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SUMMARY

The pre-Bötzinger complex region of the ventrolateral medulla is a key component of

the neural circuitry that generates the respiratory rhythm in mammals. This sub-circuit can

be isolated in a slice of brain tissue and within this tissue rhythmicity persists. Our goal in

this study is to: 1) characterize the cycle-to-cycle variability of this rhythm; and, 2) utilize

a model-based inquiry into the nature of this variability. Such cycle-to-cycle variability is

currently not accounted for in existing computational models.
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CHAPTER I

INTRODUCTION

1.1 Respiratory rhythmogensis

In order to maintain health and well being in a changing environment, neural control sys-

tems are necessarily complex. Understanding how these systems operate is a major topic in

neuroscience. One such complex system is respiration in mammals, which requires the up-

take of oxygen and release of carbon dioxide by the rhythmic contraction of the diaphragm,

intercostal and abdominal muscles. This system must provide for the proper timing of

muscle activation, although sensory inputs can modulate respiratory rhythm and pattern

[1]. In the neural control system for breathing in mammals, the respiratory rhythm orig-

inates in the brainstem [14] from an area called the pre-Bötzinger complex, a bilaterally

distributed subregion of the ventrolateral medulla [30, 39]. This discovery led to the devel-

opment of rhythmic in vitro medullary slice preparations from neonatal and juvenile rodents

[16, 29, 40]. In vitro [16, 22, 29, 30, 39] and in vivo [21, 28, 37] preparations have indicated

that the pre-Bötzinger complex is necessary and sufficient for generating the inspiratory

phase of the respiratory rhythm. It is thought that this region contains the fundamental

kernel for respiratory rhythm generation since the rhythm persists in reduced preparations.

The transverse slice generates a stable rhythmic discharge of activity that can be

recorded from both the individual cells in the pre-Bötzinger complex and XII motorneurons

as well as the ventral roots (Figure 1) [39]. Thin rhythmic slices (200-350 µm) contain

the pre-Bötzinger complex and a local network that conveys this rhythmic discharge to

the hypoglossal motorneurons [22, 39]. These in vitro preparations of neonatal rat brain-

stem provide for the study of cellular and network mechanisms of respiratory rhythm and

pattern generation in mammals via whole-cell patch clamp recording techniques. The pre-

vailing view suggests the rhythm originates in the pre-Bötzinger complex and is then carried

to the XII nucleus by excitatory synaptic transmission [16, 22].
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Figure 1: Transverse slice of the brainstem containing the pre-Bötzinger complex and
XII nucleus showing concurrent recording via patch clamp on single cell in pre-Bötzinger
complex and ventral root

Evidence suggests that rhythm generation in these slice preparations [22, 39] arises from

a population of excitatory interneurons with intrinsic oscillatory bursting or pacemaker-

like properties. Pacemaker neurons exist in the transverse slice [39] and their activity

continues even when synaptic coupling is blocked [20]. Excitatory coupling synchronizes

the pacemaker neurons to generate the rhythmic behavior in the pre-Bötzinger complex

[22]. This suggests that intrinsically bursting neurons along with the interaction of synaptic

properties lead to the generation of the respiratory rhythm [29, 30, 38, 40].

The neural circuitry and electrical properties of both single neurons and the transverse

slice have been characterized [9, 10, 20, 22, 39]. The respiratory rhythm is much more

complex than a simple sine wave and produces considerable variability even in a reduced

preparation such as the transverse slice. However, the fundamental mechanisms of respira-

tory rhythm generation are still an unsolved problem.

2



1.2 Computational Modeling

Researchers build conceptual models to try to understand the basic mechanisms underlying

a particular process or phenomenon. While it is necessary to abstract away some detail to

try to extract the fundamental components of the mechanisms being studied, the conceptual

model loses faithfulness to the real process being studied. Often deterministic models are

used when modeling a large number of stochastic events. While the deterministic model

aids in the comprehensibility of the system, it inevitably leaves out complex phenomenon

associated with the stochastic process. The result is a unavoidable trade-off between model

complexity/fidelity and comprehension of the model and ideally, the underlying process.

Early network models of respiratory rhythmogenesis have been based on relatively simple

models of single neurons and depended on network mechanisms, neglecting the possible role

of intrinsic neuronal properties. Subsequent intracellular data combined with advances in

computational modeling allowed the development of more realistic and predictive respiratory

neurons and, therefore, more faithful respiratory networks. Later computational models of

respiratory rhythm [34, 35] are based on either a two (inspiratory, expiratory) or three

(inspiratory, post-inspiratory, expiratory) phased network based rhythm. This assumption

postulates that the during each phase a subset of neurons fires and inhibits the other neurons

in the network. These models rely on inhibitory synapses among distinct populations of

neurons for rhythm generation, and much experimental evidence supports these models

[1]. However, when synaptic inhibition is blocked in vivo, the respiratory rhythm still

persists [14, 17]. Furthermore, these models do not account for the role that pacemaker

neurons play in rhythm generation. The hybrid-pacemaker network hypothesis accounts

for these deficiencies by proposing a model in which a rhythm-generating population of

inspiratory neurons is embedded within a complex pattern forming network [38]. In order

to investigate the dynamic interaction between cellular and synaptic properties, models

with neuronal ionic conductance mechanisms have been introduced [36]. There are also

more parsimonious models that incorporate the critical population of pre-Bötzinger complex

pacemaker neurons [3]. This latter model focuses on the minimal ionic currents necessary to

generate voltage-controlled bursting and remain consistent dynamic features of experimental
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recordings. Additionally, these models account for a wide range of experimental findings

such as control of voltage control of oscillatory mode, voltage control of burst frequency,

voltage dependent activity modes, and flat baseline membrane potential during interburst

intervals. Models are robust over a wide parameter range. It has been shown that large

heterogenous networks of these models [4] contain neurons with slow adaptation properties

in combination with excitatory synaptic coupling ,which is critical for rhythm generation in

the reduced network. This is consistent with experimental findings in the thin transverse

slice preparation. If the synaptic connectivity is sufficiently strong, networks of this type are

capable of generating synchronous bursting even when none of the neurons are intrinsically

bursting. This network model exhibits frequency control of the slice rhythm by membrane

depolarization. Decrease in amplitude of the population activity occurs with increased

frequency of bursting in the network. Additionally, the effect of synaptic coupling on burst

duration of the pacemaker neurons was consistent with the transverse slice data [9].

Since the pre-Bötzinger complex is bilaterally distributed, experimentalists have bisected

the slice to determine the effect on respiratory frequency and regularity of rhythmic output

[9]. These results confirmed the computational model’s prediction [4] of an increase in

frequency and decrease in regularity of the rhythm as a result of reducing coupling strength

by splitting the slice.

Researchers have explored the dynamics of excitatory networks of bursting pacemaker

neurons with heterogeneous properties. While bursting frequency and synchrony can be

controlled in such computational models, a set of parameters or conditions have not been

formulated that can recreate the rhythmic variability observed in the temporal character

of the synchronous burst of the population that occurs every cycle. These deterministic

computational models while easy to understand tend to produce very regular bursting. Ad-

ditionally, while one can qualitatively observe cycle-to-cycle burst variation, a quantitative

metric for measuring this rhythmic variability is necessary into order to compare the models

to experimental data.
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1.3 Quantifying Periodicity and Regularity

While it is quite obvious to the human eye that rhythmic experimental data has a certain

amount of periodicity from cycle-to-cycle, conventional signal processing techniques may

not be capable of quantifying it in a meaningful way. This is particularly true of bursting

systems, which consist of an alternation between a high frequency burst of spikes and a

period of silence. Attempts to quantify the bursting nature of the neurons using a frequency-

based Fourier approach work well to identify the major frequency components of the signal

[33], but may have trouble identifying the periodic oscillations or the degree of consistency

of the bursting. This is because this frequency of alternation between the spiking, which

makes up a burst, and the silence in between bursts is a low amplitude signal, and this

low frequency is very close to DC and can be lost in the noise. One must note that even

though time and frequency domain methods both contain the same information about the

processes involved, it does not necessarily follow that these representations are equivalent

to the observer. Often, striking differences between the appearance of the two different

representations of the same data illustrate that mathematical equivalence does not always

lead to equivalent emphasis of distinctive features of the data [33].

Work has been done on classifying consistency and signal strength of respiratory neu-

ronal activity [27]. This approach uses a characteristic η2 to define the amount of the

respiratory component in the activity of a respiratory cell, where η2 = σ2
m

σ2
t
= σ2

m
σ2

m+σ2 and

σ2
t is the total variance of neuronal activity, σ

2
m is variance of means across fractions of the

respiratory cycle, and σ2 is the variance within fractions of the respiratory cycle. The index

is the proportion of total variance of the activity of a respiratory neuron consisting of the

variance occurring across fractions of the respiratory cycle. η2 values partially depend on

the consistency of discharge pattern from breath to breath and partially on strength of the

respiratory activity. It was hypothesized [27] that the size of the respiratory component in

the activity of different respiratory cells differed among cells but was a stable characteris-

tic of any given cell. While this index classifies cells as being respiratory if the timing of

its activity consistently coincides with some phase of the respiratory cycle, very different

rhythms can produce the same statistic [27]. Cells that were clearly respiratory because
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they consistently discharged at a particular phase in the respiratory cycle, but had a high

degree of cycle-to-cycle variability scored the same η2 as cells that were modulated rather

weakly during the respiratory cycle. This statistic also does not quantify overall popula-

tion rhythmic variability per se, instead it measures individual cells variability versus the

respiratory cycle.

While bursting behavior is easily recognizable to the seasoned experimentalist and often

times even to the untrained eye, characteristics of bursting signals make them problematic

to study with conventional signal processing techniques. Neither a prior single metric, nor

a straightforward combination provides an easily intelligible and readily understandable

measure of the degree to which the bursting activity of a signal changes temporally.

1.4 Sources of noise and rhythmic variability

1.4.1 Noisiness of ion-channels (switching effects)

The biophysical components of neurons (including synapses and a variety of ion channels)

are inherently unreliable and probabilistic [19, 24, 25, 41]. In most models including those

cited in this paper, whole cell currents are expressed in terms of a Hodgkin-Huxley formalism

that describes the fraction of ion channels in a conductive state. In real life, individual

ion channels turn on and off probabilistically and the continuous approximation of a gating

variable is not valid at low channel densities. The stochastic Markov version of the Hodgkin-

Huxley model converges to the deterministic model as the number of channels becomes large,

but in some biologically relevant cases where the number of channels is small, the stochastic

model can exhibit behaviors such as spontaneous spiking, bursting and chaos that cannot

be observed in deterministic models [8, 42]. The process of spike encoding is therefore noisy

and generates variation in the timing of individual action potentials in response to identical

inputs [24].

1.4.2 Connectivity patterns

Another proposed source of variability is the effect of connectivity within the network on

the network rhythm. While the actual connectivity pattern and range of coupling strengths

is still an area of active research, quantitative estimates have been made for the strength
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of chemical and electrotonic synapses in the neonatal mouse pre-Bötzinger complex [31].

Bidirectional electrical coupling and unidirectional excitatory chemical transmission are

present in the pre-Bötzinger and may be important for the generation or modulation of

respiratory rhythm. Computer simulations of populations ranging from fifty to five hundred

bursting neurons display coupling effects similar to those found in experimental in vitro

preparations [4]. Coupling increases the mean burst duration and decreases the mean burst

frequency. Desychronization of the network occurred under conditions of weak coupling,

extreme parameter heterogeneity and low-levels of depolarizing background input, gaving

rise to a quasi-periodic state. However, the introduction of sparse coupling did not cause

desychronization, although it did cause interburst intervals to become more irregular from

cycle-to-cycle. Synchrony occurs in networks with probabilistic connectivity as low as 3%

[4].

1.4.3 External drive from other populations

It is postulated that the pre-Bötzinger complex receives both excitatory and inhibitory

input from populations of tonically firing cells [16, 38, 40]. Non-N-methyl-D-asparate (non-

NMDA) glutamatergeric receptors mediate the excitatory synaptic input from the tonically

firing population. These beating neurons have been found to provide input with a mean

frequency of 10 Hz in vitro [20]. Noisy background input has been shown to enhance the

range of coupling strengths where bursting is observed in a population [6]. This situation

occurs when the coupling strength is weak. This phenomenon is also observed in individual

cells [5] provided the amplitude of the noise is not too large. Asychronous tonic input has

been shown [4] to increase the number of cells that burst when uncoupled when compared

to the same level of mean-level tonic input. Excitatory background synaptic input can also

decrease the burst period of the population.

1.4.4 Oscillators with non-uniform parameters

Real neurons possess considerable variability in their intrinsic membrane parameters, such

as maximal conductance. This variability is unaccounted for in determinstic models. This

can limit the ability of a determinstic model to account for behaviors exhibited in the real
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system. For example, while individual cells may not possess the narrow parameter regime

required for bursting, in a strongly coupled population, cells with too much of some current

can be balanced by cells that have too little [6]. This offsetting behavior increases the

likelihood that the entire group can achieve synchronous bursting.

1.5 Summary

We introduce a novel metric for characterizing rhythmic variability. A bursting neuron

model has been developed and implemented in a network setting that will allow us to model

the transverse slice containing the pre-Bötzinger complex. We will then study how incorpo-

rating proposed mechanisms for creating rhythmic variability into these models alters the

rhythm in the simulations. Then, we will use our metric to characterize experimental data

and compare these results with those obtained from the simulations. A model is presented

for increasing the computational performance of the simulations. Finally, findings of the

study are summarized and future directions of the project are discussed.
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CHAPTER II

DEVELOPMENT OF RHYTHMIC PERIODICITY

METRIC

2.1 Motivation

One goal of the proposed research is to develop a metric for characterizing cycle-to-cycle

variability in burst duration and burst interval (i.e. quantifying consistency and strength

of bursting in a data set). The developed method should be robust in the presence of

noise. This method should also work with all types of bursting data, such as a population

recording or an extracellular recording from a single neuron. The underlying assumption is

that bursting data has a temporal regularity. One can see a varying degree of this temporal

regularity in raw data recordings among the different concentrations of extracellular K+

concentration (Figure 2). A metric should quantify this regularity by identifying when the

burst begins and terminates and quantify the variability of this periodicity.

2.2 Previous approaches

An initial approach was to use a frequency domain technique. This provided a quantitative

indication of the frequency content of the signal. The Fast Fourier transform (FFT) is the

most widely used method for obtaining the spectral parameters of a neurological signal [26].

The FFT is computationally simple and fast. However, power in the larger peaks of the

spectrum tends to leak into a neighboring peak with lower power, because any finite signal

has an implicit window around the signal. In the frequency domain, this is equivalent to

convolving the spectrum of the signal with the spectrum of the rectangular “window”. The

frequency spectrum is broadened by incomplete bursting cycles at the end of the signal. The

resulting leakage distorts the actual shape of the signal’s spectrum both in amplitude and

frequency. This is particular alarming if you are trying to measure variability in periodicity,

because one possible metric would be the width of the peak corresponding to the burst
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Figure 2: Raw A/D data sampled at 4000 Hz and low-pass filtered at 1000 Hz from UCLA
data set at varied extracellular K+ concentrations (A) 6 mM (B) 8 mM (C) 10 mM (D) 12
mM

period. Due to this spectral leakage, it would be hard to make this system robust across

varied data sets. Windowing the signal using a window such as hamming, Chebyshev, or

triangular before performing the FFT will reduce leakage effects, which are proportional to

the maximum of the window function kernel. This would corrupt any overall measure of

variability based on each window. Even so, this leads to a series of spectral content over

time and does not summarize the varibility in a straightforward manner. Single spurious

events can seriously distort the spectrum content in a single window. Still, this leakage is

most disruptive when trying to detect small signals in the presence of large signals, as is the

case with bursting. A second issue with the FFT is dependence of resolution on the length of

the time series data. Resolution is the measure of the ability of an algorithm to distinguish

between two distinct peaks in the spectrum [26]. This severely limits the minimum size
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of signals that can be processed with a given degree of resolution of spectral components.

Ideally, the most dominant signal would correspond to the burst period. Because the

frequency corresponding to bursting has a very low amplitude and is very close to the DC

component, the main bursting frequency is often hard to precisely detect in the presence of

noise (Figure 3). The high frequency spiking component also tends to dominant the FFT

of bursting signals. There is no straightforward way to determine the burst duration from

these measures. Furthermore, these frequencies do not directly show changes in variability

from cycle-to-cycle though they can be inferred by the width of the peak.
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Figure 3: Fast Fourier Transform of NIH data at varying extracellular K+ concentrations

Time-frequency representations are gaining popularity in signal classification. These

techniques can reveal changes in the spectral content over time. Examples of these tech-

niques include the short time Fourier transform (STFT), Wavelet transform, and Wigner-

Ville distributions [26]. The wavelet transform uses short windows at high frequencies and
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long windows at low frequencies. This transform is able to provide arbitrarily good fre-

quency resolution at low frequency and arbitrarily good time resolution at high frequency

[26]. This works well for signals composed of high frequency components of short duration

and low frequency components of long durations, as one might expect a bursting signal

to be. When one uses a Haar wavelet to decompose a large time-series of bursting data

(Figure 4), one discovers the quite intuitive result that high frequency components increase

during the population burst. However, there is a similar issue to the FFT in that while one

can visually compare the frequency content of each burst to a subsequent burst and try to

quantify variability, this approach fails to provide a natural singular measure of the degree

of variability.

Traditional frequency domain techiques fail to adaquately characterize the bursting na-

ture of signals, due to the intrinsic characteristics of the signal. Low frequency burst

alternating is often lost in the noise. Even if the low frequency component can be found,

characterizing variability by inferrence from the size of the spectral peak is far from straight-

forward. Time-frequency methods can better represent the change of spectral content and

thus variability over time, but lack a defining singular metric.

2.3 A Straightforward Novel Approach

Due to the shortcomings of existing approaches, it was determined that a new approach

was needed that could fully characterize the periodicity of bursting data in a compact form.

We will introduce burst period (BP) and coefficient of variance of burst period (CV) as the

two measures of rhythmic periodicity.

2.3.1 Preprocessing

The XII ventral root patch-clamp recording was collected as a raw integer from a A/D

board. Experimental data was collected at 4000 Hz and low-pass filtered at 1000 Hz, thus

no aliasing. Then the low-pass filtered data is AC-rectified in order to show overall level

of activity regardless of polarity. The mean is then subtracted to eliminate any DC offset.

Thus, each point represent a temporal sum of local activity. Since the ventral root has the

effect of summating the local population activity in the pre-Bötzinger, individual computer
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Figure 4: Haar Wavelet decomposition of NIH raw data (control data)

model cells were summated into 10 ms bins to produce a population level signal equivalent

to the ventral root output.

2.3.2 Definition of analysis parameters

The data is first windowed to capture the spiking activities of many concurrent neurons

while smoothing away single outliers (Figure 5). Most values of window size above 10 ms

effectively smooth away ectopic spikes, while too large of a window size tends to artificially

lengthen the burst duration, and sets an upper limit on the frequency of the activity that

can be represented since it is essentially a low-pass filter. However, since we are interested

in the variance of burst period the physiological range of burst period allows a degree of

freedom in setting window size, since the upper constraint is ∼ .9 Hz which corresponse to

a minimum window size of over 10,000 ms. The windowing process effectively creates an

envelope around the burst, which is shown as the burst envelope in Figures 5, 6 & 7.
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Figure 5: Demonstration of the effects of convolution window size on AC-rectified NIH data

A threshold level is set as a percentage of the dynamic range (i.e. the difference between

maximum and minimum values) of the windowed data and is also shown in Figure 6.

Samples in the burst envelope above this threshold will be considered to be representing

bursts. As one can see in the windowed data (Figure 5), a wide range of threshold values

would produce very similar results because the bursts clearly differentiate themselves from

the epiotic spikes during the silent periods. Different threshold levels may shift the start

and end of a burst but such a shift would be on a much smaller time scale than burst

period and would affect all bursts to a similar but often not identical degree. The threshold

setting is also sensitivity to fluctuations of the signal amplitude over time. If the slice

starts to output increasingly stronger bursts of greater amplitude earlier bursts may not

be recognized if threshold is set relatively high. Conversely, a low threshold will pick out

spurious bursts if the signal is very noisy. Fortunately, it is shown to be robust (Figure 8).
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Figure 6: Idealized representation of characterization algorithm

Even if the burst envelope falls below the threshold, if the burst envelope again rises

above threshold within the minimum interburst interval it will be considered part of the

same burst. The minimum interburst interval has effect of determining how closely bursts

can occurs and still be considered separate events. Note in Figure 6 that though the

enveloped burst drops below the threshold at 2.25 ms, this does not terminate the burst

because the signal rises before the elapse of the minimum IBL. An overly high setting of

minimum IBL all activity will be considered as part of a single burst. The disadvantage

of low settings of IBL is the potential to divide up a single burst into multiple parts and

thus vastly distort both the CV and burst period calculations. Fortunately, CV and BP is

shown to be extremely robust across a wide range of IBL (Figure 8).

To summarize in terms of physiological events, the window size acts as a filter on the

minimum number of spikes in a fixed time period that will be considered a burst; the

threshold acts as a trigger on amount of activity needed to start and end a burst; and the

minimum IBL sets a minimum resolution size on how close bursts can be together.
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Figure 7: Actual Data manipulation by characterization algorithm

2.3.3 Determination of parameters

To determine the setting of the characterizing parameters, an analysis was performed vary-

ing the three parameters. Window size proved to be the most robust and thus was fixed

while varying the threshold and minimum interburst interval (Figure 8) in order to deter-

mine the parameter sets that minimized the coefficient of variance (CV) for a particular

data set. We used a long “clean” data set in which bursts appeared clearly distinct from

periods of silence to the eye. This is an acceptable methology since this visual parsing of

the bursting behavior is what we are trying to quantify. The parameters were swept over a

wide range of physiological or theoretically relevant values. Window size ranged from 10 to

1000 ms until settling on 20 ms into to fix the calculation of characterization for the other

parameters. Minimum IBL was swept from 50 ms, which allows resolution up to 20 Hz, to

5 seconds, and likewise threshold was swept from 10-100% since very small values would

classify the entire signal as a single burst. This analysis was done because we are using
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this metric to emphasize periodicity and regularity. A minimal CV parameter set should

be the one that most aptly captures the periodic nature of the signal. That is since our

eyes see very little variability in this data set, we should select parameters that produce

a metric that indicates very little variability. Fortunately, window size and minimum IBL

are extremely robust over the range of physiologically relevant values. Threshold is robust

within non-extreme values (i.e. 30 - 70%). Extreme values of the parameter sets (threshold

> 90% or minimum IBL > 10 sec for a highly active slice) give predictable faulty results.

Though not used as to characterize variability, the burst duration can be calculated by

measuring the amount of time between the crossing of the threshold (“x” in Figure 7) and

the start of a “quiet” interburst interval (IBL) (“o” in Figure 7) of some minimum size. The

end of a burst is defined as the last point in time where the window exceeds the threshold

preceding an interval of at least the minimum interburst interval. Only completed bursts,

that is a burst start and subsequent burst end within a data set are used to calculate burst

duration. Similarly, the burst period can be calculated by finding the time between the

start of each burst. The mean as well as the coefficient of variance of both burst period and

burst duration can be calculated then for the set of bursts contained in each data set.
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Figure 8: Characterization results as a function of Dynamic Range Threshold and Minimum
Interburst length (control data) (A) CV of Burst Period (B) Burst Period

Based on the global minima in Figure 8, the parameters were selected that minimize

CV. We chose a parameter set with a window size of 20 ms, minimum interburst interval

of 500 ms and threshold of 70% of the dynamic range work. It is important to point out
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that we are less concerned about finding an ideal fit for the “clean” data, but instead trying

to pick a parameter regime that is very robust while characterizing the low variability that

is observed by the eye. Notice that there are a wide range of parameter values that give

similar characteristic results indictating robustness. IBL was selected as low as possible

while retaining robustness in order to maximize frequency resolution.

2.4 Summary

Since previous methods for classifying rhythmic periodicity were lacking, we have created

our own characterizing metric. This metric has three key parameters: window size, which

eliminates ectopic spikes in the population; threshold, which ensures that a sufficient amount

of activity is occurring; and minimum interburst length, which distinguishes spacing between

bursts. By using a sample data set and minimizing CV on it via parameter selection,

we have established a parameter set that we will use to characterize all other data. This

characterization metric is robust and clearly defines rhythmic variability; therefore, it meets

our stated goals.
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CHAPTER III

MODEL DEVELOPMENT

A model has been proposed [3, 4] to account for the generation of respiratory rhythm in vitro

medullary slice preparations from neonatal and juvenile rodents. In this model, respiratory

rhythm is generated by the dynamic interactions of both intrinsic and excitatory synaptic

properties within a distributed population of heterogeneous coupled neurons, many of which

have bursting pacemaker properties. Since there is currently limited experimental informa-

tion on ionic and synaptic mechanisms generating and controlling the rhythmic bursting

of pre-Bötzinger pacemaker cells, it is reasonable to propose a minimalist model with re-

duced parameter sets that captures the essence of current experimental measurements and

hypothesizes for cellular properties and synaptic interactions. A hybrid pacemaker network

has been proposed, which can be modeled by a heterogenious population of these minimalist

single cell models coupled by excitatory synaptic connections.

3.1 Methods

All simulations were performed on the CSIP beowulf cluster, which has 1x quad processor

server (Xeon 500Mhz) with 1GB of ram, 1x bi-processor Dell PowerEdge 2500 for file server,

16x bi-processor nodes (Pentium III 800Mhz) with 1GB of ram 10x bi-processor nodes

(Pentium III 933Mhz) with 1GB of ram and 1x HP Procurve 4000 for the network backbone.

All simulations were performed using NEURON version 5.4 [18], a simulation environment

for developing and simulating models of neurons and networks of neurons, using the built-

in CVODE integrator with error tolerance of 1e-4. Threshold crossing detection and the

handling of synaptic events were facilitated by NEURON’s event handling features. All

signal processing techniques were performed using MATLAB 6.1. The wavelet computations

were done using the MATLAB Wavelet Toolbox Version 2.1. The paired sample analysis

was performed using the StatPro add-in for Microsoft Excel.
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Figure 9: Model burster cell showing intrinsic currents and excitatory background input

3.2 Single cell model

In the single cell model bursting occurs via fast activation and slow inactivation of a Ca2+

-independent persistent Na+ current. This model displays dynamic features that occur

in electrophysiological recordings from the pre-Bötzinger oscillatory bursting neurons in

vitro [3]. These features include voltage-dependent activity modes (silence, bursting, and

beating), a voltage-dependent burst-frequency that varies from 0.05 to greater than 1 Hz

and a decaying spike frequency during bursting. This model is robust and persistent across

a wide range of parameter values. Also, this model is consistent with experimental data as

burst duration decreases as the baseline membrane potential is depolarized [3]. The model

also displays a relatively flat membrane potential trajectory during the interburst interval.

This is a single compartment model conceptually modeled as a 13 µm spherical soma. Cell

and neuron are used interchangeably throughout this chapter to refer to a single instance

of the single compartment model.

This model uses a three-variable Hodgkin and Huxley formulation of respiratory bursting

neurons in the pre-Bötzinger complex of mammals [3]. These models use two simplifications

from the standard Hodgkin and Huxley model. Since the gating variable m activates on a
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much faster time scale compared to the other dynamics, it can be assumed to be instanta-

neous without significantly changing the dynamics of the model [32]. A second simplifying

assumption is the characterizing of the time course of the gating variable h as 1 − n [32].

Quantitative measurements of the gating characteristics of INa and IK have not been made

in respiratory neurons [3].

The model’s dynamics are described completely by an autonomous set of differential

equations (Equations 1-6).

C
dV

dt
= −INa(V )− INaP−h(V )− IK − IL(K) − IL(Na) + Iapp − Isyn (1)

The transmembrane current is calculated by Kirchoff’s current law and is the sum of intrinsic

and externally applied currents. C is the whole cell capacitance in pF. For all simulations, C

is set to 21 pF, which is consistent with whole cell measurements from inspiratory neurons

in vitro [39]. Iapp is added for completeness but not used in any of the simulations.

A fast Na+ current (INa) and delayed-rectifier K+ current (IK) generate action poten-

tials.

INa = gNam
3
∞(V )(1 − n)(V − ENa) (2)

IK = gKn
4(V − EK) (3)

There is also a slow inactivating Na+ current in which the activation of m∞ is also

considered instantaneous because it is several orders of magnitude faster than the time

scale of h. This model also contains a leak current with K+ and Na+ components which

allows us to simulate changing extracellular K+ concentration by varying EK in the model

(Figure 9).

INaP−h = gNaP−hm∞(V )h(V − ENa) (4)

IL(K) = gL(K)(V − EK) (5)

IL(Na) = gL(Na)(V − ENa) (6)
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Voltage dependent activation and inactivation variables regulate the conductances of the

ionic current. For each gating variable x, the governing dynamics are described by x∞(V ),

the steady-state voltage-dependent (in)activation function of x and τx(V ) is the voltage-

dependent time constant. x∞(V ), which is a sigmoid with a half-(in)activation at V = θx

and a slope proportional to 1/σx(V ), which is a bell-shaped curve that has a maximal value

τ̄x at V = θx and a half-width determined by σx. For parameter values, the values for

model I [3] are used unless otherwise stated.

dx

dt
=

x∞(V )− x

τx(V )
(7)

x∞(V ) =
1

1 + expV−Θx
σx

(8)

τx(V ) =
τx

coshV−Θx
2σx

(9)

In order to implement this model in NEURON, the whole cell conductances must be

converted into conductance densities. The geometry of the cell is defined to be a open

ended cylinder with length of 26 µm and diameter of 26 µm, which is equivalent to a 13

µm sphere. This required the whole cell conductance (nS) to be multiplied by a factor of

0.047 to convert into densities µS
cm2 .

3.3 Network model

We created network simulation models in NEURON using a burst capable neuron model

[3], in a heterogeneous network [4] coupled by excitatory AMPA synapses. Output from

the simulations was captured through a raster recorder. Premilinary studies with spatial

and temporal effects were created by restricting cellular connectivity and specifing synaptic

delay. However since the transverse slice is relatively small, it is reasonable to assume that

all cells are connected with little delay. Therefore, all simulations in this study have all-to-all

connectivity and zero temporal delay unless otherwise noted. Whenever a cell’s membrane

potential crosses a fixed threshold voltage of -10 mV, the cell identification and time is

recorded (Figure 10 A). Using this data, a population activity measure can be created

by windowing the data and summing the individual neuron spikes (Figure 10 B). Raster
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data is considered sufficient since subthreshold fluctations in an individual cell’s membrane

potential are virtually undetectable in summated population data both in real neurons and

in simulation studies.
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Figure 10: Network simulation (50 burster cells), eK = -82 mV and Independent Poisson-
distributed Background Input) (A) Raster recording (B) Temporally summated ’population’
data

A simple model for glutamate AMPA receptors [13] can be used to model both the exci-

tatory synaptic coupling connections within the pre-Bötzinger complex and the excitatory

synaptic connections between the the background cells and the pre-Bötzinger complex. The

simplified model was obtained from a detailed synaptic model that included the release of

transmitter in adjacent terminals, its lateral diffusion and uptake, and its binding on post-

synaptic receptors [12]. Short pulses of transmitter with first-order kinetics were found to

be the best fast alternative to represent the more detailed models. The first-order model

can be solved analytically, since no differential equation must be solved (Equations 10 - 15).

This makes this method a very fast mechanism for simulating synapses.

R∞ =
α

α+ β
(10)

Rτ =
1

α+ β
(11)

R′
on =

R∞ −Ron
Rτ

(12)

R′
off = −β ∗Roff (13)

gsyn = Ron +Roff (14)
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Parameter Value
N (# of cells) 50

p 1
Synaptic delay 0 ms

Synaptic strength .1 nS
Background input .3 nS

CVode relative tolerance 1e-4

Table 1: Default parameters values for simulations

Isyn,j = (ΣNi=1ḡsyn−e,i,j)(Vj − Esyn−e,j) (15)

The reversal potential for the synapse is 0 mV. The forward binding rate α is .94 ms−1

and the backward unbinding rate β is .18 ms−1, which corresponds to a first-order fit on

whole-cell kinetics [43].

All pre-Bötzinger complex network simulations are constructed of 50 burster neuron

models unless otherwise noted. The burster cells deliver output to other burster cells via

AMPA synapses. They can also receive “simulated” excitatory background synaptic input

from a population of 100 tonic firing cells. Since we are using a single compartment model

for the burster cell, all synapses were set to terminate in the middle of the soma, the lone

compartment.

3.4 Proposed mechanisms for creating variability

3.4.1 Ion channel noise

Ion channel effects will not be considered in this study because simulating such processes

is computationally intensive, even for a single neuron. Incorporating these effects would

vastly expand the scope of this study and drastically decrease computational performance

of the network simulations. Additionally, in large networks with sufficient coupling like in

this study, the noise is filtered by the effectively shared capacitance and the underlying

deterministic dynamics are expressed [7].

3.4.2 Probablistic Connectivity

Network models in this study can be configured using probabilistic or deterministic connec-

tivity. In the case of probabilistic connectivity where the probability of a synaptic connection
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existing between any 2 pairs of cells is p, a uniform random number generator was used to

determine whether a particular connection existed. A cell is not allowed to connect to itself.

To compensation for the loss of synaptic input from “eliminated” synapses, the synaptic

strength was scaled by 1/p to maintain similar network dynamics. This ensures that the

differences between a fully and sparsely connected model are not simply a result of different

levels of total synaptic input to individual cells in the network.

3.4.3 External drive from populations of tonically firing cells

Since pre-Bötzinger cells are postulated to receive low-frequency background input from

surrounding cells, the model can also incorporate background excitatory synaptic input. For

simplicity we consider only excitatory input although analogous results have been obtained

if a mean-level of inhibitory input is considered as well [4]. In this study, this background

input is conceptually modeled by a population of cells that give input at a frequency of 10

Hz. In the simulation , this is implemented by one “independent source” and one global

source for each cell. The weights of each connection can be manipulated to study the effect

of the degree of correlation of background input. The spike rate was then chosen based on an

assumption for the number of cells times the spike rate of 10 Hz/cell. This is implemented

by setting a uniform fixed spike interval for the independent and global source. Shortening

(lengthening) this spike rate interval has the effect of raising (lowering) the mean-level of

background input. Also, this could be conceptually thought of as increasing (decreasing)

the size of the population, since the number of cells times spike rate equals the total number

of spikes received by the slice.

As far as the actual number, there has been no estimate in experimental literature. The

patterns in which background input connects to pre-Bötzinger complex neurons are likewise

unknown. Instead, we present a noisy summated input generated by tonically firing cells.

The background input is connected independently and individually to each burster cell

(Figure 11 B). The starting time of each background input is randomized uniformly between

0-1 ms to ensure that individual inputs are uncorrelated in phase. The background input

can also be connected globally, meaning all cells receive the same input from the background
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(Figure 11 C). The background cells can output three distinct types of signals: constant-

level, periodic spiking and poisson-distributed spiking, as well as weighted combinations of

these types (Figure 11 A). The periodic input delivers a spike event at a regular interval

without variation, while the poisson-distributed input delivers spike events according to a

poisson process. The constant-level input provides a mean-level equivalent to the periodic

and poisson-distributed spiking cells. This was done by measuring the conductance at each

time step, discarding the first sixty seconds to allow transients to decay and then taking the

mean. The periodic spiking input is set to deliever a set amount of synaptic input and then

the constant-level input is adjusted to be the same mean-level. The poisson spiking input

is created by taking the periodic spiking input and allowing spiking to varying according

to a poisson process. Mechanisms have been developed to control the correlation of the

individual background inputs, by connecting both the global and individual background

inputs and then weighting there respective inputs. In NEURON, the constant-level input

was modeled as a conductance density, while the spiking inputs were implemented as point

processes. This required that the constant-level needed to be scaled much like the ionic

current densities.
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Figure 11: Modeling and configuration of excitatory background input (A) Three forms of
input i.) Constant-level ii.) Periodic spiking iii.) Poisson-distributed spiking (B) Individu-
ally connected network - three burster cells (C) Globally connected network - three burster
cells
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Parameter Mean Standard Dev.
gsyn (n=50,p=1) (nS) .1 .025

gNaP (nS) 2.8 .4
gL(K) (nS) .11424 .01142

Table 2: Distribution of Intrinsic and Synaptic Model Parameters

3.4.4 Intrinsic and Synaptic Heterogeneity

In contrast to deterministic model neurons, real neurons have considerable variability in

their intrinsic membrane parameters. In order to introduce this variability into the sim-

ulation, we chose to make gsyn and gNaP heterogeneous throughout all simulations. Ad-

ditionally, we have made gL(K) in Section 4.1.1 and 4.3 to show effects of heterogeneity

of baseline level of depolarization. In Figure 14, we presented the results of consolidating

the Na+ and K+ leak channels into a single heterogenous leak channel by varying EL to

make comparison to prior work [4]. gsyn is the coupling strength between individual neu-

rons. gNaP determines the ability for a cell to intrinsically burst. gL(K) is conductance of

the K+ leak channel [9], which plays a role in determining the baseline level of membrane

depolarization. Likewise, EL determines the baseline level of membrane depolarization in

the simulation with a single leak channel. Parameters were chosen from a normal distri-

bution with a specified mean and standard deviation (Table 2). The standard deviations

were chosen so that the distributed parameters fell within a range of dynamic behaviors.

Previous work [4] has indicated that simulations where all intrinsic conductances of the

model were selected from a normal distribution produced results similar to those in which

only EL (analogous to gL(K) in the simulations) and gNaP were heterogeneous, as well as

gsyn.

3.5 Summary

We have presented a minimalist biophysical model of an oscillatory bursting of respiratory

neuron in the mammalian pre-Bötzinger complex [3] and implemented it in the NEURON

environment. Furthermore, by coupling these neurons via excitatory AMPA synapses, we
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form a hybrid pacemaker network that is suggested to comprise the origin of rhythm gener-

ation in vitro. By using an inverse relationship between synaptic strength and connectivity,

we have developed a probabilistic method for changing the degree of sparsity of a network

without affecting the network dynamics. External drive from a background population can

be simulated by a variety of different methods that allow the adjustment of shape, corre-

lation, periodic regularity and mean-level of the signal. The burster can be thought of as

oscillators with non-uniform parameters because intrinsic and synaptic heterogeneity have

also been introduced to certain parameters. These mechanisms give our model a frame-

work with which one can create a network simulation that more faithfully reproduces the

variability seen in experimental recordings.
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CHAPTER IV

PRELIMINARY STUDIES OF PROPOSED

MECHANISMS TO CREATE RHYTHMIC VARIABILITY

4.1 Effect of Excitatory Background Synaptic Input on Rhyth-
mic Variability

4.1.1 Waveform

In order to discover the possible characteristics of the background population of tonically

firing cells, the model was simulated with five different types of excitatory synaptic drive

(Figure 11).

1. Constant-level - All cells receive a constant input equivalent to the mean-level of the

spiking inputs (Figure 12 A).

2. Individual Periodic - Each cell receives periodic spiking input with the same regular

period, while phase is randomly assigned from a uniform distribution (Figure 12 B).

3. Individual Poisson-distributed - Each cell receives spiking input from a poisson pro-

cess, while phase is randomly assigned from a uniform distribution (Figure 12 C).

4. Global Periodic - All cells receive periodic spiking input with the same regular period

(Figure 12 B).

5. Global Poisson-distributed - All cells receive spiking input from a single poisson pro-

cess (Figure 12 C).

The weight of the background synapse was adjusted so that the excitatory stimulation of

the constant-level input would be equivalent to the four spiking inputs at a fixed frequency

as seen by the AMPA synapse located on the burster neuron. For each simulation, the

transients were allowed to decay for 60 seconds and then data was recorded for 60 seconds.

Since only 60 seconds of simulation time were recorded we decided that any simulations

29



Figure 12: Time series plots of excitatory background input effect on AMPA synapse (no
synaptic input from other burster neurons) (A) Constant-level (B) Periodic (C) Poisson-
distributed

which showed two or fewer bursts (i.e. burst period less than 20 seconds) would not be

considered since they contain insufficient data in order to calculate the CV of burst period.

With respect to the biological system we are modeling, discarding these simulations is

acceptable since recordings of the pre-Bötzinger complex begin bursting at a frequency of

∼ 0.05 Hz, which corresponds to a maximum burst period of 20 seconds. Nineteen random

distribution of parameters were used and simulations were run from each of the five different

types of excitatory drive. Therefore, for each parameter set the only independent variable

was the type of background input. The constant-level type of input sets a baseline minimum

amount of variance due solely to heterogeneity of the intrinsic parameter gNaP , but not

gL(K) and inter-burster synapses gsyn(Figure 12 A). This allowed us to perform a t-test to

determine whether the characterization results from the four types of spiking excitatory

background input were statistically different from the constant-level input (Table 4). The

mean and standard error bars are plotted in Figure 13. Analogous results were obtained

for simulations were gL(K) was also heterogenious. However, the CV for these simulations

were proportionally higher and had greater variability between trials. The burst periods

for these simulations were also uniformly less than the homogenious trials. Though the

steady-state values of all three waveforms in Figure 12 are equivalent at the output of the
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Figure 13: Characterization results with standard error of simulations different types of
background input for EK = -83 mV (n = 19)(A) Burst period (B) CV of Burst period

Type Average synaptic input level (nS)
Constant-level .2484

Individual Periodic .2527
Individual Poisson-distributed .2378

Global Periodic .2527
Global Poisson-distributed .2381

Table 3: Total of synaptic input for burster cells in network (n = 2, gbackground = .15 nS )

spike generator, when the mean-level of AMPA (synaptic input) conductance was measured

in networks with identical intrinsic and synaptic properties differences were found (Table 3).

The network was configured with an all to all connection and had heterogenous distribution

of gNaP and gsyn. The lengthening in burst period by the poisson-distributed spiking

models can be accounted for by saturation of the AMPA synapses. While during times

when many events are received by the synapse, gsyn rises above the mean-level conductance

and saturates. Additional inputs can only extend the length of transmitter release. However,

during times of infrequent events the gsyn drops below mean-level conductance. The overall

effect is to reduce the effective input conductance to the slice. These models also produce

the most variance in synaptic conductance, due to the same effects (Figure 12). It can

be shown that the mean CV of burst period over the nineteen simulations is statistically

different from the mean-level case for the poisson-distributed background inputs (Table

4). This is an interesting result because the variability of the input processes are on the

timescale of milliseconds, while the variance of burst period is on the order of seconds.
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While the differences for the simulations with poisson-distributed types of input can be

primarily attributed to synaptic saturation, the decreased burst period in simulations with

the periodic types of input must be due to emergent network properties.
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Figure 14: Characterization results with standard error of simulations different types of
background input on a network of Model I neurons cells [3] for EL = -65 mV (n = 19)(A)
Burst period (B) CV of Burst period

One plausible mechanism would be that the synchronized spikes (global periodic spik-

ing) depolarize the slice more effectively. In a different set of simulations of models with a

single leak channel, EL that was heterogeneously distributed and had a lower baseline level

of membrane depolarization (Figure 14), simulations with global periodic excitatory back-

ground input had a burst period much lower than the other spiking methods and very close

to then constant-level input. Two interesting findings can be taken from these simulations,

in simulations with homogenous sodium and postassium leak channels and a higher baseline

level of depolarization, simulations with periodic inputs are stimulated by this input more

effectively than a constant-level input. The other finding is that heterogeneity appears to

make the phase differences in a periodic input reduce the depolarizing effect of the input as

seen by the transverse slice.

4.1.2 Mean level of excitatory background input

The first parameter tested was the mean-level of conductance which controls the amount

of excitatory background input received by the slice. The individual poisson-distributed
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Type p-value CV test p-value BP test
Individual Periodic .18369 0.00000

Individual Poisson-distributed .00019 0.15686
Global Periodic .15500 0.00000

Global Poisson-distributed .00001 0.09216

Table 4: Hypothesis Tests that CV & BP have the Same mean as Constant-level excitatory
background synaptic input (n = 19)

spiking input was chosen because it showed a high degree of variance relative to constant-

level input. Similiar results are obtained for individual periodic spiking input. EK is set

to -83 mV, because around this value the simulation produces bursting output. Since

the precise amount of input received by the slice is unknown, the value of gbackground was

swept from 0 to .5 nS. The CV of burst period decreases with increased background input
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Figure 15: Variation of characterization results as a function of mean level of independent
poisson-distributed background input (A)CV of burst period (B)Burst period (n = 5, EK
= -83 mV

(Figure 15 A). This is because as the greater excitatory background input depolarizes the

the transverse slice and puts more cells into the bursting and beating regime. As more cells

are active, the effect of the heterogenoity gets blended away [6] and the slice output is more

uniform. As expected the burst period decreases with increased background input (Figure

15 B). This depolarization effect explains why similar effects are observed regardless of the

background input type.
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4.1.3 Correlation of background input

In the model, the degree of correlation of the background input can be varied. This is

accomplished by creating one background input source for each individual cell and then

one global background input source. The degree of correlation of background input can

be controlled by weighting the amount of background input signal coming from the indi-

vidual source versus the global source. The individual background inputs are designed to

be independent of each other and the global source, since they each represent a unique

poisson process with a uniformly distributed start time. The probability of correlation and

probability of connection were both stepped from .1 to 1 see if uncorrelated input (inde-

pendent poisson-distributed) had more of an effect in a sparsely connected network. Each

correlation-connection set was run on the same five randomly distributed intrinsic param-

eter sets at EK at -83 mV and gbackground of .3 nS. The CV and burst period are nearly

independent of correlation regardless of the value of connectivity (p). The result of an

all-to-all (p=1) connected network shown in Figure 16 can be considered representative of

all simulation sets.
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Figure 16: Variation of characterization results as a function of correlation of poisson-
distributed background input at EK = −83 mV (n = 5)(A)CV of burst period (B)Burst
period

The spike around correlation is indicative of the characterization’s algorithm failure

to detect a single spike in one simulation as both CV and BP just at the same place.

Confirmation of this occurance was verified by observation of the simulated data set and
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characterization results.

4.2 Effect of connectivity of the network on rhythmic vari-
ability

In previous experimental work [9], the transverse slice was bisected experimentally to explore

the effects of excitatory synaptic coupling on burst period and stability of the population

activity. These experiments show that the weakened synaptic coupling is insufficient to

completely synchronize the pacemaker cells and thus the pre-Bötzinger complex normally

developed cycle-to-cycle variability. The cycle-to-cycle fluctuations can be attributed to

reductions in coupling strengths.

In the simulations, the coupling and connectivity of the network can be controlled by

varying the probability of the existence of a connection between any two cells. A cell

cannot be connected to itself. In order to maintain the same mean amount of synaptic

input into each cell, the strength of the synaptic connection is inversely proportional to the

probability of a connection. This was done because it has been shown (Figure 15) that

increasing the amount of synaptic input alter the firing characteristics (i.e. decrease burst

period). However, we want to observe the potential mechanisms for producing variability,

so it is important to maintain a constant level of synaptic input within the pre-Bötzinger

complex while varying the degree of connectivity.
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Figure 17: Variation of characterization results as a function of connectivity at EK = -83
mV (n = 5) (A)CV of burst period (B)Burst period
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The probability of connection was stepped from .1 to 1 see if uncorrelated input (inde-

pendent poisson-distributed spiking) had more of an effect in a sparsely connected network.

However, we did not find that evidence of any effect. Correlation of the background excita-

tory input was then stepped from being total uncorrelated (independent poisson-distributed

spiking) to being completely correlated (global poisson-distributed spiking). As expected

from the previous section correlation did not have a significant effect on the results and the

results obtained from the simulations with independent poisson-distributed spiking excita-

tory background input can be consider representative of all degrees of correlation. Each

probability of connection-correlation set was run on the same five randomly distributed

intrinsic parameter sets at EK at -83 mV and gbackground of .3 nS.

The results of the characterization algorithm from simulations with independent poisson-

distributed spiking excitatory background input show that burst period increases with prob-

ability of connection (Figure 17 B). This is a much different phenonoem than previous

studies [4] where a mean-level of input caused CV to decrease with increasing probability of

connection, while BP stayed relatively constant. Considering that synaptic strength varies

inversely with probability of connection, this could be analogous to what happens in Section

4.1 in the global periodic spiking simulations. In both instances, the slice taken as a whole

is hit with fewer but more powerful inputs and this decreases the burst period relative to

a more temporally spread input. The effect on CV of burst period is very minimal. The

slightly increased values of CV at higher p values is also accompanied by much larger stan-

dard error bars indicating that the CV varied much more between each simulation. This

could very well be a sampling effect as the number of bursts per simulations would decrease

as burst period increases.

4.3 Effect of parameter heterogenity of individual bursters
on rhythmic variability

To test the effect of heterogeneity on the variability of synchronous bursting, simulations

were performed in which the amount of variability of the leakage conductance was varied.

This is preferable to varying EK to affect baseline membrane depolarization level since it can
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be presumed that the extracellular concentration of K+ is relatively constant throughout

the slice. Cells with intrinsic behavior that diverges from the rest of the network become

more influential on the network rhythm in a smaller sized population.
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Figure 18: Effects of heterogenous membrane depolarization of burster cells by changing
variability of gL(K) on characterization results (Single parameter set, n=1) (A) CV of burst
period (B) Burst period

One notes from Figure 18 that the CV of burst period increases as the variability of

the potassium leakage conductance increases for the lower values of EK . This is caused

because the slice is has a lower baseline level of membrane depolarization and fewer cells

are active and thus those that are active play a greater role in generation of the rhythm

and differences between these cells are strongly exhibited.

4.4 Summary

Our preliminary studies found that background input in the form of a poisson process

could produce statistically significant levels of variance. This is interesting because the

input processes are on the timescale of milliseconds, while the variance appears on the

order of seconds. We established an inverse relation between the variance and the mean

level of input and was able to dismiss the effect of correlation of input on the variance.

An interesting effect was noted both in the application of global periodic spiking input and

then similarly in the case of sparsely connected networks. It seems that the burst period is

more affected by fewer large synaptic inputs than the same overall amount of input spread

over a larger number of synaptic events. Finally, we noted that varying the heterogeneity
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of the leakage current could produce fairly sizable proportional effect of the CV of burst

period.

38



CHAPTER V

CHARACTERIZATION OF EXPERIMENTAL DATA

In order to test our simulations ability to recreate rhythmic variability, we needed to char-

acterize experimentally obtained data sets.

5.1 Experiment Data Sets

We obtained mammalian respiratory recordings from both mice and rats. The data was

collected from suction electrodes recording extracellular population activity from the XII

ventral root of a rhythmically active pre-Bötzinger slice. Data was collected for several

different experiments. Each experiment consists of a series of recordings over range of K+

concentration in the extracellular bathing medium in order to control baseline excitability

of the slice. The first data set, refered to as the NIH data set, was collected from rats over a

range of extracellular K+ concentration from 5 to 18 mM over as many as ten experiments.

The second data set, refered to as the UCLA data set, was collected from mice over a range

of extracellular K+ concentration from 3 to 12 mM over two experiments.

The novel approach of characterizing rhythmic variability described in chapter two was

used to characterize experiment data in order to find experimental values of CV. Standard

error bars are included in the graphs.

For the NIH data set, as expected the burst period (Figure 19 A) decreases as the

concentration of K+ increases over the part of the K+ concentration range that clearly

exhibits bursting (i.e. 8-13 mM), since increased concentration depolarizes the slice causing

it to be more active. Rhythmic variability as characterized by CV of burst period (Figure 19

B) roughly increases with increasing K+ concentration with a notable peak around 11 mM.

The slice transitions from clearly defined bursting to beating behavior at high concentration

of extracellular potassium, and thus the characterization results are not meaningful.

For the UCLA data set, as expected the burst period (Figure 20 B) decreases as the
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concentration of K+ increases disregarding the very low K+ concentration where bursting

is not clearly exhibited (i.e. 3-5 mM). Like in the NIH data, rhythmic variability as char-

acterized by CV (Figure 20 A) roughly increases with increasing K+ concentration with a

notable peak around 7 mM.
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Figure 19: Variation of characterization results as a function of K+ concentration (NIH
Data) (A) CV of Burst period (B) Burst period
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Figure 20: Variation of characterization results as a function of K+ concentration (UCLA
Data) (A) CV of Burst period (B) Burst period

5.2 Simulating effects of extracellular K+ concentration

Prior work testing the model with experimental preparations [9] have shown that the real

and model neurons commenced bursting with a frequency of approximately ∼0.05 Hz at low
extracellular K+ concentration corresponding to low values of EK and exhibited maximum
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burst frequency of ∼ 0.9 Hz at high extracellular K+ concentration and values of EK .

However, changes in extracellular K+ concentration cannot be directly equated to EK in

the model due to non-Nerstain behavior [15]. Despite not knowing the exact relationship, we

do know that increasing extracellular K+ concentration depolarizes pre-Bötzinger complex

cells and also the cells that provide the excitatory background input. Due to the positive

relationship between EK and excitatory background input, we decided to run a series of

simulations in which both were varied in order to produce a matrix of CV and BP. The

thought is by placing a trajectory increasing in both EK and gbackground one could then

map experimental extracellular K+ concentrations to EK levels in the model. Once this

work was completed, one could then analyze how well the model predicted changes of CV

and BP caused by varying extracellular K+ concentration.

We chose to use the independent poisson-distributed model with the burster cells con-

nected all to all. This model was chosen because it produced the highest level of CV and

is biologically plausible. gbackground was swept from .01 to .5 nS. EK was varied from -85

to -78 in .5 mV steps. Each EK-gbackground pair was tested on five randomly distributed

intrinsic parameter sets. The simulations were run for 60 seconds to allow transients to

decay and then the data was recorded for 60 seconds. Simulations with burst periods less

than 20 seconds were discarded as previously mentioned (note the white squares on Figure

21). Therefore, if the model were to accurately follow the experimental data (Figures 19 &

20), the burst period should decrease as EK increases.

5.3 Comparison of Simulation Results to Experimental Data

This result is confirmed in Figure 21 A. Disregarding the very low concentration K+ data

in the UCLA data, the experimental CV has an overall increasing trend with extracellular

K+ concentration, with a spike within the bursting regime. This spike is at a different

concentration for the mice and rat data. Further complicating analysis of the CV results is

that the relation between extracellular K+ concentration is non-linear over the physiological

range [15]. It has been shown that membrane potential, which controls frequency of the

slice is relatively insensitive to K+ in this range. With these considerations in mind, it is
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not possible to define trajectory increasing EK and gbackground that is consistent between

Figure 21 A & B. and with the experimental data in Figures 19 & 20.
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Figure 21: Variation of characterization results as a function of EK+ and gbackground (n =
5) (A) CV of Burst period (B) Burst period

Using the poisson-distributed excitatory background input has been shown produce sta-

tistically significant increases in the level of cycle-to-cycle variance (See Table 4). However,

even with this increase, the model does not approach the levels of variance found in exper-

imental data sets. The limitations of our model are straightforward. A minimalist model

while computationally efficient cannot account for intricate and potentially very complex

phenomena by its very nature.
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CHAPTER VI

COMPUTATIONAL PERFORMANCE OF MORE

EFFICIENT NEURON MODEL IN A NETWORK

SETTING

The plethora of simulations required to perform this study required a large amount of

computational power. A more efficient model that could greatly reduce the computational

time to run a simulation would allow the experiementer freedom to run a greater breathe of

simulation configurations. Simulation, analysis and prediction are much easier with models

that are computationally simpler.

6.1 Hybrid Integrate-and-Fire Model

The model incorporates Hodgkin-Huxley style equations to evolve the subthreshold currents

and includes integrate and fire mechanisms to characterize spike events and mediate inter-

actions between subthreshold and spiking currents [2]. This reduction of a Hodgkin-Huxley

(HH)-style bursting model to a hybridized integrate-and-fire (IF) formalism is based on

a thorough bifurcation analysis of the neuron’s dynamics. The hybrid IF model success-

fully reproduces the dynamic behavior and temporal characteristics of the full model over

a wide range of activity including bursting and tonic firing. Comparisons of timed com-

puter simulations of the reduced model and the original model for both single neurons and

moderately-sized networks (n ≤ 500) show that this model offers improvement in computa-

tional speed over the HH-style bursting model (Figure 22). Endogenously bursting neurons

have been the subject of intensive mathematical modeling and computer simulation. Due

to the rich repertoire of biophysical mechanisms involved in bursting, mathematical models

which attempt to accurately reproduce these dynamics can be complex. Even the simplest

reduced bursting models [3] must still include variables that evolve on two radically different
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Figure 22: Computation performance of hybrid vs. full model over a range of Iapp corre-
sponding to slow bursting, fast bursting and tonic spiking

time scales, typically three to four orders of magnitude. The slow variables govern a slow

oscillation in the membrane voltage that alternates between a silent state and an oscillatory

state. The oscillatory state is characterized by the firing of action potentials governed by

fast variables, and the periodic alternation between silence and spiking is referred to as

bursting.

Computationally simpler models lend themselves more readily to simulation, analysis

and prediction. In general, efforts at simplification focus on reducing the complexity of

bursting systems while maintaining a relationship between the model and experimentally

measured quantities. Usually the system is separated into two subsystems which charac-

terize the fast and slow dynamics of the neuron. One of the simplest computational model

neurons is the integrate-and-fire (IF). In the IF model [23], spike frequency and voltage

baseline are controlled by a rule that dictates the resetting voltage, VReset, after the thresh-

old voltage, VThresh, is crossed. This model captures certain fundamental features of the

neuron such as the evolution of a subthreshold membrane voltage, the generation of a ‘spike

event’ when a given voltage threshold is crossed, and the return of membrane voltage to a

baseline after the spike event. Adaptations of either VThresh and VReset have been shown to

produce more complex behavior. More elaborate variants of IF models have incorporated

the effects of HH-style conductances by approximating the voltage-dependent rate constants

and deriving piecewise analytic expressions for the gating variables [11].
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For our hybrid integrate and fire model, we derive functions for VThresh and VReset in

terms of the single slow variable h from features of the bifurcation diagram of the reduced

fast subsystem. In addition, we use the bifurcation analysis to quantify the perturbational

effects of the action potential on the slow variable. The net result is a Hodgkin-Huxley-like

formalism for the subthreshold currents and an IF formalism for the spiking currents, with

the interactions between them fully described.

C
dV

dt
= −INaP−h(V )− ILeak + Iapp (16)

dh

dt
=

h∞(V )− h

τh(V )
(17)

When V ≥ VThresh(h), V = VReset(h)h = h+∆h(h)

This model displays dynamic behavior and temporal characteristics of the full HH style

model over a wide range of activity including bursting, beating and spiking, but offers

significant improvement in computation speed over the full model. Comparisons of timed

computer simulations of the reduced model and the original model for moderately-sized

networks (n < 500) across a range of applied current, 13 ≤ Iapp ≤ 25 pA show that this

model offers improvement in computational speed over the HH-style bursting model. The

parameter Iapp was chosen since it biases the mode of cellular activity. All timing runs were

of equal length and given initial conditions already on the stable limit cycle. Simulation

times were obtained using UNIX operating system calls that provide a measure of true CPU

time of the running process. All file output was disabled so that the timing results were

not contaminated by disk-writing overhead.

For network simulations, we implemented an excitatory network model [4] that consists

of heterogeneous neurons all-to-all connected by excitatory AMPA synapses. We ran sim-

ulations consisting of 50-200 neurons and compared the process run time of the reduced

model network and the full model network. Timings were made after startup transients had

died away and for the network simulating 60 seconds of network activity. As the size of the

network increased, the conductance of each synapse was decreased to maintain networks

with similar mean levels of overall synaptic input per cell and similar overall dynamics
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n p = 1 p = .1
50 7.645 7.957
200 3.259 3.197
500 1.858 2.844
1000 1.282 1.344

Table 5: Computation performance of hybrid vs. full model (speedup) at different proba-
bility of connection

independent of n.

6.2 Speedup Calculation

Comparisons were done for three values of Iapp corresponding to three different modes

of activity: slow bursting, fast bursting and tonic spiking. Varying Iapp in the network

simulations is algebraically analogous to varying the leakage reversal potential EL [4].

We investigated to what extent the use of our reduced model was responsible for this

reduction in speedup. While the reduced model is clearly simpler, the added complexity of

finding the times of crossings of Vthresh may not simply scale linearly with the size of the

network for a network simulation. Even though NEURON uses local time steps for each

cell, another potential cause for the reduction of speedup is the larger number of synaptic

events that NEURON must process for larger and larger networks. To address these issues,

we ran simulations for the full and reduced model, for both p=1 and p=0.1, and for n = 50,

200, 500, and 1000; where n is the number of neurons in the network and p is the probability

of a connection (Table 5). When p = 0.1, the conductance of each synapse was increased

by 1/p to maintain similar network dynamics for comparable benchmarking.

To analyze this performance data, we made the following assumptions:

1. There is a fixed cost for processing a synaptic event, and the amount of time devoted

to solving synaptic events scales with pn(n− 1) ;

2. The time spent numerically integrating the intrinsic cell models scales with O(nx),

where x ≥ 1. This is based on numerical linear algebra assumptions. The computa-

tional complexity of solving a set of m differential equations is of O(m2), but can be

as low as O(m) if all the equations are independent of one another. The independence
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Model Ki (sec) x (unitless) Ks (sec)
REDUCED 0.0902 1.8577 0.0097
FULL 7.614 1.2669 0.0122

Table 6: Simplex parameter fits of how computational time scales with network size

of individual cell models and the “local dt” option in NEURON may make the com-

putation time scale with O(n). Conversely, larger numbers of synaptic inputs create

more events and thus more time-steps to be solved per cell, and both the number of

synaptic events as well as a worst case numerical integrator scales with O(n2).

If x < 2 and n becomes arbitrarily large, we would expect the computation time to scale

with n2. If this were to occur, it suggests that for large n the overhead in processing synaptic

events is the dominant effect on computation time. A plot of computation time vs. n on

a log-log scale (not shown) reveals a slope of approximately 2 for the reduced model and

about 1.5 for the full model. If we assume that the reduced model is of less computational

complexity than the full model, this results suggests that the overhead associated with

processing synaptic events is responsible for the reduced speedup for large n.

To further investigate this issue, we used the Nelder-Meld simplex method to identify

parameters for the following formulation, choosing parameters that minimize the log error

between the formula and the data points, with an additional constraint that x ≥ 1:

T (n) = Kin
x +Kspn(n− 1) (18)

where Ki represents the computational overhead for solving the dynamic equations for

a single cell and Ks represents the computational overhead for handing a single synaptic

event. Our best-fit results are tabulated in Table 6.

While we did not impose such a constraint, we would expect that the Ks values would

be similar for the full and reduced model, since NEURON processes both identically. In

practice, the estimated parameters were within 25% of each other. The estimate also

suggests that Ki is much less for the reduced model, which is to be expected due to its

lower computational complexity for a single cell. Finally, it shows that x is about 1.86 for
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the reduced model and 1.27 for the full model. From these estimates we conclude that:

1. While the reduced model is much faster for a single cell speedup results and lower Ki,

for a network its computational complexity scales greater with n than the full model,

somewhat limiting speedup for network simulations; and

2. Since x < 2, the overhead processing synaptic events ultimately becomes the limiting

factor affecting the computation time of large network simulations.
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Figure 23: Speed up as a function of network size (Iapp = 14 pA)

We make these conclusions with several caveats. They are merely based on fits to per-

formance timings of a single simulation, and there are many model and simulator-dependent

factors and parameters that can affect these results. They were also benchmarked for one

particular simulation with a particular mode of activity (network wide bursts separated by

periods of silence), which will also affect timing results.

6.3 Summary

We conclude that while the reduced model is much faster than the full model for a single

cell, its computational complexity scales more with n than the full model, leading to reduced

speedup for larger simulations. Furthermore, the overhead in processing synaptic events for

large networks makes the speedup gains for any reduced cell model negligible for n much

greater than 1000 (Figure 23). Thus our reduced model formulation is most effective in

gaining speedup for networks of n ≤ 500 in particular, and networks of less than 1000
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neurons in general. Despite the potential time savings, all simulations in Chapters 3-5 were

done based on the the full model to ensure consistency with legacy data.
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CHAPTER VII

CONCLUSIONS

7.1 Summary of Work

We have developed a novel metric for characterizing variability in rhythmic periodicity.

We created a computational model that incorporated potential mechanisms for producing

rhythmic variability from a deterministic neuron model. It had been known that parameter

heterogeneity can produce some of this desired variability. The main thrust of the research

was finding types of excitatory synaptic background input that could contribute to this

variability. To that end we did find that using a poisson-distributed process to generate

spiking events, one can produce a statistically significant level of additional variability. We

were able to discount the role of correlation of background input as a significant factor in

rhythmic variability. Furthermore, we saw that the burst period is more affected by fewer

large synaptic inputs than the same overall amount of input spread over a larger number of

synaptic events in two distinct experiments. However, by using the coefficient of variance as

a metric, it can be shown that our models do not produce the levels of variability found in

experimental data sets. We were unable to successfully map EK to extracellular potassium

concentration, which indicates that our model may lack some necessary complexity.

In the pursuits of the goals of this research, we decided to use very minimalist models

for multiple reasons. Primarily they allow greater understanding of the key underlying

processes. However our results confirmed the weakness of this approach. Our models could

not account for all the complex behavior of the system we were modeling. A second reason

to use a minimal model is computational efficiency. To this end, we present a reduced model

which has been shown to produce efficiency gains in the single cell and small to medium

size networks. We found that while the reduced model is much faster than the full model

for a single cell, speedup for larger simulations such as over 1000 is much reduced. This is

because its computational complexity scales more with n than the full model.
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7.2 Future Work

One unexpected finding was the decrease of burst period when stimulated with large periodic

spikes, as evidenced by the connectivity results. Likewise, the periodic spiking background

input seemed to depolarize the slice to a greater effect. It is possible that these may be

related effects. Further study need to be conducted to understand these emergent network

property and its causes.

Currently, the models do not produce the level of variance found in experimental data.

One interesting experiment would be to incorporate ion-channel noise into the existing

model as that would be a most likely and known source of variability. Though we had

stated that these channels are computational expensive to model, the computational power

is readily available, as are software packages such as MCELL, which can be tied into our

NEURON model.
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in the cat,” J. Neurophysiol, vol. 73, pp. 1452–1461, 1995.

[38] Smith, J. C., “Integration of cellular and network mechanisms in mammalian oscilla-
tory motor circuits: Insight from the respiratory oscillator,” in Neurons, Networks, and
Motor Behavior (Stein, P., Grillner, S., Selverson, A. I., and Stuart, D. G.,
eds.), pp. 97–104, Cambridge, MA: MIT Press, 1997.

[39] Smith, J. C., Ellenberger, H. H., Ballanyi, K., Ritcher, D. W., and Feld-
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