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Abstract

In this work we focus on the input-output relations of both neurons and synapses, the basic
computational elements in the neocortex, and test the functional implications of their properties on
information transmission and coding. In order to study the connection between intrinsic properties
and the functionality of neurons and synapses, we present and use phenomenological models, which
are based on their responses, as characterized by electrophysiological recordings, performed in brain
slices of rats.

The study consists of three parts. The first explores the effects of spike frequency adaptation on
the input-output properties of cortical neurons. The other two parts focus on the functional properties
of information transmission across single neocortical synapses.

In the first part of this work we characterize the input-output properties of pyramidal neurons, the
main excitatory neurons in the neocortex. We extend the integrate-and-fire model, to account for spike
frequency adaptation (SFA), which is one of the most prominent electrical fingerprints of pyramidal
neurons. We study the influence of SFA on input-output transformations, and its implications for
a possible neuronal coding scheme. We show that the pyramidal neurons can support phase coding
in the neocortex, by which the phase of action potentials, relative to a population wave of activity,
can code information about the stimulus. In particular, spike frequency adaptation can account for
the generation of population rhythms, as well as for a wide vocabulary of phases, which may be used
for phase coding in the neocortex. We show that oscillatory waves of activity in the population of
pyramidal neurons are an emergent property of the network. We conclude that phase coding can be
performed by such populations even without an external oscillatory drive from other brain areas, or
from different populations of neurons.

In the second part of this work we focus on the capacity of a single neocortical synapse to code
temporal information about the activity of the presynaptic neuron. The basic idea is that since the
amplitude of the synaptic response is influenced by the timing of preceding spikes, then each post-
synaptic response actually contains temporal information about the timing of preceding presynaptic
spikes. Since synaptic responses are determined not only by the pattern of the preceding spike train,
but also by the probabilistic nature of synaptic release, we present and use a new probabilistic model
to describe the activity of a stochastic dynamic synapse. We then utilize measures from information
theory to quantify the information contained in a single synaptic response about the timing of pre-
ceding presynaptic spikes. The results suggest that neocortical synapses are capable of supporting
a temporal code in the neocortex. Single postsynaptic responses can code the timing of preceding
presynaptic spikes. In particular, depressing connections between pairs of pyramidal neurons can code
the timing of up to four preceding presynaptic spikes, whereas facilitating synapses, which connect
pyramidal neurons to interneurons, can code the timing of at least 10 preceding spikes in single post-
synaptic responses. Moreover, we show that depressing synapses between pairs of pyramidal neurons
are optimized for transmission of temporal information at relatively low firing rates (0.5-5 Hz), which

are at the range of spontaneous activity in the neocortex. Facilitating synapses are more efficient in
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transmitting temporal information at higher firing rates (9-70 Hz), which are more typical to sensory
evoked activity of neocortical networks. We speculate that inhibitory interneurons, receiving facilitat-
ing synapses, are recruited for temporal information processing during externally evoked activity of
cortical circuits. Finally, we show that the optimal value of the time constant of recovery from depres-
sion, which maximizes temporal information transmission via depressing synapses at low firing rates,
is in the physiological range of this parameter, as determined by in vitro experiments. We, therefore,
suggest that long-term plasticity processes may tune the dynamics of recovery from depression in order
to optimize temporal information transmission.

In the third part of the work, we extended the probabilistic model, presented in the second part,
in order to account for the observed characteristics of synaptic responses, as recorded in slices of rat
somatosensory cortex. We focus on information transmission via excitatory-excitatory connections
in the neocortex, including layer V pyramidal-pyramidal connections and layer IV connections that
involve spiny stellate neurons and star pyramids. The combined experimental and theoretical approach
unraveled two novel properties of neocortical depressing connections. The first relates to the average
response of the synapse at different input frequencies, and the second relates to the statistical nature
of the responses. In terms of the average response, we show that the mechanism of recovery from
depression is, in itself, activity-dependent. The recovery from depression accelerates during periods of
high frequency inputs. In terms of the response statistics, we show that the mechanism of depression
is composed of two components. Rather than being determined solely by dynamics of depletion of
vesicles from the release sites, a mechanism that is release-dependent, it is also determined by a
release-independent mechanism, perhaps causing a decrease in the probability of release in response
to a presynaptic spike. We present an extended version of the probabilistic model of depressing
synapses, which accounts for the experimentally observed phenomena. We show that a synapse with
a mechanism of frequency-dependent recovery from depression can transmit information about the
presynaptic firing rate even at high firing rates, since the steady-state response at these frequencies
is independent of the input frequency. This is in contrast to simple depressing synapses, which lack
this mechanism of frequency-dependent recovery. In fact, the mechanism of accelerated recovery from
depression turns the synapse into a linear synapse, at the expense of its capability to code temporal
information.

To summarize, we explored properties of information flow across basic computational elements of
neocortical microcircuits, and drew conclusions as to possible functions that they may perform. Since
computations in the neocortex are performed by a combination of many basic elements, understanding
their principles of information processing can shed light on the way information is being represented
and coded in the neocortex. In our study of synapses, we show that, for instance, neocortical synapses
can support temporal coding in the brain. Moreover, we demonstrate that different types of synapses
are most suitable for supporting rate or temporal coding, at different conditions, mainly, at differ-
ent firing rates of the neuronal populations, in which they are embedded. These findings lead to a
suggestion as to which neuronal populations (excitatory/inhibitory) are important for information
coding during sensory stimulation, and during spontaneous activity. In the study of neurons, we show

that pyramidal neurons can support a special coding scheme, which is based on the activity of the
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neuron, as well as of the populations, in which it plays a part (”phase coding”). Most importantly,
we highlighted the importance of single neuron properties, for the behavior of a large population of
neurons. This finding strongly supports the relevance of studying input-output properties of basic
computational building blocks for the understanding of the operation of neocortical microcircuits.
Future studies may concentrate on establishing the input-output properties of polysynaptic pathways,
composed of combinations of the basic computational elements. The construction of those pathways

should rely on physiological knowledge about the patterns of connectivity in neocortical microcircuits.
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Chapter 1

General Introduction

The main function of the nervous system is to process information, i.e. to transform sensory input
into behavioral output. In order to perform this goal and control behavior, the central nervous system
employs approximately 10'2 neurons, which are synaptically interconnected in complex networks. The
main challenge of computational neuroscience is to understand how these networks do their job; how do
they code the sensory input, how do they extract and process information, and how do they compute
the relevant behavioral output.

In the past century, the interdisciplinary field of neuroscience has tackled these questions from
many different aspects. Many different brain areas have been mapped in various species. Neurons
in these regions have been classified and subclassified based on anatomical details, connectivity, re-
sponse properties, the ion channels, neuropeptides and other markers they express. Many different ion
channels have been quantitatively characterized, and their regulation and gating mechanisms are be-
ginning to be understood. Despite this wealth of data, it still remains a mystery how these thousands
of proteins accomplish computation (Holt, 1998). The approach taken in this study to the resolution
of these issues is a bottom-up one, according to which understanding high-level computation relies
on understanding of the principles of computations performed by basic computational elements of the
system.

Since the essence of non-trivial computation is non-linearity, any arbitrary computation can be
performed by a cascade of the appropriate basic non-linear computational elements (Zador, 2000).
In the brain, it is generally assumed that the complexity of neocortical networks, and thus their
ability to perform computations, results from the types of its composing neurons and the patterns of
connectivity among them. Specifically, the conventional view among brain modelers, as first enunciated
by McCulloch and Pitts (1943), is that the single neuron represents the basic unit of computation in the
brain. This assumption is supported by experimental studies, which demonstrated that the intrinsic
membrane properties of neurons in the neocortex are highly non-linear and are not homogeneous
(McCormick et al., 1985; Connors and Gutnick, 1990). Indeed, neurons differ in their physiological, as
well as morphological characteristics. The intrinsic differences in the types and distributions of specific
ion channels on the soma and dendrites of a neuron lead to distinctive temporal patterns of discharge,
and thus determine, to a large extent, the non-linear way individual neurons transform synaptic input

into spike output.
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In classical models of neural networks, a neuron is usually represented as a point device that com-
putes a linear sum of the inputs it receives from other neurons, weighted perhaps by the strengths of
synaptic connections, and then passes the sum through a static non-linearity (Zador, 2000). This non-
linear transformation of input current into output firing rate has been enshrined as the basic non-linear
function in most formal models of brain computation (Hertz et al., 1991). In more detailed models,
the basic formulation of a neuron as a point element has been elaborated, in order to investigate the
effect of the spatial structure of neurons, with their complex dendritic trees and axonal arborizations,
as well as the distribution of ion channels, for information processing (Koch and Segev, 2000; Segev
and London, 2000; Euler and Denk, 2001). By using compartmental models of reconstructed cortical
neurons, it has been shown that, in fact, for identical distribution of ion channels, an entire spectrum
of firing patterns can be reproduced in a set of neurons that differ only in their dendritic geometry
(Mainen and Sejnowski, 1996). The focus of these theories nevertheless remains on the neuron as the
basic unit of computation in the brain.

Synapses, which are the specialized junctions that mediate the interactions between neuronal
elements and thus enable information transmission from one neuron to another, are typically regarded
as simple communication elements that can impose either excitation or inhibition on a receptive
neuron. In the traditional models of neural networks, the synapse is regarded as a passive transmission
device that transmits each presynaptic action potential with the same amplitude. The gain of the
signal conveyed by the synapse was referred to as the strength, or efficacy, of the synapse. According
to this approach, synaptic efficacy can be modulated by long term plasticity processes, such as LTP
and LTD, that cause an increase or decrease in the efficacy, respectively (Teyler and Discenna, 1984;
Barnes, 1995). Synapses were, therefore, studied as prime candidates that may participate in learning
and memory processes. Recent studies, however, revealed that the strength of neocortical synapses can
also be modulated rapidly (10-100 ms) by short-term plasticity processes (Zucker, 1989; Thomson
et al., 1993; Thomson and Deuchars, 1994; Stratford et al., 1996; Markram, 1997; O’Donovan and
Rinzel, 1997; Tarczy-Hornoch et al., 1998, 1999). Thus, neocortical synapses are complex functional
units, through which information transmission is dynamic. The information about the occurrence
of presynaptic events is being transmitted with a magnitude that depends on the history of activity
of the input neuron, and changes from one spike to another. Namely, during a train of spikes, the
magnitude of the postsynaptic response can either decrease (depress) or increase (facilitate). Recent
models postulate that dynamic synapses can underlie specific computational functions (Little and
Shaw, 1975; Liaw and Berger, 1996; Abbott et al., 1997; Tsodyks and Markram, 1997; Zador and
Dobrunz, 1997; Chance et al., 1998; Maass and Zador, 1999; Maass and Sontag, 2000). Common
to all these models is the notion that synapses do more than just provide a substrate for the long-
term changes underlying learning and memory; they are, in fact, complex non-linear communication
channels that can process information and perform computations. Therefore, the synapse should also
be regarded as a basic computational unit in the performance of neural circuits (Zador, 2000).

In this work we investigate the input-output relations both of neurons and of synapses, the basic
computational elements in the neocortex. We explore the computational implications of these rela-

tions for information transmission and coding in functional neocortical circuits, in which they are
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embedded. Our underlying assumption is that these input-output relations may serve as Lego-like
pieces for the construction of more complex systems of information processing, and that in order to
crack the functional circuitry in the neocortex, it is necessary to understand the functional properties
of its basic building blocks. This understanding could be followed by exploration of the input-output
properties of polysynaptic pathways, which would be composed of combinations of the basic com-
putational elements, according to physiological knowledge of the connectivity patterns in neocortical

microcircuits.

1.1 Functional Microcircuits in the Neocortex: Cortical Columns

The fine structure of the neocortex varies from region to region and from species to species; however,
unifying principles underlie the assembly of individual neocortical neurons into functional circuits
(White, 1989; Douglas and Martin, 1998). One of the most significant discoveries in neuroscience
is that the cortical column is a fundamental unit of the neocortex (Szentagothai, 1975; Mason and
Kandel, 1991; Mountcastle, 1998). This unit appears to be a vertical repeating structure of diverse,
radially organized neurons, each with its own morphological and physiological characteristics and its
own pattern of synaptic connections (White, 1989; Mountcastle, 1998).

In these columns, cells are typically arranged in six horizontal layers (Fig. 1.1A). The layers were
traditionally defined according to the types and packing density of the neuronal elements they contain
(White, 1989; Mountcastle, 1998). Of particular relevance to this study, is layer V, which is the layer of
large pyramidal cells, and layer IV, which includes the spiny non-pyramidal cells. While the different
types of neurons may be differentially distributed between the different layers, the overall proportions
of a given neuronal type remain approximately constant between different areas (Douglas and Martin,
1998). The afferent and efferent synaptic relations between the cells in the different layers, are also
consistent throughout the brain areas. For example, efferents of layer II/III project mainly to other
cortical areas, and those of V/VI to subcortical structures (Fig. 1.1B, Mountcastle (1998)).

The vertical aspect of cortical organization, coexists with the horizontal, laminar one. It was first
envisioned by Lorente de N6 (Lorente de N6, 1938) to consist of chains of interconnected neurons
extending across all the layers of the cortex (White, 1989). The notion that the cerebral cortex has a
distinct vertical aspect to its organization was later confirmed by the observation of functional columns
in both sensory and motor areas (Asanuma, 1975; Dykes, 1978; Hubel and Wiesel, 1977; Mountcastle,
1957; Mountcastle et al., 1975). This notion of a neocortical column as a fundamental functional unit
corresponds with physiological findings. Neurons with similar functional properties are organized in
vertical “cortical columns” , 300-500 pm wide, that extend from the cortical surface to the white matter
(Powell and Mountcastle, 1959; Hubel and Wiesel, 1977). Neurons of the same neocortical column
respond preferentially to the same stimuli. For instance, there are vertical arrangements of cells in
the primary visual cortex that respond preferentially to stimuli delivered to one eye or the other,
from a particular region of the visual field, and are selectively sensitive to a particular orientation of
short, straight-line presented stimuli (Hubel and Wiesel, 1962, 1977). These properties are roughly

constant in neurons that are organized in the vertical direction, perpendicular to the cortical surface.
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Figure 1.1:
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In contrast, these properties vary systematically in the horizontal direction. Vertical arrays of units
in auditory cortex tend to respond to the same, or to similar frequencies (Tunturi, 1950; Brugge
et al., 1969; Brugge and Merzenich, 1973; Merzenich and Brugge, 1973; Ahissar et al., 1992) and
vertical columns of neurons in somatosensory cortex respond to nearly identical peripheral receptive
fields (Mountcastle, 1957; Mountcastle et al., 1975). Columnar arrangements have also been identified
in motor cortex, where stimulation of discrete groups of neurons causes specific muscles to contract
(Asanuma, 1975). In all cases, one cortical column may respond to a wide range of stimuli by virtue of
convergent connections among the columns, but its optimal stimulus appears to be unique. Neurons
in more than one column may also respond simultaneously to the same stimulus, a feature that is
mediated by divergent connections from one column to others.

The precise structure and the relationships between the structure and the function of a column
are still unknown. In order to understand the functional microcircuitry within the column, knowledge

of the neuronal composition and the connectivity within the column is required.

1. he Com utational wuilding locks o Cortical Columns

There are two major classes of neu-
rons within the cortical column, pyra-
midal cells and inhibitory interneurons
(Peters and Marie, 1984; White, 1989;
Douglas and Martin, 1998). Pyrami-
dal cells are the most prominent neu-
rons in the cortex; they constitute
about 70 of the neurons (Sloper
et al., 1979; Powell, 1981). These are
spiny neurons, which release excita-
tory amino acids as their transmitters
(glutamate). Pyramidal cells are com-
paratively homogenous in morphology,
and are characterized by a vertically
oriented apical dendrite that traverses
multiple layers before forming a ter-
minal tuft (see Fig. 1.2). An addi-
tional subgroup of spiny neurons are
the spiny stellate cells (Fig. 1.3), which

Figure 1.2:

are excitatory neurons that lack such
an apical dendrite, and that are confined to layer IV of sensory cortex (Lund et al., 1979). Inhibitory

interneurons form 15-25 of the neuronal population in the neocortex; they are smooth cells that



CHAPTER 1. GENERAL INTRODUCTION 6

Figure 1.3:

release GABA as their neurotransmitter (Fairen et al., 1984; Houser et al., 1984; Peters, 1987; White,
1989). These interneurons are extremely diverse in their anatomical, physiological and molecular
properties (Fairen et al., 1984; White, 1989; DeFelipe, 1993; Cauli et al., 1997; Gupta et al., 2000;
Wang, 2000). The anatomical diversity of interneurons and the different subtypes are shown in Fig.
1.4.

Previous physiological studies have shown that excitatory neurons and inhibitory interneurons
in the neocortex may be classified into different physiological groups, a classification which is further
supported by morphological characteristics. The different firing patterns of neurons in different classes
play an essential role in determining the way in which an input is transformed to an output pattern.

There are three basic classes of intrinsic physiology which have been recognized in the neocortex
(Connors and Gutnick, 1990; McCormick et al., 1985). These include regular spiking cells (RS),
fast spiking cells (FS) and intrinsic bursting cells (IB). Classification is based upon three general
variables - the characteristics of individual action potential afterpotential complexes, the response
to a just-threshold intracellular current injections, and the response to prolonged stimuli. Regular
spiking cells are characterized by relatively long-lasting spikes, which are followed by a complex set of
intrinsically generated AHPs (after-hyper-polarizations) and ADPs (after-depolarizations). In these
cells, stimulation at threshold generates only a single spike. In response to prolonged stimuli, RS
neurons exhibit pronounced adaptation of the spike frequency; a gradual decrease in the instantaneous
discharge frequency. Fast spiking cells produce individual spikes that usually last less than 0.5 ms, and

are followed by a deep and brief AHP. In these cells, there is little or no adaptation during prolonged



CHAPTER 1. GENERAL INTRODUCTION 7

Figure 1.4:

current injections. Intrinsic bursting neurons are distinguished by their ability to generate endogenous,
all-or-none bursts of 3-5 action potentials. Their individual spikes are similar to those of RS, although
often followed by more prominent ADPs, which can summate to form a slow depolarizing wave during
a burst. The response of IB cells to a prolonged stimulus is a complex, often periodic pattern of bursts
and single spikes.

While these neuron classes are based entirely on physiological differences, intracellular staining
experiments suggest that there are also some distinct morphological correlates. Most of RS and
IB cells have been identified as pyramidal neurons, whereas FS have been identified as GABAergic
interneurons (Connors and Gutnick, 1990). Interneurons can, nevertheless, be classified into many
more electrophysiological categories (Cauli et al., 1997; Kawaguchi and Kubota, 1997; Thomson and
Deuchars, 1997; Gupta et al., 2000).

The physiological categories are not necessarily exclusive or definitive. In fact, at least the RS-
category has already been shown to consist of two subclasses, distinguished by the properties of the
spike frequency adaptation exhibited in response to a sustained current injection (Amitai, 1994). A
more recent work has further suggested that a particular neuron is not statically identified with a
specific biophysically defined class. Instead, cortical neurons can dynamically change their properties
according to their level of depolarization, which may reflect the activity level of the circuit in which
the neuron is embedded. Slight changes in membrane potential dramatically alters the discharge
patterns of neurons, from single spikes to rhythmic bursting and eventually to fast tonic firing without

frequency adapatation (Steriade et al., 1998).
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The diverse intrinsic firing patterns in the neocortex play a central role in determining the way in
which the information received as input is being transformed into an output pattern. Adapting cells, for
example, will attenuate prolonged excitatory stimuli while favouring the transmission of phasic ones.
Non-adapting cells, instead, may offer a wide-band responsiveness and, if necessary, sustained high
frequency output (Connors and Gutnick, 1990). Indeed, understanding the input-output properties

of a neuron can unravel the functional role of a particular neuron in the network.

It has long been established, first by electron microscopy (EM) studies, that two basic types of synapses
exist in the neocortex; these are referred to as type I and type II synapses (Gray, 1959; Colonnier,
1967; Douglas and Martin, 1998). Type I synapses have an asymmetric appearance, and are formed by
the vast majority of neocortical spiny neurons, in particular pyramidal neurons. These synapses are
associated with an excitatory effect on their postsynaptic neuron. Smooth interneurons innervate their
target cells by type II synapses, which are recognized under EM by a more symmetric appearance,
and are associated with an inhibitory effect. Both types of synapses are found throughout the cortex
in approximately constant proportions, with the vast majority (84 ) being type I.

Great effort has been made to understand the connectivity between specific classes of neocortical
neurons and the correlation between anatomical and physiological properties of defined connections
(Somogyi et al., 1998; Wang, 2000). Since excitatory (glutamatergic) connections formed by pyramidal
neurons constitute a major part of the microcircuitry of a neocortical column, they were intensely
studied (Mason et al., 1991; Thomson et al., 1993, 1996; Stratford et al., 1996; Markram et al., 1997).
GABAergic connections, formed by inhibitory interneurons, appear exceedingly complex due to the
large diversity of anatomically and physiologically distinct interneurons.

The mechanism for the synaptic transmission involves a series of steps. The multiple steps of
its mechanism confer a considerable flexibility of function (Shepherd and Koch, 1998). Several
mechanisms, with different time courses, can coexist at a synapse, resulting in complex dynamics
of the synaptic responses.

In fact, synaptic transmission in the neocortex is not linear; rather, each synaptic response de-
pends on the timing of preceding action potentials (APs) (Zucker, 1989; Thomson and Deuchars,
1994). This property indicates that synapses are not simple transmission devices, but are also com-
putational elements capable of transmitting limited subsets of information contained within trains of
presynaptic APs to the postsynaptic neuron. Synapses can therefore be seen as constructing specific
synaptic representations of presynaptic AP trains, rather than transmitting each presynaptic action
potential (AP) equally. Thus, together with neurons, synapses may be regarded as elementary units
of information processing.

The dependence of the synaptic response on the activity of the presynaptic neuron, is known as
frequency-dependent synaptic transmission. Frequency-dependent synaptic transmission has been con-
sidered extensively in simple organisms (e.g. Mallart and Martin (1967); Magleby and Zengel (1976))

and in particular has been central to a thorough characterization of the cellular basis of learning and
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memory and simple behaviour in Aplysia (Byrne, 1978; Gingrich and Byrne, 1985). Despite all these
studies, except in some cases (Curtis and Eccles (1960); Grossberg (1969); Fuhrmann (1993); Liaw
and Berger (1996); Markram and Tsodyks (1996); Abbott et al. (1997); O’Donovan and Rinzel (1997);
Zador and Dobrunz (1997)), frequency-dependent synaptic transmission has essentially been ignored
in virtually every concept developed for information processing, learning and memory, particularly
in the mammalian brain. Frequency-dependent synaptic transmission is also mostly overlooked when
interpreting in wvitro and in wvivo experiments. This oversight could carry a tremendous cost, since
frequency-dependence of transmission could determine how the nervous system processes information
within neural networks and a consideration of this synaptic property could therefore radically change
our views on how the nervous system operates. It is, therefore, important to study the functional
implications of frequency-dependent synaptic transmission.

The technique that made this direction of research possible for cortical systems was the applica-
tion of infrared differential interference contrast (IR-DIC) microscopy to visually preselect neurons for
recording (Stuart et al., 1993; Markram et al., 1997). Systematic studies of specific preselected con-
nections can be undertaken (Markram et al., 1997, 1998; Reyes et al., 1998; Feldmeyer and Sakmann,
2000). Frequency-dependent synaptic transmission has been studied using experimental approaches
aimed at dissecting out the underlying mechanisms (see Zucker (1999) for review), biophysical models
(e.g. Gingrich and Byrne (1985); Parnas and Parnas (1994); Bertram et al. (1996)), non-linear systems
analysis (e.g. Abbott et al. (1997)) and statistical analysis of changes in the coefficient of variation of
synaptic responses (e.g. Korn et al. (1984, 1986)).

A different approach was adopted by constructing a phenomenological model of frequency-dependence
(Abbott et al., 1997; Tsodyks and Markram, 1997; Markram et al., 1998) and novel experimental pro-
tocols to reveal the functional properties of frequency-dependent synapses. The model replicates the
mean synaptic responses, as obtained by averaging over many repetitions of the same input patterns.

The model was applied to experimental data in order to establish means of quantifying the func-
tional aspects of frequency-dependent synaptic transmission. The combined model and experimental
approach has revealed novel properties of both depressing and facilitating synapses. For depressing
synapses it was found that the steady-state EPSPs ( ) decreases monotonically with the input
frequency, and at a critical frequency their amplitudes begin to decrease inversely proportional to the
frequency (Fig. 1.5, Curtis and Eccles (1960); Abbott et al. (1997); Tsodyks and Markram (1996,
1997)). This frequency is referred to as the limiting fre uency ( ) and is a characteristic prop-
erty of a single connection, which has tremendous functional significance (see below). For facilitating
synapses, a novel bell-shaped curve was found as the frequency was increased (Fig. 1.6A, Markram
et al. (1998)). The peak of the curve is referred to as the peak fre uency ( ) and is a characteristic
property of facilitating synapses, also with tremendous functional significance (see also (Curtis and
Eccles, 1960)).
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Figure 1.5:

In different ranges of presynaptic
input frequencies (rates), the synapses
prefer’ to transmit different types of
information. = Three such signaling
regimes were isolated (Fig. 1.6B,C).
Below the limiting frequency, ,
and towards even lower frequencies,
synapses transmit progressively more
information about the absolute dis-
charge rate. This regime is the linear
signaling regime. Beyond lies the
sub-linear regime, in which the synapse
is effective in detecting time deriva-
tives of presynaptic discharge rates,
but cannot transmit information about
the mean firing rates. For facilitating
synapses, the frequency range between
0 and represents a supra-linear
regime in which synapses can transmit
information about integrated activity.
In this regime, the synapse can actu-
ally count the number of presynaptic
APs within a burst.

Figure 1.6:

10
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The significance of this observation is that each synapse is acting as a complex filter, that does
not transmit each AP with the same amplitude, but instead, in different frequency ranges it extracts
different features of the presynaptic train to be transmitted most efficiently to the postsynaptic neuron.
In this way, the postsynaptic neuron in a depressing connection, for example, could loose information
about the average firing rate of its afferents when this rate exceeds a defined limiting frequency, but
instead increases its sensitivity to sudden changes in the presynaptic firing rates (Abbott et al.,
1997). One possible function of such synapses in a network would, thus, be to allow sensitivity to
rate fluctuations of low frequency afferents that would otherwise be masked by the EPSPs originating
from more rapidly firing neurons.

In the construction of neocortical microcircuits, it has been shown that synapses situated at the
connection between pairs of pyramidal (excitatory) neurons are depressing, and that synapses that
form the connection between a pyramidal neuron and a GABAergic interneuron may be either fa-
cilitating or depressing (Thomson and Deuchars, 1997; Reyes et al., 1998; Markram et al., 1998).

Inhibitory connections, instead, bear a larger diversity of response dynamics (Gupta et al., 2000).

1. utline o the hesis and ighlights o tud oals

In order to explore the input-output properties of neocortical computational building blocks, we present
and use phenomenological models. These models are based on the responses of neurons and synapses,
as characterized using electrophysiological recordings, which were performed in brain slices of rats.

In contrast to the in wvitro conditions of slice preparations, in the intact brain, neurons fire in a
highly irregular manner (Softky and Koch, 1993). They are embedded in complex networks that are
composed of enormous numbers of neurons, and are active also spontaneously, even in the absence of
an external sensory input. The spontaneous firing of neocortical neurons is often considered to be a
noisy, stochastic process (Softky and Koch, 1993; Shadlen and Newsome, 1994; van Vreeswijk and
Sompolinsky, 1996; Amit and Brunel, 1997). It is, therefore, common to assume that the neuron is
exposed to noisy inputs, that are caused by the background activity of its input neurons. Therefore,
in order to simulate in wvivo conditions, noisy currents are used as inputs to the studied neurons,
both in experiments and in model simulations. An additional source of noise present in the studied
microcircuits, is the process of synaptic transmission in the central nervous system, which is also noisy,
due to the probabilistic nature of transmitter release (Kuno, 1964; Jack et al., 1981; Korn et al., 1984;
Stevens, 1993).

The functionality of the neurons and synapses has been explored with respect to the noise that
neurons experience in their inputs, as well as the noise, which accompanies the output of neocortical
synapses.

In the first part of this work we focus on characterizing the input-output properties of pyrami-
dal neurons, the main excitatory neurons in the neocortex. In the study of neural networks, it is
customary to use the integrate-and-fire model, in order to simulate the spiking activity of a neuron
(Tuckwell, 1988). The response pattern of such an integrate-and-fire neuron to a prolonged current

injection is non-adapting, thus typical to that of FS neurons, which are associated with GABAergic
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inhibitory neurons. However, the vast majority of neocortical neurons are pyramidal neurons, which
are associated with RS and IB neurons. We find it of great importance to consider a model of a neuron
that can account for the electrophysiological characteristics of these types of neurons. In particular,
we started by exploring a model for a pyramidal RS neuron. One of the most prominent electrical
fingerprints of these cells is the phenomena of spike frequency adaptation (SFA). We, therefore, use
a phenomenological model for neural activity that extends the integrate-and-fire model to account
for SFA. This model has previously been considered for the construction of large networks (Treves,
1993) and for testing their influence on synchrony generation of the networks (van Vreeswijk and
Hansel, 2001), but a systematic study of the response properties of the single neuronal elements has
not been performed. Here we take this opposite approach, of exploring the input-output relations of
single adapting neurons in order to understand their functional role in neuronal circuits. We prove
this approach to be extremely relevant for predicting the activity of large-scale networks, from the
properties of their single composing adapting neurons. Our study explores the effects of SFA on the
spiking responses of pyramidal neurons to various types of currents. In particular, we focus on the re-
sponse of a pyramidal neuron to oscillatory input currents, which represent coherent waves of activity
in a neocortical population of neurons. Specifically, we consider the following questions: (i) How does
the phase shift of the spiking response relative to the input current depend on the frequency of the
input wave (ii) What is the special frequency at which zero phase-shift is obtained (the ”preferred
frequency”) (iii) How does the preferred frequency depend on the degree of adaptation (iv) How
does it depend on the characteristics of the input current (v) Can the preferred frequency account
for the emergence of population rhythms in the neocortex and (vi) What are the implications of the
findings for a possible coding scheme, which may be supported by populations of adapting neurons

In the second part of this work we investigate the capacity of a single neocortical synapse to
code temporal information about the activity of the presynaptic neuron. The basic idea is that,
since the amplitude of the synaptic response is influenced by the timing of preceding spikes, then
each postsynaptic response actually contains temporal information about the timing of preceding
presynaptic spikes. Since synaptic transmission is governed by a stochastic process, synaptic responses
are determined not only by the pattern of preceding presynaptic spikes, but also by the probabilistic
nature of synaptic release. We therefore present a new probabilistic model to describe the activity
of a stochastic dynamic synapse, and use measures from information theory in order to quantify the
information contained in a single synaptic response about the timing of preceding presynaptic spikes.
In particular, we focus on the following questions: (i) How is temporal information coding affected
by the firing frequency of the presynaptic neuron (ii) How does the information depend on the
biophysical parameters of the synapse (iii) How does the number of release sites affect information
encoding by the synapse and (iv) How many spike times can be represented in a single postsynaptic
response

In the third part of the work we explore in more detail the probabilistic model and extend it
to match the response characteristics of depressing excitatory-excitatory connections, as recorded in
slices of rat somatosensory cortex. In particular, the main goal was to verify the relevance of the model

for the responses of the studied synapses, not only in terms of the mean response, which is averaged
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over many repetitions of the same input pattern, but also in terms of the statistics of the responses
in individual trials. According to the experimental data, which we interpret using the probabilistic
model, the dynamics of depression at the studied connections appears to be more complex than can
be explained by the basic probabilistic model, presented in the second part of this work. Specifically,
depression is shown to be governed both by release-dependent (RDD), and release-independent (RID)
mechanisms of depression. Additionally, at some synapses, we find that the average steady-state
respouse of the synapse ( ) does not decrease inversely proportional to the presynaptic firing
frequency. Rather, it converges to a constant value, which is independent of the input frequency.
We aim at characterizing both novel properties of synaptic depression and elaborating the basic
probabilistic model, to account for the observed phenomena. We develop a measure to quantify the
degree of RDD versus RID expression and test the following questions: (i) What is the degree of RID
expression at the studied connections (ii) How is the degree of RID expression affected by changes of
temperature in which the slices are kept  (iii) How can the model account for the release-independent
component of depression (iv) How can we explain and model the convergence of the steady-state
response to a constant value and (v) What are the functional implications of the unraveled properties
of synaptic depression for coding of information, in terms of the capability of depressing synapses to

code rate and temporal information
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Abstract

Spike-frequency adaptation in neocortical pyramidal neurons was examined using the whole-cell patch-
clamp technique and a phenomenological model of neuronal activity. Noisy current was injected to
reproduce the irregular firing typically observed under in vivo conditions. The response was quantified
by computing the post-stimulus histogram (PSTH). To simulate the spiking activity of a pyramidal
neuron we considered an integrate-and-fire model to which an adaptation current was added. A
simplified model for the mean firing rate of an adapting neuron under noisy conditions is also presented.
The mean firing rate model provides a good fit to both experimental and simulation PSTHs and may
therefore be used to study the response characteristics of adapting neurons to various input currents.
The models enable identification of the relevant parameters of adaptation that determine the shape of
the PSTH and allow the computation of the response to any change in injected current. The results
suggest that spike frequency adaptation determines a preferred frequency of stimulation, for which the
phase delay of a neuron’s activity relative to an oscillatory input is zero. Simulations show that the
preferred frequency of single neurons dictates the frequency of emergent population rhythms in large
networks of adapting neurons. Adaptation could therefore be one of the crucial factors in setting the

frequency of population rhythms in the neocortex.
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ntroduction

Spike-frequency adaptation (SFA) is the decrease in instantaneous discharge rate during a sustained
current injection, and is a specialized feature of many types of neurons. Spike-frequency adaptation has
been observed in neurons of various systems from several species, including non mammalian ones such
as the crayfish stretch receptor (Michaelis and Chaplain, 1975). In mammals, SFA has been observed
in rodent motoneurons (Granit et al., 1963; Sawczuk et al., 1995), hippocampal CA1 pyramidal cells
(Lancester and Nicoll, 1987; Madison and Nicoll, 1984) and pyramidal cells of the piriform cortex
(Barkai and Hasselmo, 1994). In the neocortex of rodents SFA has been identified in most pyramidal
neurons, in particular those that have been traditionally classified as regular spiking cells, but in some
bursting neurons as well (Connors and Gutnick, 1990; Mason and Larkman, 1990; McCormick et al.,
1985). SFA has also been identified in neurons of other mammalian systems, including the rabbit CA1
and CA3 pyramidal neurons (Moyer et al., 1996; Thompson et al., 1996), cat motoneurons (Granit
et al., 1963; Kernell and Monster, 1982) and layer V neurons of the sensorimotor cortex recorded in
vitro (Schwindt et al., 1988; Stafstrom et al., 1984), neurons of cat visual cortex in vivo (Ahmed et al.,
1998) and even in regular spiking cells of the human neocortex (Avoli and Olivier, 1989; Foehring
et al., 1991; Lorenzon and Foehring, 1992).

The biophysical mechanisms underlying SFA are not yet established. SFA has most commonly
been linked to the phenomena of after-hyper-polarization (AHP), found to follow current-induced
repetitive firing (Madison and Nicoll, 1984; Schwindt et al., 1988). AHP is an action potential
dependent hyperpolarized potential that markedly summates with successive spikes. Since the build-
up of AHP with successive spikes is relatively slow, its effects on discharge frequency are greater at
later inter-spike intervals (Madison and Nicoll, 1984). The ionic mechanisms underlying AHPs and
their functions have been studied in neurons from several species, such as the cat (Schwindt et al.,
1988; Stafstrom et al., 1984), guinea pig (Connors et al., 1982; McCormick et al., 1985) and rat

2 _activated slow

(Madison and Nicoll, 1984), and have been suggested to be largely produced by

currents (Connors et al., 1982; Hotson and Prince, 1980; Madison and Nicoll, 1984; Schwindt et al.,
1988). In slices of human cortical tissue, AHP was observed and the currents underlying the medium
and slow AHPs were shown to influence the interspike interval during repetitive firing and to produce
SFA (Avoli et al., 1994; Lorenzon and Foehring, 1992). Other ionic currents that have been suggested
to contribute to the development of SFA include the M-current (), which is a slow-activating non-
inactivating voltage-sensitive potassium current (Madison and Nicoll, 1984; McCormick et al., 1993),
and the slow Na-inactivation (Michaelis and Chaplain, 1975; Schwindt and Crill, 1982).

The functional significance of SFA is not clear either. Some possible roles of SFA have been
suggested. These include the phenomena of forward masking and selective attention (Wang, 1998; Liu
and Wang, 2001). In forward masking, when two or more inputs are presented sequentially in time,
the neuronal response to the first input inhibits responses to subsequent inputs by activating
with a delay. In selective attention, in the presence of two or more inputs, the adaptation process

can selectively suppress the neuronal responses to weaker inputs so that the response to the strongest
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input pops-out” in time.

In this work we studied the significance of SFA in modulating the input-output properties of
a neocortical neuron embedded in a noisy environment. In particular, the response properties of
an adapting neuron to oscillatory inputs suggest a role for SFA in the synchronization of neuronal
assemblies. Previous results suggested a role for adaptation in stabilizing synchroneous behavior
(Crook et al., 1998; van Vreeswijk and Hansel, 2001). Here we show that by knowing the characteristics
of SFA in individual neurons of the population, it is possible to predict the frequency of oscillations for
which synchronization could occur, i.e the frequency of possible spontaneously emerging population

rhythms.

Methods
p i t1

Slice preparation and recording procedures as in Markram et al. (1997). Briefly, Wistar rats
(13-15 days) were rapidly decapitated and neocortical slices (sagittal; 300mm thick) were sectioned
(DSK, Microslicer, Japan). Neurons in the somatosensory cortex were identified using IR-DIC video-
microscopy (Zeiss - Axioplan, fitted with 40x-W/0.75 NA objective, Zeiss, Oberkochen, Germany) and
patch-clamp recordings were obtained. Recorded neurons were selected up to 120 mm below the surface
of the slice and separated from each other by up to 150 mm. Experiments were performed at 32-34 C
with extracellular solution (in mM): 125 NaCl, 2.5 KCl, 25 Glucose, 25 NaHCO , 1.25 NaH2PO ,
1.5 mM CaCl; and 1.5 mM MgCl,. Somatic whole-cell recordings (10-20 M access resistance) were
obtained and signals were amplified using Axoclamp-2B amplifiers (Axon Instruments), captured
on the computer using Pulse Control (by Dr. R. Bookman and colleagues, Miami niversity) and
analyzed in programs written in Igor (Igor Wavemetrics, Lake Oswego, OR, SA). Pipettes solution
contained (in mM) 100 K-gluconate, 20 KCI, 4 ATP-Mg, 10 phosphocreatine, 0.3 GTP, 10 HEPES
and 0.5 biocytin (pH 7.3, 310 mOsm).

o i

Two models are used in this study. The first is an integrate-and-fire model of a spiking adapting

neuron, used for detailed simulations. The second is a mean firing-rate model of an adapting neuron.
The Integrate and Fire Model of an Adapting Neuron

In order to simulate the spiking behavior of a pyramidal neuron exhibiting SFA, we consider
a model of an adapting neuron, based on the classical leaky integrate-and-fire model of a neuron
(Tuckwell, 1988). The model for an adapting neuron takes into account an additional hyperpolarizing

potassium current, referred to as the adaptation current (Treves, 1993).
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Below threshold , the membrane potential of the neuron evolves according to the following dif-

ferential equation:

— ) ( ) (1)

where  is the membrane potential of the cell, is the resting potential, is the input resistance
and is the membrane’s time constant. is the synaptic current, which is non zero in cases
where the neuron is embedded in a network, and is an external current representing inputs from

other brain areas.
Whenever the membrane potential reaches threshold, a spike is emitted and  is instantaneously
set to a constant resetting value ( )-

In most of the analysis we study the neuron’s response to noisy currents. We therefore consider:

O w() 0 (2)

where © and ~ are the mean and standard deviation of the current. () is an uncorrelated
white noise with unit variance. We use the parameter , which is in pA units, to characterize the
amplitude of the noise.

The adaptation current, , is given by

O = 0O ( ) (3)

where is the reversal potential of , — is the maximal conductance for the adaptation current

and is the fraction of the open conductance, computed according to the following equation:

- = @ ) ) (4)

with being the time of a spike occurence in the adapting (post-synaptic) neuron, a constant
determining the step increase in  that occurs for each spike and  is the time constant for deactivation
of the adaptation current. Thus, the adaptation current tends to accumulate when the neuron fires
and decays between spikes with the time constant of . This current is a phenomenological current
and does not aim at describing a specific biophysical mechanism, but could be related to the outward
calcium-activated potassium current ( )-

In this study, simulations were performed in the parameter regime where is significantly smaller
than 1. Therefore, in order to simplify the analysis, the term (1 ) could be dropped off Eq. (4),

without changing the qualitative behavior of the model.
The Mean Firing ate Model of an Adapting Neuron

In order to enable analytical calculations, a simplified model was constructed to simulate the mean
instantaneous firing rate of an adapting neuron under noisy conditions, averaged over many repetitions

of the same input. The model is based on two differential equations for the mean firing rate of the
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neuron and for the mean adaptation current, and a third analytical equation that translates mean
voltages into mean firing rates.
The dynamics of the mean adaptation current, u , is derived from the integrate-and-fire model of

an adapting neuron, by averaging over Eq. (4) for the case of Poisson firing statistics, with rate

£ (5)
where we approximate to be = ( ), assuming that the voltage for these current
injections remains close to threshold.

To approximate the dynamics of the mean firing rate ( ) of the neuron, we use a standard for-
mulation, first presented in Wilson and Cowan (1972). The model was developed for the mean firing
rate, averaged over a population of neurons. Here we apply it to describe the dynamics of the instan-
taneous firing rate of a single neuron, averaged over many responses to different realizations of the

same average input:

— C WO w () (6)

where p () is the mean amplitude of the synaptic current, and  is the time constant underlying
the dynamics of the mean firing rate. In the case of white noise input statistics, the parameter
is mainly controlled by the membrane time constant, but its numerical value depends on parameters
of the input, such as its mean amplitude. This differential equation approximates the evolution of
toward its stationary value in case of a constant input, which is given by a function  ( ) with

In the case of uncorrelated white noise, this function was computed by Ricciardi (1977):

w  —

ula a U
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