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Introduction

Bioelectrical events underlie many of the processes necessary for life, including communication
among nerve cells; the peristaltic wave of activity that moves food through the digestive system;
secretion of insulin by the pancreas; and contraction of cardiac and skeletal muscle. All of these
events are generated by ion channels—protein complexes, inserted in the cell membrane, that act
as molecular “gates” of electrical current [1-4]. The opening and closing of these gates can be
controlled by one or more variables, including transmembrane voltage or the concentration of a
chemical (e.g., a neurotransmitter or hormone) inside or outside the cell.

A fundamental property of ion channels and other bioelectrical elements is that they are
stochastic: one cannot specify the exact behavior of an ion channel, but only statistical
descriptors of its behavior (e.g., the probability that the channel is open; the moments of the
single-channel conductance). Similarly, the events underlying synaptic communication between
nerve cells are stochastic at many levels. These stochastic phenomena add an element of noise to
electrical responses in excitable cells. In this chapter, we begin by describing the major sources
of biological noise in neurons (nerve cells), and how each can be characterized experimentally.
We review some of the consequences of biological noise, and present a detailed case-study of
how noise interacts with oscillatory dynamics in a particular population of neurons in the
mammalian brain (stellate neurons of the medial entorhinal cortex). We argue that intrinsic
noise from voltage-gated Na* channels is sufficient to alter the electrical dynamics of stellate

cells in a number of specific ways.



Background

Sources of Electrical Noise in the Nervous System

Neuronal noise sources fall into many categories, and can be organized differently according to
one’s perspective. Here, we categorize with loose correspondence to the neurophysiologist’s
world view, in which noise sources are grouped by physiological underpinnings rather than some

other attribute (e.g., frequency content).

Voltage-gated ion channels

Voltage-dependent conductances underlie action potentials and other intrinsic electrical activity
in nerve and muscle cells. These conductances are generated by the concerted action of 10°-10°
voltage-gated ion channels, each of which appears to “gate” (open and close) probabilistically.
The source of the apparent random behavior is believed to be thermal excitation of a molecule
with multiple stable states. Typically, the gating of voltage-dependent ion channels is modeled
as a Markov process with a finite number of states (S;) and state-transition rates (ar;) that depend
instantaneously on membrane potential [1, 2, 4, 5], although attractive alternatives to the Markov

model exist [6-8]. Equation 1 shows a hypothetical Markov model with four states:
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The Markov process formalism is memoryless (i.e., its transitional probabilities are independent
of its history), making it rather simple to derive much about the statistics of the modeled channel.
For example, with fixed V, the autocorrelation function for single-channel conductance is a
multi-exponential function [1, 2, 4, 5]. A population of n such channels, assumed independent

and each open with probability p, has simple binomial statistics under steady-state conditions.



The noisiness of this group of channels can be quantified by the coefficient of variation (CV, the
ratio of standard deviation to mean) of membrane current or conductance. For a binomial
distribution, CV = {(1-p)/(np)}* [4]. Thus, under assumptions of stationarity, the noisiness of a
given population of voltage-gated channels is proportional to n*?,

Use of Markov models to describe voltage-gated ion channels can best be illustrated through
an example. Fig. 1A shows a schematic representation of the classical voltage-activated K*
channel from the Hodgkin-Huxley model. In this representation, the conductance state of the
channel is determined by the states of four “gates”. The gates open and close randomly, with
independent and identical distributions. The channel conductance is zero, unless all four gates
are open, as in the rightmost state. If each gate opens with rate constant a, and closes with rate

constant 3,, the channel as a whole is described by the 5-state rate scheme [1, 4]:
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In this scheme, the state n; has j open gates. Multipliers of rate constants between two states are
determined by the number of possible paths between the states. Responses of populations of n
such 5-state channels to step changes in membrane potential are shown in Fig. 1B. The steady-
state autocorrelation of conductance in a single channel of this form is shown in Fig. 1C (solid
line).

The Markov description is mathematically elegant, but some voltage-gated channels seem to
violate its underlying assumption of memorylessness; instead, transition rate constants can be
proportional to t°, where t is the amount of time already spent in a given state and c is a constant
[6, 7]. At the single-channel level, this fractal behavior in rate constants prolongs the “tails” of
the autocorrelation function (Fig. 1C). At the population level, fractal rate constants make

estimates of variance grow systematically with the time window of analysis.



Fractal behavior in ion channel state transition rates gives individual channels memory,
greatly complicating the task of representing a population of channels in a computational model.
These difficulties can be circumvented by creating pseudo-fractal representations of ion channels
[8]. In these representations, memory in rate constants is captured over some user-defined
bandwidth by a rate scheme with multiplicatively related rate constants. For the Hodgkin-
Huxley K* channel, the appropriate pseudo-fractal representation of a model with memory in the

closed state is:
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where A = {4(0tn+B0) B {(an+Br)*-0n’}, B = 4By, and K is a constant [8]. The pseudo-fractal

n n 3)

p-1 4]]% p

model accounts for memory by allowing closed channels to wander several steps away from the
open state (ny). In the limit as the number of states p — oo, the expected value of single-channel
conductance approaches that of the Markov model (Eq. 2), with fractally distributed closed-time
intervals. The dashed and dotted lines in Fig. 1C show the effects on the single-channel
conductance autocorrelation function for two values of p.

The parameters of models like those in Egs. 1-3 are determined routinely from physiological
data. The procedure typically involves holding transmembrane voltage V constant at a series of
physiologically relevant values (-100 mV <V <50 mV), and measuring the resultant current that
passes through a single channel or a presumed homogeneous population of channels. Parameters
are determined by matching measured and modeled response attributes (e.g., spectral densities of

transmembrane current).



Synaptic mechanisms

The primary form of inter-cellular communication in most neural and neuromuscular systems,
chemical synaptic transmission involves at least three important random processes. First, the
number of quanta (packets) of neurotransmitter released in response to a presynaptic action
potential is a discretely-distributed random variable. Second, single quanta of neurotransmitter
can be released without occurrence of a presynaptic action potential. Third, neurotransmitter-
gated ion-channels, like their voltage-gated counterparts, gate stochastically.

Quantal release. The discovery and characterization of quantal release of neurotransmitter [9]

stands as one of the great discoveries in the history of neuroscience. Typically, the number of
released quanta is described by a binomial distribution, where in this case n is the number of sites
of synaptic release (or of synaptic receptors, whichever is in short supply) and p is the
probability of release at each site [2]. The binomial distribution implies that synaptic
conductances in postsynaptic cells, which are proportional to the number of quanta released
presynaptically, have mean value ynp and variance y’np(1-p), where y is the magnitude of the
conductance change induced by each quantum of neurotransmitter. The Poisson distribution is
also used commonly to model synaptic release; in this model the mean and variance of induced
synaptic events are equal [2].

Parameter estimation based on either the binomial or the Poisson model is based on several
implicit assumptions, including those of statistical independence of release sites and uniform
guantal size. In parameter estimation experiments, the researcher electrically stimulates the
presynaptic nerve fiber(s) and uses intracellular recording techniques to measure the postsynaptic
response. Evoked postsynaptic responses can be measured as changes in membrane potential, or

as changes in membrane current. With a sufficiently high signal to noise ratio, it is possible to



reconstruct the discretely-valued distribution function describing the probability of release of k
quanta of neurotransmitter (k =0, 1, 2, ...). With these data in hand, it is relatively
straightforward to determine the applicability of the binomial or Poisson models, and to estimate
best-fit parameter values [2].

Spontaneous release. A second source of synaptic noise comes from the fact that single quanta

of neurotransmitter can be released from presynaptic cells at seemingly random times. The time
intervals between spontaneous release events are often assumed to be exponentially distributed
with a constant mean rate of spontaneous release [2], although the strict validity of this
assumption is doubtful [10]. Spontaneous release events can be measured and characterized from
intracellular recordings, typically in the presence of pharmacological agents that block
presynaptic action potentials. Depending on the biological preparation, measured spontaneous
release events (often called “mini” postsynaptic potentials in the neurobiological literature) can
reflect spontaneous release from one presynaptic axon, or the superposition of spontaneous
release events from a large number of presynaptic cells.

Stochastic gating of neurotransmitter-gated ion channels. The gating behavior of

neurotransmitter-responsive (or ligand-gated) ion channels is described classically by the same
Markov-process constructs used to describe voltage-gated channels (Eq. 1), with the difference
that some state-transition rates are functions of the concentration of ligand (neurotransmitter) in
the immediate vicinity of the receptor. Parameter identification procedures for ligand-gated
channels typically involve recording responses to step changes of ligand concentration in the
extracellular solution.

Other potentially important synaptic noise sources. Chemical synaptic transmission is a complex

process. Other mechanisms that may add to the noisy character of synaptic communication



include the diffusion of a relatively small number of molecules of neurotransmitter within the
synaptic cleft, and the likely stochastic nature of the chemical reactions responsible for
degradation or re-uptake of neurotransmitter molecules. The success of researchers in detecting
guantal synaptic events from experimental data suggests that the contributions of these additional

noise sources are not as large as those of quantal synaptic release.

Randomly distributed interspike interval statistics in presynaptic neurons

A third factor that contributes significantly to electrical noise levels in neurons is that of apparent
randomness in the time sequence of action potentials in presynaptic neurons. Patterns of activity
in presynaptic neurons are most often modeled as homogeneous or inhomogeneous Poisson
processes, which offer many numerical and analytical conveniences and are often reasonably
accurate descriptions of neuronal firing patterns (but see [11]).

Estimating the probability density functions describing presynaptic interspike interval
statistics from experimental data is a difficult problem. Recordings in reduced preparations like
the brain slice show abnormally low presynaptic firing rates that do not reflect rates seen in vivo
(i.e., in the living animal), and intracellular recordings are notoriously difficult to make in vivo.
Even in the few cases that such data have been collected, detection of presynaptic interspike
interval statistics is prevented, because these events are so numerous and are masked by the slow
kinetics of synaptic conductance changes and the synaptic noise sources listed above. In
practice, many researchers [12-15] lump synaptic noise sources and interspike interval statistics
together into one noisy current or conductance source that can, in principle, be characterized

from intracellular measurements in vivo.



Other sources

Several additional sources may contribute significant electrical noise in neurons. First, the cell
membrane, like any element with electrical impedance, has associated with it thermal or Johnson
noise. Typically, Johnson noise is believed to have small amplitude and wide bandwidth in
neurons [1]. Second, electrical transients from activity in nearby neurons may be coupled
capacitatively to the neuron in question, leading to a phenomenon called ephaptic noise. Noise
from nearby neurons can be coupled resistively, through inter-cellular channels called gap
junctions, as well [16]. Third, variations in intra- and extracellular ionic concentrations [17] may
affect processes that depend on either membrane potential (e.g., ion channels) or chemical
gradients (e.g., pumps), in a phenomenon sometimes called metabolic noise. Unlike the other
noise sources listed here, metabolic noise depending on bulk concentrations would be expected
to have a slow time scale. However, consideration of microdomains and other spatial gradients

in concentration within the cell may lead to fast components of metabolic noise.

Effects of Electrical Noise in the Postsynaptic Neuron

The ramifications of biological noise sources have been studied using a number of measures and
methods. Here, we discuss briefly three interrelated measures that reflect the presence of

biological noise: reliability, stochastic resonance, and noise-driven spontaneous activity.

Reliability and threshold

To a first approximation, neurons can be thought of as devices that fire an all-or-nothing action
potential with a distinct threshold. It stands to reason that electrical noise from voltage-gated
channels, for example, could make the neuronal threshold less distinct: cells might be expected

to generate action potentials in response to brief current pulses with some probability that is a
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sigmoid function of stimulus amplitude. “Soft” thresholds of this kind have been seen in
experimental data for over 60 years [18-20], and have been attributed quantitatively to intrinsic
noise from voltage-gated ion channels [21-23].

More recent work has focused on neuronal reliability to repeated presentations of broad-band
stimuli [12, 24-27]. “Reliability” in this context is typically quantified as the average cross-
correlation of successive responses to an identical, broad-band stimulus. This approach has the
advantage that the frequency content of presented stimuli is more realistic, but the potential
disadvantage that it can be difficult to interpret responses to mixed sub- and suprathreshold
stimulus sequences [28]. The underlying train of thought behind these experiments is that a cell
with important effects of intrinsic noise should be unreliable in response to repeated
presentations of broad-band stimuli with levels of fluctuation mimicking those seen in vivo; in
contrast, high reliability indicates that intrinsic noise may be unimportant, and that variable
responses seen in vivo are caused by different synaptic signals received on successive
presentations of the stimulus. In recorded and simulated responses, reliability is maximal for
stimuli with large fluctuations and frequency content matching the preferred firing frequency of

the cell [12, 24-27, 29], although exceptions to this rule may exist [30].

Stochastic resonance

The sigmoid response probabilities mentioned above point to the result that intrinsic and other
noise sources can enhance neuronal detection of a small stimulus. In this form of stochastic
resonance, the neuron itself, and/or the probabilistic input signal it receives, provides the noise
that enhances representations of small inputs. It considering the output of a network of neurons,

receiving a common stimulus, it is interesting to note that the majority of the noise sources
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mentioned above would naturally operate in a neuronal population as independent noise sources,

with consequent advantages in signal representation [31].

Spontaneous firing and interspike interval statistics

Intrinsic noise from voltage-gated ion channels has been shown to be sufficient to cause
spontaneous firing in otherwise quiet neuronal models [3, 21, 22, 32-36]. In the classical
Hodgkin-Huxley model, in which repetitive action potentials arise via a subcritical Hopf
bifurcation, interspike interval statistics of spontaneous activity are well-described by a Poisson
process with dead time [8, 33]. Modification of ion channel kinetics to have long-term
correlations in state occupancy gives rise to related long-term trends in the ordering of interspike
intervals [8]. Bifurcation structure also has dramatic effects on interspike interval statistics in
noisy models of single neurons [37]. Models that give rise to periodic firing via saddle-node
bifurcations have long tails in their interspike intervals; models that give rise to periodic firing

via Hopf bifurcations have more constrained distributions of interspike intervals.
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Case Study: Stellate Neurons of the Entorhinal Cortex

The hippocampal region, consisting of the hippocampus proper and the associated entorhinal,
perirhinal, and parahippocampal cortices, plays a crucial role in memory [38-40], and is a site of
critical neuropathologies in Alzheimer’s disease [41] and temporal lobe epilepsy [42]. During
periods of attentiveness or intentional movement, the rat hippocampal EEG is dominated by a 4-
12 Hz rhythm called the theta rhythm [43, 44], which is the product of synchronous oscillatory
activity in several interconnected brain regions, including the hippocampus and entorhinal cortex
[43]. Two lines of evidence link the theta rhythm to the memory-related functions of the
hippocampal region. First, disabling theta activity leads to severe memory impairment [40, 45].
Second, theta-patterned activity is effective in inducing long-term changes in synaptic efficacy
thought to be linked to memory formation in the hippocampus [46, 47].

Two complementary mechanisms contribute to the hippocampal theta rhythm. First, the
hippocampus is “paced” by theta-coherent input from external brain structures, in particular a
nearby structure called the medial septum [45]. Second, the hippocampal formation includes
intrinsic mechanisms that seem to aid in developing coherence in the 4-12 Hz band, including
specialized synaptic kinetics [48] and specialized single-cell interspike interval dynamics [49,
50].

In this case study, we will focus on stellate cells (SCs) of the medial entorhinal cortex
(MEC). These neurons, which deliver much of the information from the neocortex to
hippocampus, exhibit intrinsic oscillations in membrane potential at theta frequencies, even
without synaptic input [50, 51]. The mechanisms underlying these intrinsic oscillations are
inherently noisy, with interesting consequences for spiking dynamics and information

representation in the hippocampal formation.
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Basic Electrophysiological Properties

SCs of the MEC have unmistakable and unusual intrinsic electrophysiological properties [50,
51]. Fig. 2A shows responses of an MEC stellate cell at rest (bottom trace), and at two levels of
applied DC current. For intermediate current levels of DC current (middle trace), SCs generate
~8 Hz, subthreshold oscillations, with occasional action potentials locked to the depolarizing
phase of the underlying oscillations. At higher levels (top trace), the frequency of the
oscillations and probability of generating an action potential per oscillatory cycle both increase.
For suprathreshold current levels, action potentials do not occur in a memoryless fashion.
Instead, action potentials tend to “cluster” on adjacent cycles of the slow oscillations (Fig. 5A).
The mechanisms underlying subthreshold oscillations and phase-locked spikes in SCs are
relatively well understood (Fig. 2B). Spikes are generated by kinetically typical Na* and K*
conductances gna1 and ggka [52, 53]. Subthreshold oscillations are independent of synaptic input.
Their depolarizing phase is caused by a persistent (noninactivating) Na* current (gna2). Their
hyperpolarizing phase is caused by a slow hyperpolarizing conductance (gs) that may include
contributions from activation of a slow K* current and deactivation of the slow inwardly
rectifying cation current I, [32, 54-57]. The basic properties of the oscillations (e.g., amplitude,
frequency) do not seem to depend critically on the precise identity of the slow hyperpolarizing

current [57].

Quantifying Biological Noise Sources

The electrical behavior of MEC SCs is noticeably noisy in the subthreshold voltage range (Fig.
2A). Because the persistent Na* conductance gna2 is activated in this voltage range and is
mediated by a relatively small number of channels, it seemed to us a likely dominant contributor

to this membrane electrical noise. We tested this hypothesis by measuring the noise
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contributions of the persistent Na* conductance, and comparing these contributions to those of all
other sources [32]. Fig. 3A shows sample data of this kind. The lower trace in Fig. 3A shows
steady-state membrane current measured while membrane potential is held at =40 mV. The
upper trace shows the equivalent measurement made in the presence of tetrodotoxin (TTX), a
highly selective blocker of Na* channels. Application of TTX reduces the mean membrane
current under these conditions from —75 pA to 0 pA, and the variance in membrane current from
144 pA? to 42 pA®. This reduction in variance indicates that the persistent, TTX-sensitive Na*
current is the major source of membrane current noise in these cells under these experimental
conditions (which do not account for noise from synaptic sources).

Figure 3B shows CVy,, the coefficient of variation (ratio of standard deviation to mean) of
the persistent Na* current from 4 MEC SCs (mean + SEM). As predicted by binomial models,

CVna is relatively high for membrane potentials in the subthreshold range.

Modeling the Effects of Channel Noise

Effects on excitability and bifurcation structure

Using data like those in Fig. 3, we constructed a model of MEC SCs (Fig. 2B). This model
includes standard nonlinear differential equation-based descriptions of the voltage-gated
conductances gnai, gk, and gs. The persistent Na* conductance gnaz, 0n the other hand, is
modeled as a collection of independent, probabilistically gating channels [32].

Figure 4 shows schematic bifurcation diagrams for deterministic (A) and stochastic (B) SC
models, in response to DC current. Above each qualitative region in the bifurcation diagram is a
schematic of the time-domain response of the model in that region. Deterministic models have a

stable fixed point at rest. With increasing applied current (l,pp), the stable fixed point becomes
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more positive, then loses its stability via a subcritical Hopf bifurcation. A stable limit cycle
appears, representing rhythmic firing of action potentials at theta frequencies. Around the
bifurcation point, there is a small region of bistability. Subthreshold oscillations are rarely seen
in deterministic models in practice [32], because parameters must be tuned very precisely for
them to occur.

As indicated by the effective bifurcation diagram in Fig. 4B, intrinsic noise from Na*
channels changes the behavior of the model SC considerably. As applied current is increased,
subthreshold oscillations arise (Fig. 4B, leftmost bifurcation). These oscillations resemble those
that would arise via a supercritical Hopf bifurcation, but in fact they reflect the behavior of a
noise-driven system spiraling around a stable critical point with associated complex eigenvalues.
At a second critical value of I4,p, the model is able to fire with nonzero probability (2"
bifurcation). With further increases in applied current, the probability of firing in the stochastic
SC model changes gradually from near zero to near one spike per cycle, giving the noisy model a
“soft,” rather than “hard,” threshold. The effect of noise is to increase the cell’s dynamic range,
by increasing sensitivity for small stimuli and decreasing sensitivity for larger stimuli. This
effect is robust over a large parameter space [32]. The parameters of the stochastic (but not
deterministic) model SC can be tuned to match experimental data quite well, in terms of spectral
density of subthreshold oscillations and spiking probabilities as functions of DC current level

[32].

Interspike interval statistics

Experimental responses of SCs to DC current show a notable phenomenon called “spike
clustering” (Fig. 5A, inset), in which action potentials tend to occur on adjacent cycles of the

underlying slow oscillations [51]. The main panel of Fig. 5A shows an interspike interval
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histogram derived from such experimental data (kindly supplied by Angel Alonso). Spike
clustering is evident in the high probability of intervals corresponding to one period of the
underlying oscillations in experimental data (bars) compared with the expected probability in a
memoryless model of the same mean firing probability per cycle (solid line).

The stochastic SC model can account to some degree for the spike clustering seen in
experimental data. Fig. 5B shows simulated responses at the same mean firing rate (or,
equivalently, the same mean probability of firing per slow oscillatory cycle). Again, the
probability of having an interspike interval of 1 cycle is elevated (cf. the bars and solid line), but
not to the degree seen in experimental data.

Although the stochastic MEC model can account partially for spike clustering, details of
interspike interval distributions are different in Figs. 5A-B. Simulation results are well-fit by a
two state Markov chain model of spiking per oscillatory cycle (Fig. 5D, dashed line in Fig. 5B).
This result implies that the memory underlying spike clustering in stochastic simulations can be
expressed accurately in terms of a simple conditional probability based on the occurrence (or
lack thereof) of an action potential in the previous cycle.

Two results indicate that memory in experimental data is somewhat more complex than in
stochastic simulations. First, the two-state Markov model (Fig. 5D) does not do as good a job in
fitting experimental interspike interval distributions (cf. bars and dashed line in Fig. 5A). In
particular, the Markov model necessarily has a monotonically decreasing distribution, P{ISI = j}
= (1-0()(1-B)j'2[3 for j = 2. The ISI distribution in experimental data is significantly non-
monotonic. Second, the pre-event envelopes of membrane potential (Fig. 5C) preceding action
potentials (solid lines; mean + standard deviation) look different in experimental data than in

simulations. Specifically, the envelopes, obtained by filtering raw signals to obtain a signal
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representing the magnitude of the subthreshold oscillations over time, seem to “break away”
from the internal control (dashed lines; mean * standard deviation for envelopes that do not
precede spikes) earlier in the experimental data than in simulation results (cf. locations of arrows
marking the approximate “break-away” point). These results imply that subthreshold oscillations
wax significantly for some time before spiking in both experimental data and stochastic
simulations, but that this form of self-organization occurs over a longer time scale in
experimental data.

The multiplicative nature of channel noise, caused by the voltage-dependence of the
transition rate constants, contributes to the spike clustering seen in stochastic simulations at low
spike rates. This result is seen in Fig. 6, in which we have plotted the estimated probability of
occurrence of a spike cluster of length (M) vs. M at two spike rates. Simulations with
multiplicative (voltage-dependent) noise show memory that is consistent with the 2-state Markov
model of Fig. 5D at both low (Fig. 6A) and moderate (Fig. 6B) spike rates. Simulations with
additive current noise, on the other hand, show no memory at low spike rates (Fig. 6A).
Interestingly, current noise simulations show significant spike clustering at higher spike rates
(Fig. 6B), indicating that the voltage-dependence of channel noise is a contributing, but not

necessary, factor for spike clustering.

Stochastic resonance

In Fig. 4, we showed schematic bifurcation diagrams indicating that intrinsic noise contributed
by persistent Na* channels is sufficient to “soften” the threshold for firing in response to DC
stimuli. A similar effect is seen with 8-Hz, half-wave rectified sinusoidal input, mimicking the
excitatory input SCs receive from their neighbors during the theta rhythm. In Fig. 7, we have

plotted response probabilities (per cycle) vs. synaptic weight for deterministic and stochastic
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models of SCs. The deterministic model (solid line) shows three robust firing probabilities (p =
0, 0.5, and 1), with somewhat complex transitions between these states. In contrast, the
stochastic model exhibits firing probabilities that vary smoothly and largely monotonically
between zero and one. The threshold for nonzero spiking probabilities is two- to five-fold lower
in the stochastic model, exhibiting a form of stochastic resonance in which the neuron itself

provides a noise source that boosts sensitivity.

Effects on reliability

As discussed in the Background section, the presence of significant intrinsic noise would be
expected to lower the reliability (repeatability) of responses to repeated presentations of time-
varying stimuli. Figure 8 shows results from electrophysiological experiments designed to test
this hypothesis. Figure 8A shows 10 responses (lower 10 traces) of an MEC SC to a repeated,
broad-band current stimulus (top trace; current stimuli were generated as pseudo-random,
Gaussian white noise of a given variance, then filtered with cutoff frequency f;). This cell
responds reliably (9/10 times) at t = 80 ms after the onset of the stimulus, but subsequent action
potential responses are far less reliable. Figure 8B shows responses of the same cell to repeated
presentations of a stimulus of equal variance but with most of its energy concentrated between 0-
8 Hz. The SC responds to this stimulus more frequently and more reliably.

Figure 8C summarizes results based on recordings from 8 MEC SCs in brain slices. Plotted
is reliability (calculated using the method of Hunter et al. [27]) vs. 0, the standard deviation in
current (or, more accurately, the RMS value of the zero-meaned current waveform). We draw
two main conclusions from these results. First, intrinsic noise from voltage-gated channels seem
to render SCs unreliable at moderate levels of signal fluctuation (o, < 140 pA), implying that

these neurons may be more difficult to entrain than, for example, neocortical pyramidal cells [12,



19

25]. Second, SCs are sensitive to changes in the frequency content of the time-varying signal. In
particular, they fire more reliably (and, in many cases, at higher rates) when the fluctuating
stimulus contains more energy within the theta (4-12 Hz) frequency band. Thus SCs may be
“tuned” to fire preferentially reliably to input bandwidths associated with a particular behavioral

state.
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Summary and Conclusions

The biophysical mechanisms underlying electrical excitability and communication in the nervous
system make electrical noise ubiquitous and seemingly inescapable. Here, we have reviewed the
basic characteristics and expected consequences of several biological noise sources. We have
presented a case study in which we argue that the probabilistic gating of tetrodotoxin-sensitive
Na* channels may alter neurophysiological function in stellate neurons of the medial entorhinal
cortex, a memory-related structure in the mammalian brain. Key effects of intrinsic noise from
Na* channels include enhancement of excitability and sensitivity to small stimuli; alteration of
cellular bifurcation behavior and “softening” of the neural threshold; enhancement of robustness
of electrical behaviors in the face of perturbations of model parameters; reduction of neuronal
reliability in response to broad-band stimuli; and enhanced reliability with inputs that have
significant energy content within the theta (4-12 Hz) band.

The example we highlight here focuses on one intrinsic noise source in a particular neuronal
population, but the phenomena associated with noisy, subthreshold oscillations and phase-locked
action potentials are likely to be widespread and capable of revealing general principles of
single-neuron computation [58, 59]. The consequences of biological noise at the level of
neuronal networks seem almost certain to be a fruitful area of research that has only begun to be

explored.
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Figure Legends

Figure 1. Stochastic models of ion channels. A: A pictorial representation of a voltage-gated
channel with 4 gating particles. The channel conducts only when all 4 gating particles are open.
Typically, individual gating particles are modeled as independent, 2-state Markov processes with
identically distributions. Under these assumptions, only the number of open gates, rather than
the state of each gate, must be tracked in a simulation. B: The behavior of a population of n
Hodgkin-Huxley [60] K* channels in response to a voltage-clamp step from a holding potential
of =70 mV to a clamp potential of 0 mV. Stimulus onset at t = 10 ms; offset at t = 40 ms. Each
plot shows the conductance from a single run, scaled by the maximal possible conductance for
comparative purposes. Single channels (top) have only two conductance states. With increasing
n, the ratio of standard deviation to mean conductance drops proportionally to 1/vn. The
deterministic curve represents the behavior of the system in the limitasn - . C: The
autocorrelation of the single-channel conductance under steady-state conditions (V = 0 mV).
The Markov channel description (solid line) has a multi-exponential autocorrelation function
with correlation time < 20 ms. In pseudo-fractal channel descriptions (dashed line, dotted line),
multi-exponential autocorrelation functions approximate power law relationships. As p (the
number of states in the pseudo-fractal channel model) increases, the approximation remains valid
for longer time intervals [8].

Figure 2. Subthreshold oscillations and rhythmic spiking in stellate cells (SCs) of the
medial entorhinal cortex (MEC). A: Electrophysiologically recorded responses of a stellate
cell to DC current, applied through the recording electrode, at three levels. At I, = 0.3 nA, the
cell exhibits noisy subthreshold oscillations and the occasional action potential (truncated by the

A/D board; the raw action potential is ~ 100 mV in amplitude). At l,,, = 0.6 nA, oscillatory
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frequency and the probability of spiking increase. B: A minimal, biophysically-based model that
accounts for subthreshold oscillations and rhythmic spikes. In this circuit diagram, C represents
cellular capacitance per unit area; gna1 and g are the voltage-gated Na* and K* conductances
responsible for action potentials; gnao is the persistent (noninactivating) Na* conductance
responsible for the rising phase of the subthreshold oscillations; gs is the slow conductance
responsible for the falling phase of the subthreshold oscillations; g, is the ohmic “leak”
conductance; and gsy, represents synaptic input. Each conductance is in series with a voltage
source representing its reversal potential (i.e., the potential at which current through each
conductance changes sign). The current source I, represents current applied via the recording
electrode.

Figure 3. Noise from persistent channels in SCs. A: Sample responses under steady-state
voltage-clamp in control conditions (lower trace), and in the presence of tetrodotoxin (TTX, 1
M), which blocks Na* channels selectively. In TTX, the mean current is reduced to zero, and
the variance is reduced over threefold (from 144 to 42 pA?); the latter result implies that Na*
channels are the major electrical noise source in these neurons under these experimental
conditions (isolated neurons from the MEC; see [52]). The data shown were collected starting
200 ms after switching membrane potential to the clamp potential of -40 mV. Data of this kind
can be used to estimate the rate constants, open-channel probabilities, and number of channels in
an assumed independent and identically distributed population of stochastic ion channels [4, 32].
B: CVya, the coefficient of variation of the persistent Na* current, plotted vs. steady-state
membrane potential. In the subthreshold range (-60 to —50 mV), CVa > 0.25, implying that the

persistent Na* current is significantly noisy. Data (mean + SEM) are lumped from 4 neurons.
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Figure 4. Intrinsic noise alters bifurcation behavior in SC models. Shown are schematic
bifurcation diagrams (main panels) and time-domain traces (insets) for deterministic (A) and
stochastic (B) models of SCs. V = membrane potential; l.,, = DC applied current. A:
Deterministic models switch from a stable fixed point to rhythmic spiking. B: With increasing
lapp, Stochastic models shift from a stable fixed point to subthreshold oscillations to rhythmic
firing with some probability of firing an action potential on a given oscillatory cycle. This
probability varies seemingly continuously from near zero to near one, giving the stochastic
model a “soft” threshold.

Figure 5. Spike clustering in experimental data and stochastic simulations. A-B: Bars show
estimated interspike interval distributions derived from experimental data (A) and stochastic
simulations (B). Time has been normalized by the period of the underlying subthreshold
oscillation (~ 8Hz), derived from the spectral density of extended subthreshold epochs of the
data. Solid lines: expected interspike interval distributions for memoryless processes with the
same mean probabilities of firing per cycle (0.2 for both the experimental data and simulations).
Dashed lines: best-fit models with spiking probabilities that are conditional on the occurrence of
an action potential on the previous cycle. Insets: sample time-domain data. Horizontal scale
bar: 250 ms. Vertical scale bar: 10 mV. C: Envelopes of subthreshold oscillations preceding
action potentials (solid lines; mean + SEM) or action potential failures (dashed lines; mean +
SEM), derived from experimental (top) and simulated (bottom) data. Selected data were purely
subthreshold epochs = 1 s, referenced to the time of occurrence of a spike or peak of a
subthreshold oscillation at time = 0. Selected data were processed by subtracting out the mean
value, taking the absolute value, and low-pass filtering. Both experimental and simulated results

show significant growth in the oscillatory envelope for 1-2 oscillatory periods before action
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potentials. Initiation of envelope growth (arrows) begins earlier for experimental results than for
simulated results. D: A Markov chain model of conditional spiking probabilities. o represents
the probability of spiking on the next cycle after a spike; (3 represents the probability of spiking
on the cycle after not spiking. Best-fit versions of interspike interval distributions based on this
model are plotted as dashed lines in A-B.

Figure 6. Multiplicative noise alters cluster length distributions at low, but not high, spike
rates. Plots of the probability of having a “spike cluster” (group of action potentials on adjacent
slow oscillatory cycles) of length M vs. M, at low (0.05) and moderate (0.2) mean probabilities
of firing per cycle. Results are shown for stochastic simulations with multiplicative (voltage-
gated) noise in the persistent Na* conductance (open circles); simulations with additive current
noise, scaled to give the same mean firing rate (closed squares); a best-fit 2-state Markov chain
model (Fig. 5D), which allows spiking probability to depend on the occurrence (or lack thereof)
of a spike in the previous oscillatory cycle (dashed line); and a memoryless model, which has the
same spiking probability (0.05 in A, 0.2 in B) every cycle (solid line).

Figure 7. Intrinsic noise smoothes the dependence of spiking probability on magnitude of
conductance input. Responses to half-wave rectified, sinusoidal conductance input at 8 Hz.
The probability of an action potential per cycle of input is plotted vs. synaptic conductance
magnitude gsyn. The reversal potential associated with the synapse was 0 mV. Solid line:
response of the deterministic SC model. Dotted line: response of the stochastic model. Adapted
from [32].

Figure 8. Measurement of reliability in SCs. A-B: Membrane potential responses (lower 10
traces of each panel; action potentials clipped at +10 mV) to repeated presentations of fluctuating

current stimulus (top traces of each panel). Vertical scale = 100 mV/division for voltage traces.
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The current traces in panels A and B have the same mean value (70 pA) and level of fluctuation
(o), the standard deviation, = 100 pA), but different frequency content. Each were generated by
a 2-pole, low-pass filter with cutoff frequency f.. The filter was designed to preserve the overall
level of fluctuations (o). C: Pooled reliability results from 8 putative SCs, identified
electrophysiologically by their tendency to generate subthreshold oscillations and fire
rhythmically. All cells fired at approximately the same rate (1-3 Hz) for the level of DC current

used. Data were collected at two values of f. for each cell. Points are mean + standard deviation.
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