal different
features, that are however all part of the same small stimulus subspace.

In all the roles for bursts discussed until now, the relevance of dendrites has not been
considered. In several models, such as the Pinsky and Rinzel model [110] we use in
chapters 2 and 3 and the model used by Kepecs et al. [77], bursts are generated by a
‘ping-pong’ effect, in which an action potential in the soma causes a slow depolarization in
the dendrite, that on its turn initiates new action potentials in the soma (for a review, see
[81]). Nonlinear integration in dendrites opens a whole set of possibilities in which inputs
can spatially cooperate (locations on the dendrite) to form bursts, whereas asynchronous
inputs can form only single spikes or even no response at all, and specifically timed or
located inhibition can promote or prevent bursts [139].
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How are bursts read out postsynaptically?

The existence of single spikes and burst as different ‘events’ in a spike train is only useful
when the next stage in processing, the postsynaptic neuron, can distinguish between the
two. Different theories exist about the postsynaptic processing of bursts. Lisman [88] and
Csicsvari et al. [26] pointed out that bursts have an overall bigger chance of being trans-
mitted, especially at unreliable synapses. As discussed in the previous paragraph, this
depends strongly on the precise tuning of short-term depression and facilitation. This tun-
ing can also make a synapse respond to a specific burst length [75] or specific ISIs within a
burst [69]. Wang [155] shows that rhythms and oscillatory signals are better transmitted
by bursting neurons than by tonically firing neurons if unreliable facilitating synapses
are involved. Moreover, neurons themselves can have resonant properties, making their
subthreshold oscillations sensitive to stimulations within a certain frequency-range. In
conclusion, to make a postsynaptic neuron sensitive to the timing of spikes within a spike
train (a temporal code), short-term plasticity in the synapse in combination with the
intrinsic resonant properties of the postsynaptic neuron play a crucial role.

Can the burst code be influenced?

When bursts play a different role than single spikes in the coding of information, an
important question might be how this is possible biophysically, and whether it can be
influenced. Firstly, many intrinsic mechanisms influence bursts initiation, duration and
shape. Anything influencing the dendritic action potential, such as the coupling between
the soma and the dendrite [110], or the ionic currents in the dendrite [142], will cause
the burst to change or disappear. Yet bursts are more reliable than single spikes [74].
Secondly, the embedding of a neuron in its surrounding network influences the firing
mode. Lesica et al. [87] show in a cat LGN cell that when the burst-ratio decreases
(an indication of a higher resting membrane potential) the burst encoding changes from
‘onset of excitatory stimulus’ to ‘offset of inhibitory stimulus’. The changes in resting
potential are thought to be a result of modulatory or stimulus-driven effects. Inhibition
can prevent bursts [166] or promote them [37];[133] depending on the exact timescales
of for instance transmission delays. The dynamic recruitment of inhibition by different
types of stimuli could therefore change the firing mode of a bursting neuron.

Conclusion

Burst firing next to tonic firing can have many different functions in the transmission of
information in the brain. These functions might be different for different types of neu-
rons (i.e. the different mechanisms with which a burst is generated), for different brain
regions and in different states of the system. It also might depend on the input the sys-
tem receives. On the output level, a single spike train can contain different streams of
information in parallel. Bursts can code for other features than spikes, for instance burst
can signal a ‘wake-up call’ whereas single spikes can estimate the signal. Moreover, the
inter-spike intervals (ISIs) within a burst can contain a third type of information about
the stimulus, all within the same spike train. Finally, one has to consider whether the
next level that receives input from the bursting neurons is capable of processing bursts,
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Chapter 1. Introduction

whether it can differentiate between spikes and bursts, and whether it can use this differ-
entiation in its information processing and transfer.

The focus of this thesis is on the encoding and decoding of bursts, so whether a burst
tells something different about the input than a spike, and how this is influenced by the
background activity of the surrounding network a neuron is in. It does not consider the
next processing level: we assume that it can process a meaningful differentiation between
spikes and bursts. We are interested how the biophysics that are responsible for burst
generation influences the burst coding. Therefore, the role of bursts is investigated in
two brain areas of which the cells use different mechanisms to generate bursts: the CA3
of the hippocampus and the thalamus. Hippocampal pyramidal cells use the ‘ping-pong’
mechanism discussed before to initiate a burst, whereas relay cells in the thalamus use a
special calcium current, the T-type calcium current, that is only active after hyperpolar-
ization.

We used a combined modelling-experimental approach. A sensitivity analysis is often
difficult experimentally due to the relatively short time-span in which neurons stay alive,
so it is hard to know whether the used parameters are meaningful. Some mechanisms
are even impossible to measure, such as the activation of the T-type calcium current. In
these cases, a model can give invaluable additional information.

1.2 Modelling in (neuro)science

In science, models have always played an important role. Scientists use models to for-
malize and test theories about the world they are trying to understand. Models range
from conceptual models, in normal language, to formal models, in the language of math-
ematics, to computational models, in computer code. In biology and medicine the word
‘model’ is also used for so-called ‘animal models’, model systems to investigate what can
not be investigated in man. However, I will not consider this here. In mathematical mod-
els, assumptions are explicitly specified, for instance that a relation between variables is
linear. A computer program that implements this model is a computational model. One
has to distinguish between a computational model and a theory, although they are tightly
connected. Both computational models and theories consist of an idea or a representation
of what ‘the world’ looks like, and a set of rules that relates the constituent parts of this
representation. However, where a theory is a generalization that tries to include as much
as possible, a computational model is an application of this theory to a specific case. In
(neuro)biology, systems are often too complex to treat analytically, so the only possibility
is to make computational models.

Scientists make theories about the phenomena they try to understand. Models help
them to formalize these theories. Models can also be used for a better understanding of a
system, to do simulation experiments that would otherwise be unfeasible, or to explore a
system. It is crucial to make predictions: a model that only explains the data that were
used to make has little added value. The reason why a model is made of course influences
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the way it is made: a conceptual model might be useful for the explanation of a concept,
but not for simulation experiments, but a computational model might not be useful for
explaining a concept to a wider audience.

A final consideration on models is the domain of validity. A model is always made for a
specific situation under specific conditions. A good model might contain several situations
and several conditions and should make predictions about new situations. Therefore, a
scientist making models (a modeller) has to think about what assumptions are made
while making the model, and when these might be violated. Also, the theory behind the
model might have its limitations, for instance the Newtonian theory of gravity does not
work at speeds close to the speed of light. A modeller might fill in parts of the model for
which data do not exist or that are otherwise unknown, in which case he or she should
think about whether and to what extent the model is valid if these parts turn out to be
different. An issue every modeller faces is the level of abstraction. Whereas too much
abstraction might ignore crucial effects, too much detail will obscure important results
and a plethora of unknown parameters will make it impossible to do a sensitivity analysis
to these parameters. So for every problem at hand, a modeller has to make a choice in
what mechanisms he or she thinks are crucial, and what can be ignored or simplified.

In this thesis the generation of spike trains in neurons in the thalamus and the hippocam-
pus were modelled to answer specific questions: What does the output of single spikes
and bursts ‘mean’, and how is this influenced by inhibition and the overall background
activity? Specific models were used both for exploration (changing different parameters
and looking at their effects) and for simulating experiments that would be hard to do
otherwise. The validity of these specific models are obviously limited to the mechanisms
they represent, and even to the type of stimuli we used. Moreover, they are limited by
the (lack of) available data on especially inhibition. However, in making these models we
discovered some more general principles of information processing in neurons. In chapter
5, it is described how the reliability of an output signal depends on the input-output
relation. These more general principles were tested in more simplified, generalized mod-
els and are therefore expected to be more generally valid. Also, it is expected that the
results for the specific models will also be valid for other neurons that consist of similar
parts as the ones modelled here, and that are in a similar background. For instance,
the burst mechanism of thalamocortical relay cells and pyramidal cells in the CA3 of the
hippocampus is very different, and therefore the information processing in these cells is
different. Cells that have similar bursting mechanisms are expected to behave in a similar
way. So some of the results presented in this thesis are specific, such as in chapter 4, and
others are more general, such as in chapter 5.

1.3 Outline of this thesis

In this thesis information theory and biophysics are combined to investigate whether the
biophysical properties of a neuron determine the coding and the other way around. The
main focus is on the question what the role of bursts is and what they code for, and how
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this coding is influenced by the mechanism by which a burst is made. To this end, the
role of bursts is investigated in neurons in two brain areas of which the neurons use differ-
ent mechanisms to generate bursts: pyramidal cells in the CA3 of the hippocampus and
relay neurons in the thalamus. Chapters 2 and 3 are about the hippocampus. Chapter 2
treats how feedback inhibition influences the spike and burst coding of these pyramidal
cells. This is done by connecting a simplified model of a bursting pyramidal cell with
an interneuron model in a reciprocal way and providing the pyramidal cell with noisy
current-clamp input. Reverse correlation analysis (appendix B) is used to investigate
what features in the input the pyramidal cell is sensitive to, and how this changes with
increasing inhibitory strength, the type (slow dendritic or fast somatic) of inhibition and
the introduction of short-term plasticity and delays. Chapter 3 does a similar analysis
for feed-forward inhibition, in which the same model pyramidal cell and interneuron as in
chapter 2 now receive the same frozen noise input, and the interneuron sends inhibition
to the pyramidal cell. Several aspects of inhibition are investigated, such as the type
of inhibition (slow dendritic or fast somatic), the reversal potential of the synapse, the
relative strength of the input to the interneuron and delays. The reliability and the effects
of introducing an h-current to the pyramidal cell are also included in the research.

Chapters 4 and 5 are about thalamocortical relay (TCR) cells. In chapter 4, it is found
using current-clamp experiments, a biophysical model and different analytical tools such
as reverse correlation analysis (appendix B), that in these TCR cells bursts are selec-
tive for different features in the input (lower frequency and more integrating) than single
spikes. If the neuron is depolarized, it goes smoothly from a bursting to a spiking regime,
in which it is more sensitive to high-frequency fluctuations. In chapter 5, it is shown
that in the bursting regime these cells are less reliable, probably due to a slow adap-
tation mechanism. In this chapter, different measures for the reliability of the output
spike trains are analyzed, and it is found that these measures depend on the input-output
relation. Therefore it is concluded that to make statements about changes of reliability
in a neuron, one has to correct for the input-output relation.

In de appendices, background information about the techniques used in this thesis is
given. In appendix A the equations and parameters for the models used in this thesis
are described. In appendix B, an analytical tool used throughout this thesis, covariance
analysis, is explained. Appendix C applies this covariance analysis to a simple neuron
model, so some intuition about the interpretation of the results of this analysis can be
gained. Appendix D deals with different measures of the reliability of output spike trains.
In this appendix, it will be shown that the changes of reliability of a thalamocortical relay
cell, as described in chapter 5, do not depend on the particular measure used. Also, it
is shown that the dependence of the reliability on the input-output curve exists for all
measures discussed.
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