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Chapter 1

Introduction



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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1.1. Neural coding

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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Chapter 1. Introduction

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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1.1. Neural coding

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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1.3. Outline of this thesis

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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Chapter 2. Feedback inhibition

Abstract

Pyramidal cells in the hippocampus are part of a small neuronal network that per-
forms computations on external input. The network consists of principal cells and
various forms of feedback inhibition. Experimental evidence indicates at least two
functionally distinct inhibitory feedback loops in the CA3 area of the hippocampus:
1) a loop in which O-LM interneurons project to the distal dendrites of pyramidal
cells with synapses that have slow kinetics 2) a loop in which basket interneurons
project to the somata of pyramidal cells with synapses that have fast kinetics. There
is an interconnection between the two loops in the form of O-LM to basket interneu-
ron inhibition and the configuration is further complicated by the presence of distinct
propagation delays and short-term facilitation and depression of certain synapses in
the two basic loops. In this study was we investigated the consequences of various
configurations of the circuit and modulations of the components of inhibition for the
computation that the network can perform on its input.

Gaussian noise was used as the input to the dendrite of the pyramidal cell and evoked
two types of events: spikes or bursts. The Event-Triggered Average (ETA) and the
Event-Triggered Covariance (ETC) were determined and the inter-event-intervals
between spikes and bursts were analyzed. The ETA and ETC on the pyramidal cell
show that this model behaves in first approximation as an activity integrator: with
sufficient positive input bursts as well as spikes are evoked. Which of the two is
determined by the input just after the (first) spike: positive input results in a burst;
negative input results in a spike. Stronger feedback inhibition, in the slow as well as
in the fast loop, increases the event-rate of the pyramidal cell. For a single input
and large propagation delays the interaction between the two feedback loops is not of
great importance. The consequences of the presence of the slow and/or fast feedback
inhibitory loop, with or without facilitation and depression, were analyzed in relation
to synapse strength. Facilitation and depression are most relevant when their recov-
ery time constant is of the same order as the mean inter-event interval. Short-term
depression can stop activity in the fast loop after several fast spikes and can switch
the network to a different state, thus functioning as a kind of ‘brake’ on the fast
inhibitory feedback loop. Thus inhibition and the details of the micro-circuit orga-
nization play an important role in the information processing of the small neuronal
circuit.
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2.1 Introduction

The balance between inhibition and excitation plays a major role in local neuronal circuits.
In hippocampal circuits it is involved in driving theta or gamma oscillations, as well as in
diseased states like epilepsy. Several lines of research have demonstrated the existence of
an intricate structure in the hippocampal CA3 region, consisting of feed-forward and feed-
back inhibitory loops operating on different timescales. Local inhibitory interneurons can
perform quite distinct functions: interneurons that receive feed-forward inhibition operate
differently from the ones that participate in feedback loops [40], [160] and interneurons
incorporated in loops with fast kinetics are separate from the ones that participate in
loops with slow kinetics [6], [109]. Moreover, these loops seem to have distinct projec-
tions: interneurons in loops with fast kinetics project to the perisomatic region, whereas
interneurons in loops with slow kinetics project to the distal dendrite [98], [114]. Finally,
different groups of interneurons preferentially fire at different phases of ongoing rhythms,
such as the theta and gamma cycle and fast ripples [80], [138]. Interneurons located in
these loops seem functionally segregated, but several lines of research suggest that the
separated loops are capable of influencing each other ([7], [40]).

This research focusses on the relative role of two functionally segregated inhibitory feed-
back loops (illustrated in figure 2.1) and their integration:

1. a “slow” loop with relatively long propagation delays in which O-LM interneurons
project to the distal dendrite of pyramidal cells with synapses that have slow IPSC
and EPSC-kinetics and may show facilitation.

2. a “fast” loop in which basket cells project to the soma of pyramidal cells with
synapses that have fast IPSC and EPSC-kinetics and a form of depression, [7], [98],
[109], [114].

3. a “complete” loop that combines the two feedback loops defined above and adds an
inhibitory connection from O-LM interneurons to the basket cells with slow IPSC-
kinetics [114].

A network with both loops can generate gamma as well as theta rhythm [144], [158]. How-
ever, the implications of the various conformations for the computation of the circuit on
external input has not yet been investigated. In this study, we analyze the consequences
of the three conformations.

The functioning of a small neuronal circuit, can be analyzed using different approaches.
A detailed physiological model and analysis allows to investigate the response of the small
circuit to different types of input. Booth and Bose [14] used such an analysis to show in a
pyramidal cell model that the timing of inhibition is crucial to its functioning: inhibition
can cause phase advances as well as phase delays in its firing. If the neuron model is
kept simple, the same analysis can be performed for larger circuits. In another approach
the neuron (or circuit) is considered as an abstract linear-nonlinear model and the input
features to which it responds are then investigated [3], [28]. This also provides insight
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Chapter 2. Feedback inhibition

Figure 2.1: The local circuits used in this paper. The pyramidal cell is programmed
according to Pinsky and Rinzel [110] and consists of two compartments: a somatic com-
partment with membrane potential vs and a dendritic compartment with membrane po-
tential vd. A current Id can be injected into the dendrite and represents the incoming
external input. Two distinct inhibitory feedback loops are modelled: 1) in the fast loop
the output of the somatic pyramidal compartment is connected via an EPSC (strength
gsyn,b) with fast kinetics and depression to a single-compartment interneuron with mem-
brane potential vb. This interneuron projects via an IPSC (strength gsyn,s) with fast
kinetics to the soma of the pyramidal cell; 2) in the slow loop the output of the somatic
pyramidal compartment is connected via an EPSC (strength gsyn,o) with slow kinetics,
propagation delay and facilitation to a single-compartment interneuron with membrane
potential vo. This interneuron projects via an IPSC (strength gsyn,d) with slow kinetics
and propagation delay to the dendrite of the pyramidal cell; 3) in the full loop the two
loops are combined; the interneuron in the slow loop also forms an inhibitory connection
to the interneuron in the fast loop (strength gsyn,ii) with a propagation delay; the IPSC
has slow kinetics.
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into the computations the circuit can perform (for an introduction, see [38] and [135]).
In this study the latter technique is used in a circuit that contains a detailed model of a
pyramidal cell and interneurons [110].

2.2 Methods

2.2.1 Model

The basic circuits used in this study are given in figure 2.1. The pyramidal cell model is
taken from Pinsky and Rinzel [110], a model that is thoroughly validated, extensively used
[14], [142] and analyzed [77]. It is a reduction of a more extended model of a CA3 neu-
ron originally described by [145]. The pyramidal cell consists of a somatic compartment
with ionic currents responsible for spiking (sodium current, delayed-rectifier potassium
current and leak current), and a dendritic compartment with very simple calcium home-
ostasis and calcium-activated ionic currents (calcium current, leading to Ca2+ increase,
calcium-activated potassium current, calcium and voltage dependent afterhyperpolariza-
tion generating C type potassium current and leak current). The two compartments are
equal in size and electrically connected (for details see appendix A.1.1). The pyramidal
cell can generate both spikes and bursts in response to input current injected into the
dendrite (see figure 2.4).

The interneuron model consists of a single compartment with a sodium current, a potas-
sium current and a leak current and was first described by Wang and Buzsáki [156] (details
are given in appendix A.1.2). It is designed to include a brief afterhyperpolarization and
the possibility of high frequency spiking.

All synapses are modelled as ionic conductances with a fixed rise and decay time; kinetics
according to equation (A.5) and they are activated by the spike. If present, short-term
plasticity, either facilitation or depression, is implemented as a single exponential decay,
that follows a very fast rise time: see equations (A.6) and (A.7). Further details are given
in appendix A.1.3).

In the fast feedback loop (‘fast loop’, figure2.1) the output of the pyramidal cell acti-
vates a fast EPSC in the basket-cell like interneuron (τrise = 0.61ms, τdecay = 1.77ms
[114]). In the second part of this loop the interneuron activates a fast IPSC in the so-
matic compartment of the pyramidal cell (τrise = 1ms, τdecay = 9ms [6], [7], [98], [109],
[158]. The fast loop shows use-dependent depression of the EPSC from the pyramidal
cell to the interneuron. We aimed to reconstruct the recordings from ‘onset transient’
interneurons [114], that respond with one or two spikes at the beginning of a spike train
when the pyramidal cell is spiking at 50Hz. With the reported recovery time constant of
11ms it is impossible to mimic this effect (with a 20ms inter-spike interval the depression
would almost be fully recovered at the next spike). Alternatively, if the time constant
becomes too large, the synapse would never recover from depression in a baseline activity
situation. Therefore, we chose τrecovery = 150ms. In order to make the interneuron-model
spike only one or two spikes at the beginning of a spike train of 50Hz and make the first
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spike arrive in time to stop a burst, we chose τdecay = 0.15ms and gsyn,b = 0.4µS/cm2.
Finally, we include a small delay of 1.5ms to make sure that the depression starts after
the spike.

In the slow feedback loop (‘slow loop’, figure 2.1) the output of the pyramidal cell acti-
vates a slow EPSC in the O-LM like interneuron (τrise = 0.87ms, τdecay = 4.11ms) and
the interneuron activates a slow IPSC in the dendritic compartment of the pyramidal cell
(τrise = 5ms, τdecay = 20ms). The slow loop shows use-dependent facilitation of the EPSC
from the pyramidal cell to the interneuron. The rise and recovery time of this EPSC fa-
cilitation varies strongly in the literature. We used (τrise = 2ms, τrecovery = 295ms, [114]).
In order to make the interneuron spike after two or three spikes at 50Hz (‘late persistent
interneuron’) and make the EPSC decrease with the same rate as in [114], we had to
choose τrise = 2ms and gsyn,o = 0.05µS/cm2.
In the slow loop propagation delays were included, between pyramidal cell and interneu-
ron: τdelay = 3ms [114] and between interneuron and pyramidal cell: τdelay = 3ms [6], [7],
[98], [109], [158].

When recorded in the soma, an IPSC originating from the cell soma, has larger rise
and decay times than those originating from the dendritic compartment, reflecting both
slower kinetics and filtering by dendritic transmission. Pearce [109], however, claims that
his measurements mainly reflect the synaptic kinetics and not the filtering.

A fourth-order fixed time-step (0.05 ms) Runge-Kutta method was used for time inte-
gration in our simulations.

2.2.2 Analysis

A slight persistent hyperpolarization of the pyramidal cell (Id = −0.4µA/cm2) was in-
troduced to prevent spontaneous firing (see figure 2.2). Gaussian noise (µ = 0, σ2 = 50)
filtered with an exponential filter (τ = 1ms) was then continuously injected into the den-
dritic compartment of the pyramidal cell. The variance was chosen so that the pyramidal
cell (without an inhibitory loop) responded with a firing frequency of about 6Hz. This
frequency was the optimal compromise that produced an interval between spikes large
enough for analysis but also produced sufficient events within an acceptable period of
time to satisfy statistics. A larger noise amplitude increases firing frequency of the pyra-
midal cell, and would result in serious event-event interference. Smaller noise amplitude
would result in lower firing frequency with unacceptable long computation requirements
to produce sufficient spikes for statistical analysis.

The pyramidal cell responds to the dendritic noise input by generating events. The
events recorded in the pyramidal cell will be considered as point processes, but we will
classify them as either spikes or as bursts (see figure 2.4). The classification of an event as
a spike or as a burst is based on the following criteria: setting a threshold crossing in the
membrane potential of the pyramidal cell soma at 0mV is sufficient to detect all spikes
(single action potentials) and the first action potential in all bursts. A burst consists of
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Figure 2.2: Bifurcation diagrams for the Pinsky and Rinzel [110] pyramidal cell model
(upper) and the Wang and Buzsáki [156] interneuron model (lower), using Bard Ermen-
trout’s XPPAUT. For negative currents injected in the dendrite (Id <≈ −0.3µA/cm2)
the pyramidal cell is quiescent. When the injected current increases, the pyramidal cell
starts spiking. For small injected currents, it is in a slow bursting regime. With increasing
injected current it moves from the bursting regime through an irregular spiking regime
to a regular spiking regime, with decreasing amplitude. Finally, the limit cycle disap-
pears through a Hopf bifurcation at Id ≈ 97µA/cm2. The interneuron is quiescent for
negative and very small positive injected currents. At I ≈ 0.2µA/cm2 it starts spiking.
Between I ≈ 24.6µA/cm2 and I ≈ 30µA/cm2 there is a bistable situation, where the
neuron can both fire low amplitude spikes or be quiescent. For injected currents larger
than I ≈ 30µA/cm2 the neuron is quiescent. Thin line: unstable fixed point. Thick
line: stable fixed point. Very thick line: (un)stable limit cycles (minimum and maximum
values). LP: limit point. HB: Hopf bifurcation. TR: torus bifurcation. BP: branching
point.
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Figure 2.3: Input-current versus firing-frequency curve for the Pinsky and Rinzel [110]
pyramidal cell (left) and the Wang and Buzsáki [156] interneuron (right). For the regimes
where the neuron models were active (see figure 2.2), we injected different levels of DC
current (for the pyramidal cell in the dendrite), and measured the spiking or bursting
frequency.

a small train of very high frequency action potentials; the amplitude of the first action
potential is always much larger than the amplitude of the following ones. During a burst
the dendritic membrane potential is much higher than during a spike (see figure 2.4).
If the first or second dendritic action potential, defined by a threshold crossing in the
dendritic membrane potential at −11mV, falls within a time window of 2− 9ms after the
somatic action potential, the event is classified as a burst, otherwise it is a spike. The
point in time where the voltage during this event reaches its maximum value defines the
time of occurance of the point process tn (spike as well as burst).

Event-triggered covariance analysis (ETC) was used to analyze what features the pyra-
midal cell extracts from the input [3], [16], [28] (see appendix B). To that aim the input
current s(t) is sampled (4000Hz) in a time-window from 50ms before to 5ms after the
event time tn (burst or spike).

2.3 Results

2.3.1 Basic properties without feedback inhibition

First the dynamic behaviour of our neurons is analyzed in the absence of feedback in-
hibitory loops. The pyramidal cell can either spike or burst (figure 2.4). Bursts occur as a
result of an interplay between fast somatic spikes and the slower dendritic calcium spikes.
When the injected dendritic current Id is below −0.32µA/cm2, the pyramidal cell is qui-
escent. For values of Id between −0.32µA/cm2 and Id = 5µA/cm2 the neuron will start
bursting at a low frequency. When the injected current is larger than Id = 5µA/cm2 the
bursting changes into irregular spiking. With increasing dendritic current the firing pat-
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Figure 2.4: The pyramidal cell can react with a burst (left) or a spike (right) to input.
Note that for a burst, the first spike is much higher than the following spikes, and that
the dendritic membrane potential becomes much higher than for spikes.

tern becomes more and more regular and reaches a higher frequency (figures 2.2 and2.3).

The interneuron is quiescent until the injected current reaches Ii = 0.2µA/cm2, the
value where regular firing starts with a rapidly increasing frequency when more current
is injected (figures 2.2 and 2.3).

The covariance analysis is first performed on a pyramidal cell under open loop condi-
tions. To prevent spontaneous activity (figure 2.2), the pyramidal cell needs to be slightly
hyperpolarized (Id = −0.4µA/cm2). Gaussian white noise (µ = 0, σ2 = 50) filtered with
an exponential filter with τ = 1ms is injected into the dendritic compartment and the
neuron reacts to this stimulus by firing events (bursts and spikes) with a mean frequency
of 6.4Hz (figure 2.5). The results of the analysis of all events (spikes, bursts or more
complex ones) taken together, are shown in figure 2.6. The ETA, without the additional
−0.4µA/cm2 current injected into the dendrite, is strictly positive (unlike the ‘standard’
Hodgkin and Huxley model [3]), showing that this neuron is in first approximation an in-
tegrator: positive current is needed to let the neuron fire a spike or a burst. The decision
function for the ETA peaks between 2 and 3 standard deviations of the prior distribution,
showing that it has a strong positive threshold: there is a high probability of firing for
large projection values. The decision function decreases again for projection values larger
than 3 standard deviations. This means that the neuron always reacts within a certain
time-window after this stimulus feature was present [136].

The covariance analysis (ETC, figure 2.6) shows a similar picture, but has additional
subtle properties. The first filter looks like the ETA, but is less pronounced and more
spread out in time and it has a strong positive threshold. The second and third eigenmode
have properties of the first and second derivative, but they are not exactly equal to it.
This means that the pyramidal cell is not simply a ‘threshold crosser’, but that its firing
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Figure 2.5: Mean event-frequency (left), burst-frequency (top right) and spike-frequency
(bottom right) of the pyramidal cell as a function of synapse strength g = gsyn,i =
gsyn,s,dµS/cm2, when Gaussian noise (µ = 0, σ2 = 50) is injected into the dendritic
compartment of the pyramidal cell, for the different loops implemented.

is controlled by more complex dynamics. The second and third filter look more like the
inverse (for positive threshold) of the derivatives than the derivatives itself. The fourth
filter has a distribution that is almost equal to the prior distribution, meaning that it
hardly has an influence on the event occurrence. Therefore we restrict our analysis to the
first three filters.

2.3.2 Spikes versus bursts

The events recorded in the membrane potential of the pyramidal cell were classified as
spikes or bursts, according to the procedures described in section 2.2.2 and figure 2.4.
The results for the ETA are shown in figure 2.7 (solid line). The peak current for bursts
is slightly higher than the one for spikes. A burst needs more positive input, immediately
after the first spike (t is positive), while a spike needs negative input. The distributions
and decision functions show that the threshold for both filters is quite similar.

The filters that can be obtained in the various configurations of the network, for events,
bursts and spikes can be compared. The first filter seems the same, but the peaks of
the second and third filters (figure 2.9, solid lines) for both spikes and bursts are shifted
towards later moments in time as compared to the situation where all events are taken
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covariance difference matrix. The eigenvalue with the strongest negative value represents
the strongest decrease in covariance in the direction of the corresponding eigenvector. C:
Mean input current preceding an event (ETA). D: First four eigenvectors (filters) belong-
ing to the smallest four eigenvalues. E: The probability distribution of the event-triggered
ensembles projected onto the ETA (circles), first eigenvector (solid line), second eigen-
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line). The distributions are scaled relative to the prior (triangles). F: Decision functions
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Figure 2.7: Analysis of the event-triggered average (ETA) for the fast inhibitory feedback
loop with increasing synapse strength (g). Top: The mean input current for bursts and
for spikes. Note that more positive input is needed for a burst with increasing inhibition,
whereas less negative input is needed for a spike. Middle: Probability distributions for
the event-triggered ensembles projected on the ETA. Note that for bursts it shifts to
the right with increasing inhibition, whereas for spikes it shifts to the left. Bottom:
Decision functions (equation (B.1)), representing the relation between the firing rate and
the projection value of the input onto the ETA. For spikes the frequency becomes higher
and the threshold shifts towards lower values, whereas for bursts the frequency becomes
lower and the threshold shifts towards higher values.
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Figure 2.8: Interval distributions for the fast loop, with increasing synapse strength (g).
Top: Inter-event intervals for all events. With increasing inhibition, the distribution
becomes more skewed towards short time-intervals. Bottom: Inter-event intervals divided
by interval type. Spike-spike intervals become slightly longer, spike-burst intervals slightly
shorter.
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together. Moreover, the third filter for spikes is inverted with respect to the case where
all events are taken together. Filters are plotted for positive threshold; it could be argued
that the filter is the same, but the threshold is negative. The distributions and decision
functions of the first and the second filter are especially important for bursts; the third
filter is somewhat inhibitory, but does not seem to contribute much. For spikes the third
filter plays a more important role, whereas the second one seems to contribute less. This
was also found in the ETA: negative input right after the spike predicts spikes, while
the development of a burst needs excitation right after the (first) spike. We conclude
that (not surprisingly) excitation (first filter) is needed for the pyramidal cell to respond.
Whether this response is restricted to a spike or will develop into a burst is decided right
after the (first) spike: more excitation (second filter) will give a burst, whereas inhibition
(third filter) will give a spike.

2.3.3 Feedback inhibition: the fast loop

The next step in the analysis is to close the fast inhibitory feedback loop: the pyramidal
cell is connected to the interneuron via the fast EPSC. This interneuron projects to the
soma of the pyramidal cell via a fast IPSC. The strength of both synapses was varied in
three steps: gsyn,b = gsyn,s = 2, 4 or 8µS/cm2. For brevity indicated as: g = 2, 4 or 8.

When g = 2, no current is injected into the dendrite and a small DC current (Is = 0.5)
is injected into the soma, the system is in a slow bursting regime, where the pyramidal
cell bursts at about 3Hz and the interneuron reacts to each burst with a single spike and
some oscillations. For g = 4 the circuit enters a spiking regime, where the pyramidal cell
spikes at 12Hz, while at g = 8 the frequency raises to 17Hz. The interneuron fires a single
spike to each pyramidal spike. As long as both synapses in the loop are strong enough
to activate the receiving neurons, they act as elements in series; the limitations of the
non-linear aspects of this configuration need to be further investigated. Like in the pre-
vious paragraph, the pyramidal cell is now slightly hyperpolarized and filtered Gaussian
white noise is injected into the dendrite. Increasing synaptic strength raises the mean
event rate (figure 2.5). Because the burst rate decreases, this must be due to an increased
spike rate (table 2.1). The inter-event interval distributions (figure 2.8) also indicate that
larger synaptic strength skews the distribution towards short inter-event intervals, which
could result from an increased spike to burst ratio. Even though the intervals between
two spikes become slightly longer (figure 2.8), the intervals between bursts and between
spikes and bursts are longer than the intervals between spikes, so more spikes means more
spike-spike intervals, which results in faster firing. Due to feedback inhibition the pyrami-
dal cell fires more spikes and less bursts. This has as a result that the event-rate increases.

Figure 2.8 shows another remarkable observation: burst-spike intervals are hardly af-
fected by the inhibition, and neither are burst-burst intervals. This probably means that
the length of the refractory period after a burst is dominated by internal processes of the
pyramidal cell, whereas the length of the refractory period after a spike can be influenced
by external processes like inhibition.
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Figure 2.9: Analysis of the event-triggered covariance (ETC) for the fast inhibitory feed-
back loop with increasing synapse strength (g). Top: the three eigenvectors belonging to
the smallest eigenvalues, for spikes and for bursts. Middle: Probability distributions for
the event-triggered ensembles projected on the eigenvectors. Bottom: decision functions
(equation (B.1)), representing the relation between the firing rate and the projection value
of the input onto the relevant filter. 25
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interval ↓, g → 0 2 4 8
spike-spike 21.9% 36.5% 54.3% 82.2%
spike-burst 26.5% 25.5% 20.4% 8.7%
burst-spike 26.5% 25.5% 20.4% 8.7%
burst-burst 25.1% 12.5% 4.9% 0.4%

Table 2.1: Percentage of specific intervals relative to all intervals with increasing synapse
strength g, fast loop.

Investigating the ETA leads to the same conclusion (figure 2.7). The mean input current
needed for a burst increases with synaptic strength, as does the threshold. It also shifts
towards a somewhat later moment in time. For spikes on the other hand, the threshold
decreases, as does the amount of negative input needed. This means that with more feed-
back inhibition, spikes become more probable than bursts. The negative current needed
to make a spike is now provided by the feedback inhibition.

The ETC analysis (figure 2.9) indicates that for bursts the first filter does not change.
Its decision function decreases, reflecting the lower burst frequency. The third filter con-
tributes little to bursting and does not have a large effect. The main effect of inhibition is
found in the second filter, whose peak increases. The distribution for this filter shifts to-
wards higher projection values. The decision function shows a higher threshold for g = 8,
all suggesting that there is less excitation for bursts, and that more excitation both before
and after the spike is needed to create a burst.

For spikes, the threshold for the first filter is decreased, suggesting that less excitation is
needed for a spike. The peak of the second filter decreases and shifts toward earlier mo-
ments in time. The increase in the decision function reflects the increased spike frequency.
The amplitude of the third filter increases. However, its distribution and decision function
both shift towards lower projection values until it even reverses sign. This confirms the
analysis of the ETA: more excitation after the first spike is needed to generate a burst,
less inhibition is needed to produce a spike, which makes spikes more likely than bursts.
Excitation before the (first) spike leads more easily to a spike than to a burst.

2.3.4 Including short-term depression

The excitatory fast EPSCs onto basket interneurons show short-term depression [114].
We aimed to reconstruct the recordings from ‘onset transient’ interneurons [114], that
respond with one or two spikes at the beginning of a spike train when the pyramidal cell
is spiking at 50Hz. It was impossible to mimic this effect with the reported recovery time
constant of 11ms. Under those conditions a 20ms inter-spike interval the depression would
almost be fully recovered at the next spike. We chose τrecovery = 150ms, as an even larger
time constant would prevent recovery all together. In order to make the interneuron-
model spike only once or twice at the beginning of a spike train of 50Hz and make the
first spike arrive in time to stop a burst, we chose for the depression τdecay = 0.15ms and
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interval ↓, g → 0 2 4 8
spike-spike 21.9% 25.4% 27.6% 31.5%
spike-burst 26.5% 27.5% 27.8% 27.8%
burst-spike 26.5% 27.5% 27.8% 27.8%
burst-burst 25.1% 19.6% 16.8% 12.9%

Table 2.2: Percentage of specific intervals relative to all intervals with increasing synapse
strength g, fast loop with depression.

gsyn,b = 0.4µS/cm2. Finally, we include a small delay of 1.5ms to make sure that the
depression starts after the spike.

With depression as implemented here, the inhibition can not easily push the pyrami-
dal cell into the spiking regime (table 2.2 and figure 2.5). Strikingly, the fraction of
burst-spike and spike-burst intervals increases with g contrary to the observation made
in the absence of depression. This has two reasons: firstly, the excitatory synapse onto
the interneuron needs to be set at a lower efficacy in order to make a valid response.
As a result the interneuron receives less excitatory drive, especially when it is already
slightly depressed. This makes the interneuron spike later, often too late to prevent a
pyramidal burst (figure 2.10). Secondly, the depression stops interneuron spiking after
one or two spikes; the circuit can not sustain a fast spiking regime for more than a few
spikes. The ETA and ETC and the associated distributions and decision functions show
small changes when g increases, comparable, but smaller, than the observations in the
absence of depression. Finally, in the presence of depression, burst-burst intervals become
shorter with increasing inhibitory strength (figure 2.11). This is probably due to the late
timing of the interneuron spikes: as they arrive too late to stop a burst, inhibition will
be enhanced shortening the refractory period after a burst. In conclusion, the recovery
time-constant of depression limits the firing rate of the interneuron, and therefore also
the spike-rate of the pyramidal cell.

2.3.5 Feedback inhibition: the slow loop

The analysis given in the previous paragraph can be repeated for the “slow” feedback
inhibition: the pyramidal cell activates a slow EPSC in the interneuron and the interneu-
ron activates a slow IPSC in the dendritic compartment of the pyramidal cell. Synaptic
strength is again varied in three steps: g = gsyn,o = gsyn,d = 2, 4 or 8µS/cm2.

The slower kinetics of this loop and the fact that it projects to the dendritic compartment
instead of the soma will lengthen the inhibition and thus be more effective in preventing
a dendritic calcium-spike. With a DC current of Is = 0.5µA/cm2 and g = 2 the small
network is in a slow bursting regime, where the pyramidal cell bursts at about 3Hz. With
g = 4 it will be spiking at about 13Hz, while at g = 8 this will rise to 15Hz. Due to the
prolonged EPSC the interneuron will respond to each spike at its input with a spike and
a long afterdepolarization.
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Figure 2.10: Membrane potential traces as a function of time for the fast loop with (top)
and without (bottom) depression, for g = 8 and identical input. Note that the interneuron
can not switch the circuit into the spiking regime for longer than one or two spikes, and
that the interneuron spike is often too late to prevent a pyramidal burst.
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Figure 2.11: Burst-burst interval distributions for the fast loop with depression with
increasing synapse strength (g). With increasing inhibition, the distribution becomes
more skewed towards short time-intervals.

interval ↓, g → 0 2 4 8
spike-spike 21.9% 46.4% 72.9% 98.0%
spike-burst 26.5% 22.3% 12.7% 1.0%
burst-spike 26.5% 22.3% 12.7% 1.0%
burst-burst 25.1% 9.0% 1.7% 0.0%

Table 2.3: Percentage of specific intervals relative to all intervals with increasing synapse
strength g, slow loop.

In the “slow” loop injecting DC current enhances the firing rate of the net less than
the same injection in the “fast” loop. However injected noise has the opposite effect
on the firing rate (figure 2.5). The burst rate decreases faster with increasing synaptic
strength in the case of slow inhibition, and the spike and event rate increase faster as
a function of synaptic strength. Although the mean spike-spike interval becomes longer
(figure 2.13), the event rate goes up as a higher fraction of events are spikes (table 2.3,
figure 2.13).

The ETA and ETC for the slow loop are comparable with the ones obtained for the
fast loop. Stronger inhibition requires more excitation for a burst, while less inhibition is
needed for a spike (figure 2.12 and 2.14). The effects are stronger in the slow loop than
in the fast loop; as bursts become rare, the analysis requires very large data sets. There
is a pronounced shift of the filters towards earlier times.
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Figure 2.12: Analysis of the event-triggered average (ETA) for the slow inhibitory feed-
back loop with increasing synapse strength (g). Top: The mean input current for bursts
and for spikes. Note that the effects of inhibition are similar but stronger than in the
fast loop. Middle: Probability distributions for the event-triggered ensembles projected
on the ETA. Note that for bursts it shifts to the right with increasing inhibition, whereas
for spikes it shifts to the left. Bottom: Decision functions (equation (B.1)), representing
the relation between the firing rate and the projection value of the input onto the ETA.
Spiking frequencies become higher, bursting frequencies lower.
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Figure 2.13: Interval distributions for the slow loop with increasing synapse strength
(g). Top: Inter-event intervals for all events. With increasing inhibition, the distribution
becomes more skewed towards short time-intervals. Bottom: Inter-event intervals divided
by interval type. Spike-spike intervals and spike-burst intervals become longer. There are
too few burst-burst intervals for g = 8 to make a distribution.
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Figure 2.14: Analysis of the event-triggered covariance (ETC) for the slow inhibitory
feedback loop with increasing synapse strength (g). Top: the three eigenvectors with
the smallest eigenvalues, for spikes and for bursts. There are hardly any bursts left at
g = 8, so the filters become very noisy. Middle: Probability distributions for the event-
triggered ensembles projected on the eigenvectors. Bottom: Decision functions (equation
(B.1))representing the relation between the firing rate and the projection value of the
input onto the relevant filter. For bursts, the firing rate goes down, whereas it increases
for spikes. The third filter reverses sign for spikes. Note that the second filter becomes
more important for spiking
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Figure 2.15: Interval distributions for the slow loop with facilitation and delay for g = 8,
compared to the single pyramidal cell (g = 0). Top: Inter-event intervals for all events.
With strong inhibition, the distribution shows two peaks. Bottom: Inter-event intervals
divided by interval type. Spike-spike intervals and spike-burst intervals also show two
peaks. Burst-spike intervals become longer.
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interval ↓, gsyn,d → 0 2 4 8
spike-spike 21.9% 24.2% 25.9% 27.4%
spike-burst 26.5% 26.1% 25.7% 25.4%
burst-spike 26.5% 26.1% 25.7% 25.4%
burst-burst 25.1% 23.6% 22.7% 21.8%

Table 2.4: Percentage of specific intervals relative to all intervals with increasing synapse
strength g, slow loop with facilitation and delay.

2.3.6 Short-term facilitation and propagation delay

Short-term facilitation has been reported in the excitatory connections onto O-LM in-
terneurons [114] and was therefore included in the slow EPSC (τrise = 2ms, τrecovery =
295ms). In addition propagation delays could be relevant given the distance between the
stratum oriens and stratum lacunosum moleculare (the projection of O-LM interneurons)
and they were also included. The effects of both extensions of the model strongly reduce
the influence of the slow loop. The inhibition can not easily switch the neuron from a
bursting into a spiking regime and the event rate increases only slowly (figure 2.5. Even
when gsyn,d = 8µS/cm2, the ETA for bursting is about the same as the one observed in
the absence of inhibition. Also for spikes the effects are marginally. The same holds for
the distributions and decision functions. However, these small changes for spikes are still
sufficient to slightly increase the event rate, slightly increase the spike-rate and marginally
decrease the burst rate (table 2.4). The strongest effect can be seen in the histograms
(figure 2.15): the addition of facilitation and delay causes the spike-spike and the burst-
spike histograms to show two peaks. This is probably due to the facilitation, which can
make two different types of intervals: one for which the O-LM interneuron is active and
one for which it is not.

2.3.7 Separation of spikes and bursts

The first filter is the same for spikes and for bursts independent of the presence of the
inhibitory loop: it reflects the depolarization needed to evoke any type of event. The
inhibitory loop, either in the slow or in the fast configuration, has an effect on the second
and third filter. The difference between the filters for spikes and for bursts also becomes
more pronounced in the presence of the inhibitory loop. One remarkable result is given
in figure 2.16. For the pyramidal cell without the inhibitory loop, the second and third
filter are roughly the same for spikes and bursts, suggesting that they originate from a
similar process, most likely with a different threshold. Once the inhibitory loop is closed,
they separate (figure 2.16, right). For spikes, the second and third filter look more like
the (inverted) second and third derivative of the first filter, suggesting that with stronger
inhibition the neuron behaves more like a ‘threshold crosser’. For bursts the second filter
remains strictly positive and is sharply timed around the first spike of the burst, suggest-
ing that indeed sharply timed excitation around this first action potential is needed to
transform the event into a burst.
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Figure 2.16: The second and third filter of the ETC-analysis for the pyramidal cell only
(left) and for the pyramidal cell in the fast feedback loop (g = 8), for spikes and for bursts
independently. Note that for the pyramidal cell alone, the filters are relatively similar for
spikes and bursts, whereas with inhibition, the filters for spikes and bursts are different.

The rate at which filters for spikes and for bursts separate with increasing inhibition,
depends on previous events, especially for the third filter. For intermediate values of
g, the third filter for bursts that follow a burst (figure 2.17, dot-dashed line) is slightly
different from the third filter of bursts that follow a spike (figure 2.17, dotted line). This
difference disappears when inhibition increases. This interaction is a slow process, e.g.
a slow afterhyperpolarization that we did not fully capture in the time window of this
analysis. We did not follow up this possibility in greater detail.

2.3.8 Combining slow and fast feedback inhibition

The full loop was simulated combining the “fast” loop without depression with the “slow”
loop including facilitation and propagation delays (figure 2.1 right). The pyramidal cell
then receives somatic as well as dendritic feedback inhibition. The strength of the synapses
in the loops g and the strength of the synapse between the interneurons gsyn,ii was varied.
Moreover, the latter synapse was considered to be either shunting (vsyn,ii = −62mV, see
equation (A.5)) or hyperpolarizing (vsyn,ii = −80mV, see equation (A.5)).

For (gsyn,ii = 0µS/cm2, figure 2.18), the firing frequency of the interneuron is slightly
higher than it would be in the fast feedback loop. Increasing the strength of the interneuron-
interneuron synapse has hardly any effect on the firing rates, the ETA or the filters. The
event rate decreased marginally; for g = 8 it is 11.2Hz for gsyn,ii = 0µS/cm2, it is 10.9Hz
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Figure 2.17: The third filter of the ETC-analysis for the pyramidal cell in the slow feedback
loop (g = 2), for spikes after spikes, spikes after bursts, bursts after spikes and bursts
after bursts independently. Note that the filter is the same for all spikes, but the filter
for bursts after spikes is different from the filter for bursts after bursts.

for gsyn,ii = 200µS/cm2 in the shunting case and 10.7Hz for gsyn,ii = 200µS/cm2 in the
inhibiting case (figure 2.18). The ETA and ETC and the associated distributions and
decision functions are also only marginally affected as gsyn,ii increases to values as large
as 200µS/cm2. This is mostly due to the kinetics (facilitation) and propagation delays
of the slow loop: the interneuron will spike too late to prevent the inhibition in the fast
loop turning a burst into a spike. On the other hand, it spikes too early to prevent the
fast loop interneuron spike during the next event (figure 2.18). We conclude that the
additional effects of the full loop on processing our single input signal is only marginal.
This does not exclude the possibility that such a configuration has more effect on more
advanced circuits or multiple inputs to the circuit, but these were not further analyzed.

2.4 Discussion

In this study a linear-nonlinear model was used to analyze the response to gaussian input
of a small local circuit consisting of a two compartment pyramidal neuron and various
types of feedback interneurons. The aim was to investigate the consequences of slow
dendritic and fast somatic inhibitory feedback on the computation that this circuit can
perform on its input signal. Adding feedback inhibition clearly changes such computa-
tions. Bursts and spikes are filtered separately, where spikes are favoured over bursts: with
increasing inhibition more excitation precisely timed around the (first) spike is needed for
a burst, whereas excitation before an event more easily leads to a spike. Previous events
may effect the filtering process.

Adding an inhibitory feedback loop increases the activity of the pyramidal cell, because
it leads to a shift from a bursting to a spiking regime, which allows higher frequencies.
This is in line with results reported by Booth and Bose [14], who found that a well-timed

36



2.4. Discussion

-80

-60

-40

-20

0

20

40
m

em
br

an
e 

po
te

nt
ia

l (
m

V
)

Full loop, g=8, g
syn,ii

=0

Pyramidal cell

 

 

-80

-60

-40

-20

0

20

40

m
em

br
an

e 
po

te
nt

ia
l (

m
V

)

OLM interneuron

-80

-60

-40

-20

0

20

40

m
em

br
an

e 
po

te
nt

ia
l (

m
V

)

Basket interneuron

-80

-60

-40

-20

0

20

40

m
em

br
an

e 
po

te
nt

ia
l (

m
V

)

Full loop, g=8, g
syn,ii

=200, inhibitory

Pyramidal cell

-80

-60

-40

-20

0

20

40

m
em

br
an

e 
po

te
nt

ia
l (

m
V

)

OLM interneuron

0 100 200 300 400 500 600 700 800 900 1000
-80

-60

-40

-20

0

20

40

time (ms)

m
em

br
an

e 
po

te
nt

ia
l (

m
V

)

Basket interneuron

 

 

soma
dendrite

Figure 2.18: Membrane potential traces as a function of time for the full loop without
(top) and with (bottom) the hyperpolarizing connection between the interneurons gsyn,ii

and identical input. Note that even when the synapse is very strong (gsyn,ii = 200),
the O-LM interneuron can only prevent the spikes of the basket interneuron in a limited
amount of cases.
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IPSC can give a phase advance. The inhibition prevents the dendrite from developing a
calcium-spike, which otherwise would have activated the slow AHP current. Because this
current does not activate, the refractory period of the pyramidal cell is shorter after a
spike than after a burst. However, this effect can only occur when the inhibition arrives
within a short time-window after the first spike, when the burst can still be prevented.
Therefore, larger delays in the slow loop make the inhibition arrive too late to prevent
the burst and it is no longer possible to easily make a switch from the bursting to the
spiking regime.

Short-term plasticity in the excitatory connections between the pyramidal cell and the
interneurons in the fast loop in combination with the baseline activity of the pyramidal
cell plays a crucial role in the activity of the interneuron. If the recovery time constant of
depression is much smaller than the mean inter-event interval, most synapses will recover
from depression before the next event, and depression does not play a role. If the recovery
time constant is much larger than the mean inter-event interval, most synapses will be
depressed during baseline activity and they will no longer contribute. Both conditions
also depend on the firing rate of the pyramidal cells. Thus, short-term depression is only
functional when the recovery time constant is in the same time range as the mean inter-
event interval.

The same reasoning holds for short-term facilitation. We conclude that the recovery
time constants of short-term plasticity in relation to baseline activity of the pyramidal
cells are crucial for the functional role that interneurons play in information processing
in microcircuits and their detailed dynamics need to be better determined experimentally.

Pouille and Scanziani [114] showed that the O-LM interneurons in the slow loop show
strong facilitation, and do not normally activate until after several pyramidal spikes.
Elfant et al. [40] and Banks et al. [7] showed that the slow loop interneurons inhibit
other interneurons, particulary the basket interneurons in the fast loop. We simulated
this configuration in the ‘full loop’. Again, the various time-constants in the circuit define
several temporal windows of opportunity in which a network can react to its input. The
inhibitory feedback makes the pyramidal cell respond with one or more fast spikes to exci-
tatory input. This fast spiking is cut off by the depression of the excitatory synapse onto
the fast loop interneuron. It functions as a ‘brake’ on the fast inhibitory feedback loop
and sets a maximum to the spike-frequency in the fast loop. The slow loop interneuron is
too slow to contribute to this fast spiking due to facilitation and propagation delays. The
inhibition of the slow loop interneuron onto the fast loop interneuron arrives too late to
prevent the inhibition related fast spiking and too early to influence the next spike. Thus,
the slow loop hardly influences the fast loop. However, if this small circuit is extended
to multiple circuits, which respond to more than one input and in which one slow loop
interneuron connects to multiple fast circuits, the synapse between the fast loop and slow
loop interneurons could prevent different circuits to enter a synchronous spiking regime.
The activation of the slow loop neurons could also have a strong influence on incoming
feed-forward inhibition. These types of interaction enrich the response repertoire of small
neuronal circuits and emphasizes once more that predicting the circuit response only from
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the properties of its major cells is a strong oversimplification.

The conclusion that inhibition can increase the activity of a pyramidal neuron seems
contradictory, but has been shown before. Cossart et al. [24] showed that the loss of
slow feedback O-LM interneurons in temporal lobe epilepsy results in decreased inhibi-
tion in pyramidal cell dendrites, but increased inhibition around the soma. This increased
somatic inhibition is the result of hyperactivity of somatic projecting interneurons. To-
gether these alterations could also lead to epileptiform activity. Wendling et al. [157]
showed a similar result in a macroscopic model including fast somatic and slow dendritic
inhibition. They report that the loss of slow inhibition results in an increase of fast IPSPs,
which then leads to increased activity of the pyramidal cells.

The effect of feedback inhibition with different kinetics has been investigated before and it
was demonstrated that circuits with (fast) basket interneurons and (slow) O-LM interneu-
rons can generate both theta and gamma rhythms [7], [47], [127], [144], [158]. However,
the implications of the circuit details for pyramidal cell computation on the input signal
were not analyzed in detail. Here we demonstrated that the strength of the inhibitory
loop and the details of its kinetics are of relevance for the computations that a pyramidal
neuron can perform on its input. Stronger inhibition implies that excitatory input will
easier result in spikes and that fewer bursts will be generated. The overall activity, how-
ever, will increase. We conclude that inhibition plays an important role, not only in the
generation of oscillations, but also in the information processing of small neural circuits.
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Chapter 3. Feed-forward inhibition

Abstract

Pyramidal cells perform computations on excitatory inputs in a local network that
provides various forms of inhibition. A previous study [166] investigated two func-
tionally separated inhibitory feedback loops: 1) one with slow synaptic kinetics (20
ms) projecting to the distal dendrite of the pyramidal cell (e.g. O-LM interneu-
rons) 2) one with fast synaptic kinetics (9 ms, e.g. basket cells) projecting to their
soma. The current computational study includes the effects of feed-forward inhibi-
tion. Gaussian noise was used as the input to both the dendrite of the pyramidal cell
and the interneuron. In the pyramidal cell it evoked two types of events: spikes or
bursts, in the interneuron only single spikes. The properties of the synapse between
the interneuron and the pyramidal cell (reversal potential, projection site, delay, fast
or slow kinetics) and the amplitude of the interneuron input were varied, and on
the basis of cross-correlations and reverse correlation analysis we demonstrated that
the exact timing of inhibition is a determining factor in the effects it has on the
postsynaptic cell. Based on the Victor-Purpura measure of reliability we show that
feed-forward inhibition makes the output more precise when all events or when only
single spikes are taken into account, but not if the analysis is restricted to bursts.
Feed-forward inhibition is more versatile than feedback inhibition in shaping the com-
putation in a microcircuit.
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Figure 3.1: The circuits used in this paper. The pyramidal cell is implemented accord-
ing to [110] and consists of two compartments: a somatic compartment with membrane
potential vs and a dendritic compartment with membrane potential vd. A current Id

was injected into the dendrite and represents the incoming external input. Two distinct
inhibitory feed-forward loops are modelled: 1) in the fast somatic loop the output of the
interneuron projects via an IPSC (strength gsyn,s) with fast kinetics to the soma of the
pyramidal cell; 2) in the slow dendritic loop the output of the interneuron projects via an
IPSC (strength gsyn,d) with slow kinetics to the dendrite of the pyramidal cell;

3.1 Introduction

Pyramidal cells in the hippocampus perform computations on the input they receive un-
der the influence of various forms of inhibition. Experimental evidence indicates at least
two functionally distinct inhibitory feedback loops in the CA3 area of the hippocampus:
1) a loop in which O-LM interneurons project to the distal dendrites of pyramidal cells
with synapses that have slow kinetics (‘slow dendritic inhibition’) and 2) a loop in which
basket interneurons project to the somata of pyramidal cells with synapses that have
fast kinetics (‘fast somatic inhibition’, [6, 98, 109, 114]). Interneurons that receive feed-
forward inhibition operate differently from the ones that participate in feedback loops
[40, 160], indicating a separation between feed-forward and feedback inhibitory loops. In
a previous work [166] we investigated slow dendritic and fast somatic feedback inhibition,
in which an excitatory neuron inhibits itself through an interneuron. The general view is
that this should result mainly in regulatory effects, in which the excitatory neuron can
stabilize or stop its own output activity [72, 100] or can result in oscillations between the
exciting and inhibiting cell [162]. We found that feedback inhibition can also change the
firing mode of the excitatory cell and its filtering properties. Whereas an IPSC generated
by a feedback loop is a response to the activity of a pyramidal neurons own activity,
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IPSCs from feed-forward inhibition can arrive even if the pyramidal cell is inactive. This
increases the possibilities of the relative spike-timing of pyramidal neurons and interneu-
rons. Therefore feed-forward inhibition could increase the versatility of the output much
more than feedback inhibition.

In this work, we extended our previous research to feed-forward inhibition. The gen-
eral view on feed-forward inhibition, in which an excitatory neuron and an interneuron
that inhibits the excitatory neuron receive similar input, is that it dampens the output. It
results in a stronger signal at the beginning than at the end of a stimulus, which increases
the precision of firing by decreasing the temporal window: the pyramidal neuron can only
spike at full strength before the interneuron kicks in [72, 100, 113]. In this paper inves-
tigate the effects of slow dendritic and fast somatic feed-forward inhibition on the firing
properties of a model pyramidal cell. To keep our analysis tractable, we needed simple
models that capture most important firing characteristics of these types of cells. We used
a two-compartment model of a pyramidal CA3 cell designed by Pinsky and Rinzel [110].
Not much research has been done on the filtering properties of different types of interneu-
rons. Therefore, we use a fairly simple interneuron model [156]. This model is a typical
‘type 1’ neuron [57] or ‘integrator’ [67]: it has a continuous input-output curve for con-
stant inputs [166]. The pyramidal cell responds to its input with either a spike or a burst
[110]. We analyzed how this coding changes under the influence of feed-forward inhibition
using reverse correlation analysis. We also investigated the reliability of the output of
the pyramidal cell using a measure based on the Victor and Purpura metric [153, 152].
Finally, we included an h-current (a non-selective cation current that activates on hyper-
polarization and operates in the subthreshold voltage range) in the pyramidal neuron,
since an h-current can show strong interactions with inhibitory inputs in hippocampal
pyramidal cells (for a review, see [103]).

3.2 Methods

3.2.1 Model

The basic circuits used in this study consist of a pyramidal cell and an interneuron that
projects to either the soma or the dendrite of the pyramidal cell (figure 3.1). The in-
hibitory synapse has an exponential rise and decay, with fast kinetics if it is located on
the somatic compartment of the pyramidal cell ((τrise = 1ms, τdecay = 9ms, ‘fast so-
matic inhibition’). When the synapse is located on the dendritic compartment is has
slow kinetics (τrise = 5ms, τdecay = 20ms, ‘slow dendritic inhibition’, [6, 7, 98, 109, 158]).
Propagation delays were also included between the interneuron and the pyramidal cell:
τdelay = 2 ms [113].

To keep our analysis tractable, we implemented simple models that capture most im-
portant firing characteristics of these type of cells. We used a two-compartment model
of a pyramidal CA3 cell designed by Pinsky and Rinzel [110]. It shows bursting as a
result of an interplay between fast somatic spikes and the slower dendritic calcium spikes
(‘ping-pong’ mechanism [81]). This model has been thoroughly validated, extensively used
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Figure 3.2: Traces (left) and distribution of the somatic membrane potential (right) for
the pyramidal cell model with (solid lines) and without (dotted lines) h-current. In the
model with h-current the mean of the injected current was slightly lower (-0.8) than in
the model without it (-0.4).
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[14, 142] and analyzed [77]. It is a reduction of a more extended model of a CA3 neuron
originally described by [145]. The somatic compartment has ionic currents responsible
for spiking (sodium current, delayed-rectifier potassium current and leak current). The
dendritic compartment contains very simple calcium homeostasis and calcium-activated
ionic currents (calcium current, leading to Ca2+ increase, calcium-activated potassium
current, calcium and voltage dependent afterhyperpolarization generating C type potas-
sium current and leak current). The two compartments are equal in size and electrically
connected (for details see A.1.1). For example traces, see figure 3.2.

The interneuron model is a model of a fast-spiking interneuron [156]. It consists of a
single compartment with a sodium current, a potassium current and a leak current (de-
tails are given in appendix A.1.2). It was designed to model gamma oscillations, and
includes a brief afterhyperpolarization and the possibility of high frequency spiking. The
stable resting state loses stability through a saddle-node bifurcation off a limit cycle [166].

A fourth-order fixed time-step (0.05 ms) Runge-Kutta integration method was used.

3.2.2 Input

A slight persistent current Id was injected into the dendrite of the pyramidal cell to
prevent spontaneous firing, Id = −0.4 (negative current is inward). We used normalized
values, as all parameters are normalized to surface area, and only have a relative meaning.
When the surface to volume ratio is relevant (as in calcium accumulation), we have
directly implemented the time constant in out equations. Gaussian noise (µ = 0, σ2 = 50)
filtered with an exponential filter (τ = 1ms) was continuously injected into the dendritic
compartment of the pyramidal cell. In order to be able to compare experiments, in
every experiment the same realization of the fluctuating input was used (‘frozen noise’).
The amplitude (variance) was chosen in such a way that the pyramidal cell (without
an inhibition) responded with a firing frequency of about 6Hz. This frequency was the
optimal compromise that produced an interval between spikes that was large enough for
most of the spikes to be considered independent. The length of the inter-spike interval
for spikes to be independent was set on basis of the inter-spike interval distribution:
spikes or bursts were considered to be independent if the inter-spike intervals followed an
exponential distribution, as judges from the log inter-spike interval histogram (see figures
3.11, 3.13 and 3.14, [2]). This was considered separately for each simulation. A larger
noise amplitude increases firing frequency of the pyramidal cell, and would result in too
much event-event interference. A smaller noise amplitude would result in lower firing
frequency with unacceptable long computation requirements to produce sufficient spikes
for statistical analysis. To simulate feed-forward inhibition, the same frozen noise stimulus
was also injected into the interneuron. The amplitude of the stimulus, denoted by its
variance σ2, was varied to make the interneuron respond with different firing frequencies.
Hyperpolarization of this cell was not necessary, since it does not fire spontaneously. In
the case where the reliability was calculated, trial to trial variability was simulated by
adding white noise (σ2 = 1) to the dendrite of the pyramidal cell. We used a value of
q = 1ms−1.
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3.2.3 Spike train segmentation

The pyramidal cell responds to the dendritic noise input by generating two types of
events: spikes and bursts. The events recorded in the pyramidal cell will be considered
as point processes, classified as either a spike or as a burst. The classification of an event
as a spike or as a burst is based on the following criteria: setting a threshold crossing
in the membrane potential of the pyramidal cell soma at 0mV is sufficient to detect
all spikes (single action potentials) and the first action potential in all bursts. A burst
consists of a small train of high frequency action potentials; the amplitude of the first
action potential is always much larger than the amplitude of the following ones. During
a burst the dendritic membrane potential is more depolarized than during a spike. If the
first or second dendritic action potential, defined by a threshold crossing in the dendritic
membrane potential at −11mV, falls within a time window of 2− 9 ms after the somatic
action potential, the event is classified as a burst, otherwise it is a spike. The point in
time where the voltage during this event reaches its maximum value defines the time of
occurrence of the point process tn (spike as well as burst).

3.2.4 Analysis

Reliability

Victor and Purpura [153, 152] define the dissimilarity of two spike trains as a metric
based on ‘how much it costs’ to transform one spike train into the other. They define
three elementary operations with associated costs:

1. moving a spike over a distance ∆t costs q∆t

2. adding a spike costs 1

3. deleting a spike costs 1

The distance dV P is defined as the minimum costs to transform one spike train into the
other. A metric defines a distance, that increases with the length of the spike train. We
would like a similarity measure that is 1 for identical spike trains, 0 for two maximally
different ones, and measures the millisecond precision rather than the number of spikes.
Therefore, we normalize the metric: the metric is bound by the number of spikes in the
two spike trains, since the distance between two spike trains can never be larger than the
sum of the number of spikes in the two trains. By defining

MV P = 1− dV P

Ni + Nj
(3.1)

The inverse of the parameter q indicates the precision: it is a kernel width that denotes
how far spikes can be separated in time in order to be considered part of the same event.
The measure is bound between 0 and 1.
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Figure 3.3: Output frequency of the interneuron (solid line) and event rates and burst-
spike ratios of the pyramidal cell (symbols) under fast and slow feed-forward inhibition
(see figure 3.1) as a function of the amplitude of the input to the interneuron. g(syn) is the
synapse strength, ‘inh’ denotes a synapse with a reversal potential of −80 mV (instead of
−62 mV) and ‘delay’ means that a synaptic delay of 2 ms was included in the calculations.

Event-triggered analysis

To analyze what features in the input trigger a spike or a burst, reverse correlation was
used. We used the event-triggered average (ETA) and covariance (ETC) to analyze what
characteristics the pyramidal cell extracts from the input [3, 16, 28]. This is explained in
appendix B.

3.3 Results

3.3.1 Uncoupled interneuron and pyramidal cell

First, the interneuron and the pyramidal cell were not connected, and the properties of
both cells were investigated separately. The pyramidal cell model has been analyzed before
[166]: it responds to excitation with either a spike or a burst. Whether this response is
restricted to a spike or will develop into a burst is decided right after the (first) spike:
more excitation will give a burst, whereas inhibition will prevent the development of a
burst, and the response stays limited to a single spike (see appendix, figure 3.15). Here
we will consider the filtering properties of the interneuron. The amplitude of the input to
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the interneuron was varied, to make the interneuron spike at different frequencies (solid
line, figure 3.3, left top).

The filtering of the interneuron

The reverse correlation analysis of the response of the interneuron shows that the spike-
triggered average and the first filter of the spike-triggered covariance analysis have the
same basic unimodal shape (figure 3.4). The filter with the second smallest eigenvalue
(‘filter 2’) looks like the derivative of the first filter. For an ‘integrator’ [67] an integrating
filter and its derivative are expected [3]. When the amplitude of the input is small, there
are about five filters to which the interneuron is sensitive. The filter with the highest
eigenvalue (figure 3.4, ‘last filter’) shows a fast fluctuation just before the spike. However,
with increasing amplitude the last filter disappears and the probability distribution of the
first filter shifts to the left, reflecting that it becomes ‘easier’ to make a spike (the spike
frequency increases, figure 3.3). Both the STA and the first filter become more sharply
timed before the spike, reflecting that the interneuron spikes with a shorter latency to its
input. The biphasic second filter becomes less noisy and its probability distribution shifts
towards higher projection values. It seems that the first and the second filter become
interdependent: the spike-triggered manifold becomes more curved, as can be seen in
figure 3.5. This could be a result of a changing threshold manifold for higher amplitude
input ([59], for an analysis on how some neurons behave with increasing amplitude of
the input, see [41]). The other filters probably code for silence, as they show strong
oscillations that do not attenuate, and stop right at the point where we put the criterium
for spikes to be independent (100 ms for σ2 = 0.5, and 50 ms for σ2 = 1 and 2; [2]).

The effects of common input

In the model with feed-forward inhibition, the same frozen noise current was injected in
both the interneuron and the dendrite of the pyramidal cell. With feed-forward inhibition,
two aspects play an important role in the correlations between the pyramidal cell and the
interneuron: the effects of the common input and the effects of the synapse between the
two cells. To separate these aspects, we first looked at the correlations between the two
cells without any synapse; the effects of the common input. The cross-correlations of
both cells were determined (figure 3.6) for different values of the input variance to the
interneuron. Since the input into the pyramidal cell is the same in all these trials, the
pyramidal events are at the same time-points, so we can compare the cross-correlation
figures. When the interneuron received little input, it fired at about 3.1Hz (figure 3.3) and
the peak in the cross-correlogram is at negative lags (figure 3.6, left), meaning that the
interneuron fired later than the pyramidal cell. More precisely, the interneuron is about
5ms later than the first spike of a pyramidal burst, and between 3ms earlier to 30ms
later than a pyramidal spike. Moreover, the correlations between interneuron spikes and
pyramidal bursts are much stronger than between interneuron spikes and pyramidal single
spikes. Apparently, the input that triggers a pyramidal spike is not as strong a trigger
for an interneuron spike as the input that triggers a pyramidal burst.

Increasing the input variance (σ2 = 1) to the interneuron increases its firing rate to
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Figure 3.4: Spike-triggered average (top row) and covariance analysis (bottom three rows)
for the interneuron, for different values of the amplitude (variance σ2) of the input. Left:
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50 ms for σ2 = 1 and 2. All the probability distributions were calculated using normalized
(L2-norm) filters.
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into the interneuron.

51



Chapter 3. Feed-forward inhibition

-25 -15 -5 5 15 25
0

0.02

0.04

0.06

0.08

0.1

σ  =0.5 2  

B
U

R
S

TS
fra

ct
io

n 
of

 s
im

ul
ta

ne
ou

s 
ev

en
ts

-25 -15 -5 5 15 25
0

0.02

0.04

0.06

0.08

0.1

S
P

IK
E

S
fra

ct
io

n 
of

 s
im

ul
ta

ne
ou

s 
ev

en
ts

negative lags (ms): interneuron later

-25 -15 -5 5 15 25
0

0.02

0.04

0.06

0.08

0.1

 

-25 -15 -5 5 15 25
0

0.02

0.04

0.06

0.08

0.1

negative lags (ms): interneuron later

-25 -15 -5 5 15 25
0

0.02

0.04

0.06

0.08

0.1

 

-25 -15 -5 5 15 25
0

0.02

0.04

0.06

0.08

0.1

negative lags (ms): interneuron later

σ  =1 2 σ  =2 2

Figure 3.6: Cross-correlations between the uncoupled pyramidal cell and interneuron due
to the common input, normalized by the total number of events, for varying amplitude
of the input to the interneuron (σ2). Negative lags are where the interneuron spikes lead
the pyramidal events.

52



3.3. Results

-25 -15 -5 5 15 25
-80

-60

-40

-20

0

20

40

60

80

B
U

R
S

TS
C

ro
ss

-c
or

re
la

tio
n 

di
ffe

re
nc

e 
(#

 b
ur

st
s)  

-25 -15 -5 5 15 25
-2000

-1000

0

1000

2000

3000

4000

 

-25 -15 -5 5 15 25
-2000

-1000

0

1000

2000

3000

4000

 

-25 -15 -5 5 15 25
-80

-60

-40

-20

0

20

40

60

80

S
P

IK
E

S
C

ro
ss

-c
or

re
la

tio
n 

di
ffe

re
nc

e 
(#

 s
pi

ke
s)

negative lags (ms): interneuron later
-25 -15 -5 5 15 25

-2000

-1000

0

1000

2000

3000

4000

negative lags (ms): interneuron later
-25 -15 -5 5 15 25

-2000

-1000

0

1000

2000

3000

4000

negative lags (ms): interneuron later

σ  =0.5 2 σ  =1 2 σ  =2 2

Figure 3.7: Cross-correlation changes due to slow shunting dendritic inhibition (gsyn,d =
4) for different values of the amplitude of the input to the interneuron σ2: the difference
in cross-correlation with and without the synapse present. Top: bursts, bottom: spikes.
Negative lags are where the interneuron spikes lead the pyramidal events.

about 6.3Hz (figure 3.3). In the cross-correlograms (figure 3.6, middle) the peaks shift
to the right, indicating shorter latencies (about 1ms for both spikes and bursts), which
means that the interneuron now reacts faster to its input. The input to the pyramidal
cellis not changed so it still spikes at exactly the same times. The interneuron now also
reacts to inputs that triggered a pyramidal single spike. A similar trend can be seen when
the input variance to the interneuron is increased even more: the interneuron firing rate
is now about 10.1Hz (figure 3.3) and the interneuron now spikes about 1ms before a pyra-
midal spike or burst (figures 3.6, right). The correlations between bursts and interneuron
spikes remain stronger than the correlations between spikes and interneuron spikes.

We conclude that the interneuron is an integrator. When the amplitude of the input
to the interneuron is increased, it starts spiking with higher frequency and earlier in time.
Its activity correlates stronger with pyramidal bursts than with pyramidal single spikes.

3.3.2 Slow dendritic feed-forward inhibition

As a next step in our analysis a synapse between the interneuron and the pyramidal cell
was added: the interneuron projects to the dendrite of the pyramidal cell via a slow IPSC

53



Chapter 3. Feed-forward inhibition

(figure 3.1). In this model inhibitory synapses are shunting, as they have a reversal po-
tential of −62 mV, which is very close to the resting membrane potential. The effect of
this synapse is that with increasing interneuron activity, the event rate of the pyramidal
cell (spike rate + burst rate) increases (figure 3.3). The number of bursts is reduced; the
number of spikes however, is increased. Increasing the strength of the synapse shows the
same effect, but stronger (figure 3.3).

To distinguish between the correlations as a result of the common input and the corre-
lations as a result of the synapse, we subtracted the uncoupled cross-correlogram (figure
3.6) from the cross-correlogram where the synapse was present (gsyn,d = 4, figure 3.7).
Since the interneuron spiking was not influenced by the synapse, this gives a measure
of where pyramidal events were added or deleted due to the dendritic synapse. All cor-
relograms in figure 3.7 are bimodal, with the positive part at the negative lags, where
the interneuron spikes later than the pyramidal cell. The bimodal form of the difference
diagram means that in effect the cross-correlation peak shifts to the left, indicating that
activating the synapse makes the pyramidal cell active earlier relative to the unchanged
interneuron spikes. The difference diagrams (figure 3.7) also show that bursts get deleted
when the interneuron spike is around 4 ms later (left) to 1 ms earlier (right), whereas
they have an excitatory effect when the interneuron is later. Spikes on the other had get
added when the interneuron is slightly later or coincident.

Reliability and precision

To evaluate whether the output of the pyramidal cell gets more reliable with feed-forward
inhibition, we calculate the normalized Victor-Purpura distance (see section 3.2.4). As a
reference we used 6 simulations that used identical frozen noise injected into the dendrite
to which white noise current (µ = 0, σ2 = 1) was added. The average over the results
of these 6 comparisons (with a cost-parameter of q = 1 ms−1) demonstrates that as
inhibition becomes stronger the reliability of events and singles spikes goes up, whereas
the reliability of bursts goes down (figure 3.8). This is the case for a higher output
frequency of the interneuron as well as a stronger synapse. The differences are small, but
systematic (the added white noise had a small variance). Apparently, there is an optimal
region for bursts, where bursts are the most reliable, at a synapse strength of between
7 and 8 and the variance of the input to the interneuron at σ2 = 0.7. In a previous
paper [164] we showed that the outcomes of reliability measures depend critically on the
frequency of the spike train. We also plotted the normalized Victor-Purpura distance as a
function of ∆f/〈f〉 (figure 3.9). We conclude that the changes in reliability can hardly be
attributed to the difference in frequency, and seem to be an intrinsic effect. The reliability
of single spikes increases with stronger inhibition, but the reliability of bursts decreases.

Uncorrelated and anti-correlated input

The importance of the timing of the feed-forward inhibition was investigated by looking
at two different scenarios: one in which the inputs to the interneuron and the pyramidal
cell were anti-correlated and one in which they were uncorrelated. In both cases, the
effects of inhibition are almost negligible. The effects that are visible are comparable to
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Figure 3.10: Cross-correlation changes due to slow hyperpolarizing dendritic inhibition:
the difference in cross-correlation with and without the synapse present (gsyn,d = 4,
σ2 = 2). Left: events (spikes + bursts), middle: bursts, right: spikes. Negative lags are
where the interneuron spikes lead the pyramidal events.

the case with correlated input (more single spikes, less bursts), but just a lot weaker. The
reliability of spikes is still increased marginally for strong inhibition and there is no effect
on the reliability of bursts.

Delays and hyperpolarizing inhibition

We found that with slow dendritic shunting inhibition the total event rate and the spike
rate increase, whereas the burst rate decreases. To exclude a possible excitatory effect
of the shunting synapse, we investigated hyperpolarizing inhibition. When the rever-
sal potential of the synapse on the dendrite of the pyramidal cell was hyperpolarizing
(−80mV), the total event rate of the pyramidal cell decreased (figure 3.3, diamonds).
Pyramidal events were added at the timing of the interneuron spike, but deleted when
the interneuron spike occurred earlier than a pyramidal event (figure 3.10). The burst
rate decreased stronger for hyperpolarizing than for shunting inhibition. The spike rate
initially decreased, but increased again when the interneuron became more active (figure
3.3, diamonds). This is partly an effect of dendritic calcium spikes being stopped, so
bursts are converted into spikes: when the interneuron was active at the same time as
the pyramidal cell, bursts were deleted, but spikes were added (figure 3.10). More spikes
were added than bursts were deleted at the interneuron spike time, which suggests other
mechanisms for adding spikes. Firstly, after a burst the refractory period is longer than
after a spike due to the activation of the AHP-current. Stopping a bursts would give more
opportunities for an spike in this refractory period. Secondly, hyperpolarizing inhibition
can de-inactivate sodium channels, causing rebound spikes.

When a delay of 2ms [113] was included in the shunting synapse, the spike rate in the
slow loop still increases, but not as strongly (figure 3.3). The burst rate still decreases,
but also not as strongly. When the interneuron receives stronger input, it spikes not only
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faster bust also earlier, partly overcoming the delay in the synapse. The delayed synapse
shows that indeed, when less bursts are stopped, less extra spikes are added.

When a delay of 2ms [113] was included in the hyperpolarizing synapse (figure 3.3, stars),
the inhibition is less effective in decreasing the burst rate than without the delay. The
spike rate however, does not increase. Apparently a delayed synapse can not increase the
spike rate by any of the mechanisms discussed before.

We conclude that slow dendritic shunting feed-forward inhibition decreases the burst
rate and increases the single spike rate. This is a combined effect of the excitatory part
of shunting inhibition, the conversion of bursts into spikes, a reduction of the activation
of the AHP-current and a rebound effect.

Filtering

Until now, we used event rates to detect changes in activity for the different combinations
of parameters we have investigated. Even if firing rates do not change, the information
processing as reflected in the detection filters could still be altered (figure 3.11, ETA and
ETC). Compared to the coding of the pyramidal cell without inhibition (figure 3.15), the
filters have changed. When inhibition is present, they are more spread out in time, and
they show oscillations. Especially for bursts, a set of filters arises that show long-lasting
interactions. A similar conclusion follows from the ISI distributions and autocorrelograms:
there are long interactions when the synapse is present. Without inhibition, single spikes
show a strong autocorrelation, suggesting that they often occurred in doublets with a 6
ms time interval. Events become independent at about 50 ms (exponential tail of the ISI
distribution). The inhibitory synapse almost completely annihilates the autocorrelation-
peaks of the single spikes, preventing doublets, and it increases the interaction time to
about 125 ms, as can be seen in the ISI distribution and the filters (figure 3.11, bottom
left).

3.3.3 Fast somatic inhibition

With fast somatic inhibition the event rate does not increase as a function of the in-
terneuron activity (figure 3.3, second and fourth column). The burst rate decreases and
the spike rate is more or less constant. Also, making the synapse hyperpolarizing and/or
introducing a propagation delay does not have a strong effect on the spike rate. To un-
derstand the differences between slow dendritic inhibition and fast somatic inhibition, we
looked both at the cross-correlation difference and at what this microcircuit filters out
of its input. The event-triggered analysis for spikes in fast somatic shunting inhibition
with synaptic strength gsyn = 8 and the variance of the input to the interneuron σ2 = 2
was calculated, since this case differed the most from slow dendritic inhibition (figure
3.3, triangles). The cross-correlation difference (figure 3.12) shows that pyramidal spikes
get added when coincident with the interneuron spike, but deleted when the interneuron
is faster. Moreover, with slow dendritic inhibition (left) hardly any spikes get deleted,
whereas with fast somatic inhibition (right) about the same number of spikes were added
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Figure 3.11: Event-triggered average (left) and event-triggered analysis of the pyramidal
cell for bursts (middle) and spikes (right), with a slow hyperpolarizing synapse with
strength g = 4 and the variance of the input to the interneuron σ2 = 2.
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and deleted. The event-triggered average (ETA) shows that the 20 ms leading to an
event are about the same for any type of event (figure 3.13, middle panel). The difference
between types of events is made in the 150− 20 ms before the event, and a short period
after. To generate a single spike, the dendritic calcium spike that induces a burst has to
be repressed, which is easier for slow dendritic than fast somatic inhibition. In the later
case, hyperpolarizing input is needed to prevent the burst (dashed line). With fast so-
matic inhibition the burst rate is less reduced than in the case of slow dendritic inhibition
(figure 3.3). Apparently, it is more difficult to convert bursts into spikes.

when strong inhibition is present, long interactions before the event play a role in the
filtering, independent of location. The ISI histogram (figure 3.13, left) shows that for fast
somatic inhibition there are interactions until at least about 130 ms. The ETA figure 3.13,
middle) shows slow oscillations leading up to bursts, which differed between fast somatic
inhibition than for slow dendritic inhibition. The oscillations were not due to the period
of silence before each spike that was a demand for spikes to be independent (analysis not
shown). The addition of a single neuron and synapse, change the interactions between
events; they become longer and more complicated. The location and kinetics of the in-
hibition strongly determine to which filter the microcircuit is sensitive: a quite different
input signal is needed to generate a burst in a circuit with slow dendritic inhibition than
to generate one in a circuit with fast somatic inhibition.

3.3.4 Effects of h-current

To investigate the effect of the h-current on spiking and bursting, we added it to the
dendrite of the pyramidal cell model; as this is a single compartment, the amplitude
of the h-current will be uniformly distributed over the dendrite. The parameters came
closest to [92] in the model of [67]:

Ih = ghh(V − Eh)
dh

dt
=

h∞ − h

τh

h∞(V ) =
1

1 + exp((V 1
2
− V )/k)

τh(V ) = Cbase + Camp exp(
−(Vmax − V )2

σ2
)

(3.2)

The parameters are given in table 3.1. The inclusion of the h-current resulted in the well-

Vmax −75 mV V 1
2

−90
σ 20 k −8.5
Cbase 10 Camp 40
Eh -30 mV gh,d 1

Table 3.1: Parameters of the h-current (equation (3.2)).
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known transient ‘sag’-response on hyperpolarization (not shown). It did not have a strong
effect on the firing rates that are induced by frozen noise (see figure 3.2). The bifurcation
diagram (not shown) was very similar to the one with h-current. It shows that the
stable resting state loses stability at a slightly lower current value (Id = −0.75µA/cm2

instead of Id = −0.32µA/cm2) and the membrane potential is slightly higher at that
point. This was expected, since the h-channels only open at hyperpolarized values and
are mostly closed for higher input currents. For rapidly varying input, the h-current
can contribute a dynamic component. Superposition of frozen noise to a hyperpolarizing
current (Id = −0.8µA/cm2) injected into the dendritic compartment of the pyramidal
cell enhanced the spike- and burst-rate (figure 3.3). This is also reflected in the ISI
distribution (figure 3.14), which is more skewed towards shorter time intervals. The h-
current introduced interactions between events in the 40 − 140 ms range and made the
event-triggered averages sharper, probably reflecting a smaller membrane time-constant
(figure 3.14, top panels). Introducing the h-current reduced the effect of hyperpolarizing
inhibition (longer time-scale interactions, reducing short (< 100 ms) ISI intervals and
reducing the burst rate,); the burst rate (figure 3.3), the short time intervals in the ISI
distribution and the negative part of the ETA for spikes are reduced less (figure 3.14).

3.4 Discussion

Feed-forward inhibition dampens the output and results in a suppresses the signal at the
end of a stimulus. It increases the precision of firing by decreasing the temporal window
[72, 100, 113]. Our analysis confirmed that feed-forward inhibition activates the pyrami-
dal cell earlier in time. The output becomes more reliable if all events or single spikes
only are taken into account, but it reduces the reliability of bursts. The effect of feed-
forward inhibition on the level of output activity is less straightforward. The burst rate
decreases with interneuron activity and with the strength of the feed-forward connection.
Depending on factors, such as the timing and activity of the interneuron, the target lo-
cation and kinetics of the synapse, the reversal potential, the strength and propagation
delays in the circuit, the single spike rate can either go up, go down or stay relatively
constant. Controlling these parameters, will modulate the burst-to-spike ratio and the
total output frequency almost independently, which could play a major role in the coding
of the module in which this circuit is embedded. There is evidence that bursts and spikes
are processed differentially postsynaptically in the brain [26, 69, 88] They also play a
different role in the coding of information in several systems such as weakly electric fish
[104] and in cat lateral geniculate nucleus cells [87].

What explains the difference between slow dendritic inhibition, and fast somatic inhi-
bition on the spike rate? A possible answer is in the research of Gulledge and Stuart
[50]. They showed that in cortical pyramidal neurons shunting inhibition at the dendrite
is excitatory regardless of timing, whereas somatic shunting inhibition is inhibitory when
it is coincident with excitatory input, but excitatory at earlier times. Similarly, Jonas
[72] states that the excitatory part of shunting inhibition can have an effect over a large
distance within a neuron, whereas the inhibitory part is more local. This is caused by
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the fact that an IPSP has a longer time course than the underlying conductance change.
If the reversal potential of the inhibitory synapse is higher than the average membrane
potential, the depolarizing part of the IPSP outlasts the conductance change, resulting
in an excitatory effect.

Shunting feedback inhibition increases the single spike rate and decreases the burst rate
both with slow dendritic an with fast somatic projections [166]. In contrast, the present
study shows that fast somatic feed-forward inhibition does not increase the single spike
rate. In a feedback loop the interneuron is passive: it can only follow the excitatory pyra-
midal cell, and will therefore always give a synaptic event at the right time to prevent
a burst. With feed-forward inhibition the interneuron plays a more independent role,
filtering the input and ‘deciding’ whether to inhibit the pyramidal cell. It can regulate
its firing rate independently from the pyramidal cell. Since not much is known about the
filtering properties of interneurons, we used a very simple model here, but even then this
extra degree of freedom makes the behaviour of the circuit quite versatile. Feed-forward
inhibition results in interactions in the response filters that are longer (figure 3.11 and
3.13), which suggests the features to which a small network is sensitive to can be longer
and more complicated than those of a single cell. So the addition of one cell and one
synapse expands the possibilities of what the network can code for considerably.

The h-current is assumed to reduce the excitability of a neuron due to an increased mem-
brane conductance. However, it also causes the membrane to depolarize, which results in
an increase in excitability [39, 45, 92]. We also looked at the effects of the h-current. In-
troducing an h-current into the dendrite of the pyramidal cell depolarized the membrane
and reduced its time constant, all well known effects of the h-current [13, 103]. We did
not find a reduction of dendritic calcium spikes causing bursts [146]. In our model, the
dendritic h-current increased the output frequency, it introduced spike-spike interactions
over a longer time scale and it made inhibition less effective. This last effect was also
described earlier [161, 53]. However, one cannot simply conclude that the introduction of
an h-current works purely excitatory, as we have not investigated the effect on excitatory
synapses.

Expanding the principal excitatory information processing pyramidal cell with just a feed-
forward connected interneuron already enhances the information processing considerably.
We investigated two different connectivities: fast somatic and slow dendritic inhibition.
We also investigated the difference between shunting and hyperpolarizing inhibition as
well as the influence of including an h-current in the dendritic compartment. Inhibition
causes the pyramidal cells to go from a slow bursting to a fast spiking regime, in which
the spike rate is increased due to bursts that are converted into spikes, the excitatory
effects of shunting inhibition, the reduction of the AHP-current-caused refractory period
and rebound effects. This regime change influences the information transfer in these cells.
The timing of inhibition is crucial for the regime change.
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Figure 3.15: Event-triggered analysis of the pyramidal cell, without any inhibition. Note
that bursts have a strong positive part after the first spike (t = 0) in the ETA and select
strongly for the first and second filter, whereas spikes have a strong negative part after the
spike and select for the first, third and fourth filter (figure modified from [166]. Whether
a spike or a burst is fired is decided right after the (first) spike: more excitation will give a
burst, whereas inhibition will prevent the development of a burst, and the response stays
limited to a single spike
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Chapter 4. Spike and burst coding in TCR cells

Abstract

Thalamocortical relay (TCR) cells can switch between a tonic spiking regime and
a bursting regime. In this article, we investigate what single spikes and bursts in
the output spike train ‘code for’ and how this code is influenced by the overall back-
ground of the neuron. We do this in a combined experimental-modelling approach.
We injected a Gaussian noise current into the TCR neuron to mimic thalamocortical
communication next to a DC current to put the neuron in different firing regimes
(bursting or tonic spiking). We used several computational tools such as the co-
herence and information transfer between input and output, impedance of the mem-
brane potential and reverse correlation techniques (Spike-Triggered Average (STA)
and Spike-Triggered Covariance (STC)) to investigate the information processing of
tcelay neurons both in rat slices and in computational models. We find that bursts
code for different features than single spikes: they phase-lock to and transfer infor-
mation at lower frequency and they are less selective for fluctuations. 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.
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4.1 Introduction

Neurons do not only fire action potentials in a more or less regular way, but some can
also fire groups of related action potentials with a relatively high rate, followed by a pe-
riod of silence. This firing mode is called bursting. Some neurons can switch between
tonic firing and burst firing [81], [68]. In particular, thalamocortical relay cells (TCR
cells) can fire bursts as a rebound after hyperpolarization, due to the inactivation of the
low-threshold the T-type calcium current [70], sometimes also called a low-threshold spike.

The burst mode has been interpreted as an indicator of slow-wave sleep and pathological
conditions for a long time [140], since it would prevent the relay function to be carried
out correctly. Later it was found that these cells also show burst firing combined with
effective relay properties in awake animals ([121], for a review see [133]). Theories about
the function of bursts in this system range from a ‘wake-up call’ function [133], to having
a bigger impact on the next processing stage than single spikes[88], [141] or having the
same information as single spikes [121], implying that bursts are more than an artefact
of cellular properties.

In this paper, we investigate directly what bursts and single spikes in the output spike
train of a thalamocortical relay cell ‘code for’ in the input. To this aim, we consider the
neuron as a ‘filtering device’, that responds to salient features of the input, and we will
try to determine what these salient features are. We use a combined experimental and
modelling approach: firstly, we use a current-clamp setup in which we inject Gaussian in-
put into the soma of the TCR cells to determine the ‘coding’ of the neuron. Next, we use
these results to corroborate and adjust a model cell [33], in which we investigate hypothe-
ses that can not easily be addressed experimentally: whether the T-type calcium current
is also activated for single spikes and how the conclusions hold in a high-conductance state.

Once we know what spikes and bursts ‘code for’, we investigate how this depends on
the background or regime the neuron is in, so whether and if yes, how, this code is in-
fluenced by the overall background the neuron is in. We find that bursts indeed code for
different features, 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.

4.2 Methods

4.2.1 Experiments

Electrophysiology on slices

Electrophysiological experiments were performed using brain slices from wistar rats (post-
natal days 12− 16) anesthetized with isoflurane and killed by decapitation. 300 µm-thick
coronal slices containing thalamic nuclei were cut at the level of the hippocampus with a
vibroslicer (Leica VT1000S) in ice-cold slicing solution containing in mM: Choline chlo-
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Figure 4.1: Power density spectrum of the injected input current. We adapted the ampli-
tude to attain a firing rate that would allow analysis. As a consequence, the total power
at τ = 1 ms (solid line) is different from the τ = 10 ms (dotted line) case.

ride (120), KCl (3.5), CaCl2 (0.5), MgSO4 (6), NaH2PO4 (1.25), NaHCO3 (25), glucose
(25), continuously bubbled with 95%O2−5%CO2 (pH=7.4). Slices were incubated at 32◦

C for 1 h in ACSF containing (in mM): NaCl (120), KCl (3.5), CaCl2 (2.5), MgSO4 (1.3),
NaH2PO4 (1.25), NaHCO3 (25), glucose (25), continuously bubbled with 95%O2−5%CO2

(pH=7.4). Experiments were approved by the animal welfare committee of the Univer-
sity of Amsterdam. During recording, slices were kept submerged at room temperature
( 20 − 22◦ C) and were continuously superfused with ACSF. Patch pipettes were pulled
from boroscilicate glass and had a resistance of 2− 3 MO when filled with internal solu-
tion containing (in mM): K-gluconate (130), KCl (10), EGTA (5), HEPES (10), Mg-ATP
(4), Na-GTP (0.4) pH=7.3. Current-clamp recordings were made using an EPC9 patch-
clamp amplifier controlled by PULSE software (HEKA Electronic GmbH, Germany) and
an in-house software (“Neuron”) running under Matlab (MathWorks, Natick, MA, USA).
Signals were filtered at 5 − 10 kHz and sampled at 10 − 20 kHz. Membrane potentials
were corrected for a 10 mV liquid junction potential. We used a slow feedback system
that monitored controlled background current injection to guarantee that current-clamp
measurements always started at the specified membrane voltage.

Noisy input

In the current clamp measurements the membrane potential was adjusted by a feedback
system so that it stabilized to a desired value (−80mV, −70mV, −60mV and −50mV)
until the actual measurement was started. From then on the value was fixed and the
same fluctuating input (frozen noise) was continuously injected into the soma of the TCR
neuron for every repetition of the experiment. The current injection and the spikes and
bursts it evoked implied that the actual mean membrane voltage was different from the
initial one. This could have been corrected, but we preferred the bias over adding a
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4.2. Methods

difficult to control low-frequency component. Wherever relevant we have indicated the
measured voltage in the figures, but for reasons of clarity we will indicate the different
states as (−80mV, −70mV, −60mV and −50mV). The input consisted of Gaussian noise:
an input trace was generated one time using a time series of Gaussian random numbers
and was filtered with an exponential filter. Two cases were considered (figure 4.1): 1)
the noise was filtered with a filter of τ = 10 ms and had a standard deviation σ = 100
pA or 2) the noise was filtered with a filter of τ = 1 ms and had a standard deviation
σ = 200 pA. The noise amplitude was adjusted so that the neurons fired with a mean
spike frequency of 1.7−6.5 Hz. This was necessary to assume that the inter-spike intervals
were long enough for most of the events to be considered independent (see also appendix
B). To compare regimes (bursting, spiking or mixed) we chose frozen noise input current
traces of 900 s. In a different set op experiments we used three repetitions of 300 s. of 3
or 4 starting potentials (−80mV, −70mV, −60mV and −50mV).

The model was activated by current traces that were identical to the ones used in the ex-
periments, scaled to an amplitude that induced the same voltage fluctuations as observed
in the experiments. Also, the DC-component was adjusted so that the average subthresh-
old membrane potential was comparable to those in the experiments. This resulted in
an input current with a standard deviation of σ = 100 pA for case 1, and a mean of
−700 pA, −475 pA, −275 pA and 0 pA for membrane states of −80 mV, −70 mV, −60
mV and −50 mV respectively. Since the model is deterministic, an extra noise source is
needed to assess the sensitivity of the neuron to small changes in the input. Therefore,
for comparisons between the model and the experiments we added trial-to-trial variability
for the short 300 ms traces, by adding for every trial a DC component, drawn from a
Gaussian distribution with a mean of µ = 0 pA and a standard deviation of σ = 50 pA
and white noise with a mean of µ = 0 pA and a standard deviation of σ = 2 pA.

4.2.2 Analysis

Spike train construction and segmentation

Action potentials were defined as the maximum of the membrane potential after crossing
a certain threshold (figure 4.2). The value of this threshold was varied between −23 and
0 mV to also accommodate spikes with a lower amplitude. Whether spikes were single
spikes or part of a burst was decided based on the previous and following inter-spike
interval. If bursts are present, the ISI histogram shows two peaks and the return map can
be divided in four distinct regions (figures 4.4 and 4.5). The best separator was used to
divide events in single spikes and bursts. In the experiments, an additional criterium was
necessary: the membrane potential between the first and second spike was not allowed to
become lower that the mean membrane potential +10mV: min((V (t1), V (t2)) > 〈Vm〉+10
to ensure that bursts were defined as spikes riding on top of a calcium ADP. The length
of the inter-spike interval for events to be independent for covariance analysis was set on
basis of the inter-spike interval distribution: events were considered to be independent
if the inter-spike intervals followed an exponential distribution, so a straight line in the
log inter-spike interval histogram [2]. This constraints the ISIs to longer values for bursts
(about 300 ms) than spikes (about 100 ms). This was different in each regime. An ‘event’
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Chapter 4. Spike and burst coding in TCR cells

was defined as the timing of a single spike or the first spike of a burst, so excluding
following spikes in bursts.

Cross-correlations

The cross-correlations, were calulated over three 300 s. spike trains from five neurons. A
trace at −80 mV was used as a reference spike train; the cross-correlation with the other
spike trains was calculated. The cross-correlations were not normalized, so the graph
corresponds to the number of coincident spikes.

Impedance

The impedance between the input current and the output membrane potential is defined
as the ration of the absolute values of the Fourier transformed signal [118]:

Z(f) =
|FFT(Vm(t))|
|FFT(Iin(t))|

(4.1)

As we were only interested in the subthreshold impedance, we removed the spikes from
the signal using a window of 6 ms around the peak. To remove the effect of the ADP
we also used a window of 100 − 400 ms around a burst. The fourier transforms were
smoothened with a Blackman-Harris window.

Coherence

Coherence between the input current and the output spike train, calculated using the
‘coherencycpt’ function of the Chronux toolbox (http://chronux.org/, [99]). It uses
the jackknife method to calculate error bars with a p-value of 5% ( 12 tapers with a
time-bandwidth product of 10). Coherence was calculated at the first 500 s. of the 900
s. traces cut into 20 equal parts.

Information transfer

The information transfer of an event train (containing all spikes, events only, single spikes
only or bursts only) was calculated following [11], [125], [121]: the Fourier transform of
the optimal linear filter was defined as the ratio of the Fourier transform of the cross-
correlation between the spike train and the stimulus and the Fourier transform of the
autocorrelation of the spike train:

F̃o(f) =
〈s̃(f)

∑
j exp(−iftj)〉

〈|
∑

j exp(−iftj)|2〉
(4.2)

where the ∼ denotes the Fourier transform, s̃(f) denotes the Fourier transform of the
input signal s(t), and the set {tj} are the spike times. With the help of both causal and
acausal parts of this filter the stimulus was reconstructed. The small acausal part was
needed because the decision whether a burst or a spike will be fired can sometimes a be
made after or during the first spike. To avoid overfitting, the first half of a spike train
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was used to construct the optimal linear filter, whereas the second half was used for the
reconstruction and information estimation. The signal-to-noise ratio was estimated by
subtracting the reconstructed input from the injected input:

n(t) = s(t)− sest(t) (4.3)

The signal-to noise ration is defined as

˜SNR(f) =
〈|s̃(f)|2〉
〈| ˜noise(f)|2〉

− 1 (4.4)

The substraction −1 comes from the fact that we do not use the estimated signal, but
the actual input signal. Finally, the transmitted information rate as a function of the
frequency f is given by

R(f) = log2(1 + ˜SNR(f)) (4.5)

This can be divided by the total number of events to obtain the information rate per
event in this frequency band. For smoothening the power spectrum densities we used the
Welch’s averaged modified periodogram method that is standard in MATLAB.

For the covariance analysis, see appendix B.

4.2.3 Model

The 3-compartment model of Destexhe et al. [33] was used as it covers the basic prop-
erties of the TCR cell, such as a shift from a bursting to a spiking regime and earlier
spiking with depolarization (see appendix A). A model of the high-conductance state
was implemented following [34]: a membrane current consisting of independently fluctu-
ating passive inhibitory and excitatory conductances was added to the membrane of the
soma.

Ifluct = ge(Vm − Ee) + gi(Vm − Ei)
dge

dt
=
−(ge − ge0)

τe
+ χ1(t)

√
De

dgi

dt
=
−(gi − gi0)

τi
+ χ2(t)

√
Di

(4.6)

where Ee = 0 mV and Ei = −80 mV are the reversal potentials of the inhibitory and
excitatory channels and χ(t) is Gaussian white noise with parameters D = 2σ2/τ , σe =
0.0030µΩ−1, σi = 0.0066µΩ−1, τe = 2.728 ms and τi = 10.49 ms. In order repeat
the previous experiments, the average membrane potential was varied by adjusting the
relative excitatory and inhibitory conductance,ge0 and gi0, but the total conductance
was gtot = ge0 + gi0 kept constant at 0.07µΩ−1. In simulations with this fluctuating
conductance, a constant DC current of −275 pA was injected to keep the membrane
potential around −60 mV ar rest. The fluctuating background conductance was not
strong enough to make the model neuron spike. Therefore, an exponential synapse (τ = 3
ms, weigth= 0.1µΩ−1, reversal potential 0 mV) was added to the basal dendrite, which
received a Poisson spike train with a mean inter-spike interval of 100 ms (‘Randomstream’
template, [17], [154], modelDB entry 83319).
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Chapter 4. Spike and burst coding in TCR cells

4.2.4 Reliability

The validity of the model was assessed by comparing its spike times with those of the
neuron when exposed to the same input current. In the ideal situation the reliability be-
tween a model trace and an experimental trace should be comparable with those between
experimental traces from different cells. To this end, a spike train is reduced to a series
of delta pulses:

si(t) = ti1, ti2, ..., tiNi =
Ni∑

m=1

δ(t− tim) (4.7)

Hunter and Milton [64] define reliability between two spike trains si(t) and sj(t) as

RHM =
1
2
(〈rij〉+ 〈rji〉) (4.8)

where

〈rij〉 =
1
Ni

Ni∑
k=1

exp(− ∆tk
τHM

) (4.9)

and ∆tk is the absolute value of the difference between spike time tk in spike train si and
the nearest neighbour spike time in spike train sj . We also compared spike trains using
the coincidence factor [71], [78]. This measure is based on the binning of the spike train
in K = T

p bins of precision p. It is defined as

Γ =
Ncoinc − 〈Ncoinc〉

1
2 (Ni + Nj)

1
N

(4.10)

in which

〈Ncoinc〉 = 2fjpNi =
2NiNj

K
= 2fifjpT (4.11)

So it is corrected for the expected amount of coincidences 〈Ncoinc〉 of spike train si with
a Poissonian spike train with the same rate νj as spike train sj . Γ is normalized by N

N = 1− 2
max(Ni, Nj)p

T
(4.12)

The normalization is in the original formulation not done by the maximum of Ni and Nj ,
but by one of them, we used the maximum. It is 1 for identical spike trains, 0 when all
coincidences are accidental and negative for anti-correlated spike trains.

We are aware of several problems with these types of comparisons. First of all, they
are dependent of the overall frequency [164]. Therefore, we will compare each regime
separately. Secondly, a trial-by-trial comparison between a model and experimental spike
trains might result in a deterministic bias [102].
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4.3 Results

4.3.1 General

Spike trains

Neurons respond in a characteristic way to the injection of frozen noise (figure 4.2),
indicating that it responds to specific features in the input. The response is voltage
dependent as it changes when the neuron is depolarized by an increasing DC component.
The neuron shifts from a bursting to a spiking regime, and seems to respond earlier (figure
4.3) and more precise (as can be seen in the inset of figure 4.2). To compare the different
spike trains, we took one of the spike trains at a membrane state of −80mV as a reference
spike train and calculated the cross-correlogram with all other spike trains. Indeed, the
neuron spikes up to 20 ms earlier in time when the membrane potential is around −50
mV than when it is around −80 mV (figure 4.3). This result is quite robust, as it is true
for all cells (5) and all repetitions of the experiment (3 per cell). The second claim, that
neurons become more reliable with increasing initial membrane state, will be treated in
chapter 5.

Burstiness

Spontaneously firing neurons that are not intrinsically firing oscillators are supposed to
respond in a Poissonian manner to Gaussian input. Their ISI distribution is expected
to represent an exponential distribution. When small intervals are over-represented, it is
likely that at least a fraction of the events consists of bursts of action potentials. There
are various techniques to separate a spike train into bursts and spikes: autocorrelograms
of the spike train (figures 4.4b and 4.5b) [26]), return maps, that plot the succeeding
intervals against each other (figures 4.4d and 4.5d) [121] and ISI distributions ((figures
4.4 a and d and 4.5 a and d) [42]) all show what the typical ISIs of spikes within a burst
are. A burst was defined for this neuron as having an ISI smaller than 30 ms, since both
the return map and the ISI interval distribution show a clear division around this value.
Moreover, for bursts an ADP can be seen that is about 10 mV than the background (see
4.2.2). When the ISI distribution shows an exponential decay, one can assume that events
are independent [2]. This restriction is stronger for bursting regimes (about 300 ms) than
for spiking regimes (about 100 ms), as can be seen from the logarithmic plot of the ISI
distributions in figures 4.4 and 4.5 (dashed line in log ISI distribution). At a membrane
state of −80 mV the neuron was in a bursting regime, whereas at a membrane state of
−50 mV the neuron is in a spiking regime (for exact frequencies, see also figure 4.13).
For membrane potentials between these two values the neurons were in a mixed regime,
in which they responded with both spikes and bursts.

4.3.2 Frequency content

To see what these neurons can and cannot respond to, we first looked at their resonant
properties: what part of the input is filtered out by the subthreshold membrane, and to
what frequencies can spikes and burst respond?
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Figure 4.2: Top: example trace at −50 mV. Middle: raster plot of spike times of a
thalamocortical relay neuron. Bottom: example trace at −80 mV. The frozen noise
current was injected three times at different membrane potentials. The neuron responds
to specific events in the input. At more depolarized membrane potentials, the neuron
seems to respond earlier and more precise. Inset to the right: zoom of a single event.
Note that as the membrane depolarizes, the neuron responds earlier and more precise.
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Figure 4.3: Cross-correllograms between a reference spike train at -80 mV and spike
trains at different membrane state (top-down: -80 mV, -70 mV, -60 mV and -50 mV)
with injected frozen noise in the same cell. At each membrane state of −80,−70 and −60
mV we had three traces of 300 s. from 5 cells, so 15 traces in total and 10 comparisons for
−80 mV and 15 comparisons for −70 and −60 mV. For a membrane state of −50 mV we
had 2 cells and 6 comparisons. The peaks shift to the right on depolarization, indicating
that the neurons fire earlier in time.
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Figure 4.4: Tests for burstiness at a membrane state of -80 mV. The autocorrellogram
shows peaks at 5 and 10 ms. The return maps shows bursting (short-short, short-long and
long-short intervals) and some spiking (long-long intervals). The ISI distributions clearly
show two peaks and in the log version one can see that the tail becomes exponential at
about 300ms. The threshold value for ISIs for bursts is set with the help of both the
inter-spike interval histogram and in the return map (where every inter-spike interval is
plotted as a function of the previous inter-spike interval): a value which gives the best
separation between the within-bursts ISIs (short) and the between-event ISIs (long, see
the dot-dashed lines), in this case 30 ms. Events were considered to be independent if
the inter-spike intervals followed an exponential distribution, so a straight line in the log
inter-spike interval histogram (dashed line).
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Figure 4.5: Tests for burstiness for the same noisy input as in figure 4.4, but at a membrane
state of -50 mV. In the autocorrellogram is only the central peak at 0 ms and tThe
return map shows a unimodal structure. The ISI distribution indicates a single Poisson
process and in the log version one can see that the tail becomes exponential at about
100ms. Events were considered to be independent if the inter-spike intervals followed
an exponential distribution, so a straight line in the log inter-spike interval histogram
(dashed line).
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Transfer function

The (subthreshold) membrane of TCR cells works as a low-pass filter, as can be seen
from its transfer function, i.e. the ratio of the amplitude of the fourier transform of
the membrane potential trace (output) and the fourier transform of the input current
(input) (figure 4.6). It shows resonance for frequencies around 5 Hz, which is caused
by the slow calcium ADPs, as can be seen from the peaks at 5 Hz in figure 4.6 (left)
which disappear once we cut out a window around each burst (figure 4.6, right, see also
section 4.2.2). On depolarization the neuron becomes more broadband (black lines) and
the 5 Hz resonance disappears. This suggests that the neuron’s time constant decreases,
so the (subthreshold) membrane potential is capable of following the input at a higher
frequency. The experiments where a filter of τ = 1 ms was used for the input, providing an
input signal with a more flat spectral density, show similar results (not shown). Between
cells the exact resonant frequency for the ADPs and the point of the steepest decrease in
impedance did vary slightly, since different neurons can have different ADP lengths and
different membrane time constants.

Coherence and information transfer

The coherence (figure 4.7) between the different types of events and the input shows a
complementary picture to the transfer function: bursts phase-lock with positive phase
(upstroke) to low frequencies. This phase decreases for higher frequencies. At more depo-
larized potentials, this does not change much. At a membrane state of −50 mV the phase
of the first and following spikes bursts do not show enough phase-locking to extract the
phase, there are simply not enough bursts. Spikeson the other hand show more broadband
behaviour and phase-lock to the peak of the oscillation (phase= 0 rad), except for at a
membrane state of −80mV. In conclusion, at more hyperpolarized membrane potentials
the neuron is basically a low-pass filter, and the neuron shows resonance for low (around
5Hz) frequencies. On depolarization this resonance disappears, and the neuron becomes
more broadband.

The information transfer as a function of the frequency was calculated for different mem-
brane states in the same cell, both for the whole spike train and per event (figure 4.8).
Most information is transferred in the frequency band up to 10 Hz, making this neuron
effectively a low-pass filter. When the τ = 10 ms filter for the input current was used,
there was more power in the low frequency band (figure 4.1) than when the τ = 1 filter
was used, and the neuron can pass more total information, especially at more hyperpolar-
ized potentials (figure 4.8, compare first and third row). The amount of information per
event does not change much (figure 4.8, compare second and fourth row), suggesting that
in the τ = 10 ms case the neuron can transfer more information by simply responding
with more events.

If one compares the traces for all spikes (black solid lines) and the traces for events
(so without the ‘follower-spikes’ in bursts, dotted black line), one can see that there is
some, but not much, information carried by ‘spikes in bursts’. For τ = 1 ms the traces
practically overlap (third row), and the information per event decreases if one takes ‘spikes
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Figure 4.6: Left: Impedance of the tcrelay neuron for different membrane states (darker-
lighter: -80 mV, 70 mV, -60 mV and -50 mV). Inset: zoom with one in ten data points.
To prevent the picture from being obscured by the spikes itself (giving a peak around 300
Hz), we cut out a small window around each spike and interpolated the signal. Errorbars
are standard errors. Right: same as left, but with a larger window around each burst cut
out. Note that this deleted the peak around 5 Hz, but does not influence the impedance
much otherwise.
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Chapter 4. Spike and burst coding in TCR cells

in bursts’ into account (fourth row), suggesting there was not much information there.
For τ = 10 ms there seems to be some low frequency information in the ‘spikes in bursts’
(top row), but still the information per event decreases if one takes these ‘spikes in bursts’
into account, suggesting that this is not much. This could differ a little bit between cells,
but the difference between the two traces never became much bigger than shown here,
mostly smaller.

The traces for single spikes (solid grey line) and bursts (dotted grey line) illustrate that
bursts are never capable of transferring information in frequency bands higher than about
6 Hz. Single spikes on the other hand, can transfer information up to 50Hz. In hyperpo-
larized states bursts carry most of the information in the spike train. Bursts also carry
more information per event (second and fourth row left). Only if there is enough power
in the frequency band of about 6−10 Hz, information is carried by single spikes (first and
second row left). Depolarizing the cell gives the advantage to single spikes (first and third
row), even in low frequency bands, since they increase their number, but the information
per spike does not increase (second and fourth row). Bursts decrease their number, but
they stay highly informative (second and fourth row). So in mixed regimes bursts might
be rare and can report only about low frequency input, but they are highly informative.
Single spikes are less informative per event, but they carry most information in the spike
train and they carry all high-frequency information.

4.3.3 Filtering

Reverse correlation techniques can be used to determine to which features in the input
signal neurons respond. To prevent interaction we will restrict our analysis to independent
events [2], so we excluded spikes inside bursts, since they are by definition following
other spikes closely in time. The more ‘bursty’ a neuron is, the longer several events
influence each other. Therefore, the inter-spike interval at which events can be considered
independent changes with the regime the neuron is in. Four traces are compared: at
an membrane state of −80, −70, −60 and −50 mV, with minimum inter-spike intervals
for independence of 300, 250, 200 and 100 ms respectively (and longer values for the
pictures at with τ = 1 ms, since this neuron had a longer integration time). Event-
Triggered Covariance (ETC) needs a large number of events (> 1000) which implies long
recordings. 900 s. traces were the longest possible traces that could be recorded stably
(500s for the lowest membrane state).

Event-Triggered Average (ETA)

In figure 4.9 the Event-Triggered Average over both the membrane potential (left) and
the input current (right) are shown for (first spikes of) bursts and single spikes, for differ-
ent membrane states (see Methods for details). The figure shows that bursts (solid black
line) need a slow hyperpolarizing input about 200 to 30 ms before the event, with a slow
depolarizing input that lasts from about 30 ms before the spike until 30 ms after the spike.
With increasing mean input, the event shifts from right after the peak of this positive
slow wave to the top and on to before the top, so the first spikes of bursts come earlier on
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the slow wave with increasing input current. In the spiking regime, at an membrane state
of −50 mV, a strong depolarization after the first spike of a burst is needed to initialize
a burst.

Single spikes need less of the slow negative deviation from the mean before the event,
and less depolarization after the event. The distributions (figure 4.9, left) show that in
all but the −80 mV regime bursts have a higher threshold (distribution is shifted further
to the right) than single spikes, indicating that bursts are more selective events, they are
‘harder to make’. On depolarization the negative deflection before the event seems to be-
come narrower. This could be an effect that the requirement for events to be independent
becomes shorter, so we demanded shorter periods of quiescence. However, the peak in
the ETA for single spikes also became sharper, indicating that the integration time of the
neuron becomes shorter. To check this, we also looked at the ETA in a neuron where input
filtered with τ = 1 ms (case 2, section 4.2.1) was injected (figure 4.10). The input current
filtered with τ = 1 ms simply triggers less bursts (see previous section: there is less power
in the low frequency bands that bursts respond to), so making event-triggered averages is
harder, since there are less events. In this picture is is clear that any response from this
neuron is an effect of processes at two time scales: there is a very fast, in the order of a few
milliseconds, upswing of both the ETA and the average membrane potential, right before
the event. However, there are also longer lasting, in the order of hundreds of milliseconds,
effects. The input filtered with τ = 10 ms mixes these a bit. The higher the average
membrane potential, the less of these long-lasting effects are needed for a spike, which ex-
plains how the neuron becomes capable of transmitting information at higher frequencies.

So in conclusion: in mixed regimes bursts are a response to a slow oscillation (hundreds of
milliseconds), whereas single spikes are a response to faster features with a lower thresh-
old. On depolarization the integration time decreases. In very hyperpolarized states a
single spike is also preceded by a slow oscillation.

Event-Triggered Covariance (ETC)

To investigate the generation of spikes and bursts in more detail, we looked at the Event-
Triggered Covariance. In the most depolarized trace there were not enough bursts to use
for calculation, in the most hyperpolarized there were not enough single spikes. Because
there were not many events, the probability distributions are already quite noisy. Deci-
sion functions are calculated by taking the quotient of the event-triggering distribution
and the prior distribution. The noise levels prevented the calculation of these.

The first column of figure 4.11 shows the filters resulting from the ETC analysis for
bursts. The second column shows the distribution of the burst-triggered input projected
onto the filters (P (~vi|event)) with the four smaller eigenvalues, with the largest eigenvalue
(‘last filter’) and the prior distribution (P (~vi)). The third and fourth column show the
same for spikes. In the bottom, the two scatter-plots are the two-dimensional projection
of the event-triggering stimuli onto the first two filters. At hyperpolarized membrane
states (figure 4.11, top left) burst are selective for two features: a slow integrating one
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Figure 4.9: Left: Event-triggered average over the membrane potential for single spikes
(dotted line) and bursts triggered at the first spike (solid line). The average subthreshold
membrane potential over the entire trial is depicted as a dashed line. Middle: Average over
the input current (normalized with the L2 norm and mean substracted, ETA) triggered
by the same events as in column 1. Right: probability distributions of the convolution
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Chapter 4. Spike and burst coding in TCR cells

(blue) and a slow hyperpolarizing one (green). These two features do not depend on each
other, as can be seen from the scatter plot in the top right: the red burst-triggered values
look like a two-dimensional Gaussian distribution. On depolarization, the bursts become
more selective for this second feature (probability distribution shifts to higher projection
values), and the feature itself changes to include a stronger and sharper positive part
around t = 0, whereas the negative part becomes less prominent at earlier times. In
conclusion: on depolarization bursts become more selective for fluctuations, instead of
just hyperpolarization.

At hyperpolarized membrane states (figure 4.11, middle right) single spikes are also selec-
tive to two features that look similar to the features for bursts, be it somewhat sharper.
On depolarization this filter shows a higher peak around zero and the neuron becomes
more selective for this fluctuating filter (probability distribution shifts to higher projec-
tion values), whereas the neuron becomes less selective for the blue integrating filter.
This reflects that single spikes are ‘easier’ to make (the single spike frequency becomes
higher) and more and more a response to fast fluctuations. The other features in the
bottom figure show again strong oscillations that do not attenuate, indicating that they
code for silence [2]. The first two filters show a little bit of interdependence, in that there
are fewer projections that are both negative, and if the projection onto filter 2 is very
strong, the projection onto filter 1 is less strong. So spikes are more selective for fast
fluctuations than bursts, and less selective for integration. This becomes more prominent
with depolarization.

4.3.4 Model

To assess the role of the T-type calcium current in the different regimes, the high-
conductance state and other questions that are difficult to research experimentally we
used a model. The model was tuned in such a way that when the same fluctuating
current was injected, the response of the model cells and the experimentally obtained
responses showed action potentials at the same time in a millisecond time range, i.e. the
reliability between a model trace and an experimental trace should not differ more than
between experimental traces from different cells. This puts a strong requirement on the
model neuron.

Model description and adjustments

The model we used was the 3-compartment model of Destexhe et al. [33]. This model
covers the basic properties of the thalamocortical relay cell, such as a shift from a burst-
ing to a spiking regime and earlier spiking with depolarization. It is a reduction to three
compartments (soma, basal dendrite and distal dendrite) of a multi-compartment model
of a rat dissociated thalamocortical relay cell. This model had to be tuned with respect
to a number of parameters. Firstly, the model had a longer integration time than our
experiments, which can be seen from comparing the traces and from the event-triggered
averages. Secondly, the bursts of the model contain more spikes, resulting in an overesti-
mation of the spike frequency. Finally, the model overestimates the membrane potential
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Figure 4.11: Left: Spike-Triggered Covariance (STC) for bursts. Right: Spike-Triggered
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standard deviation at hyperpolarized membrane potentials, but underestimates it for de-
polarized membrane potentials, suggesting that the input resistance of the model is too
high at hyperpolarized membrane potentials, but too low at depolarized membrane poten-
tials. To tune the resistance at depolarized membrane potentials, we increased the overall
input resistance, while at the same time decreasing the capacitance, to preserve or even
reduce the membrane time constant. We used the −50mV initial membrane potential
traces as a comparison, since these are least affected by a possible h-current. We ad-
justed the mean input current and the overall input resistance until the mean membrane
potential and the mean membrane potential standard deviation were comparable to the
experimental traces. To decrease the resistance at hyperpolarized membrane potentials,
we added an h-current [31] to all compartments, and adjusted the mean input current and
h-current conductivity to the the mean membrane potential and the mean membrane po-
tential standard deviation of the experimental −80mV initial membrane potential traces.
This resulted in the following adjustments of the original model:

T = 30◦C

ḡpas = 0.75 · 37.9 = 28.425µS/cm2

ḡh = 130µS/cm2

C = 0.75 · 0.9 · 0.88 = 0.594µF/cm2

(4.13)

Finally, we added a high-threshold calcium current and a calcium-activated potassium
current [63] to the soma, which reduced the amount of spikes the neuron can fire close
together to obtain a more realistic firing pattern. In figure 4.12, traces generated by the
model are compared to experimental traces. In figure 4.13 the reliability between ex-
perimental traces, and between model traces and experimental traces is calculated. The
means of the reliability values of the comparisons between model traces and experimen-
tal traces are a bit, but not much lower than the reliability values of the comparisons
between experimental traces. This means that the model is a good representation of the
real neurons. The effect that the reliability increases with depolarization for spikes is an
effect of the strongly increasing output frequency curve [164].

We repeated all the analyses done in this paper for the model. Since the spike times
(figure 4.13) are almost the same for the model and the experiments, it follows that the
results from the analytical tools are very similar too. Therefore they will not be shown.
However, we will show some results that can not easily be assessed experimentally.

In figure 4.13, right column, the event frequencies for the model and the experiments
are shown. In the experiments, the total spike frequency (top right) in the experiments
was quite constant on depolarization, whereas in the model it decreases first, to increase
again at −50 mV. This is probably due to the larger amount of spikes per burst in the
model, even in the presence of a calcium-activated potassium current, as the event, single
spike and burst frequencies are quite similar between the model and the experiments.
This will not affect our conclusions, since the spikes in bursts are not considered for anal-
ysis. Two other main differences are the smaller variance in the frequency between trials
in the model and the low activity of the model at −60 Hz. The large variance in the
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spike times are shown as circles (experiment) and squares (model).
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experiments is probably caused by slow adaptation, as is discussed in a different paper
[164].

Event-triggered calcium current

The results from the experiments suggested that at low membrane potentials the T-type
calcium current is not only needed to initiate bursts, but also to initiate single spikes. This
can be concluded from the event-triggered averages (figure 4.9): hyperpolarized states
the ETAs are very similar for spikes and bursts, and therefore particulary slow for single
spikes. Moreover, the coherence (figure 4.7) shows that at hyperpolarized states single
spikes do not show the broadband phase locking at the peak of an oscillation (phase= 0
rad), but only low-frequency phase locking, with later phase for higher frequencies. The
model allows to directly calculate the ‘event-triggered T-current’ (figure 4.14). In the
model the T-type calcium current has three gating variables, two activation gates m
and one inactivation gate h. We calculated the event-triggered averages also for these
activation gates and their product m2h (figure 4.14, right two columns). As can be
expected, we see that the total activation for the T-current (right column) is higher for
bursts than for spikes. The largest difference in T-current can be seen after the (first)
spike (left column). The inactivation gate (middle column, dashed lines) is further opened
before bursts than before spikes. As expected, there is a reasonable T-type calcium
current activation before single spikes in hyperpolarized states, which could explain the
burst-like behaviour for spikes in these states. Two more conclusions can be drawn from
these simulations: firstly, even though it is hardly visible in the total activation or total
current, the plots of the individual gating variables (middle column, note the difference
in scale on the horizontal axis) show that the deviations from the mean for the individual
gating variables start very long, hundreds of milliseconds, before the spike or burst in
the bursting regime. This could explain why we found the time for these events to be
independent to be so long in this regime. Secondly, at a membrane state of −80 mV
the activation of the T-type calcium current is higher about 10 ms before a single spike
than before a burst (arrows). So apparently, the difference between a burst and a spike is
not only in the total activation of the T-type calcium current, but also in the activation
profile: for a spike the total activation is slower (less steep), so the activation gate opens
a bit more, but is later overpowered by the inactivation gate.

High-conductance state

The frozen noise input was an excellent input to determine what a neuron responds to and
what its optimal stimuli are. It does mimic the fluctuating membrane voltage, but it does
not mimic the enlarged conductance typically found in a so-called high-conductance state
due to the in vivo bombardment of synaptic signals [35]. Therefore, we implemented also a
more realistic model of the high-conductance state following [34] (see 4.2.3): we included
two passive channels, one excitatory and one inhibitory, with fluctuating conductance.
The relative contribution of the excitatory and the inhibitory part was varied to define
the mean membrane potential, while the total conductance gtot = ge0 + gi0 was kept
constant at 0.07µΩ−1. The standard deviation of the fluctuations of the subthreshold
membrane potential was around 2 mV [35]. An excitatory exponential synapse (τ = 3
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Figure 4.14: Event-triggered T-type calcium current for the model (left), gating variables
m and h (middle) and their product m2h (right), for bursts (black) and single spikes (dark
grey) for different membrane states (top-down).
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ms, weight= 0.1µΩ−1) was added to the basal dendrite, which received a Poisson spike
train with a mean inter-spike interval of 100 ms. With these settings the model neuron
hardly bursts: the burst frequency was in every condition below 1 Hz.

4.4 Discussion

In this paper we investigated to what features in the input signal spikes and bursts of
thalamocortical relay neurons responds, and how that changes with the actual state of
the neuron (i.e. a bursting, mixed or spiking regime). We found that in a mixed regime,
spikes can transfer different information than bursts: they can phase-lock to and transfer
information at higher frequency. Spikes are more selective for fluctuations than bursts.
Finally, a single spike contains less information than a burst, but especially in the spiking
regime there are many more of them, so they do carry the bulk of the information in
the spike train. Bursts on the other hand are highly informative, but especially in the
spiking regime more rare. They can only phase-lock to and transmit information at low
frequency, and are especially in the bursting regime more a response to integration than
to fluctuations. This is in agreement with Lesica and Stanley [86], who claim that white
noise causes less bursts than more natural or pink noise, in which frequencies decay ac-
cording to a power-law.

In the experiments the neural code depends on the mean membrane potential. On de-
polarization the neuron goes from a bursting to a spiking regime, in which it responds
earlier in time, more precise, and more to fluctuations and less to integration. Because of
the transfer from bursting to spiking, it is capable of responding to higher frequencies and
shows a more broadband phase-locking and information transfer. This can also be seen
subthreshold: on depolarization the impedance of the subthreshold membrane increases
for higher frequencies. Even in the spiking regime the information transfer of these neu-
rons depends mainly on the power in a frequency band up to about 50 Hz, we found that
TCR neurons are not capable of transferring information at higher frequencies. Thus
when the high frequencies in the input are not filtered, we need a higher total power to
let the neuron respond at all.

The finding that bursts are rare but highly informative is in agreement with a ‘feature
detection’ role for bursts,as opposed to ‘stimulus estimation’ [22], [86], [104], or a ‘wake-
up call’ role [133]. Reinagel et al. [121] claim that bursts and spikes code for similar
information, but since they used visual stimuli with a cutoff frequency of about 16 Hz,
they could not see the difference, a limitation they mention in their discussion. In a more
recent paper, Reinagel and Reid [122] show that bursts are internally redundant: every
spike in a burst carries more or less the same information. This is in agreement with
our result that the spikes inside a burst do not add information capacity to the burst.
Finally, the result that in the bursting regime the neuron can only transmit information
at low frequency bands, whereas in the spiking regime the information transfer is more
broadband is in agreement with the work of Smith et al. [137], who used sinusoidal inputs
to show that the temporal tuning in the bursting regime is low- or band-pass for bursts,
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but broadband for spikes.

In vivo, neurons receive a constant bombardments of synaptic inputs, resulting in a ‘high-
conductance state’ [35]. In the in vitro current clamp experiments, the fluctuating input
current did mimic the fluctuating membrane voltage, but it does not include the en-
larged conductance. Therefore, we repeated the model simulations in a high-conductance
state. Our conclusion that the model neuron hardly bursts in the high-conductance state
confirms the findings of Swadlow and Gusev [141] who measured the response of the neo-
cortex to thalamic bursts in awake rabbits, and found that the neocortex is powerfully
activated by bursts. The burst rate of the thalamus never exceeded 0.5 Hz, underlining
the ‘rare but highly informative’ role of bursts in the high-conductance state. We find
that in the hyperpolarized high-conductance state the T-current is shunted by the in-
hibitory fluctuating current: as the T-current depolarizes the membrane potential, the
driving force of the inhibitory fluctuating current increases, thereby reducing the effec-
tiveness of the T-current. At more depolarized regimes the inhibitory fluctuating current
is weaker, but the T-current is inactivated. Therefore, even in an inhibition-dominated
high-conductance state, the neuron will have difficulty generating a burst.

The coherence showed that in the low membrane potential bursting regime, spikes be-
have like bursts in that they do not phase-lock to the peak of the oscillation, but show a
phase delay for higher frequencies. The spike-triggered membrane potential and current
show in this regime large negative deflections, all suggesting that in this regime single
spikes are more ‘one-spike bursts’ than true spike, and that they need the activation of
the T-type calcium current to initiate. To test this hypothesis, we looked in the model
at the event-triggered T-current. Indeed, at strongly hyperpolarized membrane states,
there is a considerable T-current activation, even for single spikes. Moreover, from the
event-triggered average over the activation and inactivation gates we can see that the
deviations from the mean, and between spikes and bursts, already start hundreds of mil-
liseconds before the events, which explains the long interaction times in the bursting
regime. Finally, the total activation of the T-type calcium current is higher about 10 ms
before a spike than before a burst. This might sound counterintuitive, but the higher
membrane potential (figure 4.9) causes the inactivation gate to be more closed, but the
activation gate to be more open. So the total activation has a different profile for spikes
than for bursts: first higher, but with a slower increase.

We conclude that bursts code for different features than single spikes: they phase-lock to
and transfer information at lower frequency and they are less selective for fluctuations. 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.
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Chapter 5. Reliability

Abstract

The reliability of the output of a neuron is an important issue in the context of
the type of coding a neuron does. Many measures have been proposed to quantify
this reliability and precision. In this paper, we investigated how the reliability of
a thalamocortical relay (TCR) cell changes if it goes from a bursting to a spiking
regime, using two of these measures: the coincidence factor [71], [78] and the Hunter
and Milton measure [64]. We injected a frozen Gaussian noise current into the soma
of the TCR neuron next to a DC current to put the neuron in different firing regimes
(bursting or tonic spiking). We show that the reliability of the output of the TCR
cell increases with depolarization. In a Morris-Lecar model [101], [126] we show that
reliability measures we used are dependent on the shape of the input-output curve
of the neuron. Therefore, in assessing changes in the reliability of a neuron, one
should distinguish between changes due to a different position on the input-output
curve and changes due to other causes. By correcting for the input-output curve, we
show that the experimentally measured increase in reliability for single spikes can be
expected from the neurons input-output relation. However, bursts are less reliable
than expected in hyperpolarized states, which is probably due to slow adaptation.
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5.1 Introduction

Neurons code their information in spike trains, well-timed series of action potentials. The
details of the neuronal code are still a matter of intense debate. Spike trains are quite
reliable and the information could be coded in the spike rate, in the precise timing of
spikes or in both. The discussion (for an overview, see [143]) started amongst others
with the work of Mainen and Sejnowski [93] and de Ruyter van Steveninck et al. [29],
who showed that neurons in rat neocortical slices and motion-sensitive neurons in the flys
visual system can produce very reliable spike trains in response to fluctuating input, as
opposed to unreliable spike trains in response to constant stimuli. Two notions in this
discussion are very important: ‘reliability’ and ‘precision’ [143]. The first one quantifies
whether a spike occurs at about the same time of each repetition of the stimulus, the
second should quantifies their how precise the timing is reproduced. Many ways have
been proposed to quantify these concepts, of which the some are based on the spike-time
histogram (for example [84], [93], [143]), cross-correlations or binning (coincidence factor
[78]), while others are binless and defined as a function of the inter-spike interval (ISI-
distance [83]) or independent of any time scale (SPIKE-distance [82]). Which one is the
most appropriate might depend on the data and the precise definition of the research
question [107]. Very recently, a new set of measures have been proposed [102], but are
not included here.

There are several factors that can influence the reliability of the output of a neuron. In-
trinsic properties of the neuron can influence its reliability: Gutkin and Ermentrout [51]
showed that the coefficient of variation of output spike trains of a type 1 neuron (‘integra-
tor’, Hodgkin classification [57]) is much higher than that of a type 2 neuron (‘resonator’).
Schreiber et al. [130] showed that a higher slow potassium peak conductance and faster
potassium kinetics promote spike timing reliability. Secondly, the characteristics of the
input to a neuron can influence the reliability of the response: the frequency content of
the input can influence the precision [52],[64]. Similarly, the background activity can have
a major influence: Bernander et al. [10] showed that in a high-conductance state τm and
the length constant decrease, resulting in a change in integrating properties of the cell.
Prescott et al. [116], [117] showed that a high-conductance state together with a current
like IM can shift a neuron from type 1 to type 2 with a corresponding change in relia-
bility. Rudolph and Destexhe [129] showed that synaptic background activity can result
in a more reliable and faster response. Finally, the nature of the stimulus also plays an
important role. Looking at directly injected current, such as Mainen and Sejnowski [94]
did, gives a much lower trial to trial variability than looking at for instance the response
to visual stimuli such as in the experiments in [121], [122] and [20].

Thalamocortical relay cells (TCR cells) can fire bursts as a rebound after hyperpolar-
ization, due to the inactivation of the low-threshold the T-type calcium current [70].
When hyperpolarized, TCR neurons are in a bursting regime. If the neuron is depo-
larized, it goes smoothly from a bursting to a spiking regime, with a mixed regime in
between, where the TCR neuron fires both spikes and bursts. In this work, we investi-
gated whether the precision and robustness of spikes and bursts changes when the neuron
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goes from a bursting to a spiking regime. This means that we need measures in which
we can assess the precision in time of the various events. The measure also needs to
be independent of the amount of events, so the precision and robustness of single spikes
and bursts can be evaluated and compared between regimes without being obscured by
the fact that there are more bursts in the bursting regime and more single spikes in the
spiking regime. Finally, we need a bounded similarity measure. For the experimental
results we tested several reliability measures, such as the coincidence factor [71], [78],
the Schreiber et al. [131] measure, the Hunter and Milton [64] measure, and normalized
or angular versions of the Victor and Purpura [152], [153] metric and the van Rossum
[148] metric. However, since all measures gave essentially the same results, we decided
to use only two for this paper: the coincidence factor [71], [78] for single spikes, bursts
and events (single spikes and bursts), because it is corrected for the amount of coinci-
dences one would find for comparing random spike trains. However, this measure is not
defined for multiple spikes in a bin and therefore inappropriate for use when one consid-
ers also the spikes within a burst. In this case we will use the Hunter-Milton measure [64].

To answer the question how the reliability and precision of spikes and bursts changes
when going from a bursting to a spiking regime, we used a combined experimental and
modelling approach. We performed current clamp experiments in slices to measure the
changes in reliability and precision with the regime change. Next, we investigated what
could cause these changes in reliability in a model. We used the Morris-Lecar model [101],
[126] as implemented by Prescott et al. [115], [117]. This is a simple, tractable model
that can still capture the most important characteristics of firing and go from a ‘type 1’
to a ‘type 2’ state. This model enabled us to investigate how the reliability depends on
the mean input-output curve. Finally, to we address the more complex behaviour of a
TCR neuron, we also included a T-current, an h-current and an AHP-like current.

5.2 Methods

5.2.1 Experiments

Electrophysiological experiments were performed using brain slices from wistar rats (post-
natal days 12− 16) anesthetized with isoflurane and killed by decapitation. 300 µm-thick
coronal slices containing thalamic nuclei were cut at the level of the hippocampus with a
vibroslicer (Leica VT1000S) in ice-cold slicing solution containing in mM: Choline chlo-
ride (120), KCl (3.5), CaCl2 (0.5), MgSO4 (6), NaH2PO4 (1.25), NaHCO3 (25), glucose
(25), continuously bubbled with 95%O2−5%CO2 (pH=7.4). Slices were incubated at 32◦

C for 1 h in ACSF containing (in mM): NaCl (120), KCl (3.5), CaCl2 (2.5), MgSO4 (1.3),
NaH2PO4 (1.25), NaHCO3 (25), glucose (25), continuously bubbled with 95%O2−5%CO2

(pH=7.4). Experiments were approved by the animal welfare committee of the Univer-
sity of Amsterdam. During recording, slices were kept submerged at room temperature
( 20 − 22◦ C) and were continuously superfused with ACSF. Patch pipettes were pulled
from boroscilicate glass and had a resistance of 2− 3 MO when filled with internal solu-
tion containing (in mM): K-gluconate (130), KCl (10), EGTA (5), HEPES (10), Mg-ATP
(4), Na-GTP (0.4) pH=7.3. Current-clamp recordings were made using an EPC9 patch-
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clamp amplifier controlled by PULSE software (HEKA Electronic GmbH, Germany) and
an in-house software (“Neuron”) running under Matlab (MathWorks, Natick, MA, USA).
Signals were filtered at 5 − 10 kHz and sampled at 10 − 20 kHz. Membrane potentials
were corrected for a 10 mV liquid junction potential. We used a slow feedback system
that monitored controlled background current injection to guarantee that current-clamp
measurements always started at the specified membrane voltage.

5.2.2 Model equations

The model we used is the Morris-Lecar model [101], [126] as implemented by Prescott et
al. [115], [117], with an added T-current [128], h-current [67] or adaptation current [115].
Its differential equations are given in appendix A.3. This model was implemented in Bard
Ermentrout’s XPP with an Euler method with a time step 0.1 ms.

In assessing the reliability, two parameters were varied: βy and Idc. The first shifts
the potassium activation curve y∞ towards higher values, thereby changing the bifurca-
tion type with which the resting state loses stability. This will make the neuron ‘type1’,
‘type2’ or ‘type 3’ excitable [115]. Idc determines the average membrane potential (which
will be denoted at ‘membrane states’ −80mV, −70mV, −60mV and −50mV). The bi-
furcation diagrams of the models we used are shown in figures 5.1 and 5.8. We chose
the βy as: βy = {−25,−20,−15,−10, 0} mV. Even though at βy = −25 the system is at
steady state for all constant input currents, this does not mean that the system is not
excitable. A perturbation can still evoke a single spike, but a stable spiking state does not
exist (‘type 3 excitability’, [115]. However, even with the noisy current the neuron was
too quiet to perform analysis on (figure 5.5), so it will not be used any further. The T-
current is only activated with a step from a hyperpolarized to a depolarized state and not
at steady-state, so the addition of this current hardly changes the bifurcation diagrams
(figure 5.8). We chose the magnitude of this current (ḡT ) in such a way that the neuron
could burst at Vhold = −80 mV, which resulted in ḡT = 20. Unless stated otherwise,
parameters are the same as in the Morris-Lecar model without any added ion channels.

We compared at the implementation of the h-current in many different published mod-
elling studies [30] [39] [45] [48] [67] [97] [111] [112] [124] [123] [144] [150] [149]. Even
though many of these studies claim to have been based on [92], they use very different
parameters in their models. For instance the reversal potential ranges from 1mV [67] to
−10mV [30], [39], [111] and −30mV [45], [97], [112], [144]. For the time-constant, many
different values have been reported [39], [90], [92], probably due to the different tempera-
tures the experiments were done at (33◦C for [92], 21◦C for [39], ‘room temperature’ for
[90]). We decided to use parameters that came closest to [92] in the model of [67]. We
could not make this h-current too large, or it would abolish all activity in hyperpolarized
states. We chose gh = 1.5. Figure 5.1 shows the changes in the bifurcation diagrams due
to the addition of the h-current in grey. The subthreshold Idc − Vm is less steep with
than without the h-current. Therefore, the amplitude A of the frozen noise current to
evoke the same membrane potential fluctuations. This is also true for the current injected
to keep the neuron around the desired membrane potential Idc. We used A = 20 and
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σdcnoise = 10 and σξ = 0.4.

5.2.3 Stimulus

In the current clamp measurements the membrane potential was adjusted by a feedback
system so that it stabilized to a desired value (−80mV, −70mV, −60mV and −50mV)
until the actual measurement was started. From then on the value was fixed and the
same fluctuating input (frozen noise) was continuously injected into the soma of the TCR
neuron for every repetition of the experiment. The current injection and the spikes and
bursts it evoked implied that the actual mean membrane voltage was different from the
initial one. This could have been corrected, but we preferred the bias over adding a
difficult to control low-frequency component. Wherever relevant we have indicated the
measured voltage in the figures, but for reasons of clarity we will indicate the different
states as (−80mV, −70mV, −60mV and −50mV). The input consisted of Gaussian noise:
an input trace was generated one time using a time series of Gaussian random numbers
and was filtered with an exponential filter of τ = 10 ms and had a standard deviation
σ = 100 pA. We used three repetitions of 300 s. of 3 or 4 membrane states (−80mV,
−70mV, −60mV and −50mV).

The models were activated by current traces that were identical to the ones used in
the experiments, scaled to an amplitude A that induced the same voltage fluctuations as
observed in the experiments (11 mV). Also, the DC-component was adjusted so that the
average subthreshold membrane potential was comparable to those in the experiments.
Since the model is deterministic, an extra noise source is needed to assess the sensitivity
of the neuron to small changes in the input. Therefore, for comparisons between the
model and the experiments we added trial-to-trial variability by adding for every trial
a DC component, drawn from a Gaussian distribution with a mean of µ = 0 pA and
a standard deviation of σdcnoise = 0.5A and white noise with a mean of µ = 0 and a
standard deviation σξ = 0.02A. These standard deviations were based on comparing our
experimental traces.

5.2.4 Spike train construction and segmentation

Action potentials were defined as a sharp peak of the membrane potential soon after a
certain threshold had been crossed. The value of this threshold was optimized per trace
(varied between −23 and 0 mV) to accommodate small variations in spike shape. In
data generated by simulations we could set the threshold at 0 mV. The qualification of
spikes as single spikes or part of a burst was decided based on whether the previous and
following inter-spike interval were shorter than 30 ms (see also [165]), or than 10 ms for
the Morris-Lecar models that included a T-current. We will classify every spike in a spike
train as either a single spike, a first spike of a burst (‘burst’) or a follower spike in a burst,
based on the inter-spike interval. Events will be defined as the first two of these classes
(‘bursts’ and ‘single spikes’). Considering all spikes will be the ‘all spikes’ case.
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5.2.5 Reliability measures

A spike train si with Ni spikes is defined as:

si(t) = ti1, ti2, ..., tiNi =
Ni∑

m=1

δ(t− tim) (5.1)

where δ(t) is the delta-function. The spike coincidence factor (Γ) quantifies the resem-
blance of two spike trains s1(t) and s2(t) [71] [78], based on the binning of the spike train
in K = T

p bins of binwidth or precision p. The coincidence factor is corrected for the
expected number of coincidences 〈Ncoinc〉 of spike train s1 with a Poissonian spike train
with the same rate ν2 as spike train s2. Γ is 1 for identical spike trains, 0 if all coincidences
are accidental and negative values for anti-correlated spike trains. It is defined as

Γ =
Ncoinc − 〈Ncoinc〉

1
2 (N1 + N2)

1
N

(5.2)

in which
〈Ncoinc〉 = 2f2pN1 =

2N1N2

K
= 2f1f2pT

Finally, Γ is normalized by

N = 1− 2f2p = 1− 2
N2p

T

so it is bound by 1. Note that the coincidence factor between two spike trains is not
symmetric. Therefore, we will use f2 = max(f1, f2) (see supplementary materials 5.5),
which does make it symmetric. It is also not positive. Therefore it is neither a metric nor
an angular measure. Most often the coincidence factor will saturate at a value below one,
which can be seen as the reliability. The time constant with which it reaches this value
(for instance as defined by a fit to an exponential function) can be seen as the precision. If
one of the spike trains has no spikes, both Ncoinc and 〈Ncoinc〉 are equal to zero, and so is Γ.

Hunter and Milton [64] define their reliability measure between two spike trains s1(t)
and s2(t) as

RHM =
1
2
(〈r12〉+ 〈r21〉) (5.3)

where

〈rij〉 =
1
Ni

Ni∑
k=1

exp(− ∆tk
τHM

)

and ∆tk is the absolute value of the difference between spike time tk in spike train si and
the nearest neighbour spike time in spike train sj . This measure is bound between 1 (two
identical spike trains) and 0 (− ∆tk

τHM
→ ∞). Parameter τHM plays a similar role as the

precision p and determines the timescale for coincident spikes. For large time constants
(τ →∞), the reliability reaches 1. The reliability can also be defined as a function of the
precision σS , where the precision is defined as the value at which the reliability is 0.5 (see
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[143]).

In the following, we will plot the measures Γ and RHM as a function of several pa-
rameters. Unless stated otherwise, this will be at a precision (p or τHM respectively) of
10 ms. At 10 ms the measure appears to be the most distinctive.

5.3 Results

5.3.1 Reliability and precision in thalamocortical relay cells

On depolarization, thalamocortical relay (TCR) neurons go from a bursting to a spiking
regime. To assess the reliability of bursts and spikes in different regimes of TCR neurons,
in-vitro patched in rat thalamic brain slices, frozen noise superimposed on a DC current
was injected into the soma in current clamp. The DC component defined the membrane
state, as explained in the methods (section 5.2.3). The coincidence factor [71], [78] was
calculated as a function of the precision for the output spike trains at the same membrane
state in the same cell (figure 5.2). It was calculated for 5 different cells at 3 or 4 different
membrane states (darkest - lightest: −80,−70,−60 and −50 mV). For every cell at ev-
ery membrane state there were three spike trains, and therefore three coincidence factor
traces. The coincidence factor for events at depolarized membrane potentials is high, and
saturates at low precisions, indicating that the timing of events is more precise at depo-
larized potentials (figure 5.2). This means that the timing of events is more precise in the
spiking regime than in the bursting regime. At hyperpolarized potentials the coincidence
factor traces for bursts are much higher than for single spikes, indicating that in these
regimes bursts are more reliable than single spikes, and that single spikes increase their
reliability strongly with depolarization.

The coincidence factor is not defined for multiple spikes per bin and cannot be used
to compare spike trains including all spikes of trains that contain bursts (where follower
spikes often fall within the same bin). Therefore we also used the Hunter and Milton
([64], see section 5.2.5) measure to compare the spike trains (figure 5.3). Essentially the
same results are seen: on depolarization the neuron becomes more reliable, and in hyper-
polarized states bursts are more reliable than single spikes. Including all spikes gives a
very similar result as the ‘events’-traces. In conclusion, we observed that TCR neurons
change their reliability as a function of the membrane state they are in.

5.3.2 Reliability and precision in a minimal model

We have observed in the experiments that the precision and robustness of the single spikes
and bursts a TCR neuron fires change their reliability and robustness when the neuron
goes from a bursting to a spiking regime. To investigate what causes these changes
in reliability we used a model, the Morris-Lecar model [101], [126] as implemented by
Prescott et al. [115], [117]. We needed a simplified model like this, so one can easily
distinguish different aspects of the firing properties of the neuron. Firstly, we investigated
the influence of the bifurcation with which the stable resting state loses stability on the
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Figure 5.2: The reliability of the output of a TCR neuron increases with depolarization.
Coincidence factor Γ [78] [71] as a function of the precision or time bin p (equation (5.2)),
at different membrane states (darkest - lightest: −80,−70,−60 and −50 mV, means
marked by circles). Frozen noise was injected three times per membrane state, in five
different cells. Left: Events. Middle: single spikes. Right: bursts.
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cells. Left: All spikes. Middle left: Events. Middle right: Single spikes. Right: Bursts.

106



5.3. Results

reliability. According to the Hodgkin classification [57]) a neuron can be either ‘type
1’, ‘type 2’ or ‘type 3’. Type 1 neurons are characterized by a continuous f − I curve
for constant inputs I, and their stable resting state loses stability through a saddle-node
on an invariant cycle bifurcation [126], [67],[115]. Type 2 neurons are characterized by a
discontinuous f−I curve for constant inputs (but not for fluctuating inputs, see figure 5.5),
and their stable resting state loses stability through a Hopf bifucation [126], [67],[115].
Type 3 neurons do not spike repetitively, but only once or a few times after the onset of a
continuous stimulus. In the Morris-Lecar model the stable resting state can lose stability
through either a Hopf bifurcation or through a saddle-node bifurcation, depending on the
value of a parameter βy (equations (A.10) and (A.12), figure 5.1). This parameter shifts
the nullcline of the potassium activation towards higher voltage values. To see how the
bifurcation type influences the reliability of the spike trains, we investigated the relation
between the reliability and βy. However, the response of a TCR neuron is much more
complex than that of a Morris-Lecar model. Therefore, we tested the influence of different
currents: we added a T-type calcium current as implemented by Rubin and Terman [128],
a h-current as implemented by Izhikevich [67] and a ‘calcium-activated potassium-like’
current (which we will call ‘AHP’-like current) as implemented by Prescott et al. [115]
(equations in section 5.2.2).

Morris-Lecar model

To investigate the effect of the type of excitability (‘type 1’, ‘type 2’) on the reliability, we
used the Morris-Lecar model [101], [126] as implemented by Prescott et al. [115], [117].
The frozen noise was identical to the one used in the experiments. The amplitude of the
frozen noise was chosen at A = 15, so the standard deviation of the dc-current added
to each trace was σdcnoise = 7.5 and the standard deviation of the extra white noise was
σξ = 0.3 (see Methods). We varied βy to make the neuron ‘type1’ or ‘type2’ excitable [115]
βy = {−20,−15,−10, 0}mV (see section 5.2.2). Different states were realized by a current
injection that brought the membrane under rest to −80 mV, −70 mV, −60 mV and −50
mV as before. Obviously, the Morris-Lecar neuron does not burst, therefore we only look
at the Hunter and Milton [64] measure RHM for all spikes. To make a fair comparison
with the experiments, we calculated RHM for five groups of three spike trains for each
membrane state, as if there were five ‘cells’ with three measurements per membrane state.

In figure 5.4 the Hunter and Milton measure RHM for βy = −20,−15,−10 and 0 is
plotted, at τHM = 10. Note that there is not a clear relation between RHM and either βy

or the membrane state. So what predicts the reliability of this model? The reliability is
calculated in a pairwise comparison between spike trains. Each of these spike trains has
a mean frequency f , which is the total amount of spikes divided by the total time. We
define

CVf
=

∆f

〈f〉
=
|f1 − f2|

1
2 (f1 + f2)

(5.4)
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Figure 5.4: Reliability of the Morris-Lecar model as a function of CVf
. Hunter and Milton

measure RHM at τHM = 10 ms as a function of CVf
= ∆f
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(circles: −80 mV, squares: −70 mV, triangles: −60 mV, diamonds: −50 mV). Black line:
fitted curve (equation 5.5. Note that the reliability has a strong relation with CVf

, and
not with either βy or the membrane state.

There is a strong relation between CVf
and the reliability (figure 5.4). In supplementary

materials 5.5 we derive the relation between the expected reliability and CVf
:

RHM (CVf
) =

1
1 + kCVf

(5.5)

where k is a parameter that depends on the time constant τHM .

The reliability shows a strong relation with CVf
(figure 5.9. Therefore, we can pre-

dict the reliability for the simulations: if one knows the output frequency as a function of
the DC input current (‘input vs frequency curve’ f(Idc), one can calculate the reliability
between two repetitions of the simulation/experiment with mean input currents Idc1 and
Idc2. In the supplementary materials we show that a neuron with a steeper input vs
frequency curve is mostly less reliable. We conclude that since the relation between the
reliability and CVf

does not change with βy, changes in reliability are caused by changes
in the output frequency distribution, for instance a different position on the input vs
frequency curve, a different shape of the input vs frequency curve or other changes in
the distribution of the output frequencies. Only if the relation between the reliability
and CVf

changes over conditions (parameter k for the Hunter and Milton measure), then
there is an intrinsic change in the neurons reliability.

We assumed that the output frequency was a composition of the relation between the
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Figure 5.5: Noisy input vs frequency curves for the Morris-Lecar model with different
added ion channels. Spike frequency, with all spikes included (top) and burst frequency
(bottom) of the Morris-Lecar neuron with no added currents, added T-current, added T
current and h-current and added T current and AHP-like-current respectively. The input
was a frozen noise input. The colours denote different values of βy. Note that the input
vs frequency curve for a ‘type 2’ neuron (βy <≈ −10 [115]) is not discontinuous in this
noisy state, unlike a neuron with continuous input.

average input current Idc and the resulting average membrane potential µVm and the
relation between µVm and the output frequency:

f(Idc) = f(µVm(Idc))

In the Morris-Lecar model the relation between µVm
and Idc was fitted by a quadratic

function, the relation between µVm and the output frequency by a power function (figure
5.5). The reliability of the Morris-Lecar-neuron can be largely predicted by these fits
(5.9, top left). The increasing input vs frequency curve causes the reliability to increase
with depolarization. The relation between CVf

and the Hunter and Milton measure does
not only stay constant between average membrane states, it also hardly changes between
models with different values of βy (figure 5.4). This means that changes in reliability
between models with different values of βy can be attributed to differences in the input
vs frequency curves. With increasing βy the input vs frequency curve becomes steeper
in this noisy state (figure 5.5), which would make the reliability somewhat lower (see
supplementary materials).
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a function of CVf
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Morris-Lecar model with T-type calcium current

In the previous section we found that the reliability of the Morris-Lecar neuron can be
predicted by the shape of the input vs frequency curve. However, this simplified neuron
can not burst. To investigate the effect of bursting and the relative reliability of bursts
and spikes, we added a T-type calcium current (as implemented by [128], see section
5.2.2). Because the T-current inactivates, it will only add a transient and not a steady
state component. The addition hardly changes the bifurcation diagrams (figure 5.1), but
it has a large effect on the input vs frequency curve (figure 5.5), because now the neuron
can become active hyperpolarized states.

In all the models including a T-current, the relation between µVm
and Idc was fitted

by a sigmoid, the membrane µVm
− f curve by a polynomial. In figure 5.6, the Hunter

and Milton measure RHM for βy = −20,−15,−10 and 0 for all spikes is plotted. The
curves as plotted in figure 5.4 still seem to exist, but now as an upper limit: some values of
the reliability are lower than one would expect. Apparently, the addition of the T-current
reduced the reliability of this neuron. But this is compensated by the fact that CVf

is
lower due to the changed input vs frequency curve (see figure 5.5). To assess the relia-
bility of bursts, the coincidence factor Γ was used. In the supplementary materials it is
shown that the coincidence factor depends linearly on CVf

, which one can see in figure 5.6.

Another important change can be seen in figure 5.7. In this figure both the instanta-
neous I − V curve and the average Idc−µVm

relation are plotted. Traditionally, in patch
clamp experiments using inputs consisting of step protocols, one uses two types of I − V
curve: the steady-state and the instantaneous I − V curve. However, in a noisy regime,
the neuron is never in steady-state. Parallel to these two types of I − V curve and fol-
lowing Badel et al. [5], we define two types of I − V curves in the noisy regime: the
average I −V curve µVm(Idc) and the instantaneous I −V curve Vm(µI)inst. The instan-
taneous I − V curve is constructed by binning the membrane potential in bins of 1 mV,
and calculating the mean input current in each bin.1 The point where the instantaneous
I − V curve becomes vertical is the spike threshold: the membrane potential depolarizes
without extra input current. Whereas the instantaneous I−V curves (see supplementary
materials 5.5) basically overlap for the Morris-Lecar model, the addition of the T-current
causes the spike-threshold to shift to more hyperpolarized values for hyperpolarized states
and to depolarized values for depolarized states. So the threshold is not longer fixed, but
regime-dependent.

Morris-Lecar model with T-type calcium current and more

In the previous section we looked at the ecffects of the T-type calcium current that makes
the Morris-Lecar model burst. Here we investigate the effects of two more currents that
play an important role in the firing properties of TCrelay neurons. We added the currents
on top of the T-current.

1Note that Badel et al. use the membrane current Im(t) = Iin(t) − Cm
dVm

dt
in their I − V curve,

whereas we use the input current Iin(t).
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Figure 5.7: Average and instantaneous I − V curves for the four models. Average (black
dots and fitted solid line, µVm(Idc)) and instantaneous (dotted line, Vm(µI)inst) I − V
curves for the Morris-Lecar model with different added ion channels at βy = −10. The
four instantaneous I − V curves are the instantaneous I − V curves at membrane states
of −80,−70,−60 and −50 mV respectively. Note that in the Morris-Lecar model the
instantaneous I −V curves overlap. The addition of the T-current shifts the threshold in
the hyperpolarized direction. The addition of the h-current causes that the subthreshold
region of the instantaneous I − V do not overlap.
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h-current We added an h-current as implemented by [67], that opens around −82 mV.
The main effect of the h-current is subthreshold (figure 5.1 in grey), next to an almost
negligible effect on the limit cycles. The subthreshold average I − V curve µVm(Idc) is
less steep than that of the model without h-current (figure 5.7). The instantaneous I−V
curve does now shows regime dependence in the threshold-region and in the subthreshold
region (the curves are shifted towards lower mean input for hyperpolarized states and
towards higher mean inputs for depolarized states).

Adding the h-current had hardly an effect on the reliability (not shown): it shows a
similar pattern as the model without h-current (figure 5.6). The addition of the h-current
makes the input vs frequency curve wider, so less steep (figure 5.5). This makes the neu-
ron more reliable. However, the h-current will also make both I − V curves wider. For a
fair comparison we chose the standard deviation of the distribution of the dc input Idc as
a fraction of the amplitude of the frozen noise input, which was chosen so that it keeps
the standard deviation of the membrane potential at a desired value of 11 mV. Since the
I − V curves were wider, both the amplitude of the frozen noise input and the standard
deviation of the distribution of the dc input were chosen larger. This balanced the in-
crease in reliability due to the wider I − V curves, so there was no net effect. Of course,
when we would use the distribution of the dc input from the model without h-current, a
less steep input vs frequency curve would result in a more reliable neuron, because the
difference between two simulations is relatively smaller.

adaptation In the experiments, the neuron keeps its firing rate more or less constant
over membrane states, with only a slight increase at Vhold = −50 mV. As the burst rate
decreases and the single spike rate increases, the event frequency naturally increases.
For the Morris-Lecar model, the steady-state input vs frequency curve depends on the
value of βy: it is continuous for the ‘type 1’-regime (βy = 0 mV ) and discontinuous or
non-existent for the ‘type 2/3’-regime (βy < 10 mV). With noisy input, however, the
distinction is not that clear, and the mean input vs frequency curves become much more
smooth (figure 5.5). Without the T current, the neuron can hardly respond at all in
hyperpolarized states. On depolarization the output frequency becomes very high, up to
80 Hz for Vhold = −50 mV and βy = 0. Adding the T current makes it possible for the
neuron to respond at hyperpolarized states, but it does not reduce the unrealistically high
frequency in depolarized states. Adding the h-current did not solve this problem. We
hypothesized that TCR neurons must have a mechanism to keep their firing frequency
within limits. Candidates are potassium currents that activate at relatively depolarized
membrane potentials, such as the IA and IK2, or are activated by calcium, such as IC [31],
[62], [95]. Following [115] we considered both cases, by using the ‘adaptation current’ from
[115] (see equations 5.2.2), and using parameters αz = 0.08, βz = −43 mV, γz = 17 and
gadap = 2 for a IA or IK2-like current, and αz = 0.005, βz = 0 mV, γz = 0 and gadap = 40
[115] for a ‘calcium-activated potassium-like’ current. However, the IA or IK2-like current
abolished all spiking at membrane states of −60 mV and −70 mV, because of its lower
activation values. Therefore we will consider only the ‘calcium-activated potassium-like’
current, which we will call ‘AHP-like current’.
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Figure 5.8: Bifurcation diagram and steady-state I−V curves for the Morris-Lecar model
with T and AHP current. Top: bifurcation diagram of the Morris-Lecar model [101], [126]
as implemented by Prescott et al. [115], [117] with an added T current and AHP-like
current. Solid lines: Hopf bifurcations, dashed lines: saddle-node bifurcations. Bottom:
Idc−Vm curves for different values of βy. Thick solid lines: stable fixed points, thin solid
lines: unstable fixed points, thick dashed lines: maximum and minimum values of stable
limit cycles, thin dashed lines: maximum and minimum of unstable limit cycles, squares:
saddle-node bifurcation points (on or off a limit cycle, or of limit cycles), diamonds: Hopf
bifurcation points (sub- or supercritical), circles: bifurcations with higher co-dimension
through which the limit cycles lose stability (such as torus bifurcations of period-doubling
bifurcations). Even if there are no stable limit cycles, the neuron can still spike, but the
limit cycles might change shape over time.
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The addition of the AHP-like current reduced the reliability (figure 5.6). The addition
of the AHP-like current changes the behaviour of the neuron mostly at supra-threshold
levels: at βy = −15 and −20 it shows unstable limit cycles instead of stable ones (fig-
ure 5.8). This does not mean that the neuron doesn’t spike, it just means that not all
limit cycles (spikes) have the exact same shape. The addition also had a threshold effect
in the ‘type 1’-regime: the Hopf-bifurcation does not disappear for higher values of βy

(compare figure 5.8 with figure 5.1), but keeps existing at slightly lower values of Idc than
the saddle-node bifurcation, which has as a result that a true ‘type 1’-regime no longer
exists. In figure 5.5 one can see that the addition of this current indeed reduces the
spike-frequency. The reliability of the output is reduced for all spikes at high values of βy

(‘type 1’ regime), but not for bursts only (figure 5.6). This can be understood intuitively:
the AHP-like current only becomes active after a few spikes, so it is natural that it does
not influence the generation of a burst. It has the strongest effect on the regime with the
highest output frequency, so at the highest value of βy (see figure 5.5).

Conclusion

The Morris-Lecar model was used to investigate basic principles of the reliability and
how different currents influence this. We found that in this model the reliability shows
a strong relation with CVf

(figure 5.9. Therefore, we can predict the reliability for the
simulations and experiments: if one knows the output frequency as a function of the DC
input current (‘input vs frequency curve’ f(Idc), one can calculate the reliability between
two repetitions of the simulation/experiment with mean input currents Idc1 and Idc2:

RHM (CVf
) = RHM (f1, f2) = RHM (f(Idc1), f(Idc2))

We can distinguish two causes of changes in reliability with changes in parameters such as
the mean input current Idc or βy. Firstly, a change in reliability can be caused by a change
in the shape of or position on the input vs frequency curve. This means that the relation
between the reliability and CVf

does not change. Secondly, a change in the mean input
current Idc can cause intrinsic changes in the neuron that influence the reliability. In this
case the relation between the reliability and CVf

does change. We can only distinguish
between these two causes, if we can make predictions on how the reliability would change
purely based on the input vs frequency curve. How to make these predictions will be
explained in the supplementary materials. In the following figures, we will show one or
more of the following predictions together with the measured values from simulations or
experiments:

1. ideal An ideal experiment, in which we choose two mean input currents Idc, with a
fixed distance ∆I = |Idc1 − Idc2|. We increase the mean 1

2 (Idc1 + Idc2) to walk over
the input vs frequency curve. In this case, we can calculate the predicted reliability
analytically, based on the fit for the input vs frequency curve. This will be shown
as a black line.

2. ideal input distribution In the simulations, the mean input currents Idc were
drawn from a distribution with the same standard deviation over all membrane
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states. We can make an approximation of the resulting distribution of output fre-
quencies and hence of the distribution of CVf

. This would make it possible to calcu-
late the distribution of reliability values. However, as shown in the supplementary
materials 5.5.3, the distributions of CVf

and the reliability are very non-Gaussian
and cannot be calculated analytically. Therefore, in the figures we show a random
draw from a distribution of frequencies with mean and standard deviation calcu-
lated from the distribution of Idc and the input vs frequency curve. The resulting
prediction for the reliability values is shown in the figures as open circles.

3. realized input distribution In the experiments, the standard deviation of the
distribution of input currents Idc was slightly different for different membrane states.
Therefore, we draw a random sample of a distribution of frequencies with a mean
and standard deviation calculated from the distribution of Idc and the input vs
frequency curve for each membrane state. The predicted reliability values based on
this sample will be shown as open diamonds.

4. CVf
distribution Based on the fit of the reliability vs CVf

curve, one can plot the
expected value of the reliability for each CVf

value. This will be shown as open
squares.

The reliability of the Morris-Lecar model depends mostly on the input vs frequency curve,
and changes in the reliability can be attributed to can be attributed to changes in this
curve (figure 5.4. The addition of a T-current makes the neuron capable of generating
bursts. It makes the spike-threshold regime-dependent (figure 5.7). The T-current makes
the neuron less reliable in depolarized states, but more reliable at hyperpolarized states
(figure 5.9). A telltale of the h-current is the subthreshold shift in the instantaneous
I − V curve (figure 5.7). It makes the input vs frequency curve less steep, which makes
the neuron more reliable. An AHP-like current is hardly visible in the instantaneous
or average I − V curves, but strongly reduces the output frequency, and reduces the
reliability of the neuron if all spikes are taken into account, but not if bursts only are
taken into account.

5.3.3 Experiments revisited

Based on the theoretical consideration, we can now revisit the experimental results and
reinterpret them. The average I − V curve was fitted by a sigmoid and the membrane
µVm − f curve was fitted by a linear function. For all spikes (figure 5.10, top left),
both the ‘ideal’ curve and the expected values based on the input distribution (‘realized
input distribution’, diamonds) have a bias to high values. The open squares give a more
appropriate fit, as does the reliability vs CVf

curve (figure 5.11). Apparently the values
of CVf

are different from what one would expect based on the input vs frequency curve.
Indeed, in figure 5.12, one can see that the values of CVf

are much higher than what would
be expected on the bases of the input vs frequency curve, especially for hyperpolarized
states. If all events are taken into account, the fit improves. For single spikes only, the
reliability (figure 5.10, bottom left) is underestimated. This can be explained: especially
at depolarized states the values of CVf

are lower than expected (figure 5.12, bottom left).

116



5.3. Results

-20 0 20 40
0

0.2

0.4

0.6

0.8

1

al
l s

pi
ke

s
R

H
M

ML model

-20 0 20 40
0

0.2

0.4

0.6

0.8

1

ML model
+T-current

-50 0 50
0

0.2

0.4

0.6

0.8

1

ML model
+T&h-current

-20 0 20 40
0

0.2

0.4

0.6

0.8

1

ML model
+T&AHP-current

-20 0 20 40
0

0.2

0.4

0.6

0.8

1

bu
rs

ts
Γ

 

 

-20 0 20 40

0

0.2

0.4

0.6

0.8

1

input current
-50 0 50

0

0.2

0.4

0.6

0.8

1

input current
-20 0 20 40

0

0.2

0.4

0.6

0.8

1

input current

data
random sample
'ideal' experiment

input current

Figure 5.9: Expected and simulated reliability of the models. Top: Reliability measure
as a function of input. Dots: the measured values from the simulations for different
membrane states (blue: -80 mV, green: -70 mV, red: -60 mV, black: -50 mV), at βy =
−10. Black line: expected reliability for an ‘ideal’ experiment (section 5.3.2). Open
circles: predicted reliability of a random sample of inputs (‘input distribution’, section
5.3.2). Bottom: same as top, but for bursts.
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For bursts, the mismatch is even larger: the expected values are too high in hyperpolarized
states and too low at depolarized states (figure 5.10, bottom right) and the fit of the
reliability vs CVf

curve is bad (figure 5.11, bottom right). Here the reliability vs CVf
curve

does change with the membrane state. The relative variability in output frequency of these
neurons is much higher than expected from the input-vs output frequency curve. This
causes the neuron to be particulary unreliable at hyperpolarized states. In addition there
is an intrinsic change in reliability with the depolarization for bursts: in hyperpolarized
states the neuron is unreliable, whereas on depolarization it becomes more reliable on top
of the output frequency effects. Single spikes are also very unreliable at hyperpolarized
states, but this is merely due to the shape of the input vs frequency curve.

5.4 Discussion

The reliability of the output of a neuron was calculated using the coincidence factor
[71], [78] or the Hunter and Milton measure [64]. We were able to distinguish whether
changes in reliability are caused by a change in the input vs output frequency curve,
or by an intrinsic factor. The calculations were applied on data from models and from
recorded thalamocortical relay cells in acute slices from rats. Predicting the input vs out-
put frequency curve in a noisy regime is not trivial, as it may be influenced by currents
inactivated in a silent or steady-state regime.

In simple models, such as the Morris-Lecar model, the reliability of the output spike
train can almost be completely predicted by the input vs output frequency curve. The
changes in reliability caused by either changes in (mean) input or by changes in the type
of bifurcation through which this neuron loses stability can be explained by changes in the
input vs output frequency curve in this noisy state. This noisy state is very different from
a state in which a quiescent neuron receives a single or a few step-like inputs. Making
the model is more complex by adding more currents, reduces the predictability becomes
less and the neuron becomes less reliable, which also holds if the analysis is restricted to
a part of the output, such as single spikes or bursts.

Introducing a T-type calcium current makes the spike threshold depend on the mean
of the input, i.e. on the regime the neuron is in. This is expected, since the T-type
calcium current can only be activated after a period of hyperpolarization, which enhances
the relevance of the short-term history of the input. The T-type calcium current also
increased the variability of the reliability, resulting sometimes in a lower value if the com-
pared output spike trains had a similar frequency. Because it also increased the output
frequency of the neuron, especially at hyperpolarized membrane potentials, this effect was
compensated. Other ionic currents with a strong dynamic component have similar effects
on the instantaneous I − V curve. An h-current made the subthreshold instantaneous
I−V curve also depend on the mean of the input, i.e. on the regime the neuron is in, but
for our simulation protocols it did not have a large effect on reliability. This was expected,
as it operates only at hyperpolarized potentials and hardly influences spiking behaviour.
An adaptative current (AHP-like current) on the other hand, influenced mainly the spik-
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Figure 5.10: Reliability of thalamocortical relay neurons as a function of the input current.
Coincidence factor or Hunter and Milton measure as a function of the input current for
five cells, for all spikes, all events (spikes and bursts), single spikes only and bursts only.
Dots: measured values (blue: membrane state of −80 mV, green: −70 mV, red: −60
mV, black: −50 mV). Black line: predicted reliability for an ‘ideal’ experiment (section
5.3.2). Open diamonds: predicted reliability of a random sample of inputs (‘realized
distribution’, section 5.3.2). Open squares: predicted reliability of a random sample of
CVf

(‘CVf
distribution’, section 5.3.2).
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ing behaviour and not the subthreshold behaviour: it reduced the output frequency of
the neuron. Since it only activated after a few spikes, it did not influence the reliability
of bursts, but it reduces the overall reliability of the neuron.

Real thalamocortical relay cells become more reliable with depolarization, for spikes,
events (single spikes and bursts), single spikes and bursts. For a large part, this can be
explained by a high variability of the output frequency at the hyperpolarized states, more
than one would expect from the average input vs frequency curve. Bursts are less reli-
able then predicted from the output frequency. This could be caused by fluctuations in
the T-type calcium current, by fluctuations in the h-current or by any other mechanism
that is mainly active at hyperpolarized membrane potentials. Consecutive traces at a hy-
perpolarized state slowly reduced spike and burst count, but recovered after some time.
Simulations with the Morris-Lecar model where the conductance of the T-type calcium
current was allowed to change over traces could showed a similar effect: the reliability
increased with depolarization, because at hyperpolarized membrane potentials the output
frequency was variable, but the way the reliability depended on CVf

was unchanged (not
shown). It can be concluded from this that in the experiments some long-term effects,
such as slow adaptation, a run down of T-type calcium current or changes in calcium
concentration, play a role and cause extra changes in the output frequency and hence in
the reliability.

Theoretical considerations showed that the distributions of the reliability might be non-
Gaussian, so the mean and standard deviation might not be the best way to compare
them. Naud et al. show in a recent paper [102] that there are biases concerned with
pairwise comparisons and small sampling sizes. They conclude that by comparing spike
trains pairwise one cannot correctly discriminate between underlying point processes, but
that they are valid measures for comparing spike trains. In this paper we are not try-
ing to find underlying statistical processes or fit a model to experimental data, but we
are trying to distinguish between changes in reliability that are caused by the shape of
the input vs output frequency curve and changes in reliability caused by other intrinsic
factors. Both Naud et al. and this paper show that depending on the research question
reliability measures without correction can be hard to interpret.

The relation between the reliability and CVf
shows that there is a tradeoff between relia-

bility and sensitivity: the steeper the input vs frequency curve of a neuron, the lower its
reliability will be, but the more sensitive it is to changes in the mean input. A flat input
vs frequency curve can have a high reliability, but will not signal a change in the mean
input in the output frequency. It might be able to show other features of the input in the
timing of the output spikes. So this might be an ideal situation for a neuron that shows
‘temporal coding’ and not ‘rate coding’. On the other hand, a neuron that is a pure ‘rate
coder’ might have a steeper input vs frequency curve, since the spike-to-spike reliability
is less important, but the sensitivity of the output frequency to the input all the more.
The steepness of the input vs frequency curve could be a telltale of the type of coding a
neuron performs. TCR cells have a relatively flat mean input current vs frequency curve
for all spikes, suggesting that the timing of the spikes is important. The reliability of this

122



5.5. Expected shape of the reliability measures

neurons is high, even in a millisecond range. On the other hand, they also have a strongly
increasing single spike frequency and a decreasing burst frequency, which implies that the
mean of the input, i.e. the background, is coded in parallel in the burst frequency or in
the spike frequency. Such a neuron could at the same time be a ‘spike coder’ and a ‘rate
coder’.

5.5 Expected shape of the reliability measures

5.5.1 Frequency curve, coefficient of variation and I − V curves

CVf
changes as a function of the input-output curve of a neuron. This relation can be

estimated. If the output frequency of a neuron as a function of the DC input current
is described by a function frequency= f(Idc), and two realizations were obtained at an
average input current of I∗ − 1

2∆I and I∗ + 1
2∆I (∆I > 0), the coefficiënt of variation

can be approximated by

CVf
(Idc) =

∆f(Idc)
〈f(Idc)〉

= 2
f(I∗ + 1

2∆I)− f(I∗ − 1
2∆I)

f(I∗ + 1
2∆I) + f(I∗ − 1

2∆I)

= 2(1−
2f(I∗ − 1

2∆I)
f(I∗ + 1

2∆I) + f(I∗ − 1
2∆I)

)

= 2(1− 2

1 + f(I∗+ 1
2∆I)

f(I∗− 1
2∆I)

)

(5.6)

for an increasing function, in which we define both ∆f and CVf
as their absolute values.

Similarly for a decreasing function we find

CVf
(Idc) =

∆f(Idc)
〈f(Idc)〉

= 2
f(I∗ − 1

2∆I)− f(I∗ + 1
2∆I)

f(I∗ + 1
2∆I) + f(I∗ − 1

2∆I)

= 2(1− 2

1 + f(I∗− 1
2∆I)

f(I∗+ 1
2∆I)

)
(5.7)

If we now assume that ∆I is small enough for a linear approximation so

f(I∗ +
1
2
∆I) = f(I∗) +

1
2
∆I

df(Idc)
dIdc

|Idc=I∗ (5.8)

we can combine equations (5.6) and (5.8) to find

CVf
(I∗) =

∆I

f(I∗)
df(Idc)
dIdc

|Idc=I∗ (5.9)

for an increasing function, and similarly we can combine equations (5.7) and (5.8) to find

CVf
(I∗) = − ∆I

f(I∗)
df(Idc)
dIdc

|Idc=I∗ (5.10)
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Figure 5.13: CVf
for different input vs frequency functions. The coëfficient of variation

for the frequency CVf
for different increasing (left) and decreasing (right) functions f(I),

if one would pick two traces at I∗ − 1
2∆I and I∗ + 1

2∆I, with ∆I = 1.

Since a frequency is always positive, the function f(I), but also f(I∗)± 1
2∆I df

dI has to be
positive, which means that | ∆I df(I)

dI |≤ 2f(I) and 0 ≤ CVf
≤ 2. Moreover, CVf

= 2 if
and only if one of the two spike trains contains no spikes. Several examples of how VVf

depends on the shape of the input-output curve are shown in figure 5.13.

The value of CVf
originates from several sources. We can estimate what part of the

observed changes in CVf
(and later in reliability) are caused by what sources, both in

models and experiments. The relation between Idc and the frequency depends on the
relation between Idc and the mean membrane potential µVm

:

f(Idc) = f(µVm
(Idc)) (5.11)
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so that

f(I∗ ± 1
2
∆I) = f(µVm

) ∗ µVm
(I∗)± 1

2
∆I

df(Idc)
dIdc

|Idc=I∗

= f(µVm
) ∗ µVm

(I∗)± 1
2
∆I

df(µVm
)

dµVm

|µVm=µVm (I∗)
dµVm

(Idc)
dIdc

|Idc=I∗

and

CVf
(I∗) =

∆I

f(µVm
) ∗ µVm

(I∗)
df(µVm)
dµVm

|µVm=µVm (I∗)
dµVm(Idc)

dIdc
|Idc=I∗

Ideally, one would keep ∆Idc constant over the experiments, i.e. only the mean of the
DC input is varied to put the neuron in different membrane states. In the experiments
however, there are always small variations. This causes a change in output frequency;
the effect is dependent on the steepness of the input-output curve. Simulations will have
their limits due to finite sampling. We will denote this first factor as the ‘extra variation’
(∆Idc, extra) due to experimental variation or the specific set of realizations one obtains in
modelling. A second factor is caused by frequency variations. Experiments can contain
various forms of non-stationary effects such as long-term adaptation, changes in calcium
concentration in the cell, changes in input resistance, run down of the T-type calcium
current, etc. This type of effects will in general play no role in simulations if it is not
explicitly included in the model, but in experiments where cells are current clamped for
a long time (over an hour) this might have a significant effect. We will call this ∆fextra.
Taken together this gives us

CVf
(I∗) =

1
f(µVm

) ∗ µVm
(I∗)

(
df(µVm

)
dµVm

|µVm=µVm (I∗)
dµVm

(Idc)
dIdc

|Idc=I∗ · (∆Idc, const

+ ∆Idc, extra) + ∆fextra(Vm, Idc, ...))
(5.12)

This equation separates CVf
in several contributing factors: we can estimate what parts

are caused by changes in relative steepness in the input-output curve, what part is caused
by the ‘extra’ variation in input current and what part is caused by other causes. To
determine CVf

we need to have an estimation of the input-output curve f(Idc), so of both
f(µVm) and µVm(Idc). We did this separately for each model and for the experiments.

5.5.2 Reliability as a function of CVf

Coincidence factor The spike coincidence factor Γ measures the coincident spikes
corrected for what could be expected from a Poissonian spike trains with the same rate.
In the definition, the spike count can be substituted by firing frequency:

Γ12 =
fc − 〈fc〉
1
2 (f1 + f2)

1
N

In which 〈fc〉 = 2f1f2p and p is the precision or binwidth. For two Poisson spike trains Γ
is close to zero, but for two spike trains generated by the same neuron after presenting the
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same stimulus, Γ is expected to be greater than zero. We will now calculate Γ based on
the assumptions that the coincident spike frequency fc increases with the frequency of the
spike trains and decreases with the difference in frequency between the spike trains ∆f .
Moreover, we assume that fc depends on the binsize p with a saturating function gs(p),
that is small for small p and saturates to 1 for large p. In first order approximantion

fc = gs(p)H(a〈f〉 − b

2
∆f)

where H(x) is the Heaviside step function, a and b are positive constants. How fast
fc saturates gives information on the precision of the neuron, whereas a and b contain
information on the reliability. The coincident spike frequency can never be higher than
the lowest of the two frequencies:

gs(p)(a〈f〉 − b

2
∆f) ≤ min(f1, f2) = fmin

Since
〈f〉 =

1
2
(fmax + fmin)

and
∆f = fmax − fmin

we find for the coincidence factor

Γ =
gs(p)H(a〈f〉 − b

2∆f)− 2fmaxfminp

〈f〉
1
N

=
gs(p)H(a〈f〉 − b

2∆f)− 2fmaxp( 1
2fmin + 1

2fmin + 1
2fmax − 1

2fmax)
〈f〉

1
N

=
gs(p)H(a〈f〉 − b

2∆f)− 2fmaxp(〈f〉 − 1
2∆f)

〈f〉
1
N

=

{
1

1−2f2p (gs(p)a− 2fmaxp− 1
2

∆f
〈f〉 (gs(p)b− 2pfmax)) if a− b

2
∆f
〈f〉 > 0

−2pfmax

1−2f2p (1− 1
2

∆f
〈f〉 ) else

The choice for f2 = fmax or f2 = fmin is nontrivial, and it is also what makes this measure
asymmetric. Therefore, we will use from now on in all the calculations f2 = fmax, so

Γ =

{
gs(p)a−2fmaxp

1−2pfmax
− 1

2CVf

gs(p)b−2fmaxp
1−2fmaxp if a− b

2CVf
> 0

−2pfmax

1−2fmaxp (1− 1
2CVf

) else

=

{
(1 + gs(p)a−1

1−2pfmax
)− 1

2CVf
(1 + gs(p)b−1

1−2fmaxp ) if a− b
2CVf

> 0
(1− 1

1−2fmaxp )(1− 1
2CVf

) else

(5.13)

Note that for an increasing function

fmax(I∗) = f(I∗ +
1
2
∆I) ≈ f(I∗) +

1
2
∆I

df(Idc)
dIdc

|Idc=I∗
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and similarly for a decreasing function

fmax(I∗) = f(I∗ − 1
2
∆I) ≈ f(I∗)− 1

2
∆I

df(Idc)
dIdc

|Idc=I∗

If the neuron is spiking with a low enough frequency, so 2pfmax << 1, the expression
reduces to

Γ =

{
gs(p)(a− b

2CVf
) if a− b

2CVf
> 0

O(pfmax) else
(5.14)

In this approximation Γ depends linearly on CVf
(see figure 5.14).

In the results, the full shape of gs(p) is not required for an estimation at a single value of
p . One simply fits the Γ− CVf

-curve to

Γ = a∗ − b∗

c
CVf

where a∗ = ags(p) and bast = b
2gs(p), which are the starting value and slope of the curve.

The full shape of bgs(p) can be fitted if we calculate Γ for many different values of p, like
in figure 5.2. In the limit 2pfmax ≈ 1, Γ does not depend linearly on CVf

. In this limit
Γ is probably not defined, since there will be multiple spikes in each bin due to the high
frequency or large binwidth. So in this regime Γ is not a good measure. With the results
from the previous section we can now give an estimation of how the coincidence factor
depends on the input vs frequency curve f(I).

Hunter and Milton measure The reliability measure defined by Hunter and Milton
is an adjusted expectation value of the exponent of the inter-spike interval between the
two spike trains:

RHM ≈ E(exp(
∆t

τHM
))

A first rough approximation for this expectation value for two Poissonian spike trains
with mean rate f1 and f2 can be madeby merging the spike trains. The merged spike
train is a Poissonian spike train with rate f = (f1 + f2), and hence with an inter-spike
interval distribution of

P (∆t) = (f1 + f2) exp(−(f1 + f2)∆t)

which results in

E(exp(
∆t

τHM
)) =

(f1 + f2)τHM

1 + (f1 + f2)τHM
(5.15)

In this approximation, we ignored the fact that a spike belongs to either one or the other
spike train, so not all inter-spike intervals are valid. for instance, if one has two spikes that
follow each other shortly in spike train 1, the short ISI between these two spikes will be
counted for the expectation value of the ISI of the merged spike train, but not for RHM .
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This will make RHM larger than the approximation by the merged spike trains. On the
other hand, we also ignored the bias towards shorter inter-spike intervals by taking the
nearest neighbours in RHM , which will make RHM smaller. This expectation value be-
haves like RHM in that limfτHM→0 E(exp( ∆t

τHM
)) = 0 and limfτHM→∞ E(exp( ∆t

τHM
)) = 1,

so for very small τHM relative to the spike frequency the measure vanishes, and it reaches
one for large τHM .

When using two spike trains that originate from trials of an experiment in which we
used identical inputs, we expect the spikes from the two spike trains to be much closer
and hence the nearest-neighbour inter-spike intervals to be much shorter than for two
Poissonian spike trains. Therefore, we expect the measure for the experimental spike
trains to be higher than for the merged Poissonian spike trains, but to behave similarly
as a function of τHM :

RHM (τHM ) ≈ aτHM (f1 + f2)
1 + aτHM (f1 + f2)

(5.16)

where the factor a determines how much more alike the experimental spike trains are than
two merged Poissonian spike trains: if a > 1, the spike trains are much more alike than
merged Poissonian spike trains, a = 1 is what we would expect from merged Poissonian
spike trains, and a < 1 hints at an anticorrelation.

Based on our observations, we would expect a to depend on the difference in mean fre-
quency between the two experimental spike trains:

a =
b

∆f

so that it increases for a decreasing frequency difference. This results in

RHM (τHM ) ≈
b

∆f τHM2〈f〉
1 + b

∆f τHM2〈f〉

=
1

1 + 1
2bτHM

∆f
〈f〉

=
1

1 + 1
2bτHM

CVf

=
1

1 + kCVf

(5.17)

For vanishing frequency difference ∆f ,CVf
→ 0 and RHM → 1. This means that two

spike trains with the same frequency result in RHM = 1. To allow for lower values, one
could include an extra parameter, but in this paper we did not do this. For a maximum
frequency difference CVf

→ max(CVf
) = 2, RHM → bτHM

1+bτHM
which is not equal to zero

(see figure 5.14). So RHM will never vanish.
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In this section we calculated the expected shape of the two reliability measures given
the input vs frequency relation. The reliability as defined by the two measures depends
on the mean input, due to the input vs frequency curve. So a part of a change in reliability
can be predicted from the the input vs frequency relation, and is not very informative. We
can distinguish between a change in reliability and precision due to a change in the input
vs frequency curve, and a change due to other causes plotting the reliability as a function
of CVf

, as in figure 5.4. If a change in reliability is only caused by the input vs frequency
curve, the parameters of the fit of the reliability vs CVf

curve do not change. If there is
an intrinsic change in reliability, the curve and hence the fit changes. So by looking at the
CVf
−reliability curve, one can distinguish between a change in reliability and precision

due to a change in the input vs frequency curve, and a change due to other causes. In
combination with the results from the previous section we can make a prediction for the
expected reliability:

reliability R = R(CVf
) ∗ CVf

(Idc,∆Idc, const,∆Idc, extra)

5.5.3 Calculating with distributions

The previous derivations were based on comparing two spike trains. However, in our sim-
ulations as well as in out experiments, we compare multiple spike trains. This means that
we present the neuron a distribution of stimuli, represented in this case by a distribution
of the mean input current Idc. This results in a distribution of reliability measure values.
How do these distributions relate, based on the calculations in the previous sections?

It can be shown [108] that for a function y = g(x) of a random variable x with probability
distribution Px(x), the probability distribution looks like

Py(y) =
Px(x1)
| g′(x1) |

+ · · ·+ Px(xn)
| g′(xn) |

+ . . . (5.18)

where xn is a root of y = g(x) and g′(x) is the derivative of g with respect to to x. In
the binned or discretized case, the factor 1

|g′(x)| takes into account the fact that with the
transformation the binwidths change, so that in order to keep

∑
y Py(y)∆y = 1, we need

to renormalize by ∆x
∆y ≈

1
|g′(x)| . This means that if we know the distribution of CVf

, and
the relation between CVf

and the reliability measure, we can calculate the distribution of
the reliability measure. For the Hunter and Milton measure, with the help of equation
5.17, we find

PRHM
(RHM ) =

1
kR2

HM

PCVf
(
1−RHM

kRHM
) (5.19)

where k is the fitted parameter. The coincidence factor as defined in equation (5.14) is
not differentiable at a− b

2CVf
= 0, and for a− b

2CVf
≤ 0 the equation Γ(CVf

) is constant.
Thus, equation (5.18) only partially applies: for 0 < Γ < gs(p)a

PΓ(Γ) =
2

bgs(p)
PCVf

(
2
b
(a− Γ

gs(p)
)) (5.20)
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Figure 5.14: Expected reliability for different input vs frequency functions. Top: Expected
shape of the coincidence factor and Hunter and Milton’s reliability measure as a function
of CVf

and the precision (binsize p for the coincidence factor, τHM for Hunter and Milton’s
measure) for (if applicable) f1 = 4.5 Hz, f2 = 5 Hz, p = 10 ms. For the coincidence factor
, gs(p) = 1 − exp(−p

3 ), a = 0.8, b = 1.1 was used. For the Hunter and Milton measure
b = 25 was used. Bottom: Expected shape of the coincidence factor and Hunter and
Milton’s reliability measure as a function of the input, for different increasing (left) and
decreasing (right) functions f(I), if one would pick two traces at I∗− 1

2∆I and I∗+ 1
2∆I,

with ∆I = 1.
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5.5. Expected shape of the reliability measures

At Γ = 0 there will be a discontinuity, because PΓ(Γ = 0) will be relatively high.
Also, there will be a discontinuity at Γ = gs(p)a), since P (Γ > gs(p)a) = 0, but
P (Γ = gs(p)a) 6= 0 (see figure 5.15).

In a first order approximation, it can be shown [108] that for a function g(x) of a (Gaussian
distributed) random variable x with probability distribution Px(x), mean µ and standard
deviation σ, so that

g(x) ' g(µ) + g′(µ)(x− µ)

that

E(g(x)) '
∫ −∞

∞
(g(µ) + g′(µ)(x− µ))Px(x)dx

= g(µ) + g′(µ)(
∫ −∞

∞
xPx(x)dx− µ)

= g(µ)

(5.21)

and

σ2(g(x)) '
∫ ∞

−∞
(g(µ) + g′(µ)(x− µ)− g(µ))2Px(x)dx

= g′(µ)2
∫ ∞

−∞
(x− µ)2Px(x)dx

= g′(µ)2σ2

(5.22)

This can also be shown as a series expansion of g around µ [108]:

g(x) = g(µ) + g′(µ)(x− µ) + g′′(µ)
(x− µ)2

2
+ ... + g(n)(µ)

(x− µ)n

n!
+ ...

From this it follows that in a second order approximation

E(g(x)) ' g(µ) + g′′(µ)
σ2

2

These results mean, that a distribution of injected stimuli P (Idc) results in a distribution
of output frequency values with mean

µf ' f(V (µIdc
)) +

d

dIdc
(

df

dµVm

|µVm=µVm (µIdc
)

dµVm

dIdc
|Idc=µIdc

)
σ2

Idc

2

= f(V (µIdc
)) +

df

dµVm

|µVm=µVm (µIdc
)

d2µVm

dI2
dc

|Idc=µIdc

σ2
Idc

2

(5.23)

and standard deviation

σ2
f ' (

df

dµVm

|µVm=µVm (µIdc
)

dµVm

dIdc
|Idc=µIdc

)2σ2
Idc

(5.24)
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Chapter 5. Reliability

Note that when µVm
(Idc) and/or f(µVm

) are nonlinear, P (f) will not be Gaussian. How-
ever, in the following we will use only the mean and the standard deviation and assume
the distribution is (approximately) Gaussian. To look at the reliability measures the
distribution over CVf

is needed. The step from the distribution of output frequencies
to the distribution of CVf

is less trivial. Suppose we draw from a Gaussian distribu-
tion of frequencies P (f), with mean µf and standard deviation σf , two frequencies: f1

and f2, and define the difference ∆f =| f1 − f2 | and the mean 〈f〉 = 1
2 (f1 + f2) as

before. The distribution of the mean frequency P (〈f〉) will be another Gaussian distribu-
tion with mean µ〈f〉 = µf and standard deviation σ〈f〉 = 1

2

√
2σf . Without the absolute

value, the difference distribution P (∆f) would also be a Gaussian distribution with mean
0 and standard deviation

√
2σf , but the absolute value makes the distribution to look

like only its positive half, twice as high, with mean µ∆f = 2σf√
π

and standard deviation

σ∆f = σf

√
2
π (π − 2). The distribution of CVf

is the distribution of the ratio the vari-
ables ∆f and 〈f〉. Even if both distributions were Gaussian, this ratio would not be easy
to define: if the distributions were not correlated and their means would not be equal
to zero, the ratio distribution would be a Cauchy distribution. With weak correlations
and nonzero means a Geary and Hinkley transformation [44] [56] [55] could have been
made, but this needs the coefficient of variation of P (〈f〉) to be small (< 0.39), which
we cannot assume. Finally, the way in which we compared traces (in groups of three,
since in the experiments there were three traces per neuron per condition. To make a fair
comparison, the traces of the simulations were also compared in groups of three), also
makes the analytical expression for the distribution of CVf

nontrivial. Since we cannot
calculate the distribution of CVf

analytically, we did a numerical simulation (figure 5.15):
for every value of µf , σf and the number of samples, we draw fifteen samples from a
normal distribution2. The distribution over CVf

depends on the amount of samples. In
figure 5.15 a few examples of how this distribution will look are shown for different values
of µf and σf . Note that if µf ≈ σf the distributions are slightly bimodal, whereas from
µf >≈ 3σf the distributions are more unimodal. A low µf with a high σf will result in
relatively many cases in which one of the two spike trains contains no spikes, which results
in CVf

= 2. Higher values of µf , or lower values of σf , will have almost no cases in which
one of the spike trains contains no spikes, so the peak at 2 will disappear. Figure 5.15
also shows that the mean of CVf

will decrease with increasing µf if we keep σf constant,
which we would expect based on figure 5.13. However, with an increasing mean input
vs frequency curve, σf will increase with µf , and it is the ratio between the two (so the
ratio between the value and the slope of the input vs frequency curve) that determines
the shape of the distribution.

We conclude that even if Idc follows a Gaussian distribution, CVf
and the reliability

will not be Gaussian. Therefore, in the paper we show a random draw from a distribution
of frequencies with mean and standard deviation calculated from the distribution of Idc

and the input vs frequency curve.

2NB If a draw was negative, it was put to zero. If for a realization CVf
was 0

0
, because both frequencies

vanished, this was not included in the mean distributions.
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P(CVf
) P(CVf

)

P(RHM)   RHM P(Γ)     Γ

CVf

Figure 5.15: Top: Examples of distributions of CVf
resulting from distributions

over f with different mean (left) or standard deviation (right). Like in the experi-
ments/simulations, 15 samples are used. Bottom: artist impression of how the distribu-
tions of the reliability measure would look based on the shape of the reliability-CVf

-curve
and the shape of the distribution of CVf

.
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Figure 5.16: Standard deviation of the membrane potential. Standard deviation of the
membrane potential of the simulations of the four models at βy = −10 (black dots) and
approximation by dVm(µI)inst

dµI
|µI=Idc

σI (grey dots).

5.5.4 A note on the standard deviation of the membrane poten-
tial distribution

Traditionally, in patch clamp experiments, to describe a neuron, one typically uses two
types of I − V curve, the steady-state and the instantaneous I − V curve using inputs
consisting of step protocols. The same holds true for the input vs frequency (I − f) re-
lation. However, in a noisy regime, the neuron is never in steady-state. Parallel to these
two types of I − V curve and following Badel et al. [5] 3, we define two types of I − V
curves in the noisy regime: the average I−V curve µVm(Idc) and the instantaneous I−V
curve Vm(µI)inst. The first is constructed by fitting the amplitude distributions of both
the input current and the membrane potential to a Gaussian distribution. Obviously, the
input current distribution is a Gaussian distribution, since we constructed it this way.
The membrane potential distribution, however, is not, since the membrane potential is
a highly nonlinear function of the input current: it looks like a subthreshold Gaussian
distribution with an extra tail representing spikes. Since the subthreshold part approxi-
mates a Gaussian, the membrane potential can be approximated by a linear function of
the input for small deviations and the nonlinearity is mainly in the spikes. We exclude

3Note that Badel et al. use the membrane current Im(t) = Iin(t) − Cm
dVm

dt
in their I − V curve,

whereas we use the input current Iin(t).
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5.5. Expected shape of the reliability measures

these from the Gaussian fit. The instantaneous I−V curve is constructed by using Badel
et al.’s method [5]: we binned the membrane potential in bins of 1 mV, and looked at
the mean input current in each bin. This instantaneous (I − V ) curve determines how
a neuron responds to a change in input current from the mean, and is therefore largely
responsible for the standard deviation of the membrane potential amplitude distribution
(see the previous section). This means that in a first order approximation

σVm
≈ dVm(µI)inst

dµI
|µI=Idc

σI

Indeed, in figure 5.16, one can see that the slope of the instantaneous I − V curve is a
good predictor for the standard deviation of the membrane potential (without spikes).
However, it is always slightly too high, since the instantaneous I − V curve becomes
steeper with increasing input current and less so for lower input currents. This means
that especially at higher mean input currents our estimate will always be slightly too high.

In figure 5.17 we show the average and instantaneous I − V curves for the experiments.
The instantaneous I − V curves show both a changing threshold and a shift on depolar-
ization, as in the Morris-Lecar model with a T-current and an h-current. The standard
deviation of the membrane potential can be reasonably explained by the slope of the
instantaneous I − V curve, but is slightly too high, since the point at which we fitted
(roughly where the instantaneous and the averageI − V curves cross) is also where they
have the highest slope, which will overestimate the standard deviation of the membrane
potential, as expected.

In summary, we defined two types of I − V curve for the noisy regime: the instanta-
neous I − V curve, that predicts the standard deviation of the membrane potential and
other characteristics of the neuron such as the spike-threshold (see figure 5.5.4) and the
average I − V curve that predicts together with the frequency-membrane potential curve
the normalized frequency difference CVf

en hence the reliability.

135



Chapter 5. Reliability

-400 -200 0 200
-100

-80

-60

-40

-20

0

average input current (pA)

av
er

ag
e 

V
m

 (
no

 s
pi

ke
s,

 m
V

)

 

 

-400 -200 0 200
0

5

10

15

20

average input current  (pA)

 
(V

m
) 

(n
o 

sp
ik

es
, m

V
)

 

 

data

fit 
Vm

 (I
dc

)


Vm

 (I
inst

)

Figure 5.17: I − V curves of thalamocortical relay cells. Average (dots and fitted line)
and instantaneous I − V curves, and the resulting standard deviation of the membrane
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Chapter 6. General conclusion and discussion

In this thesis, cells in two brain areas (chapters 2 and 3 are about inhibition in the CA3
of the hippocampus, and chapters 4 and 5 are about thalamocortical relay cells) were
investigated to answer the question how the biophysics of spike and burst generation
influences the coding properties. We chose these two types of cells, since they both show
bursting behaviour, but the mechanism behind the burst generation is very different,
which make them ideal candidates to answer the research question. We will argue here
that biophysics does influence coding. For instance, since bursts are long-lasting events,
that need a slow depolarization such as a dendritic calcium spike, they can only code
for low-frequency events in the input. Moreover, the way bursts are generated influence
what features in the input they respond to: the biggest difference between the inputs
needed for a burst or for a spike in the hippocampus is after the first spike of a burst,
whereas in thalamocortical relay cells it is in the time before the first spike. Finally, the
coding scheme a cell uses could also tell us something about the biophysics, as is shown in
chapter 5: a good rate coder will have another input-output curve from a good temporal
coder.

6.1 Inhibition in the hippocampus

Inhibition in the hippocampus, a brain area associated with the formation of memory
and with spatial navigation [73], has been investigated intensively, often in the con-
text of oscillations such as gamma oscillations (30-80 Hz), theta (4-10 Hz) oscillations
and ripples (100-200 Hz, see for instance [19], [80],[79], [138]). In chapters 2 and 3,
the effects of inhibition were investigated in a model of a hippocampal CA3 cell. In-
hibitory synapses have either an hyperpolarizing (Esyn < Eresting membrane) or a shunting
(Eresting membrane < Esyn < Ethreshold) [9] effect on postsynaptic neurons. Although these
two mechanisms can have quite different effects on the postsynaptic cell, it is generally
thought that their common feature is that they keep the postsynaptic membrane poten-
tial away from the spike-generating threshold. However, the results of hyperpolarizing
input can be quite different depending on the dynamics of the postsynaptic cell [67] and
in networks the effect of inhibition can be diverse, ranging from the stabilization of the
activity to the separation of cell assemblies and initiators of oscillations, depending on
their exact position in the network and connectivity (for an overview, see for instance
[72]). The work presented in this thesis added to these conclusions about inhibition. It
showed that the exact timing of inhibition is a determining factor in the effects it has on
the postsynaptic cell, especially in aborting bursts. Other parameters such as the reversal
potential, kinetics and location of the synapse (soma or dendrite) also contribute to this
effectiveness. Finally, feed-forward inhibition enriches the response of the microcircuit
much more than feedback inhibition.

6.1.1 Fast somatic and slow dendritic inhibition

In chapters 2 and 3, the effects of two types of inhibition, fast somatic inhibition and slow
dendritic inhibition, were investigated. Inhibition changes the behaviour of a pyramidal
CA3 cell from a slow bursting to a fast spiking regime. This regime change influences the
information transfer of the microcircuit: the features in the input the cell is sensitive to
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6.1. Inhibition in the hippocampus

change with the regime. Fast somatic inhibition is less effective in bringing about this
regime change than slow dendritic inhibition. The differentiation between fast somatic and
slow dendritic inhibition was based on the following research. Pearce [109] and Banks et
al. [6] showed that GABAA mediated IPSCs onto CA1 pyramidal neurons have two com-
ponents that can be differentiated anatomically, pharmacologically, physiologically and
functionally. The first component shows fast decay (∼ 9ms) and is spatially restricted
to the cell body, whereas the second shows slow decay (∼ 50ms) and is restricted to the
dendrites. Miles et al. [98] show that in CA3 there are two distinct groups of interneu-
rons: those that contact pyramidal cells perisomatically and those that make contacts
in dendrites. The first group can suppress sodium-dependent action potentials, whereas
the second type can suppress calcium-dependent spikes. Moreover, the IPSPs from the
first group have faster kinetics than those of the second group. Together these results
point into the direction of the existence of two functionally different types of inhibition:
inhibition with fast kinetics that projects to the soma, and inhibition with slow kinetics
that projects to the dendrites. Banks et al. [7] show that in CA1 the interneurons with
slow GABA-synapses (GABAslow) do not only inhibit pyramidal cells, but also inhibit
the interneurons with fast GABA-synapses (GABAfast), thereby establishing interactions
between the two groups. They claim that such an interaction can contribute both to
gamma and to theta rhythms. White et al. [158] use this connection to demonstrate
in a computational study that such a network including fast and slow GABA interneu-
rons, can autonomously create a nested theta-gamma rhythm, as long as the connections
within populations of the same types of interneurons are strong, the connections between
the populations are weaker and the input drive is tuned. Moreover, such a network can
amplify and synchronize phase-dispersed periodic input signals. Altogether, these results
suggest that in the hippocampus inhibition with fast GABA kinetics and inhibition with
slow GABA kinetics exists, and that these two types of inhibition can interact.

In chapters 2 and 3, it was shown that the effects of these two types of inhibition, fast
somatic inhibition and slow dendritic inhibition, change the information transfer of pyra-
midal single spikes and bursts. Booth and Bose [14] showed, using the same pyramidal
cell model of Pinsky and Rinzel [110], that the timing inhibition is crucial: feedback
inhibition arriving before a burst can delay it, but if it arrives during the burst it can
cause a phase advance, which can result in a switch from a slow bursting to a fast spiking
regime [15]. They used hyperpolarizing dendritic synapses with fast kinetics. In chapters
2 and 3, it was found that also with noisy input, inhibition can change the firing of the
pyramidal cell from a slow bursting to a fast spiking regime: every type of inhibition,
slow dendritic inhibition or fast somatic, feed-forward or feedback, shunting or hyperpo-
larizing, always reduced the burst rate. However, what happens to the spike rate was less
uniform. Whereas slow dendritic inhibition mostly increased the spike rate, fast somatic
inhibition was not always capable of doing this. Moreover, slow dendritic inhibition was
more effective at both reducing the burst rate and increasing the spike rate. This can
be explained by the mechanism of the regime changes: well-timed inhibition can prevent
the dendrite from developing the calcium-spike that causes the burst. This calcium spike
would otherwise have activated the slow AHP current which makes the refractory period
of the pyramidal cell longer after a burst than after a spike. However, this effect can only
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occur when the inhibition reaches the dendrite within a short time-window after the first
spike, when the burst can still be prevented. A somatic IPSC will have to travel to the
dendrite first, which will delay and attenuate it and therefore make it less effective. So
the biophysics of the inhibition determine the information transfer of spikes and bursts
in the pyramidal cell.

The conclusion that inhibition can increase the activity of a pyramidal neuron seems
contradictory, but has been shown before. Cossart et al. [24] showed that the loss of
slow feedback O-LM interneurons in temporal lobe epilepsy results in decreased inhibi-
tion in pyramidal cell dendrites, but increased inhibition around the soma. This increased
somatic inhibition is the result of hyperactivity of somatic projecting interneurons. To-
gether these alterations could also lead to epileptiform activity. Wendling et al. [157]
showed a similar result in a macroscopic model including fast somatic and slow dendritic
inhibition. They report that the loss of slow inhibition results in an increase of fast IPSPs,
which then leads to increased activity of the pyramidal cells.

In chapters 2 and 3, not only the change from a bursting to a spiking regime was in-
vestigated, but also how inhibition changes the filtering properties of a microcircuit, i.e.
how inhibition influences the features in the input a pyramidal cell responds to. It was
found that bursts and spikes are filtered separately, where bursts are sensitive to other
input features than single spikes: bursts need a depolarizing input that lasts until after
the first spike of a burst, whereas single spikes need hyperpolarizing input right after
the spike to prevent a burst from developing. With increasing strength of the inhibitory
synapse, spikes are favoured over bursts and more excitation precisely timed around the
(first) spike is needed for a burst, whereas excitation before an event more easily leads to
a spike. These effects are similar for fast somatic inhibition and slow dendritic inhibition,
but again the effects are stronger for slow dendritic inhibition.

6.1.2 Feedback and feed-forward inhibition

In chapters 2 and 3, inhibition in both a feedback and a feed-forward construction was
investigated. Feedback inhibition is more effective in decreasing the burst rate and in-
creasing the single spike rate, i.e. in making the change from the bursting regime to the
spiking regime. This makes sense intuitively, since in a feedback loop the interneuron is
rather passive: it can only follow the excitatory pyramidal cell, and can therefore always
give a synaptic event at exactly the right time to prevent a burst. With feed-forward in-
hibition the interneuron plays a more independent role, filtering the input and ‘deciding’
whether to inhibit the pyramidal cell or not, and regulate its level of activity (firing rate)
independently of the pyramidal cell. This extra degree of freedom makes the behaviour
of the microcircuit very versatile: regulating the burst rate and the spike rate almost
independently. Feed-forward inhibition can make the timescale of interactions between
output spikes and bursts much longer. This can be seen when the neuron is viewed as
a filtering device: the features in the input the microcircuit responds to are extended
over a longer time-span. So adding feed-forward inhibition to a pyramidal cell makes the
filtering of the microcircuit more complex. This effect is stronger for feed-forward than
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for feedback inhibition.

Feedback and feed-forward inhibitory loops are the most basic building blocks of networks
including interneurons. Feedback inhibition, in which an excitatory neuron inhibits itself
through an interneuron, results mainly in regulatory effects, in which the excitatory neu-
ron can stabilize or stop its own activity [72], [100] or can result in oscillations between
the excitatory and inhibitory cell [162]. Feed-forward inhibition, in which an excitatory
input works on both an excitatory neuron and on an interneuron that inhibits the ex-
citatory neuron, is generally thought to dampen the output and results in a stronger
signal at the beginning than at the end of a stimulus: the pyramidal neuron can only
spike at full strength before the interneuron kicks in. This increases the precision of firing
by decreasing the temporal window [72],[100], [113]. We explicitly tested the claim that
feed-forward inhibition makes the output of a pyramidal cell more reliable in chapter 3.
Feed-forward inhibition activates the pyramidal cell earlier in time; the output becomes
more precise when all events or single spikes only are taken into account, but not if the
analysis is restricted to bursts. Combinations of these two types of inhibition lead to
more complex behaviour of the net [72]. Several experimental observations suggest that
both these types of inhibition exist in the CA1 of the hippocampus. Wierenga and Wad-
man [160] stimulated the Shaffer-Commissural pathways in the hippocampus of rats and
measured the synaptic input to different interneurons in CA1 after the local circuit was
activated. They found that there where two groups of synaptic input onto the interneu-
rons: a short-latency monosynaptic input, that occurred before the population spike,
and a long-latency disynaptic input, that occurred after and only if there was a popu-
lation spike. They concluded that the first group interneurons probably receives direct
input, and therefore gives feed-forward inhibition, whereas the second group interneurons
probably receives input form the activated pyramidal cells, and therefore gives feedback
inhibition. In a different work, the same authors showed that these feed-forward and
feedback loops might be sensitive to different frequencies in the input [159].

Elfant et al. [40] stimulated the hippocampal CA1 of rats by direct input from the
enthorinal cortex. They found an inhibitory connection between feedback interneurons
in the stratum oriens (SO, OLM-cells) and feed-forward interneurons in the stratum la-
cunosum moleculare (SLM, different types of cells). This implies separate feed-forward
and feedback loops in the CA1 of the hippocampus, which in addition can influence each
other. More precisely, if the feedback loop becomes more active, it inhibits the feed-
forward loop, thereby shifting the balance between feed-forward and feedback inhibition.
To investigate the effects of these two interacting loops, we incorporated both loops in a
more extended network. Preliminary results (not shown in this thesis) showed that in a
network with separate feedback and feed-forward inhibitory loops that inhibit each-other,
the two loops can synchronize, since the interneurons will not inhibit each-other if they
spike at exactly the same time (this ‘window of opportunity’ will of course depend on
many factors such as synaptic kinetics, delays). Once the feed-forward and the feedback
loops are synchronized, their effects will be indistinguishable.

We conclude that feedback inhibition is more effective in making the transition between
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the bursting and the spiking regime in pyramidal cells, since it gives its input always at the
right time, but feed-forward inhibition is more versatile, and can make the computation
in a microcircuit much more complex.

6.1.3 Timing is everything: delays, short-term plasticity and in-
put correlations

In the previous two paragraphs, we discussed the relevance of exact timing of inhibition.
Well-timed inhibition prevents a burst by changing it into a spike or completely inhibiting
any output event. Thereby it reduces the potassium currents that determine the refrac-
tory period, which enhances event-generation shortly after the inhibition. The different
effects of feed-forward and feedback inhibition and of fast somatic and slow dendritic inhi-
bition depend at least partially on timing. Delays in the system and short-term plasticity
play an important role, since these can change the timing of inhibition.

In the models presented in chapters 2 and 3, the effects of timing were tested by in-
cluding different mechanisms. In both the feedback and the feed-forward models, delays
were included in the synapses to look at the effects of delaying the inhibitory input to
the pyramidal cell. The major effect of delays in these microcircuits is that they made
inhibition less effective in making the change from the bursting to the spiking regime,
since the inhibition simply arrives to late to do so, both in the feedback and in the feed-
forward setup, and both with slow dendritic and fast somatic inhibition. The hypothesis
that the timing of inhibition is crucial was also tested in the feed-forward model, by us-
ing input to the interneuron that was anti-correlated or uncorrelated. In these cases the
neuron could hardly make the change from the bursting to the spiking regime, and the
change in output reliability that normally comes with the regime change was not observed.

In the feedback model, short-term plasticity was included to assess the results of Pouille
and Scanziani [114]. They found that interneurons which respond to spike trains of ten
stimuli to the alveus can be divided into two classes: interneurons in CA1 of which the
probability of spike generation is highest at the onset of the train and rapidly falls with
subsequent stimuli (onset transient interneurons) and interneurons in CA1 of which the
probability of spike generation after the first stimulus is low and increases to a plateau
between the third and tenth stimulus (late persistent interneurons). They claim that this
is the effect of four interplaying properties. Firstly, for the late-persistent neurons, the de-
cay time of EPSCs is longer and secondly, their membrane time-constant is larger than for
onset-transient neurons, resulting in stronger summation for the late-persistent neurons.
Thirdly, the amplitude of the EPSCs show facilitation for late-persistent neurons, but
depression for onset-transient ones. Finally, disynaptic IPSCs show depression, resulting
in strong inhibition at the beginning of the spike train. This explains the transience of the
onset-transient neurons, and the late response of the late-persistent neurons. The onset
transient neurons project to the pyramidal cell layer (around the soma), whereas the late
persistent interneurons project to more distant dendritic layers. If one assumes that the
onset-transient neurons cause the fast somatic inhibition discussed before, and the late-
persistent interneurons the slow dendritic inhibition, this adds an extra dimension to the
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complexity of this system with respect to how these loops get activated. Moreover, the
result that disynaptic IPSCs show depression, might mean that their is a ‘back-synapse’
from the fast to the slow feedback loop as well.

In the feedback model, short-term plasticity was included to test how the results of
Pouille and Scanziani [114] influence the circuit. Short-term depression was included
in the synapse between the pyramidal cell and the fast-loop interneuron, and facilitation
was included in the synapse between the pyramidal cell and the slow-loop interneuron.
The time constants of this short-term plasticity relative to the activity of the presynaptic
neuron turned out to be crucial: for instance, if the recovery time constant of depres-
sion is much smaller than the mean inter-event interval, most synapses will recover from
depression before the next event, and depression does not play a role. If the recovery
time constant is much larger than the mean inter-event interval, most synapses will be
depressed during baseline activity and they will no longer contribute. A similar argument
holds for short-term facilitation. This means that short-term plasticity could be used to
selectively turn on or off groups of (inter)neurons during different activity patterns of the
network. However, without knowing the baseline activity of the network, is is hard to
judge what the specific role of short-term plasticity is and vice versa. Moreover, a wide
range of time constants of short-term plasticity has been found: recovery from depression
time constants range from a few to hundreds of milliseconds in hippocampal pyramidal
to interneuron synapses [89], [114], [159], and even hundreds of milliseconds to tens of
seconds in the cortical pyramidal to interneuron synapses [43], [147], [151], and a similar
range has been found for facilitation [89],[114], [151], [159]. We conclude that short-term
plasticity is only functional when the recovery time constant is in the same time range as
the mean inter-event interval.

6.1.4 Conclusion

We conclude that inhibition can switch the output of a pyramidal CA3 cell from a slow
bursting to a fast spiking regime. With this regime change comes a change in many
properties, such as the reliability of the output and the features in the input the mi-
crocircuit responds to. The timing of inhibition is crucial for this regime change: slow
dendritic feedback inhibition is the most effective while any factor (e.g. the location of
the projection, delays, short-term plasticity, the exact spike timing of the interneuron)
that changes the timing of inhibition reduces the efficiency. Feed-forward inhibition has
a richer repertoire in shaping the microcircuits output than feedback inhibition.

6.2 Bursting and spiking in thalamocortical relay cells

The thalamus is a midbrain structure that is involved in amongst others controlling the
flow of sensory information to the cortex, and thereby in sensory processing, movement
and attention, and in cycles of sleep and wakefulness [73], [134]. The thalamus consists
amongst others of excitatory relay (TCR) cells, on which this thesis was focused, and
of inhibitory reticular cells. A thalamocortical relay cell may receive excitatory input
from the cortex and inhibitory input from the reticular part of the thalamus or from the
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basal ganglia. The basal ganglia are another versatile brain area involved in amongst
others action selection and reinforcement learning, and known for its role in Parkinson’s
disease [73], [120]. Like hippocampal pyramidal CA3 cells, thalamocortical relay cells
show bursting behaviour. However, the bursting mechanism of thalamocortical relay
cells is quite different from that of hippocampal CA3 cells. Even though both are a
consequence of a slow calcium spike, the kinetics of the calcium currents underlying these
spikes are very different. In the pyramidal cells the bursts are caused by a combination
of a high-threshold non-inactivating calcium current and a ‘ping-pong effect’ between the
soma and the dendrite due to back-propagating action potentials (see for instance [23]
for an overview). In thalamocortical relay cells the bursts are caused by an inactivating
low-threshold calcium current (T-current), that can only recover from inactivation by a
period of hyperpolarization. The difference in mechanism explains why the behaviour of
thalamocortical relay cells is quite different from the behaviour of pyramidal CA3 cells. In
chapters 4 and 5 of this thesis, we investigate the properties of bursting thalamocortical
relay cells.

6.2.1 Regime changes

The burst mode of firing in thalamocortical relay cells is associated with slow-wave sleep
and occurs during pathological conditions [140]. The original hypothesis was that the
burst mode prevents the correct relay function. Later research indicated that burst firing
in these cells does not exclude effective relay properties in awake animals ([121], for a
review see [133]). Theories about the function of bursts in this system were summarized
in chapter 1. In chapter 4, we investigated what bursts and single spikes can tell us about
the input to the TCR neuron. We looked at how this code depends on the background
or regime the neuron is in.

In chapters 4 and 5, we show that depolarization moves the neuron from a bursting
to a spiking regime. In between the neuron is in a mixed regime, in which it responds
to input with both single spikes and bursts. This mixing of the two regimes was demon-
strated before [163]. In chapter 4, it is shown that in a mixed regime, spikes transfer
different information than bursts: they phase-lock to and transfer information at higher
frequency and they are more selective for fluctuations than bursts. In addition, a single
spike contains less information than a burst, but especially in the spiking regime there
are many more of them, so they do carry the bulk of the information in the spike train.
Bursts on the other hand are highly informative but rare, especially in the spiking regime.
They can only phase-lock to and transmit information at low frequency, and are especially
in the bursting regime more a response to integration than to fluctuations.

The neural code changes with the mean of the input. On depolarization, the neuron
shifts from a bursting to a spiking regime, in which it responds earlier in time and more
reliable. The features in the input it is sensitive to show that it responds more to fluc-
tuations and less to integration. Because of the transfer from bursting to spiking, it is
capable of responding to higher frequencies and shows a more broadband phase-locking
and information transfer, and the impedance of the subthreshold membrane potential is
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higher at higher frequencies at a more depolarized membrane potential.

Even in the spiking regime the information transfer of these neurons depends mainly
on the power of the input signal in a frequency band up to about 50 Hz. TCR neurons
are not capable of transferring information at frequencies higher than 50− 100 Hz. This
explains the result that when the high frequencies in the input are not filtered out, we
need a higher total power to let the neuron respond at all. Bursts transmit information in
a lower frequency band than spikes. In agreement with this, Lesica and Stanley [86] claim
that white noise causes less bursts than pink noise, in which frequencies decay according
to a power-law. So it seems that TCR neurons can only respond if there is enough power
in the low frequency band of the input, and that more power in the lowest bands promotes
bursting.

The finding that bursts are rare but highly informative is in agreement with a ‘feature
detection’ [22], [86], [104]) or ‘wake-up call’ role [133] for bursts. Reinagel et al. [121]
found that bursts and spikes code for similar information. However, since they used vi-
sual stimuli with a cutoff frequency of about 16 Hz, they could never see the difference of
high-frequency phase-locking and information transfer we did, a limitation they mention
in their discussion. In vivo, cortical neurons are assumed to be in a high-conductance
state: a state in which they receive a bombardment of synaptic input, which strongly
increases the membrane conductance (and therefore reduces the membrane integration
time-constant), and causes membrane potential fluctuations of about 2− 6 mV [35]. Our
model neuron hardly bursts in a simulated high-conductance state, which is in agreement
with the findings of Swadlow and Gusev [141]. They measured the response of the neo-
cortex to thalamic bursts in awake rabbits, and found that the neocortex is powerfully
activated by bursts. However, the burst rate of the thalamus never exceeded 0.5 Hz. This
suggests a ‘rare but highly informative’ role of bursts in the high-conductance state. We
hypothesize that the T-current is overpowered by synaptic inputs.

6.2.2 Conclusion

Like in the case of the hippocampus, we found a regime change in these thalamocorti-
cal relay cells, in which cells go from a slow bursting to a fast spiking regime. Like in
the hippocampal case this regime switch changes the information transfer of these cells.
However, this regime change is caused by a different aspect of the input: where in the
hippocampus the regime change is triggered by well-timed dendritic inhibition, the regime
change in TCR cells is very sensitive to the mean membrane potential, since thalamo-
cortical relay cells need to be hyperpolarized to make a burst, which is not the case for
hippocampal pyramidal cells. We did not test what inhibition timed exactly around the
initiation of a burst would do in thalamocortical relay cells, whether this could have a
similar effect as in the hippocampal case. This could be an interesting question for future
research. Secondly, the analysis of the TCR cells has shown us what the neuron responds
to in different regimes. In future research one could make ‘optimal stimuli’ to make the
neuron respond in specific ways, for instance to make the neuron burst only or spike only.
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6.3 Final remarks

In this thesis, we investigated how biophysical properties of neurons determine the code
the neuron uses. We showed that the biophysical properties influence the coding of a
cell: the biophysical mechanism underlying bursts influences what these bursts code for.
Firstly, bursts are relatively slow events compared to single spikes. They span more time,
and are associated with a longer refractory period in both systems we investigated. This
limits the frequency band in the input they can code for. Another correspondence be-
tween the two systems is that when a cell can make bursts, this seems to influence the
‘meaning’ of a single spike too: the occurrence of a single spike is also the absence of a
burst. Therefore, the occurrence of a single spikes gives information about the stimulus
around this spike: not only about the input leading up to it, but also about the input in
a short period after a the single spike. The fact that a single spike was fired and not a
burst means that also just after the spike the input was unfitting for a burst to develop.
Finally, in both cases bursts and single spikes give similar, but not the same information
about the stimulus within a single spike train. So the ‘burst code’ and the ‘spike code’
can be seen as a parallel code.

The different biophysical mechanisms that are responsible for burst initiation in the two
systems investigated, influence the input features that a burst or single spike are sensitive
to. Firstly, both pyramidal cells and TCR cells can show a regime change between a
slow bursting and a fast spiking regime. But these regime changes are brought about by
different mechanisms: in a TCR neuron, a change in the mean of the input triggers the
regime change, whereas it does not in the pyramidal cells, that need well-timed inhibition.
Secondly, the differentiation between a spike and a burst in a hippocampal pyramidal cell
seems not to be in the input leading up to the spike or burst, but in the input after
the (first) spike, where further depolarization results in the development of a burst, but
hyperpolarization results in the abortion of a burst, so a single spike. Inhibition can take
over this role of hyperpolarization, which in the case of feed-forward inhibition means
that the input leading up to the spike has to be just right to activate the pyramidal cell
and the interneuron, so that the interneuron sends its synaptic input at the right time to
prevent a spike. Similarly, the input leading up to a burst has to activate the pyramidal
cell, but not the interneuron (or at least make the interneuron spike too late or too early).
In a TCR cell, the decision between a burst or a spike is made before the event, where
stronger hyperpolarizing input will result in a burst, since this activates the T-current,
and less hyperpolarizing input results in a single spike. But also here the input after the
(first) spike does have an influence, as can be seen in the STA for bursts: it shows a longer
depolarizing input than for spikes.

An reverse deduction in relation to biophysics and coding can also be made: if we assume
a neuron uses a certain code, this would mean that it also should have certain biophysical
properties. In chapter 5, we showed that the reliability of the output of a neuron decreases
with a steeper input-output curve. This shows that there is a tradeoff between reliability
and sensitivity: the steeper the input-output curve of a neuron, the lower in general its
reliability will be, but the more sensitive it is to changes in the mean input. So a neuron
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with a steep input-output curve can be a good ‘rate coder’. A more or less constant
input-output curve can have a high reliability. It will not be able to signal any change
in the mean of the input in its output frequency, but it can signal other characteristics
of the input in the timing of the output spikes. So this might be an ideal situation for a
neuron that shows ‘temporal coding’. Therefore, the steepness of the input-output curve
might be a telltale of the type of coding a neuron is doing.

The conclusions discussed here are conclusions for single cells and small microcircuits.
The influence of network activity was incorporated in a simplified way in all the models
and experiments discussed here. This makes it necessary for the conclusions to be ex-
tended to models or experiments where these microcircuits are embedded in larger, more
elaborate networks. However, since timing is so important, but many time-constants,
delays and other important parameters about for instance the heterogeneity of cells in
the network are not known, it is almost impossible to construct these networks in a non-
trivial way. Therefore, it is hard to make predictions, as was concluded from both a more
extended feedback model in chapter 2 and a more extended model including both feed-
back and feed-forward inhibition as discussed in section 6.1.2. The results we found in the
microcircuits are valid, but it remains to be seen what emergent properties could arise
in larger networks. It is important that experimental values are obtained and included
in models like this for all aspects influencing timing, such as delays and short-term plas-
ticity, but also the filtering properties (and therefore their spiketimes and the correlation
of these spiketimes with the neurons they project to) of different types of neurons in the
network considered.

147



Chapter 6. General conclusion and discussion

148



Appendix A

Parameters and equations of
the models



Appendix A. Parameters and equations of the models

A.1 Hippocampal model

A.1.1 Pyramidal cell

The pyramidal cell model by Pinsky and Rinzel[110] consists of two coupled compart-
ments: a soma-like compartment with membrane potential vs and a dendrite-like com-
partment with membrane potential vd. The two are electrically coupled through a con-
ductance gc.

Cmv̇s =− IL,s − INa − IK-DR +
gc

p
(vd − vs)

+
Is

p
− Isyn,s

Cmv̇d =− IL,d − ICa − IK-AHP − IK-C

+
gc

1− p
(vs − vd) +

Id

1− p
− Isyn,d

(A.1)

The somatic compartment contains a leak (IL,s), a sodium (INa) and a delayed-rectifier
potassium (IK-DR) current and can therefore generate spikes.

IL,s = gL(vs − vL)

INa =gNam
2
∞(vs)h(vs − vNa)

IK-DR =gK-DRn(vs − vK)

The dendritic compartment contains besides the leak current (IL,d) slower currents: a
calcium current (ICa), an afterhyperpolarization current (IK-AHP) and a calcium-induced
potassium current (IK-C), and can therefore generate slower calcium-spikes, on top of
which somatic spikes ride during a burst.

IL,d =gL(vd − vL)

ICa =gCas
2(vd − vCa)

IK-AHP =gK-AHPq(vd − vK)
IK-C =gK-Ccχ(Ca)(vd − vK)

The calcium concentration is modelled as

Ċa = −0.13ICa − 0.075Ca

The kinetics of the gating variables look like

ẋ =
x∞(u)− x

tx(u)
, x ∈ {h, n, s, c, q}, u ∈ {vs, vd,Ca}

χ(Ca) = min((Ca/250), 1)
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A.1. Hippocampal model

parameter value parameter value
vL −60mV gL,s = gL,d 0.1
vNa 60mV gNa 30
vCa 80mV gCa 10
vK −75mV gK-DR 15
gc 2.1 gK-AHP 0.8
Cm 3 gK-C 15
p 0.5

Table A.1: Parameters used in the pyramidal cell model

The rate equations are given in the following equation:

x∞ =
αx

αx + βx

τx =
1

αx + βx

αm =
0.32(−46.9− vs)

exp((−46.9− vs)/4)− 1

βm =
0.28(vs + 19.9)

exp((vs + 19.9)/5)− 1

αn =
0.016(−24.9− vs)

exp((−24.9− vs)/5)− 1
βn = 0.25 exp(−1− 0.025vs)
αh = 0.128 exp((−43− vs)/18)

βh =
4

1 + exp((−20− vs)/5)

αs =
1.6

1 + exp(−0.072(vd − 5))

βs =
0.02(vd + 8.9)

exp((vd + 8.9)/5)− 1

αc =

{
exp((vd+50)/11−(−53.3−vd)/27)

18.975 if vd ≤ −10
2 exp((−53.3− vd)/27) if vd > −10

βc =

{
2 exp((−53.3− vd)/27)− αc if vd ≤ −10
0 if vd > −10

αq = min(0.00002Ca, 0.01)
βq = 0.001

(A.2)

The parameters used for the pyramidal cell are given in table A.1.
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parameter value parameter value
vL,i −65mV gL,i 0.1
vNa,i 55mV gNa,i 35
vK,i −90mV gK,i 9
φh 5 φn 1
Cm,i 1

Table A.2: Parameters used in the interneuron model

A.1.2 Interneuron

The interneuron by [156] consists of a single compartment with membrane potential vi.
It contains a leak (IL,i), sodium (INa,i) and delayed-rectifier potassium (IK,i) current.

Cm,iv̇i = −IL,i − INa,i − IK,i − Isyn,i + Ii

IL,i = gL,i(vi − vL,i)

INa,i = gNa,im
3
i,∞(vi)h(vi − vNa,i)

IK,i = gK,in
4
i (vi − vK,i)

ẋ = φx(αx(1− x)− βxx), x ∈ {hi, ni}

(A.3)

The kinetics of the gating variables look like

αmi
=

−0.1(vi + 35)
exp(−0.1(vi + 35))− 1

βmi = 4 exp(−(vi + 60)/18)

αni
=

−0.01(vi + 34)
exp(−0.1(vi + 34))− 1

βni
= 0.125 exp(−(vi + 44)/80)

αhi
= 0.07 exp(−(vi + 58)/20)

βhi
=

1
1 + exp(−0.1(vi + 28))

(A.4)

The parameters used for the pyramidal cell are given in table A.2.

A.1.3 Synapses

All synapses will be modelled as in

Isyn = gsynpf,dssyn(vpost − vsyn)
ṡsyn = αsyn(1− ssyn)F (vpre(t− τd), θsyn, σsyn)− βsynssyn

(A.5)

In which F (x, θ, σ) is a sigmoid or softmax function F (x) = 1/(1 + exp(−(x − θ)/σ)),
αsyn and βsyn are the rise and decay rates (the inverse of the rise and decay times)
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parameter value parameter value
vsyn,d,s −62mV vsyn,i 0mV
σsyn,d,s 1 σsyn,i 1
vsyn,ii −62mV or vsyn,ii −80mV
θsyn,d,s 0mV θsyn,i −40mV
θf −30mV σf 1
θd 0mV σd 1

Table A.3: Parameters used for the synapses, where syn, i denotes the excitatory synapse
onto the interneuron, syn, d, s denotes the inhibitory synapse onto the somatic and den-
dritic compartment of the pyramidal cell, syn, ii denotes the inhibitory interneuron-
interneuron synapse and f, d denotes facilitation or depression.

of the synapse, τd is the delay time of the synapse, vpre is the membrane potential of
the presynaptic neuron and vpost is the membrane potential of the postsynaptic neuron.
Short-term plasticity is modelled through variable pf,d, which obeys

ṗf = αfF (vpre(t− τd), θf , σf )(1− pf )− βfpf (A.6)

for facilitation and

ṗd = αd(1− pd)− βdF (vpre(t− τd), θd, σd)pd (A.7)

for depression. Similar as in the previous equations, in these equations αf and βf denote
the rise and recovery rates (the inverse of the rise and recovery times) for facilitation and
αd and βd denote the recovery and decay rates (the inverse of the recovery and decay
times) for depression. The parameter τd is the synaptic delay and the function F (x) is a
sigmoid. If no short-term plasticity is included, pf,d is simply set to 1.

The parameters used for the synapses are given in table A.3.

A.2 Thalamocortical relay cell model

The 3-compartment model of Destexhe et al. [33] was used as it covers the basic properties
of the TCR cell, such as a shift from a bursting to a spiking regime and earlier spiking with
depolarization. It is a reduction to three compartments (soma, basal dendrite and distal
dendrite) of a multi-compartment model of a rat dissociated thalamocortical relay cell.
The soma contains sodium current, potassium current, leak current and T-type calcium
current, whereas the dendrites only contain leak current and T-type calcium current. All
compartments contain calcium accumulation. The currents we added are the h-current
Ih (ḡh = 0.00013 Ω/cm2) as used in [31]; [32], which is a kinetic model of the h-current,
a high-threshold calcium current IL (p̄L = 0.00005 cm/s) and a calcium-activated potas-
sium current IKC (ḡL = 0.001 Ω/cm2 ), the last two written by Arthur Houweling after
the book Electrophysiology of the Neuron [63]. All can be found on the ModelDB (acces-
sion numbers 279, 3343 and 3808). The model was implemented in Neuron [21] with a
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time step of 0.1 ms.

A model of the high-conductance state was implemented following [34]: a membrane
current consisting of independently fluctuating passive inhibitory and excitatory conduc-
tances was added to the membrane of the soma.

Ifluct = ge(Vm − Ee) + gi(Vm − Ei)
dge

dt
=
−(ge − ge0)

τe
+ χ1(t)

√
De

dgi

dt
=
−(gi − gi0)

τi
+ χ2(t)

√
Di

(A.8)

where Ee = 0 mV and Ei = −80 mV are the reversal potentials of the inhibitory and
excitatory channels and χ(t) is Gaussian white noise with parameters D = 2σ2/τ , σe =
0.0030µΩ−1, σi = 0.0066µΩ−1, τe = 2.728 ms and τi = 10.49 ms. In order repeat
the previous experiments, the average membrane potential was varied by adjusting the
relative excitatory and inhibitory conductance,ge0 and gi0, but the total conductance
was gtot = ge0 + gi0 kept constant at 0.07µΩ−1. In simulations with this fluctuating
conductance, a constant DC current of −275 pA was injected to keep the membrane
potential around −60 mV ar rest. The fluctuating background conductance was not
strong enough to make the model neuron spike. Therefore, an exponential synapse (τ = 3
ms, weigth= 0.1µΩ−1, reversal potential 0 mV) was added to the basal dendrite, which
received a Poisson spike train with a mean inter-spike interval of 100 ms (‘Randomstream’
template, [17]; [154], modeldB entry 83319).

A.3 Morris-Lecar model

The Morris-Lecar model [101], [126] was implemented as by Prescott et al. [115], [117],
with an added T-current [128], h-current [67] or adaptation current [115]. The equation
for the membrane potential is

dV

dt
= (Idc + AIfrozen(t) + Idcnoise + ξ(t)− INa − IK − IL − IT − Ih − Iadap)/c (A.9)

Where Idc is the dc-current injected to keep the neuron at a membrane state, Ifrozen(t)
is the same frozen noise input as used in the experiments, but with an adjusted ampli-
tude amplitude A. Parameter Idcnoise mimics the variation of dc-current between the
experiments and is chosen from a normal distribution for every experiment. Parameter
ξ represents white noise, its value is drawn every time-step from a normal distribution.
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The other currents are given by

INa = gNam∞(V )(V − VNa)
IK = gKy(V − VK)
IL = gL(V − VL)

IT = ḡT mT∞
2hT (V − VT )

Ih = ghkh(V − Vh)
Iadap = gadapz(V − VK)

(A.10)

The differential equations for the currents follow

dy

dt
= φy

y∞(V )− y

τy(V )
dhT

dt
= qhT

hT∞(V )− hT

τhT
(V )

dkh

dt
=

kh∞(V )− kh

τkh
(V )

dz

dt
= αz ∗ (z∞(V )− z)

(A.11)

with and parameters as in table A.4. with

m∞(V ) =
1
2
(1 + tanh(

V − βm)
γm

))

y∞(V ) =
1
2
(1 + tanh(

V − βy

γy
))

τy(V ) =
1

cosh((V − βy)/(2γy))

mT∞(V ) =
1

1 + exp(−(V + 60)/6.2
)

hT∞(V ) =
1

1 + exp((V + 84)/4)

τhT
(V ) = 28 + exp(

V + 25
−10.5

)

kh∞(V ) =
1

(1 + exp((Vk 1
2
− V )/k)

τkh
(V ) = Cbase + Camp exp(−(Vmax − V )2/σ2

kh
)

z∞(V ) =
1

(1 + exp((βz − V )/γz)

(A.12)

and parameters as in table A.4. This model was implemented in Bard Ermentrout’s XPP
with an Euler method with a time step 0.1 ms.
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parameter value parameter value
gNa 20 VNa 50 mV
gK 20 VK −100 mV
gL 2 VL −7 mV
ḡT 20 or 0 VT 0 mV
gh 1.5 or 0 Vh −30 mV
k −9 Vk 1

2
−82 mV

gadap 2 or 40 or 0 αz 0.005 or 0.08
γz 5 or 17 βz 0 or −43 mV
γm 18 βm −1.2 mV
γy 10 βy varies between −25 and 0 mV
Camp 50 Cbase 10
qhT

2.5 Vmax −75 mV
A 20 or 15 σξ 0.4 or 0.3
σkh

20 σdcnoise 10 or 7.5
φy 0.15

Table A.4: Parameter values for the Morris-Lecar model
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Appendix B. Covariance analysis

Event-triggered covariance analysis (ETC) was used to analyze what features different
cells, in models and experiments, extract from the input [3],[16],[28]. To that aim the
input current s(t) is sampled in a time-window before and after the independent event
time tn (burst or spike). An event was considered independent if the ISI was in the
exponential part of the ISI histogram (see for instance figure 4.4). This set of sampled
input currents ~sn around all event-times forms the event-triggered ensemble and the mean
of this ensemble 〈~sn〉n is the event-triggered average. The second moment of this ensemble
is the covariance. Following the analysis of [3, 12] and [136] the elements of the covariance
matrix are defined as the covariances between different time-points τi around the stimulus,
so of different elements of the vector ~s:

Cij = 〈(sn(τi)− 〈sk(τi)〉k)(sn(τj)− 〈sk(τj)〉k)〉n

where 〈sk(τi)〉k is the mean over all event-times tk of a single time-point τi in the win-
dow around the event. Assuming that the covariance of stimuli that trigger an event is
different from the covariance of the total input current we can look at the directions in
the multidimensional space in which the covariance changes. This provides information
about features in the input signal that trigger an event. To this end we consider the
covariance of the prior: an ensemble of the same number of samples from the stimulus as
the spike-triggered ensemble, but seeded at random points. The covariance difference ma-
trix was constructed by subtracting the prior covariance matrix from the event-triggered
covariance matrix:

Ĉij = Cij − Cprior
ij

The eigenvectors ~vi of Ĉ belonging to the largest or smallest eigenvalues span the subspace
in which the difference between the ETC and the prior covariance is the largest. Therefore,
these eigenvectors or filters will demonstrate to which features in the input signal the
neuron is sensitive. Since Ĉij is symmetric, the eigenvectors form an orthogonal basis,
and the neuron responds to linear combinations of the filters (see for instance figure
3.5). The relative contribution of a filter to event generation, can be calculated from a
non-linear threshold function or decision function for that filter. The decision function
P (event|~vi) can be calculated using Bayes law as

P (event|~vi) =
P (~vi|event)P (event)

P (~vi)
(B.1)

in which P (~vi|event) is the event-triggered ensemble projected onto filter ~vi, P (event)
is the mean firing rate over the entire simulation and P (~vi) is the prior distribution
projected onto filter ~vi [12, 136]. For both the ETA and the ETC these projections are
onto normalized (L2 norm) filters. P (~vi|event) and P (~vi) can be sampled to estimate
P (event|~vi). This can be generalized to multiple dimensions in order to construct a
linear-nonlinear model with multiple filters:

P (event|~vi, ..., ~vj) =
P (~vi, ..., ~vj |event)P (event)

P (~vi, ..., ~vj)
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Appendix C. Covariance analysis in a simple neuron

In this chapter Izhikevich’ [65] simple model will be used to gain an intuition for the
results of the covariance analysis we use in this thesis. Recently, a paper has come to our
attention [59] that explores the effects of thresholds and subthreshold behaviour on the
results of covariance analysis in more detail.

C.1 Description of Izhikevich’ [65] simple model

Often, spiking and other characteristic behaviours of a neuron exist because of an inter-
play between fast and slow variables, fast and slow currents. This neuronmodel is aimed
at describing the subthreshold behaviour of such a neuron. That is, it describes the sub-
threshold interplay of a fast variable, the potential, of which the nullcline is approximated
by a parabola, and a slow recovery variable (for instance a potassium current), of which
the nullcline is approximated by a line. This approximation holds fairly well in the neigh-
bourhood of the resting state, where the decision to fire or not is made. The exact shape
of the spike is determined by higher order terms, and is therefore not accounted for in this
model. For instance, in more detailed models the potential-nullcline is often of at least
third order, and the slow variable’s nullcline is a sigmoid. However, in the neighbourhood
of the stable resting state-intersection of these two nullclines, a parabola and a line are a
good approximation. The approximation does not hold far away from the resting state, so
further up in the spike. However, when modelling large nets, the exact shape of the spike
is of less interest than the events leading to the spike, since the exact shape of the spike
is filtered out by the all-or-none nature of the communication between neurons through
neurotransmitter release. This model can describe a wide variety of behaviours, such as
tonic spiking, bursting, rebound spikes and phasic spiking, while being computationally
efficient [66], and is therefore a good candidate for modelling large networks when non-
linear subthreshold behaviour is important.

Izhikevich’ [67] simple model is a model that consists of two coupled ordinary first order
differential equations.

Cv̇ = k(v − vr)(v − vt)− u + I if v ≥ vpeak then c← v
u̇ = a(b(v − vr)− u) if v ≥ vpeak then u + d← u

(C.1)

The two parameters described by these equations are a fast voltage-like parameter (v) and
a slow parameter (u) called a recovery current, which could be for instance activation of
a K+ current, or inactivation of a Na+ current. The other parameters are the membrane
capacitance (C), the resting potential (vr), the instantaneous threshold potential (vt), the
injected current (I), the reset potential (c), the peak potential (vpeak) and the recovery
time constant (a). The parameters k and b can be found knowing the neurons rheobase
and input resistance [67]. If a neuron is at its steady state: u̇ = 0, so u0 = b(v − vr).
Since also v̇ = 0, this means that

I = I∞ = −k(v0 − vr)(v0 − vt) + u0 = −k(v0 − vr)(v0 − vt) + b(v0 − vr)

160



C.2. Analysis

The maximum of this parabola approximates the minimum amount of current one will
have to inject to make the neuron fire eventually1, i.e. the rheobase, at

I =
(b + k(vt − vr))2

4k
(C.2)

The slope of the steady-state I − v relation at rest

∂I∞
∂v
|v=vr

= −k(vr − vt) + b

corresponds to the resting input conductance of the neuron. So knowing the neuron’s
rheobase and resting state input resistance, the parameters k and b can be found. A
negative value for b makes u an amplifying current, a positive value a resonant current.
Finally, Izhikevich describes d as “the total amount of outward minus inward currents
activated during the spike and affecting the after-spike behavior”, which means that since
the spike itself is not simulated, it is the ‘leftover’ of the current u from the not-simulated
spike.

C.2 Analysis

If we want to use this neuronmodel in covariance analysis and interpret its parameters,
it is essential to understand the behaviour of the model. We will have to consider how to
choose our parameters to copy certain types of behaviour and which parameters change
this.

C.2.1 Saddle-node bifurcation

Depending on I, the two nullclines can have two intersections at

v0 =
1
2k

(b + k(vr + vt)±
√

(b + k(vt− vr))2 − 4Ik) (C.3)

one intersection or no intersections. If the nullclines have two intersections, one of the
intersections (typically the one at lower v-values for a > 0), is a stable or unstable node
or focus, and the other (typically the one at higher v-values for a > 0) is a saddle. If
there are no intersections, the neuron is in a spiking state (even if there is no stable limit
cycle, the neuron will keep on spiking, due to the resetting). Between these two states is
a bifurcation, when the two curves are tangent and both equilibria are at the same point.
This is a saddle-node bifurcation (one of the eigenvalues of the Jacobian equals zero) and
it occurs when (see also figure C.1, note that this is the same as the rheobase current in
equation (C.2) discussed before)

I =
(b + k(vt − vr))2

4k
1This is an approximation: if the bifurcation from rest is below this maximum, which is possible when

this bifurcation is a Hopf bifurcation, i.e. b < 0, less current will have to be injected. However, it is the
saddle-node bifurcation point.
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The other eigenvalue is equal to (b−aC)/C. Note that the occurrence of the saddle-node
bifurcation does not depend on a. These points form a two-dimensional surface in the
three-dimensional a-b-I parameter space (see figure C.1). If the stable resting state loses
stability through a saddle-node bifurcation, the neuron behaves as an integrator, that is,
it prefers high-frequency stimulation in order to fire a spike [67].

C.2.2 Andronov-Hopf bifurcation

An Andronov-Hopf bifurcation occurs when the two eigenvalues of the determinant have
zero real parts, and are complex conjugates, i.e. when the trance of the Jacobian vanishes,
and the determinant is positive [60]. As long as aC > 0, the equilibrium at lower v-value
can undergo a subcritical Hopf bifurcation (see also figure C.1.) when

Tr J = Tr
(

k
C (2v0 − (vr + vt)) − 1

C
ab −a

)
= 0

so
a =

k

C
(2v0 − vr − vt)

or (substitute (C.3))

I =
(2b− aC + k(vt − vr))(aC + k(vt − vr))

4k

and when the determinant of the Jacobian is positive. This is true when a is positive
and b > aC 2 The Andronov-Hopf bifurcation occurs at a lower I than the saddle-node
bifurcation (see figure C.1). If the resting state loses stability through an Andronov-
Hopf bifurcaton, the neuron behaves as an resonator, that is, it prefers stimulation at a
certain nonzero frequency in order to fire a spike and shows subthreshold oscillations [67].
In conclusion, for positive a the resting state loses stability through an Andronov-Hopf
bifurcation when 0 < a < b/C and through a saddle-node bifurcation if a > b/C.

C.2.3 Bogdanov-Takens bifurcation

If the saddle-node bifurcation and the Andronov-Hopf bifurcation fall at the same point
in parameter space (the intersection of the two surfaces defined by the parameters at
which the Andronov-Hopf and the saddle-node bifurcations occur), the system undergoes
a codimension two bifurcation called a Bogdanov-Takens bifurcation, at

b = aC

I =
(b + k(vt − vr))2

4k

2Note that both the location of the stationary points and the I-value for which the saddle-node
bifurcation occurs are independent of a. The calculations until now were done under the assumption that
a is positive. If a is negative, the two stationary points exchange stability, so the one for lower v-values
is a saddle, whereas the one for higher v-values becomes a focus or node. This is also the one that in this
case will have a supercritical Andronov-Hopf bifurcation, when b < aC.
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At these bifurcation-points, the neuron changes its behaviour from an integrator to a
resonator. The two eigenvalues of the Jacobian both vanish. The parametervalues at
which the bifurcations occur are depicted in figure C.1.

C.2.4 Saddle-homoclinic bifurcations

The limit cycle that is born at the Andronov-Hopf bifurcations, disappears through a
saddle-homoclinic bifurcation, a global bifurcation where the stable and unstable manifold
of a saddle coincide, form a homoclinic orbit and give rise to or delete a limit cycle. Close
to a Bogdanov-Takens bifurcation, there is always such a saddle-homoclinic bifurcation
[49]. Since these bifurcations are global, they are hard to track analytically. Therefore,
they are not depicted in figure C.1. However, they can be seen in figures C.3 and C.12:
they are at lower I-values than the Andronov-Hopf bifurcations.

C.2.5 a = 0

Another special manifold in parameter space is where a = 0, when the system becomes
one-dimensional. At a = 0, the determinant of the Jacobian changes sign, and the
vectorfield reverts its direction in the u-direction. This is depicted with a blue plane in
figure C.1.

C.2.6 Conclusion

This system shows the typical behaviour of a system close to a Bogdanov-Takens bifur-
cation: for positive a the system can have a stable stationary point that loses stabil-
ity through a saddle-node bifurcation (figure C.6, blue region figure C.2) if b < aC or
through a subcritical Andronov-Hopf bifurcation (figure C.3 and top red region figure
C.2) if b > aC for increasing applied current. If a < 0, the system can lose stability
through a saddle-node bifurcation with increasing applied current and through a super-
critical Andronov-Hopf bifurcation with decreasing applied current, where it gives rise to
a stable limit cycle (bottom red region figure C.2). However, this system has a strong
instability: since the general flow is in the negative v-direction, for many initial conditions
it will not reset and grow to (v, u) = (−∞,∞). This can partially be resolved by choosing
a very small (‘inhibition induced spiking’ and ‘inhibition induced bursting’ [66]), which
will be discussed later (figures C.10, C.11 and C.12). Finally, there is a parameter regime
for which there are no stable stationary points (a < 0, b > aC, grey region figure C.2).
This regime will not be considered.

C.3 Reverse correlation

Reverse correlation techniques, i.e. spike-triggered average and spike-triggered covariance
analysis was used to analyze whether the different ways this neuron model loses stabil-
ity influences the features the model extracts from the input [3],[16],[28] (see appendix B).

A baseline input current was injected into the cell model to assure that the model was
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Appendix C. Covariance analysis in a simple neuron

Figure C.1: The saddle-node bifurcation-points (green surface), Andronov-Hopf bifur-
cations (red surface) and Bogdanov-Takens bifurcation-points (black line) for the simple
model (C.1), k = 0.04, C = 1, vr = −60, vt = −40. The blue plane is where a = 0, and the
white line where this plane meets the Andronov-Hopf bifurcations. The saddle-homoclinic
bifurcations could not be tracked analytically, but are below the Andronov-Hopf bifurca-
tions
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not firing spontaneously. This excludes the conditions where aC < 0 < b and aC < b < 0,
since there the system has no stable fixed points, so it is always spontaneously firing.
Gaussian noise filtered with an exponential filter (τ = 1ms) was then continuously in-
jected. The variance was chosen so that the model responded with a firing frequency
of about 5Hz. This frequency was the optimal compromise that produced an interval
between spikes large enough for analysis but also produced sufficient spikes within an
acceptable period of time to satisfy statistics. A larger noise amplitude increases firing
frequency of the model, and would result in serious spike-spike interference. Smaller noise
amplitude would result in lower firing frequency with unacceptable long computation re-
quirements to produce sufficient spikes for statistical analysis. The model was integrated
using a forward Euler method wit a fixed time step of dt = 0.05 ms.

C.4 Using reverse correlation to analyze the model

Now we understand the behaviour of the cell, we will use spike-triggered analysis methods
to investigate how the way the resting state loses stability affects the information pro-
cessing of the neuron. The parameter range for which the model is a resonator, i.e. the
resting state loses stability through an Andronov-Hopf bifurcation, is much smaller than
the parameter range for which the model is an integrator (figure C.1). Therefore, two
representative parameter sets in the resonator-range were be chosen, one with compara-
ble values of the parameters a and b (section C.4.1) and one in which the absolute value
of a is much smaller (section C.4.2), after which different ways of changing this model
into an integrator will be described. In this last case, a can be chosen negative too. In
section C.4.1, three parameter sets for which the resting state loses stability through a
saddle-node bifurcation and a set for which the resting state loses stability through an
Andronov-Hopf bifurcation were compared. In section C.4.2 a set for which the stable
resting state loses stability through an Andronov-Hopf bifurcation with decreasing input
current, and through a saddle-node bifurcation with increasing current is compared with
one with the stable resting state loses stability through a saddle-node bifurcation and
one with an Andronov -Hopf bifurcation. Care must be taken when choosing the reset
parameters c and d, since these parameters determine where the system returns after a
spike. If they are not chosen carefully, one spike can put the system into a fast-spiking or
unstable state. We choose these parameters in such a way, that after a spike the system
returns close to the resting state. The mean input current is chosen in such a way that
the system is close to the bifurcation through which the resting state loses stability, but is
at the resting state without any fluctuations, so the spikes are indeed caused by the noisy
input. Finally, the standard deviation of the input current is set to make the system spike
at about 5 Hz. In the following, unless stated otherwise, we will use C = 1. To make a
fair comparison, we used only spikes that are at least 100 ms apart in the comparable a
and b set, and spikes that are at least 150 ms apart in the small a set. All filters were
normalized using the L2-norm before calculating the probability distributions.
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0

0

b

a

Figure C.2: Schematic overview of the chosen values of parameters a and b (black dots).
The red region denotes the resonator/mixed parameter sets, the blue region denotes the
integrator parameter sets with a stable resting state and the grey region denotes the
integrator parameter sets without a stable resting state.
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C.4.1 Comparable a and b

Resonator

The first set of parameters is a set for which there is a stable resting state that loses
stability through a subcritical Andronov-Hopf bifurcation. This is the region given by
a > 0 and aC < b in figures C.1 and C.2. For the case 0 < aC < b we choose a = 0.6,
b = 0.8, c = −45, d = −20, Iµ = 15.4 and σ = 0.3. For this mean input current the stable
resting state is at v = −43.9mV and u = 12.9. An Andronov-Hopf bifurcation occurs
at I = 15.75, a saddle-homoclinic bifurcation at I = 15.54 and a saddle-node at I = 16
(figure C.3).

Integrator

Now we look at parameter sets for which there is a stable resting state that loses stability
through a saddle-node bifurcation: the region given by a > 0 and aC > b in figures
C.1 and C.2. There are different ways to turn the resonator as described above into an
integrator: decrease the parameter b, increase the parameter a or let the parameter b
change sign (but keep the same absolute value, arrows originating at the top right in
figure C.2) 3.

decrease b (integrator positive 1) For the case 0 < b < aC we choose a = 0.6,
b = 0.5, c = −50, d = −12, Iµ = 10 and σ = 0.65. For this mean input current the
stable resting state is at v = −47.5mV and u = 6.25. A saddle-node bifurcation occurs
at I = 10.56 (figure C.4). Note that in this case the stable resting state is a focus.

increase a (integrator positive 2) For the case 0 < b < aC we choose a = 1, b = 0.8,
c = −45, d = −26, Iµ = 15.4 and σ = 0.6. For this mean input current the stable resting
state is at v = −43.9mV and u = 12.9. A saddle-node bifurcation occurs at I = 16 (figure
C.5). In this case too the stable resting state is a focus.

change sign of b (integrator negative) For the case b < 0 < aC we choose a = 0.6,
b = −0.8, c = −65, d = 25, Iµ = −0.2 and σ = 1.3. For this mean input current the
stable resting state is at v = −62.24mV and u = 1.79. A saddle-node bifurcation occurs
at I = 0 (figure C.6). In this case the stable resting state is a node.

Results of the reverse correlation analysis

In figures C.7-C.9, the results of the reverse correlation analysis are shown. The spike-
triggered average (figure C.7) and covariance (figure C.9) show a clear distinction between
the resonator-case and the three integrator-cases: oscillating properties exist in the first
case, that can even be seen in the covariance difference matrix itself (figure C.8), but not
in the last. In the two ‘integrator positive’ cases, one can see that the STA is almost
unimodal, but has a small negative deflection about 15 ms before the spike. This can

3The case for which a turns negative is discussed in the next section. Note that for many values there
is no stable resting state at all, and these cases will not be considered.
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Figure C.3: Analysis and phase-plots for the simple model when 0 < aC < b: resonator.
Top: bifurcation diagram when I is varied for a = 0.6 and b = 0.8. Solid (thick) line:
stable stationary point. Dotted (thin) line: unstable stationary point. Open circles: un-
stable limit cycles (minimum and maximum v-values). Bottom: Phase-plots for different
values of I. Short lines: directional field. Solid lines: trajectories. Dotted lines: null-
clines. Note that the stable resting state is a focus. Parameter values: k = 0.04, C = 1,
vr = −60, vt = −40
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trajectories. Dotted lines: nullclines. Note that the stable resting state is a focus. Pa-
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Figure C.8: Covariance difference matrices divided by the variance of the input for the
four conditions with comparable a and b

be explained by looking at the trajectories that will cause a spike in figures C.4 and
C.5: because the stable resting state is a focus, a small hyperpolarizing input before a
big depolarizing one will help the trajectory ‘escape’. The covariance analysis (figure
C.9, middle four plots) shows that two filters pop up, that are an integrating filter and its
derivative, as expected from [3]. A clear difference can also be seen between the integrator
cases in which the stable resting state is a focus (‘integrator positive 1’ and ‘integrator
positive 2’) and the case in which the stable resting state is a node (‘integrator negative’).
When the resting state is a node, the integration time of both the STA and the filters
from the covariance analysis is very long, probably due to the ‘ghost of the saddle-node
bifurcation’ [67], which causes the trajectory for any spike to pass through a point in
phase space where the flow is very small. This means that any trajectory lingers here
for a long time. However, the first and last filter still look like an integrating filter and
its derivative. The third and fourth filter (figure C.9, bottom plots, black solid and grey
dotted lines) probably code for silence, since they vanish around the spike and show strong
oscillations long before it [2].
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Figure C.9: Eigenvectors of the covariance difference matrix and the corresponding dis-
tributions for the four conditions with comparable a and b.
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C.4.2 Small a

The second set of parameters we will use, is a set for which the absolute value of a is much
smaller than the absolute value of b. This has as a result that the flow in the v-direction
is much smaller than the flow in the u direction, so the system is a slow-fast system and
most trajectories are more or less horizontal. Only in this regime there is stable spiking
possible for negative values of a (see figure C.2 and section C.2).

Mixed

For the case b < aC < 0 we choose a = −0.02 and b = −1. The parameter a is chosen
relatively small, to make sure that the flow is almost horizontal. Together with a negative
choice for d this ensures that the region for which the solution will go to (v, u) = (−∞,∞)
(see also: paragraph C.2) is not easily reached. The other parameters are chosen as
c = −55, d = −1, Iµ = −3 and σ = 1.5. For this mean input current the stable resting
state is a node at v = −53.47mV and u = −6.51. An Andronov-Hopf bifurcation occurs
at I = −5.75, a saddle-homoclinic bifurcation at I = −5.88 and a saddle-node at I = 0.25
(figure C.10). Hence, the resting state loses stability through a saddle-node bifurcation
for increasing applied current, and through a supercritical Andronov-Hopf bifurcation
for decreasing applied current. Because of these mixed characteristics, we will call this a
mixed state.

Integrator

The cases aC < b < 0 and aC < 0 < b correspond to cases in which there is no stable
resting state (there are an unstable node and a saddle that collide in a saddle-node
bifurcation, figure C.2); these situations will not be considered. Therefore the only way
to turn the mixed integrator/resonator as described above into a pure integrator is to
let the parameter a change sign (figure C.2, small arrow below), so we choose a = 0.02,
b = −1, c = −75, d = 6, Iµ = −3 and σ = 0.6. For this mean input current the stable
resting state is at v = −71.51mV and u = 11.51. A saddle-node bifurcation occurs at
I = 0.25 (figure C.11). In this case the stable resting state is a node.

Resonator

The mixed integrator/resonator as described above can also be turned into a pure res-
onator by letting both parameters a and b change sign (figure C.2, large arrow originating
below), so we choose a = 0.02, b = 1, c = −50, d = −1.5, Iµ = 13.75 and σ = 0.3.
For this mean input current the stable resting state is at v = −50.25mV and u = 9.75.
An Andronov-Hopf bifurcation occurs at I = 14.25, a saddle-homoclinic bifurcation at
I = 14.12 and a saddle-node at I = 20.25 (figure C.12). In this case the stable resting
state is a focus.

Results of the reverse correlation analysis

In figures C.13-C.15 the results of the reverse correlation analysis of the system with small
a are shown. By chosing the dynamics of u are faster, all trajectories are now almost
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Figure C.10: Analysis and phase-plots for the simple model when b < aC < 0: small
a mixed. Top: bifurcation diagram when I is varied for a = −0.02 and b = −1. Solid
(thick) line: stable stationary point. Dotted (thin) line: unstable stationary point. Closed
circles: stable limit cycles (minimum and maximum v-values). Bottom: Phase-plots for
different values of I. Short lines: directional field. Solid lines: trajectories. Dotted lines:
nullclines. Note that the stable resting state is a focus. Parameter values: k = 0.04,
C = 1, vr = −60, vt = −40
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lines: trajectories. Dotted lines: nullclines. Note that the stable resting state is a node.
Parameter values: k = 0.04, C = 1, vr = −60, vt = −40

horizontal. This causes the STA (figure C.13, red lines) and filters (figure C.15, bottom
plots) in the integrator case to be very sharply peaked around the time of the spike: the
integration time is very short. However, in the resonator case the interactions between
u and v are now so strong, that the oscillations last very long, and can even be seen
in the inter-spike interval distribution (figure C.13, bottom left) and the autocorrelation
of the spike train (figure C.13, bottom right). This causes interactions long into the
history for every spike. For this reason we chose to do analysis on spikes that were at
least 150 ms separated. Indeed, the STA and filters show long-lasting oscillations, up
to more than 150 ms before the spike. The mixed case shows a long-lasting negative
deflection in both the STA and the first filter of the covariance analysis. This can again
be explained by the trajectories in this system: a slow hyperpolarizing input followed by
a fast depolarizing one would be optimal for letting the trajectory ‘escape’ into a spike.
The resonating properties of the mixed case are not visible in the STA. It is not clear
whether the resonating properties of filters 2 − 4 of the covariance analysis reflect these
resonating properties, or that they code for the 150 ms silence before the spike. However,
the observation that they attenuate at a time point shorter than this 150 ms before the
spike suggest the first.

C.4.3 Conclusion

In this chapter, a system of which we know the behaviour was used to gain an intuition
for the results of reverse correlation techniques. It was found that pure resonators show
clear oscillatory behaviour in both the STA and the filters associated with covariance
analysis. Integrators show indeed an integrating STA, and the covariance analysis gives
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an integrating filter and its derivative. If the stable resting state is a focus, so hyperpo-
larizing input can help the initiation of a spike, this is reflected in the STA. If there is a
‘ghost of the saddle-node bifurcation’ [67], this is reflected in the long time scales of the
filters.

The STA is basically an average over all possible trajectories (for the input current I)
that could lead to a spike. The filters of the covariance analysis form an orthogonal basis
of this space of trajectories. In the case of a pure resonator or integrator, the results are
easy to interpret and straightforward. However, when things become more complicated,
such as for instance in the ‘mixed’ case discussed here, and for many more complicated
neuron models, the interpretation of the results of reverse correlation analysis is not as
easy. Moreover, the threshold manifold also influences the outcomes [59]. It will give the
researcher an idea or a feeling of the kind of input that a neuron ‘likes’ though, which
could be the basis of further investigation into the filtering properties of a neuron.
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D.1 Introduction

The reproducibility of spike trains, and the related question whether the spike rate or the
precise timing of spikes is how information is coded in the brain, is an ongoing discussion
(for an overview, see [143]) that started amongst others with the work of Mainen and
Sejnowski [93] and de Ruyter van Steveninck et al. [29], who showed that neurons in
rat neocortical slices and motion-sensitive neurons in the flys visual system can produce
very reliable spike trains in response to fluctuating input. In this context, it is important
to distinguish the notions of ‘reliability’ and ‘precision’ [143]: the first should quantify
whether a spike occurs or not on the same time of each repetition of the stimulus, the
second should quantify their jitter. Many ways have been to quantify these concepts,
of which the some are based on the spike-time histogram (for example [93], [143], [84]),
cross-correlations or binning [78], while others are binless and defined as a function of
the inter-spike interval [83] or independent of any time scale [82]. Which one is the most
appropriate might depend on the data and the precise definition of the research question
[107].

In this thesis, we wanted to know whether the precision and robustness of the single
spikes and bursts a thalamocortical relay (TCR) neuron fires change their reliability and
robustness when the neuron goes from a bursting to a spiking regime. This means that
we need measures that depend on the time scale, so we can assess the precision in time of
the various events, but that are independent of the amount of events, so the precision and
robustness of single spikes and bursts can be evaluated and compared between regimes
without being obscured by the fact that there are more bursts in the bursting regime and
more single spikes in the spiking regime. This also means that we will need a bounded
similarity measure.

In this chapter, several similarity measures will be discussed and compared. For clar-
ity, we will use the following definition of a spike train si with Ni spikes:

si(t) = ti1, ti2, ..., tiNi
=

Ni∑
m=1

δ(t− tim)

where δ(t) is the delta-function. We will classify every spike in a spike train as either a
single spike, a first spike of a burst or a follower spike in a burst, based on the inter-spike
interval. Events will be defined as the first two of these classes (‘bursts’ or ‘single spikes’),
and we will ignore the follower spikes in bursts, assuming that there is not much extra
information in these [122].

Recently, a very interesting paper by Naud et al. [102] came to out attention, in which
they review most of the similarity measures discussed here and argue against the pairwise
comparison against spike trains, since this comparison would have a bias proportional
to the sum of the intrinsic variability of the spike trains. However, this should not be a
problem in the following section, since we are not trying to fit a model to the results by
maximizing the similarity, but just comparing conditions of the same neuron.
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D.2 Similarity measures

D.2.1 Coincidence Factor

The spike coincidence factor is a measure of how much two spike trains s1(t) and s2(t) are
alike [71] [78], based on the binning of the spike train in K = T

p bins of binwidth p. The
coincidence factor is corrected for the expected amount of coincidences 〈Ncoinc〉 of spike
train s1 with a Poissonian spike-train with the same rate ν2 as spike train s2. It gives
a measure of 1 for identical spike trains, 0 if all coincidences are accidental and negative
values for anti-correlated spike trains. It is defined as

Γ12 =
Ncoinc − 〈Ncoinc〉

1
2 (N1 + N2)

1
N

(D.1)

in which
〈Ncoinc〉 = 2ν2pN1 =

2N1N2

K
Finally, Γ is normalized by

N = 1− 2ν2p = 1− N2

K
so it is bounded by 1. Note that the coincidence factor is not symmetric nor positive,
therefore it is neither a metric nor an angular measure. Therefore, we will normalize by

N = 1− 2 max(ν1, ν2)p = 1− max(N1, N2)
K

which will make it symmetric, but still not positive. Moreover, it is the only measure we
will consider that uses binning. It is only defined as long as each bin contains at most
one event. Finally, it will in general saturate at a value below one, which can be seen as
the reliability. The rate as which it reaches this value (for instance as defined by a fit to
an exponential function) can be seen as the precision.

D.2.2 Schreiber et al.

Schreiber et al. [131] define their reliability measure RS as

RS =
fS(t) · gS(t)
‖fS(t)‖‖gS(t)‖

(D.2)

In which fS(t), gS(t) are convolutions of a spike-train with an Gaussian kernel:

fS(t) = s(t) ∗ hS(t)

hS(t) = exp(− t2

σ2
S

)

Parameter σ determines the smoothing of the spike trains, or, put differently gives a time
constant for coincident spikes, i.e. a ‘precision’. For large σS RS always approaches 1,
so it does not saturate. Therefore, one can define the reliability only as a function of the
precision σS , and the precision is defined as the value at which the reliability is 0.5 [143].
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D.2.3 Hunter and Milton

Hunter and Milton [64] define their reliability between two spike-trains s1(t) and s2(t) as

RHM =
1
2
(〈r12〉+ 〈r21〉) (D.3)

where

〈rij〉 =
1
Ni

Ni∑
k=1

exp(−(∆tk)/τHM )

and ∆tk is the absolute value of the difference between spike time tk in spike-train si and
the nearest neighbour spike time in spike train sj . This measure is bounded between 0
(two exactly the same spike trains) and 1 (∆t→∞). Parameter τHM plays a similar role
as σ for RS and determines the timescale for coincident spikes. For big time constants
(τ → ∞), the reliability reaches 1, and the reliability and precision can be defined as in
Schreiber er al.’s case.

D.3 Metrics

Victor and Purpura [152], [153] and van Rossum [148] (or the generalization defined by
Houghton [61]) define a metric distance for spike trains. Naturally, this distance depends
on the amount of spikes in a spike train. However, since we are looking at the reliability
and precision of spike trains, we want to use a measure that does not strongly depends
on the amount of spikes in the spike train, but on weather the spikes that occur do so at
the same time, and with how much jitter. Therefore, the metric itself is not appropriate
to compare the reliability and precision of spike trains in different regimes, where due
to the transition from bursting into spiking the amount of spikes in a spike train may
vary strongly. However, we will show in this section that we can define a reliability
or correlation measure based on these metrics, analogous to Tiesinga et al. [143] and
Schreiber et al. [131].

D.3.1 van Rossum

van Rossum [148] defines a metric

d2
vR =

1
τvR

∫ ∞

0

[fvR(t)− gvR(t)]2dt (D.4)

In which fvR(t), gvR(t) are convolutions of a spike train with an exponential kernel:

fvR(t) = s(t) ∗ hvR(t)

hvR(t) = exp(− t

τvR
)

The parameter τvR plays a similar role as the time constants defined before.
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D.3.2 Victor-Purpura

Victor and Purpura [152] and [152] define a metric based on ‘how much it costs’ to
transform one spike train into the other. They define three elementary operations with
associated costs:

1. moving a spike over a distance ∆t costs q∆t

2. adding a spike costs 1

3. deleting a spike costs 1

Next, they define the distance dV P as the minimum costs to transform one spike train
into the other. The inverse of the parameter q plays a similar role as the time con-
stants defined before, therefore most figures will have 1/q instead of q when needed.
MATLAB code for the implementation of this metric can be found on http://www-
users.med.cornell.edu/∼jdvicto/spkdm.html and in the Spike Train Analysis Toolkit, a
neuroinformatics resource funded by the NIH’s Human Brain Project.

D.3.3 From metric to similarity measure

Angular measure

For a metric d on a vector space with vectors x and y and Eucledian geometry, such as
the van Rossum metric [148], one can use the following relations for vectors:

‖x− y‖2 = ‖x‖2 + ‖y‖2 − 2x · y (D.5)

cos θ =
x · y
‖x‖‖y‖

(D.6)

to define

cos θ =
‖x‖2 + ‖y‖2 − ‖x− y‖2

2‖x‖‖y‖

=
d(x, 0)2 + d(y, 0)2 − d(x, y)2

2d(x, 0)d(y, 0)

(D.7)

We can define such a reliability measure RvR for the van Rossum metric [148]:

RvR =

∫∞
0

fvR(t)gvR(t)dt√∫∞
0

f2
vR(t)dt

√∫∞
0

g2
vR(t)dt

(D.8)

The functions f(t), g(t) are vectors in the Euclidian function space. Since the vectors
defined by the convolution contain only positive elements, the angle between two vectors
will always be smaller than 90◦, which results in 0 ≤ RvR ≤ 1, like Schreiber et al.’s
measure RS [131]. The reliability and precision can be defined accordingly.
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The metric space Victor and Purpura [152], [153] define their spike-trains in, is not a
vector space, and an inner product cannot easily be defined: the notion of ‘addition of
vectors’ is hard to imagine in the case of coincident spikes and especially ‘multiplication
by a scalar’ does not seem to have a meaning in this space. But, if we denote the ‘length’
of a spike train by the amount of spikes it contains:

d(s, 0) = Ns

we can define a reliability measure similar to the cosine of the angle between vectors:

RV P =
1
2

N2
i + N2

j − dV P (si, sj)2

NiNj
(D.9)

This measure has the following properties

• since the metric depends on the parameter q with units 1/time, so does the reliability
measure. In both the metric and the reliability measure 2/q denotes the temporal
resolution.

• since the distance between two spike trains is always positive and only zero if the
spike trains are exactly the same(Ni = Nj = N)

0 ≤ dV P (si, sj)

RV P ≤
1
2

2N2 − 0
N2

= 1

• since the distance between two spike trains can never be bigger than the sum of the
number of spikes in the two trains, we have:

dV P (si, sj) ≤ Ni + Nj

RV P ≥
1
2

N2
i + N2

j −N2
i −N2

j − 2NiNj

NiNj
= −1

So the measure is bounded between +1 and −1 like the coincidence factor, and not
between 0 and 1 like RvR and RS .

• in the limit of q = 0 there is no cost in shifting a spike in time, so the costs are
only associated with the difference in the number of spikes in the train [153]. The
distance dV P (si, sj) is the difference in the number of spikes in the train and we
find

dV P (si, sj) = Ni −Nj

RV P =
1
2

N2
i + N2

j −N2
i −N2

j + 2NiNj

NiNj
= 1

So the measure indeed does not detect differences in spike count alone.
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Figure D.1: The dependence of the reliability RV P measure based on the Victor-Purpura
metric [152],[153] on the amount of coincident spikes Nc, in the case q →∞. If q is finite,
the metric distance will be smaller, so the measure will be closer to one.

• in the limit of very large q (q →∞), every different timing of a spike is ‘a different
spike’ [153]. If there is an amount of Nc perfect coincident spikes we find:

d(si, sj) = Ni + Nj − 2Nc

RV P =
1
2

N2
i + N2

j −N2
i −N2

j − 4N2
c − 2NiNj + 4Nc(Ni + Nj)

NiNj

=
2Nc

NiNj
(Ni + Nj −Nc)− 1

which results in

– if Nc = 0, RV P = −1

– if Nc = Ni = Nj , RV P = 1

– if Nc = Ni 6= Nj , RV P = 1

– if we take Ni = Nj = 1 and 0 ≤ Nc ≤ 1, so we look at the dependence of
the measure on the fraction of all spikes that are coincident, we find RV P =
2Nc(2−Nc)−1 which is depicted in figure D.1. The measure depends smoothly
and monotonically on the amount of coincident spikes. If q is finite, the metric
distance will be smaller, so the measure will be closer to one.

One could argue that by transforming the Victor-Purpura metric and the van Rossum
metric into these reliability measures, we have simply redefined the Schreiber et al. mea-
sure with a different kernel. Indeed, this is what Paiva et al. show in their paper [107].
They argue that to distinguish between spike trains on the basis of synchrony (coinci-
dence), the Schreiber measure performs better than the van Rossum and the Victor-
Purpura distances, irrelative of which kernel was used, due to the normalization by the
number of spikes.
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Normalized measure

As an alternative, we can also look for ways to normalize the metrics by the amount of
spikes. The Victor-Purpura metric for instance is bounded by the amount of spikes in
the two spike trains, as was noted in the previous section. By defining

MV P = 1− dV P

Ni + Nj
(D.10)

one obtains another measure that is bounded between 0 and 1. For large time windows

lim
q→0

MV P = 1− |Ni −Nj |
Ni + Nj

which means that for large time windows the measure is only determined by the difference
in the amount of spikes. In this limit this is a good reliability measure (indeed, the
reliability can never get better than the weighed difference in the amount of spikes: a
difference in the amount of spikes means there will always be unreliable events!). For
small time windows we find

lim
q→∞

MV P = 1− Ni + Nj − 2Nc

Ni + Nj
=

2Nc

Ni + Nj

which reaches 1 if the number of coincident spikes Nc is close to the average amount of
spikes, and 0 if there are no coincident spikes. A similar argument holds if we define for
the van Rossum metric (see ref [148]):

MvR = 1− dvR√
1
2 (Ni + Nj)

(D.11)

which results in

lim
τvR→0

MvR = 1− 1√
1
2 (Ni + Nj)

√
1
2
(Ni + Nj) = 0

and

lim
τvR→∞

MvR = 1− |Ni + Nj |√
(Ni + Nj)

Again, for large time windows the reliability is determined by the difference in the amount
of spikes and can only vanish if this number is relatively small.

D.4 Results

D.4.1 Reliability vs input

A noisy current with variable mean, but constant standard deviation (see chapter 5) was
injected into the soma of thalamocortical relay neurons (TCR neurons) in-vitro patched
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Figure D.2: Reliability measure RS proposed by Schreiber et al. [131] as a function of
σ (equation (D.2.2)), at different membrane states (darkest - lightest: -80,-70,-60 and
-50 mV, means marked by circles). Frozen noise was injected three times per membrane
state, in five different cells. Left: All spikes. Middle left: Events. Middle right: Single
spikes. Right: Bursts.

in rat thalamic brain slices. In figures D.2-D.4 we plotted the results of the similarity
measures we discussed in this paragraph and not in chapter 5 as a function of the precision
for the output spike trains at the same membrane state in the same cell. These measures
were calculated for 5 different cells at 3 or 4 different membrane states (darkest - lightest:
−80,−70,−60 and −50 mV). For every cell at every initial membrane potential there were
three spike trains (frozen noise). The figures show that for these experiments it does not
matter which of the measures is used, because one can reach the same conclusion for all
measures: the reliability for events increases with depolarization and saturates at lower
precisions, indicating that the timing of events is more precise with depolarization, i.e.
the timing is more precise in the spiking regime than in the bursting regime. Moreover,
the figures show that at hyperpolarized states the reliability traces for bursts are much
higher than for single spikes, indicating that in these regimes bursts are more reliable than
single spikes, and that single spikes increase their reliability strongly on depolarization.

D.4.2 Reliability vs ∆f/〈f〉
In chapter 5 we showed that for the Morris-Lecar model the reliability of the output as
measured by the Hunter and Milton measure depends strongly on the input vs frequency
curve, on ∆f/〈f〉. In figures D.5 and D.6, we show the same for both Victor-Purpura
measures, the Schreiber measure and both van Rossem measures 1. Because the coin-
cidence factor is not defined for multiple spikes per bin, it cannot be used to compare

1Unlike in chapter 5 we only used the first 90 s. of each trace instead of the full 300s., for computational
speed.
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Figure D.3: Two different reliability measures based on the van Rossum metric [148]
as a function of τvR (equation (D.4)), at different membrane states (darkest - lightest:
-80,-70,-60 and -50 mV, means marked by circles). Frozen noise was injected three times
per membrane state, in five different cells. Left: All spikes. Middle left: Events. Middle
right: Single spikes. Right: Bursts.
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Figure D.4: Two different reliability measures based on the Victor-Purpura metric
[152],[153] as a function of 2/q (section D.3.2), at different membrane states (darkest
- lightest: -80,-70,-60 and -50 mV, means marked by circles). Frozen noise was injected
three times per membrane state, in five different cells. Left: All spikes. Middle left:
Events. Middle right: Single spikes. Right: Bursts.
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Figure D.5: The two different normalized reliability measures as described in section
D.3.3 at a precision of 10 ms, at different membrane states (circle: -80 mV, square: -70
mV, triangle: -60 mV, diamond: -50 mV) for the Morris-Lecar model. Note the strong
relation between ∆f/〈f〉 and the reliability.

spike-trains including all spikes (so also including the ‘follower-spikes’ in bursts), but it
was shown in chapter 5 that for this measure there is a linear relation between ∆f/〈f〉
and the coincidence factor. The normalized measures (figure D.5) also show a very strong
relation with ∆f/〈f〉. The angular measures figures D.6 show a less clearly defined curve,
but there is still a strong correlation that needs to be corrected for if one wants to con-
clude something about changes in the reliability. So like in chapter 5, we can conclude
that for all these measures, the input vs output frequency curve partially determines the
reliability value these measures will give. If one wants to address the ‘intrinsic’ reliability,
one will have to correct the results for this dependence.
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Figure D.6: The three different normalized reliability measures as described in section
D.2 and D.3.3 at a precision of 10 ms, at different membrane states (circle: -80 mV,
square: -70 mV, triangle: -60 mV, diamond: -50 mV) for the Morris-Lecar model. Even
though the relation is less clean, there is still a strong correlation between ∆f/〈f〉 and
the reliability.
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Summary

Neurons in the brain respond to input by generating action potentials: fast fluctuations
of the electrical potential over the membrane of the cell. The focus of this thesis is
on ‘spikes’, single action potentials, and ‘bursts’, groups of action potentials with short
inter-spike intervals, followed by periods of relative quiescence. The main question in this
thesis is about the meaning of these bursts: what can they tell us about the input? What
do they code for and and how is this code influenced by the background activity of the
network the neurons are in? These questions were investigated in two areas of the brain:
the CA3 of the hippocampus and the thalamus. We used different techniques to answer
these questions: analytical tools from information theory, as well as the more mechanistic
approach of biophysics. Moreover, we compared the theoretical models with experimental
results.

The first half of this thesis focuses on the CA3 of the hippocampus. In chapter 2, we
use a model pyramidal cell that responds to input with either a spike or a burst. This
pyramidal cell sends its output to a model interneuron, that in its turn inhibits the pyra-
midal cell. In addition to this inhibition, the pyramidal cell receives noisy input. This
enables us to describe which features in the input this small network is sensitive to, by
using the techniques described in appendix B. By changing the characteristics of the
inhibitory connection, for example, the strength, type (slow dendritic of fast somatic),
short-term plasticity and size of the delay, we could investigate how these characteristics
influence the coding of this network. In chapter 3, we perform a similar analysis, but
this time on a network in which the interneuron and pyramidal cell are connected in a
feed-forward loop instead of a feedback loop. We conclude from these two chapters that
inhibition can change the behaviour of the pyramidal cell from a slow bursting to a fast
spiking regime. This regime change is accompanied by changes in several other coding
properties of the network, such as which features in the input the pyramidal cell responds
to and the reliability of the output. The timing of inhibition is crucial: slow dendritic
feedback inhibition is the most effective in inducing the regime change. Synaptic delay,
short-term plasticity, and a fast somatic - rather than a slow dendritic - synapse all result
in making the synapse less effective in causing the regime change. Feed-forward inhibition
is less effective than feedback inhibition in making the transition between bursting and
spiking regimes. On the other hand, the output of a pyramidal cell is more versatile when
it receives feed-forward inhibition than if it receives feedback inhibition, so feed-forward
inhibition enriches the output repertoire of the pyramidal cell.



Summary

The second half of this thesis is about thalamocortical relay (TCR) cells. In chapter
4, we use both experiments and simulations to investigate bursting in these cells. Even
though CA3 pyramidal cells and TCR cells both show bursting behaviour, the mecha-
nism behind TCR bursts is very different from the mechanism behind pyramidal bursts.
In TCR cells bursts are generated by a special calcium current with a low activation
threshold, the T-type calcium current, whereas in pyramidal cells they are generated by
a ‘ping-pong effect’ between the soma and the dendrite. This difference in mechanism
means that bursts in TCR cells respond to different input features than bursts in pyra-
midal cells. It was long thought that the burst mode of firing in TCR cells was only
an indicator of slow-wave sleep and pathological conditions, latterly a variety of theo-
ries about the function of bursts in these cells have been put forward. We found that
bursts are rare, but highly informative. They phase-lock to, and transfer information at,
low frequencies and they respond to integration rather than fluctuations, whereas single
spikes transfer information in higher frequency bands and are more selective for fluctua-
tions. TCR cells shift from a bursting to a spiking regime when the mean input current
increases from hyperpolarizing to depolarizing, which causes the cell to respond faster
and be more selective for fluctuations.

In chapter 5, we focus on the change in reliability of the output that accompanies the
regime change in TCR cells. We use different methods to quantify the reliability of the
output and show that the reliability as measured by these methods depends on the input-
output relation of the neuron. This means that in assessing changes in reliability, one
has to correct for this input-output relation. We show that in TCR cells the reliability
of single spikes increases with the shift from a bursting to a spiking regime, as expected
from the input-output relation. However, the reliability of bursts also increases, even
though one would expect it to decrease on the basis of the input-output relation. This is
probably caused by a slow adaptation mechanism that is active in the bursting regime,
which influences the output frequency.

We conclude that the biophysical properties of neurons and networks influence the neural
code: the input-features a cell responds to, depend on the biophysics of the cell. Pyrami-
dal cells code for other features than TCR cells. However, coding limitations could also
be a reason for a cell to adapt its biophysical properties, as shown in chapter 5.

The research presented in this thesis was mainly conducted on the single cell and small
network level. It is important to test the results in larger and more realistic networks.
However, to construct a more realistic model network, it would be important to know the
properties of such a network, especially since we found timing to be so crucial. Often we
lack the data to be able to do this.
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Neuronen, hersencellen, reageren op input door het genereren van snelle fluctuaties van de
electrische membraanpotentiaal; deze fluctuaties noemen we actiepotentialen. Dit proef-
schrift draait om zogenaamde ‘bursts’, groepjes van bij elkaar horende actiepotentialen,
die elkaar snel opvolgen en om zogenaamde ‘single spikes’, enkele actiepotentialen. De
vraag die wij ons stellen is wat de betekenis van deze bursts is, wat zij ons kunnen vertellen
over de input, oftewel waar ze voor coderen, en hoe deze code wordt beinvloed door de
achtergrondactiviteit van het netwerk waar het neuron zich in bevindt. Deze vraag wordt
onderzocht in twee verschillende hersengebieden: de CA3 van de hippocampus en de
thalamus. We proberen deze vraag te beantwoorden door verschillende technieken te
combineren. We gebruiken analytische technieken uit zowel de informatietheorie als uit
de meer mechanistische methode van de biofysica. Bovendien vergelijken we de theoretis-
che modellen met experimentele resultaten.

De eerste helft van dit proefschrift gaat over het CA3 gebied van de hippocampus. In
hoofdstuk 2 gebruiken we een model van een pyramidecel in dit hersengebied dat kan
‘bursts’ kan vuren. Dit model stuurt haar output naar een model-interneuron, dat op
zijn beurt weer negatieve input terugstuurt naar de pyramidecel. De pyramidecel ont-
vangt naast deze inhibitie ook input in de vorm van een ruisachtige stroom. Zo kunnen
we door middel van de analyse beschreven in appendix B ontcijferen voor welke eigen-
schappen van de input het neuron codeert. Door de eigenschappen van de inhibitie te
veranderen, bijvoorbeeld de sterkte of het soort projectie (langzaam en naar de dendriet,
of snel en naar het soma), of door het toevoegen van snelle plasticiteit of synaptische
vertragingen, kunnen we onderzoeken hoe deze eigenschappen de codering van de pyra-
midecel bëınvloeden. In hoofdstuk 3 doen we iets soortgelijks als in hoofdstuk 2, maar dan
voor feed-forwardinhibitie in plaats van feedbackinhibitie. De conclusie die uit deze twee
hoofdstukken kan worden getrokken, is dat inhibitie de pyramidecel van een langzaam
burstregime naar een snel spikeregime kan brengen. Deze regimeverandering brengt een
verandering in vele eigenschappen met zich mee, zoals de betrouwbaarheid van de out-
put en de eigenschappen van de input waar de pyramidecel gevoelig voor is. De timing
van de inhibitie blijkt cruciaal te zijn: langzame feedbackinhibitie naar de dendriet is
het meest effectief met het totstandbrengen van deze regimeverandering. Synaptische
vertragingen, snelle plasticiteit en verandering van de langzame dendritische synaps naar
een snelle somatische synaps maken de inhibitie minder effectief in het totstandbrengen
van de regimeverandering. Echter, feed-forwardinhibitie is misschien minder effectief, het
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zorgt voor een veel rijker repertoire aan mogelijke output dan feedback inhibitie.

De tweede helft van dit proefschrift gaat over thalamocorticale relay (TCR) neuronen
in de thalamus. In hoofdstuk 4 gebruiken we zowel experimenten als theoretische mod-
ellen om de burstactiviteit in deze TCR neuronen te onderzoeken. Ook deze cellen kun-
nen in ‘bursts’ vuren, maar het mechanisme dat ze genereert is anders in TCR cellen
dan in de pyramidecellen in de CA3 van de hippocampus: in TCR cellen worden bursts
gëınitieerd door een speciale calciumstroom met een lage drempelwaarde voor activatie,
de T-type calciumstroom, terwijl in pyramidecellen bursts worden gegenereerd door een
‘ping-pongeffect’ tussen het soma en de dendriet. Dit andere mechanisme zorgt ervoor
dat bursts in TCR cellen ook gevoelig zijn voor andere eigenschappen van de input dan
bursts in pyramidecellen. Lang werd gedacht dat bursts in TCR cellen enkel een teken
waren voor slaap en/of pathologische condities. Inmiddels zijn er veel verschillende the-
orieën over de functie van bursts in deze cellen. Wij vonden dat bursts zeldzaam, maar
zeer informatief zijn. Ze coderen voor laag-frequente, integrerende informatie in de in-
put, terwijl spikes een reactie zijn op bredere frequentiebanden en fluctuaties in de input.
TCR cellen gaan van een burst- naar een spikeregime als de input van hyperpolarizerend
depolarizerend wordt. De output van de cel komt dan eerder in de tijd en is gevoeliger
voor fluctuaties en minder gevoelig voor integratie.

In hoofdstuk 5 wordt de regimeverandering van de TCR cellen ook onderzocht, maar
de focus ligt hier op de betrouwbaarheid van de output, oftewel de vraag of als een neu-
ron twee keer dezelfde input krijgt, het dan ook twee keer dezelfde output geeft. We
gebruiken verschillende methoden om de betrouwbaarheid van de neuronen te meten,
en laten zien dat deze afhangen van de input-outputrelatie van het neuron. Als je wilt
weten of de betrouwbaarheid van de output van een neuron verandert, zul je dus voor
deze relatie moeten corrigeren. We laten zien dat in de TCR cellen de betrouwbaarheid
van enkele spikes toeneemt als het van een burst- naar een spikeregime gaat, hetgeen je
ook zou verwachten als je naar de input-outputrelatie kijkt. Echter, de betrouwbaarheid
van bursts neemt ook toe, terwijl je dit op basis van de input-outputrelatie niet zou
verwachten. Dit komt waarschijnlijk door een langzaam adaptatiemechanisme dat in het
burstingregime de outputfrequentie bëınvloedt.

Samenvattend kunnen we stellen dat de biofysica de neurale code bëınvloedt. De ken-
merken van de input waar spikes en bursts gevoelig voor zijn hangen af van de biofysica
van de cel: een burst in een pyramidecel codeert voor andere input dan een burst in een
TCR cel. Maar de manier waarop informatie wel of niet gecodeerd kan worden kan ook
een reden zijn voor een cel om haar biofysische eigenschappen aan te passen, zoals we in
hoofdstuk 5 laten zien.

Het onderzoek in dit proefschrift was op het niveau van enkele cellen en kleine netwerken.
Het is belangrijk dit ook in grotere, realistischer netwerken te testen. Echter, aangezien
we vonden dat timing heel belangrijk is, is het belangrijk alle eigenschappen van een
dergelijk netwerk goed te kennen, voordat er een betrouwbaar model van gebouwd kan
worden. Hier ontbreekt tot nog toe de kennis over.
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