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ABSTRACT: In this study, we examine the utility of computa-
tional modeling in understanding nervous system function. We
start by examining the reasons for, and major approaches to,
computational modeling. We then chose a modeling approach
and applied different variations to understanding nucleus trac-
tus solitarius (NTS) neuronal responses to various barorecep-
tive stimuli. We examine the results in light of our objectives and
with regard to the known parameters of the system under
investigation. Our results demonstrate that modeling can be a
useful tool in analysis of (and examination of underlying mech-
anisms for) NTS behavior on many levels. © 2000 Elsevier
Science Inc.

KEY WORDS: Top-down model, Baroreceptors, Cardiovascular
control.

INTRODUCTION

In the analysis of complex systems such as the mammalian ner-
vous system, it is advantageous to employ all applicable methods
at one’s disposal. Classically, neuroscientists have taken anatom-
ical, physiological, molecular biological, and psychological exper-
imental approaches to study the nervous system. These methods
have yielded and will continue to yield important results, but
computational modeling, which serves as a natural complement to
experimental methods, is also relevant to the analysis of nervous
system function. Before undertaking any modeling effort, one
might reasonably ask the questions: “Why model?”, “What ap-
proach should I take?”, and “What should I expect from the results
of such an effort?” In this study we shall address these fundamen-
tal questions, chose a modeling approach, apply it to the barore-
ceptor reflex arc, and discuss the merits and utility of these results.
A model is useful in testing the feasibility of different hypotheses,
making predictions about an object’s behavior, and organizing
data. As neuroscientists, the most useful applications of modeling
are in making predictions about object behavior and examining

hypotheses regarding the mechanisms which underly that behav-
ior.

Computational modeling differs from experimental work in
several important aspects. Specifically, all model variables are (1)
known (i.e., measurable; the system/object is completely defined
by the modeler), and (2) controllable (i.e., any conceivable ma-
nipulation is possible). This allows for a much wider variety of
“experiments” (simulations)in silico than are possible experimen-
tally in vivo. Despite these advantages, modeling also has disad-
vantages. In particular, the results of simulations are only valid
when applied to the real object if the conditions, constraints, and
assumptions in the model are correct. All simulation results are not
particularly applicable to the actual object’s behavior, but all
experimental results are applicable since manipulations are made
to, and measurements are taken from, the real object.

Modeling approaches may be categorized into two (not neces-
sarily mutually exclusive) classes. A bottom-up approach may be
employed as a modeling strategy. In this case, the model is built up
from many low-level details. In order to build a worthwhile model
(e.g., one that has predictive validity), a rather large proportion of
details about the object must be known. Assuming that these are
incorporated into the model, one may use simulations to explore
the impact of interactions between the various low-level variables
on object behavior, or even to discover “emergent properties” of
the object. However, since we so often lack an overwhelming
majority of low-level details about an object, particularly neural
systems, we may chose to use a top-down approach. This approach
requires that we have a good description of the system behavior, a
comprehension of the computations that must be performed by the
system, and a specific behavioral set whose underlying mecha-
nisms we will hypothesize. In this case, we start with a concept or
hypothesis regarding possible mechanisms underlying the object’s
behavior and use the model to test the feasibility of these mech-
anisms. Figure 1 provides an overview of the use of the top-down
approach to modeling.

We begin with a set of (structural) data about the object which
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is included in the model. Since this data set is by definition
incomplete, and probably cannot support the object’s behavioral
repetoire, we must include a (hypothetical) structure into the model
in attempts to explain this behavior. We then run simulations in
which we make some perturbation to the model system. The
model’s behavior may or may not match that of the object, given
the same manipulation. If it does not, we assume our structural
hypothesis is incorrect and alter it. Then the new model incarnation
is tested in another simulation, and so forth. Once the model’s
dynamics and behavior match those of the object, we may say that
we have a possible explanation for the object’s behavior, and our
structural hypothesis becomes plausible. In addition, the model
will make predictions about the object’s behavior that have not
been tested experimentally. Once they have, we may return to the
lower loop in Fig. 1 and begin our iterative process again. We will
demonstrate the use of this approach in explaining behavior of
neurons in the nucleus of the solitary tract (NTS) located at or near
the first synapse of the baroreflex arc.

APPLICATION TO NTS NEURONAL BEHAVIOR

We start with a simple, commonly observed behavior of
barosensitive NTS neurons. Despite having relatively strong (re-
spond to each shock of the buffer nerves), pulse-rhythmic (activity
every heartbeat), high frequency inputs, NTS barosensitive neu-
rons, including those characterized as second-order, display rela-
tively low frequency, non-pulse-rhythmic activity (e.g., [2,8,11].
Using computational modeling, we will examine the hypothesis
that input synchronicity and active neuronal conductances deter-
mine NTS neuronal activity patterns and responses to buffer nerve
activation.

Individual Neuron Model

Our first task is to generate models of single neurons with the
biophysical properties that we think are relevant to the NTS cells
in question. These properties are determined by the experimental
data (categorized into the “data: structure” box in Fig. 1 ). They
include simple properties, such as spiking behavior, and more
complex ones, such as response adaptation. As we will see, these
properties will also support the model behaviors that match the
object behaviors. We model individual NTS neurons as a single-

compartment description in the Hodgkin–Huxley formalism. The
model parameters are given in the Appendix. The active conduc-
tances include an inactivating Na1 (gNa1), a K1 delayed rectifier
(gDR), an A-type potassium (gKA), a Ca21-dependent K (gAHP), a
low threshold calcium (gCa21L), and a leak (gL) conductance.

The important response characteristics that are afforded by
these conductances are summarized in Fig. 2. First of all, these
cells respond adaptively to step input (Fig. 2A) , and their initial
and final firing frequency depends on the step magnitude and
tadaptation. The underlying mechanism for this adaptation is the
interaction between the gCa21L and the gAHP. During the initial
response, the cell is depolarized and fires action potentials, which
then cause an increase in gCa21L. The increase in this Ca21

conductance acts to decrease the cell’s excitability in two ways.
First, it causes an increase in gAHP. which leads to a modest
depolarization of the cell. Second, it results in a decrease in
membrane resistance, thereby shunting any further input. The
combination of these two effects causes spike frequency adapta-
tion in the cell’s response to a constant stimulus.

The second characteristic is sensitivity to the rate of change of
input, as shown in Fig. 2B. In this case, the aforementioned
adaptive mechanisms are overpowered by constantly increased
drive, and increasing the rate causes an increased response (Fig.
2B, upper vs. lower panel). The buildup of intracellular Ca21,
which is activity-dependent, always lags behind the input. The
third feature is the lack of response to each pulse of a pulsatile
stimulus (Fig. 2C, upper panel). After settling of the initial con-
ditions, we see that the cell will fire an action potential to approx-
imately every other (rather than every) input pulse. Again, this is
due to the increase in gCa21L and the time constant of the gAHP,
which lowers the excitability of the neuron to the next input pulse,
but whose effects decay with a time constant that makes them
negligible two pulses later. However, if we then superimpose these
pulses onto a ramp stimulus, the cell can respond to each pulse (see
Fig. 2C) for the same reasons discussed above.

Network Model of Initial Stages of Baroreflex Arc

Recall our hypothesis that input synchrony and active mem-
brane conductances determine neuronal responsivity. A simple
network model is preferable to investigate these effects and con-
firm that they are due to these factors (as opposed to network
effects). Now that we have a model neuron with desirable (for
reasons which will become evident shortly) properties, we may
build a network model of the initial stages of the baroreflex arc.
Initially, we consider a simple network model with the structure
defined in Fig. 3. In this model, we have five, biophysically
identical NTS second-order neurons, each of which receive input
from all five model baroreceptors. The only difference between the
NTS neurons is the total weight of the synaptic inputs from the
baroreceptors. For example, the NTS cell labelled “A” in Fig. 3
receives five inputs of identical strength from each baroreceptor.
Neuron “B” also receives five baroreceptor inputs of identical
strength, but the total input is less than that received by neuron
“A.” The shading inside each baroreceptor represents its individual
pressure threshold, and the thresholds are evenly distributed from
top (highest threshold) to bottom (lowest threshold). The barore-
ceptor-NTS neuron synapse is modeled as an alpha function
(tdecay5 20 ms). The generation of baroreceptor spikes are adap-
tive and contain a dP/dt sensitivity, as real baroreceptors do (e.g.,
[16]). Figure 4A shows the responses of each baroreceptor (mem-
brane potentials Vbr1–5) to the arterial pressure waveform shown
at the bottom of the panel. The pressure thresholds of the individ-
ual baroreceptors are given by the horizontal lines superimposed
onto the pressure waveform. Notice that Vbr1 never reaches

FIG. 1. Iterative process of the top-down approach to modeling. See text
for description.
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threshold and fires no spontaneous action potentials. For future
illustrations, the presence of a spike in response to a simulated
buffer nerve shock is given as a vertical tick in the trace of that
baroreceptor, and one nerve shock is given 1 s into the 2-s
simulation in Fig. 4A. The synaptic effect of a baroreceptor input
to an NTS neuron in response to a simulated nerve shock is
identical to the effect of a spontaneously occurring baroreceptor
spike.

Figure 4B shows the responses of the five baroreceptors in Fig.
4A plus the membrane potentials (Vnts1–5) for the five NTS
neurons which receive those inputs. Notice that none of the neu-
rons display pulse-rhythmic activity, including Vnts1, which re-
ceives the strongest cumulative synaptic weight from the barore-
ceptors. Yet all model NTS neurons, including those lacking
spontaneous activity (Vnts4,5), respond to a simulated nerve shock
with an action potential. This is due to the fact that in this
simulation, and most likely in the real object, nerve shock input is
the most synchronous input that a neuron can receive. Thus, in this
model, synchrony can be used to explain the difference between
the NTS neuronal response to nerve shock vs. naturalistic drive.

Figure 5 provides an illustration of the underlying mechanisms
behind the lack of pulse- rhythmic activity in these model neurons
when presented with a steady mean pressure stimulus. In this case,
the baroreceptor drive is quite high due to a rather high mean
pressure stimulus. The subthreshold dynamics for the membrane
potential (Vm), Ca21L current (ICaL), the intracellular calcium
ion concentration ([Ca11]i), and the AHP conductance (gK(Ca))
provide us with an explanation as to how the active conductances
determine the cell’s behavior. Just as in the pulsatile input during

FIG. 3. Structure of simple network consisting of five baroreceptors and
five nucleus tractus solitarius (NTS) neurons. Arterial pressure is trans-
duced by five baroreceptors (nodose) according to their pressure thresh-
olds, indicated by shading (top cell: highest pressure threshold). All five
NTS neurons receive input from all five baroreceptors. Each input to any
given NTS cell is equally weighted. The only difference between the five
NTS neurons is the total synaptic weight provided by the baroreceptors,
which is varied systematically with the top neuron (A) receiving the
highest total drive and the bottom neuron (E) receiving the lowest total
drive. NTS cells (A–E) correspond to Vnts1–5 respectively in Fig. 4B.

FIG. 4. Responses of model neurons to arterial pressure and buffer nerve shock. (A) Responses of baroreceptors to arterial pressure pulse (bottom trace;
ABP). Membrane potentials for five baroreceptors are given as Vbr1 through Vbr5 with their individual pressure thresholds shown as five horizontal lines
on the ABP trace. Also shown is our means of indicating a shock (vertical tick on Vbr trace) given to the buffer nerve. (B) Responses of the five
baroreceptors (top five traces; baro-fibers) shown in (A) and the five NTS neurons (immediately below, Vnts1–5). Note that NTS cells 4 and 5 are silent
except for their responses to nerve shock (s), given att 5 1 s. Simulations in both (A) and (B) are 2 s induration.
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the single unit simulations (see above), ultimately it is the increase
in gAHP that prevents the cell from reaching its spiking threshold
during each burst of excitatory drive from the baroreceptors.

Figure 6 demonstrates the responses of these five model NTS
neurons to increases in simulated arterial pressure. These cells
respond to an increase in pressure with an increase in activity
during the rising phase of mean pressure, but then a decrease of
activity as mean pressure continues to rise and reaches a new
steady level. These results, similar to the pulsatile and pulsatile
ramp stimulus during the single neuron simulations (see Fig. 2C),
suggest that a mechanism employing active membrane properties
may underly both the lack of pulse-rhythmic activity and these
cells’ responses to arterial pressure increases. Figure 6 again
demonstrates the faithful response of these model neurons to shock
under both normotensive and hypertensive conditions.

Interestingly, the same active membrane properties that
dampen the model neuron’s activity may explain the mechanism
behind the frequently described phenomenon of time-dependent
depression [7,9], which may be summarized as a graded decrease
in post-synaptic potential (PSP) amplitude of the response to the
second of a pair of buffer nerve shocks. The more proximal,
temporally speaking, the second shock is to the first, the larger the
diminution of the PSP in response to the latter. Figure 7 shows the
subthreshold dynamics and Vm response of a model NTS neuron

to three shocks to the baroreceptors. The first two shocks are
spaced just 50 ms apart and the response to the second shock is
negligible, namely because it is well within the time constant for
gK(Ca) decay. However, the response to a third shock, placed 180
ms after the second shock, is the same as the response to the first
shock. These results are qualitatively identical to those described
in the literature.

In short, the computer simulations presented suggest that the
combination of active conductances and degree of input synchrony
may go a long way towards explaining the behavior of NTS
neuronsin vivo. The elemental network structure and simplifica-
tion of the single neuron descriptions (e.g., single electrical com-
partments) allow us to investigate the physiological roles of certain
combinations of membrane conductances in a manner which
would be impossiblein vivo.

POPULATION MODELS AND NEURONAL RESPONSE
VARIETY

On the other hand, we may wish to investigate the role of
network connectivity and distribution of synaptic weights on neu-
ronal responsiveness. In this section, we address a different be-
havior. Barosensitive NTS neurons have shown a variety of re-
sponses to both buffer nerve shock and arterial pressure increases.

FIG. 5. Subthreshold phenomena underlying single unit response to static (mean) but high arterial pressure stimulus. Top five traces are five model
baroreceptor responses, as in Fig. 4A. Shown below are traces of subthreshold events of a single nucleus tractus solitarius (NTS) neuron. Traces fromtop
to bottom are membrane potential (Vm); Ca21

L current (ICaL); intracellular Ca21 concentration ([Ca11]); Ca21-dependent K1 current (IK(Ca)); and
Ca21-dependent K1 conductance (gK(Ca), which has a relatively long time constant of decay). The entire simulation is 7 s induration.

COMPUTATIONAL MODELING OF THE BAROREFLEX ARC: NTS 143



These neurons may respond to buffer nerve shock with excitation
(EPSPs), inhibition (IPSP), or an EPSP/IPSP combination [8].
Accordingly, they may be excited, inhibited, or respond with an
extinction response to increases in arterial pressure [2,10,11,12].
Although individual neurons are internally consistent in their re-
sponses to arterial pressure increases, different neurons respond
differently. The hypothesis we will testin silico is that differential
connectivity and network architecture determine response profiles
to both shock and naturalistic stimuli.

Here we employ two populational models of barosensitive NTS
neurons. We use the same conductances in these cells as in the
previous model with three noteworthy exceptions. These model
neurons contained no Ca21 or K(Ca21) conductances. In addition,
there is now an inhibitiory synapse included within the network
description. The simplification in active membrane conductances
serves to allow us to more confidently correlate the neuron’s
behavior with its connectivity and the model’s network architec-
ture, rather than with the neuron’s biophysical properties.

The schematic for the first network we shall consider is pre-
sented in the top of Fig. 8. This model consists of two populations
of baroreceptors, each with 10 cells. The Type A baroreceptors
have lower pressure thresholds and greater pressure sensitivity
than the Type C baroreceptors (e.g., [15]). The two baroreceptor
populations provide fully-connected input exclusively to two pop-
ulations of NTS cells, each with 10 cells. The NTS(C) neurons
(i.e., those receiving only Type C baroreceptor inputs) provide

fully connected excitatory inputs to the population of inhibitory
neurons (represented by the shaded circle in Fig. 8) , which in turn
provide a fully connected inhibitory connection to the NTS(A)
population. Finally, the synaptic weights are Gaussian distributed
with a variance of 50% between connected populations, but with a
different mean for each connection.

When run in simulation, this model arrangement does in fact
reproduce many of the observations of NTS cells. For instance, it
is obvious that shocking both Type A and C baroreceptors will
result in an EPSP in all populations of NTS cells, including an
EPSP/IPSP response by the cells that are second-order to Type A
baroreceptors. Figure 8 shows the responses (in raster form) of all
50 model neurons to an arterial pressure increase. Two main
responses types are evident. Both the inhibitory population and the
NTS(C) neurons yield monotonic responds to increases in arterial
pressure. The NTS neurons driven by Type A baroreceptors re-
spond to increases in pressure with an increase, followed by a
decrease in firing frequency. In this model, this “extinction re-
sponse” is caused exclusively by the network architecture. As
arterial pressure begins to increase, the Type A baroreceptors are
first to activate, which in turn excite their target neurons in the
NTS. As pressure continues to rise, Type C baroreceptors are
recruited, due to their higher pressure thresholds. The activation of
these receptors causes activation of their target cells in the NTS,
which in turn drive the inhibitory interneurons. Activation of this

FIG. 6. Eleven-second simulation of baroreceptor and NTS unit responses to an increase in arterial pressure and buffer nerve shocks (s), given at resting
(t 5 1 s) and elevated (t 5 9) arterial pressures. Abbreviation: ABP, arterial blood pressure.
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latter group causes subsequent selective inhibition of the NTS(A)
population, thereby reducing or eliminating that group’s activity.

Although this extremely simple model does indeed replicate
many observations of NTS responses to nerve shock and arterial
pressure change, it does so with an unrealistic architecture and
means. For example, some neurons are known to be inhibited by
buffer nerve shock. The only means by which the model can
produce this is by selective activation of Type C baroreceptors,
which will ultimately cause in IPSPs the NTS(A) neurons. Yet it
is clear that this specific receptor activation is not required for
producing this response in the actual object. Also, although this
model can replicate the monotonic and extinction type of re-
sponses to arterial pressure increases, it cannot reproduce a re-
sponse of ordinary inhibition to this stimulus. Finally, it is simply
unrealistic to suppose such a high degree of specificity of connec-
tions (e.g., baroreceptors with myelinated axons and low pressure
thresholds provide the exclusive input to a population of NTS
neurons). The combination of the failure to emulate certain re-
sponses with the implausibility of our hypothesized architecture
requires us, per our top-down approach (see Fig. 1) , to change our
hypothetical structure so that the model’s behavior will capture the
object’s behavior without invoking implausible scenarios.

Our final proposed structure is given in the top of Fig. 9. In this

model, 30 baroreceptors of each type provide input to a common
pool of 100 NTS second-order neurons, each with the same active
membrane kinetics as in the previous population model. These
neurons are reciprocally connected to a population of 10 inhibitory
neurons, none of which receive direct baroreceptor input. Aside
from the differences in circuit arrangement, this model differs from
the previous model in its connectivity distribution. In this model,
both the number and strength of inputs is randomized by the
following probability of connectivity specifications: Baroreceptor
3 NTS (p 5 0.25); NTS3 Inhibitory (p 5 1.0), Inhibitory3
NTS (p 5 0.25). These are the probabilities for connection be-
tween the different populations. The weights of each individual
neuronal connection are randomized. For example, any individual
NTS second-order neuron receives 15 total baroreceptor inputs
(0.25 * n 5 60), each of random strength and type (A vs. C).

It is not hard to imagine that a model with greater structural
variability would be capable of reproducing a wider range of
responses to arterial pressure increases or buffer nerve shock,
including all those that have been observedin vivo. The response
type of any given neuron is determined by its connectivity and the
architecture of the network. A certain fraction of second-order
neurons receive input exclusively from only one type of barore-
ceptor, while another fraction receives a mixture of input type and

FIG. 7. Demonstration of the time-dependent depression phenomenon. The neuron model responds to the first shock of the buffer nerve, but not one
delivered 50 ms later. A control response to a stimulus given some 180 ms after the second shock is also shown. Abbreviations: ABP, arterial blood pressure,
Vmd 2 Vr, potential difference between actual and resting levels.
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FIG. 8. Initial population model proposed to explain variability of nucleus tractus solitarius (NTS) neuronal responses to buffer nerve shock and
arterial pressure increases. Top: network architecture showing “labeled lines” for processing myelinated and non-myelinated baroreceptor fiber
inputs. Bottom: raster plot of action potentials generated by each of the 50 H-H models in the network to an increase of arterial pressure. See text
for details.
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FIG. 9. Final population model proposed to explain variability of nucleus tractus solitarius (NTS) neuronal responses to buffer nerve shock and arterial
pressure increases. Top: model architecture. Bottom: raster plot of activity of baroreceptors (type A, n5 5 shown; type C, n5 30 shown), NTS cells (n5
100), and NTS inhibitory neurons (n5 10) responding to an increase in arterial pressure (ABP).
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strength, and still another fraction receive essentially no barore-
ceptor drive (synaptic weights; 0). The same is true of their
inputs from the inhibitory population. We believe that this con-
nectivity and network architecture more closely resembles thein
vivo situation, and therefore presents itself as a plausible explana-
tion for the variability of response types reported by experimen-
talists.

In order to reproduce the variety of responses to arterial pres-
sure increases observed in NTS neuronsin vivo, it is unnecessary
to know the exact fraction of cells receiving certain type and
strength inputs. Rather, it is important to understand the correlation
between connectivity and response properties within the model.
This proposed model structure presents an experimentally testable
hypothesis. One could, in principle, record from individual neu-
rons, establish their baroreceptor connectivity, and note their re-
sponse to arterial pressure increases. This has been done to some
degree and we see that there is correlation between the input
structure (i.e., the implied and demonstrated connectivity) and the
response to arterial pressure increases.

FUTURE DIRECTIONS

We have deliberately simplified the models presented here in
order to illustrate the utility of the top-down approach to modeling
the initial stages of the baroreceptor reflex arc. We have used
ultra-simple network connectivity to demonstrate the impact of
neuronal biophysical properties on processing of naturalistic input
structures. We have also used ultra-simple individual neuron mod-
els to emphasize the important impact of network connectivity and
synaptic strength distributions on neuronal responses to both un-
natural (e.g., nerve shocks) and naturalistic (arterial pressure in-
creases) stimuli. The present results provide an overview of our
initial results, and reflect normal interaction between modeling and
experimentation. We hope that they serve as a guide to neuro-
physiologists who are interested in utilizing computational mod-
eling approaches in scientific inquiry.

Our current work focuses on the combination of effects of
neuronal conductances, multiple electrical compartments, and net-
work architecture. These models are much more complex and the
means to analyze them properly are in development. Our current
goals include the integration of this baroreflex model in a united
cardiorespiratory control model by merging it with an advanced
version of our respiratory network model (based on that by Rybak
et al. [14]). This goal is more ambitious in that the “goal” of the
system is still open to debate, and the system itself is multiple-
input, multiple-output, with integration at several levels.

SUMMARY AND CONCLUSION

We have demonstrated in these very simple cases that the
top-down modeling approach can be utilized in analyzing real
neurons, neural networks, and systems. Starting from the incorpo-
ration of known data and proposed structure into a model, through
testing the model’s behavior and dynamics, and finally comparing
that to the known behavior and dynamics of the object. When we
finally got these to match, we created a plausible explanation for
the objects behavior, and we have generated experimentally test-
able hypotheses. We have chosen the top-down approach for
important reasons, such as lack of data regarding the object’s
structure. As with experimental work, we undertake the cybernetic
approach, which requires that we start with a systemic or sub-
systemic goal (e.g., buffer changes in blood pressure), and then
work backwards to explain how that goal is achieved. Although we
generally assume the validity of the system’s “goal,” we may
imagine a wide variety of means (e.g., neuronal membrane prop-

erties vs. network architecture; large scale integration vs. labelled
lines) by which the system performs the necessary calculations that
allow it to realize these goals. It is in the struggle to uncover these
mechanisms that the application of either top-down or bottom-up
approaches to computational modeling make valuable contribu-
tions.
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APPENDIX

Ideally the parameters and kinetics for our Hodgkin–Huxley
type models would be drawn from experiments on characterized
brainstem neurons. However, these data are incomplete for NTS
neurons. Therefore, we first used all available data on character-
ized neurons and non-characterized neurons from cardiorespira-
tory related brainstem areas, and then adapted experimental data
from other closely related neuron classes. In doing so we have
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accounted for species differences, membrane properties such as
resting membrane potential, and temperature to which the exper-
imental data or channel kinetics descriptions were related. This
ensured that the resulting membrane voltage dynamics in our
models were not the result of unrealistic parameter interactions,
but reflected the specific characteristics of modeled neurons or
kinetic properties of ionic channels. The formal descriptions of
channel kinetics were drawn from the models of rat thalamic relay
and cortical pyramidal neurons by Huguenard and McCormick
[3,6]. The expressions used for conductances of ionic channels,gi,
their steady state values,m`i andh`i, and time constants,tmi and
thi, are presented in Table 1.Specific values of membrane area,
resistance, and capacitance were taken or drawn from measure-

ments in neurons in cardio-respiratory region of the brainstem. All
parameters were corrected to the Huguenard and McCormick [3]
temperature ofT 5 308 °K (35°C). Units for the model variables
and parameters are presented in Table 2.

The area of the somatic membrane of a medium neuron used in
the model wasV 5 0.0025 mm2. It was based on the experimental
data of Champagnat et al. [1] in which the average diameter of
somata was 20–30mm, and the data of Kreuter et al. [4] in which
the average somata area was 3800mm2 for bulbospinal neurons
and 1800mm2 for other neurons. The membrane capacitance,c 5
0.025 nF, was calculated on the basis of the area of the membrane
and an accepted value for specific capacitance of 1mF/cm2. The
same value of capacitance may be obtained by dividing the mem-
brane time constant,tm 5 2.5 ms, which is close to the measured
values in Kreuter et al. [4] by the input resistance of the membrane,
Ri 5 100 MV (50–150MV in [1]).

Reversal potential for the Nafast channel was set to ENa 5 55
mV [3]. According to Eq. 3 and taking into account the tempera-
ture and values of the constants: R5 8.31433 103 J/(Kmol z K)
and F5 9.6483 104 C /M, this value corresponds to the ratio

TABLE 1
EXPRESSIONS FOR CONDUCTANCES OF IONIC CHANNELS EXPLORED IN NTS NEURON MODELS

Channel Conductance,gi Description of Parameters

Fast sodium, Nafast gNa 5 g# Na z mNa
3 z h m`Na 5

0.091z ~V 1 38!/~1 2 exp~2~V 1 38!/5!

0.091z ~V 1 38!/~1 2 exp~2~V 1 38!/5! 1 0.062z ~V 1 38!/~exp~~V 1 38!/5! 2 1!
tmNa51/(0.091 z (V 1 38)/(1 2 exp(2(V 1 38)/5) 1 0.062 z (V 1 38)/(exp((V 1

38)/5) 2 1))

h`Na 5
0.016z exp~2~V 1 55!/15!

0.016z exp~2~V 1 55!/15! 1 2.07/~1 1 exp~2~V 2 17!/21!
thNa 5 1/(0.016 z exp(2(V 1 55)/15) 1 2.07/(1 1 exp(2(V 2 17)/21))

Potassium delayed
rectifier, KDR

m`DR 5
0.01z ~V 1 45!/~1 2 exp~2~V 1 45!/5!

0.01z ~V 1 45!/~1 2 exp~2~V 1 45!/5! 1 0.17z exp~2~V 1 50!/40!
tmDR51/(0.01 z (V 1 45)/(1 2 exp(2(V 1 45)/5) 1 0.17 z exp(2(V 1 50)/40))

Transient potassium-A,
KA

gA 5
g# A z (0.6 z mA1

4 z hA1

1 0.4 z mA2
4 z hA2)

m`A1 5 1/(1 1 exp(2(V 1 60)/8.5))
tmA1 5 1/(exp((V 1 35.82)/19.69)1 exp(2(V 1 79.69)/12.7)1 0.37)
h`A1 5 1/(1 1 exp((V 1 78)/6))
thA1 5 if V , 263, 1/(1 1 exp((V 1 46.05)/5)1 exp(2(V 1 238.4)/37.45)),

else19.0
m`A2 5 1/(1 1 exp(2(V 1 36)/20))
tmA251/(exp((V 1 35.82)/19.69)1 exp(2(V 1 79.69)/12.7)1 0.37)
h`A2 5 1/(1 1 exp((V 1 78)/6))
thA2 5 if V , 273, 1/(11 exp((V 1 46.05)/5)1 exp(2(V 1 238.4)/37.45)),

else60.0
Calcium-dependent

potassium, KAHP

m`AHP 5 1.25 z 108 z [Ca21] in
2 /(1.25 z 108 z [Ca21] in

2 1 2.5
tmAHP 5 1000/(1.25z 108 z [Ca21] in

2 1 2.5)
High-threshold calcium,

CaL

m`CaL5(1.6/(1 1 exp(20.072 z (V 2 5))))/((1.6/(1 1 exp(20.072 z (V 2 5))))
1 (0.02 z (V 2 1.31)/(exp((V 2 1.31)/5.36)2 1)))

tmCaL 5 1.0/((1.6/(11 exp(20.072 z (V 2 5))))
1 (0.02 z (V 2 1.31)/(exp((V 2 1.31)/5.36)2 1))

The expressions for conductances of all ionic channels have been taken from the models of Huguenard and McCormick [3,6] except those for the
calcium-dependent potassium conductance, which are taken from Yamada et al. [17].

TABLE 2
UNITS

Type of Variable Unit

Voltage mV
Current nA
Conductance mS (MV21)
Capacitance nF
Concentration mMolar (mM per liter)
Volume nl (nliter)
Time ms

TABLE 3
MAXIMAL CONDUCTANCES g# i (mS) OF IONIC CHANNELS

g#Na g#Kdr g#A g#AHP g#CaL g#L

3.0 0.9 0.15 0.15 0.0015 0.01
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[Na1]out/[Na1]in 5 8. The reversal potential for the potassium
channels (KDR, KA, and KAHP(Ca)), EK 5 294 mV, was calcu-
lated from Eq. 3 at T5 308° K, [K1]out 5 4 mM, and [K1] in 5
140 mM [17]. The accepted value for external concentration of
calcium ions was [Ca21]out 5 4 mM [17]. Thus, the calcium
reversal potential is a function of [Ca21] in:

ECa 5 13.27z ln~4/@Ca21# in! [1]

The equilibrium concentration of calcium ions inside the shell
below the membrane was set at [Ca21]in0 5 5 3 1025 mM [17].
So, at rest ECa 5 150 mV. The reversal potentials for the excita-
tory synaptic channels was ESynE5 210 mV [17]. The reversal
potential for the inhibitory synaptic channels was set equal to that
for the potassium channels (ESynI5 EK 5 294 mV) since somein
vivo recordings demonstrated inhibitory hyperpolarization below
the chloride reversal potential [13]. The leakage conductance was
gL 5 0.01mS to be consistent with the used input resistance of the
membrane Ri (see above). We tuned the value ofEL in order to
obtain a resting membrane potential Vrest 5 260 mV [13].

The following parameters were set to define the dynamics of
free calcium concentration inside the shell below the membrane:

v 5 d z V 5 2.5 3 1024 nl; [Ca21]in0 5 5 3 1025 mM; Btotal 5
0.030 mM; K5 0.001 mM [17].

The dynamics of synaptic stimulation are described as follows:

tE z
d

dt
gSynE5 2gSynE1 InE; [2]

tI z
d

dt
gSynI5 2gSynI1 InI [3]

where variablesInE and InI (both 0) define the amplitudes of
excitatory and inhibitory synaptic stimulation respectively;tE and
tI are correspondingly the time constants of stimulation. The
dynamic type of stimulation allows investigation of the functional
significance of both the dynamics of synaptic processes and ex-
ternal stimulation.

Our simulations were performed using the MacGregor’s inte-
gration method for the solution of membrane differential equations
[5]. Through comparative simulation experiments, we concluded
that for our models the MacGregor’s method has stability and
accuracy at the integration step of#0.1 ms.
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