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Abstract 

The ability to control the output for a given input is an important feature of neurons as 

it allows them to respond to a multitude of inputs via the production of a scalable output.  

Using compartmental models of morphologically accurate reconstructions of feline spinal 

motoneurons, we examined the ability for motoneurons of the feline spinal cord to alter their 

input-output properties via the variable activation of persistent inward currents (PICs) due to 

L-type Ca2+ channels located in hotspots on their dendrites. Traditionally, the activation of 

PICs is thought to be a threshold-dependent event reliant on the response of hotspots of these 

channels to a depolarization beyond a specific local voltage. Converse to this belief, we have 

found that the response of spinal motoneuron PICs is not exclusively voltage-dependent but is 

also reliant on time-varying fluctuations in membrane potential (noise). Moreover, we show 

that the activation of PICs in motoneurons is dependent on the location of these dendritic 

hotspots, which is correlated with cell size. Small motoneurons exhibited delayed activation in 

response to time-varying input and large motoneurons exhibited no change. The activity of the 

models was measured via discharge frequency which was due to the activation of dendritically 

located synapses either firing in a time-averaged (tonic) manner or a Poisson-distributed spike 

train (transient) with the same overall conductance and distribution as the tonic synapses. 

These results demonstrate a novel mechanism for the activation characteristics of PICs in 

motoneurons and, in turn, the ability for the neuron to intrinsically alter its input-output 

properties. 
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Chapter 1 

Introduction 

1.1 Motoneurons and Motor Control 

  Movement in a vertebrate organism is produced by the actions of muscle 

contraction and relaxation on the skeletal system. The actions of these skeletal muscles 

are controlled by cells known as motoneurons. Motoneurons, in turn, receive input from 

descending motor commands via the central nervous system or afferent sensory feedback 

from the peripheral nervous system. They integrate this information and, in so doing, 

determine the force with which to contract the muscles they innervate. In this regard, 

motoneurons reside within a particularly important niche in the nervous system. They 

serve as the ‘final common pathway’ (Sherrington, 1906) between pre-motor processes 

and movement.  

 The morphology of motoneurons is unique. They have large dendritic trees that 

span thousands of microns and form a dense network of branches that project from their 

somata in many directions. As a consequence, the dendrites of motoneurons comprise the 

majority of their surface area and, therefore, receive over 95% of their total synaptic input 

here (Ulfake & Cullheim 1988, Rose & Neuber-Hess 1991). As a population, 

motoneurons display a wide range of sizes which are related to the type of muscle fibres 

that they innervate. Small motoneurons have a surface area of approximately 300,000 

um2 and are known as type S motoneurons because they innervate slow muscle fibres 

responsible for tonic, postural control. Mid-sized motoneurons of approximately 400,000-

500,000 um2 innervate fatigue-resistant (FR) muscle fibres. Larger motoneurons close to 
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600,000 um2 are responsible for the control of fast, powerful movements such as in 

weight lifting due to their innervations of fast-fatiguing (FF) muscle fibres (Burke 1968).  

 The output of a motoneuron, defined as the frequency of firing, in response to 

activation of a single descending or segmental pathways is determined by the intrinsic 

properties of the synapses (eg. channel conductance) along with frequency of activation 

and location on the dendritic tree. This suggests that, if these parameters are fixed, the 

response of the motoneuron to a given signal should by highly consistent. This 

prediction, however, ignores inherent characteristics of motoneurons which allow for the 

modulation of input-output. Figure 1.1a exemplifies this point. A linear input-output 

response as generated by current injection at the soma can be shifted to the left or right 

when a basal level of excitatory (leftward shift) or inhibitory (rightward shift) synaptic 

drive is added to the current injection (Kernell 1965b). Changes in the shape of the input-

output relationship can also occur through the actions of voltage-sensitive channels 

located on the dendrites of motoneurons. These channels are under active 

neuromodulatory control and, in the presence of increasing concentrations of 

neuromodulators such as 5-HT or norepinephrine, the relationship between discharge 

frequency and injected current (F-I) can change dramatically (Fig. 1b). The goal of this 

thesis is to examine another mechanism that alters the activation of voltage-sensitive 

channels located on the dendrites of motoneurons. This mechanism involves a property 

that is common to all neurons, namely, the fluctuations in membrane potential due to 

synaptic activity. The exploration of this phenomenon will help illuminate the dynamic 

properties of motoneurons and, in so doing, provide us with a more thorough view of 

how motor commands are transformed into motor actions in active networks. 
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(a) (b) 

Figure 1.1 The input-output relationships of motoneurons. (a) The rightward and 
leftward shift of the F-I curve of motoneuron in response to additive excitation or subtractive 
inhibition is shown. (b) Adapted from Heckman et al (2005), demonstrates the response of 
motoneurons to increasing monamine input (thin to thicker lines). The arrows indicate 
secondary range onset. 
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1.2 The Input-Output Properties of Motoneurons 

Early electrophysiological experiments explored the response of motoneurons to injected 

current. When a constant depolarizing current was injected into the somata of 

motoneurons via intracellular electrodes, Granit et al (1963a, 1963b) showed that 

motoneurons generate a series of action potentials. Over the time course of the current 

injection, the interspike intervals gradually increased until the discharge frequency 

reached a steady-state.  In many motoneurons, this frequency increased in proportion to 

the amount of current presented to the soma. Thus, the transformation of input to output 

by motoneurons appeared to follow a simple linear relationship.   

The F-I relationship of other motoneurons is more complex. As shown in Figure 

1.1b, some spinal motoneurons exhibit bilinear behaviour (Kernell, 1965a). At low levels 

of current injection, the slope of the F-I relationship is small. Kernell described this 

region of the motoneuron input-output relationship as the primary range and defined it as 

a region in the F-I curve of motoneurons which exhibits a slow, linear rise in frequency 

with respect to current injected. When a threshold was crossed, however, the firing 

frequency entered a secondary range wherein the relationship between frequency and 

current injected was much steeper (Figure 1.1b, arrow).  

 Kernell’s experiments also showed that the range of firing frequency varies from 

cell to cell (1965c). He found that the inverse of the time to maximal hyperpolarization 

following an action potential is directly related to the minimal frequency of repetitive 

firing (Fig. 1.2a). This, combined with observations by Zwaagstra & Kernell (1980) that 
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the duration of the afterhyperpolarization (AHP, also measured as the time to maximal 

hyperpolarization following an action potential) is negatively correlated with the size of 

the motoneuron as measured by axon conduction velocity (Fig. 1.2b), indicates that the 

input-output properties of motoneurons are related to size. Specifically, as the size of a 

motoneuron increases, the AHP decreases in duration. Thus, the minimal frequency of 

repetitive discharge increases with the size of the motoneuron (Fig. 1.2c). Similar 

findings were found for maximal discharge frequencies in the primary and secondary 

ranges (Kernell, 1965c).  
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Figure 1.2 The response of motoneurons of different sizes to current injection. (a) 
Adapted from Kernell (1965c), shows how the inverse of the AHP is directly related to the 
minimal frequency of firing for a motoneuron. (b) Adapted from Zwaagstra & Kernell (1980), 
shows that the AHP is negatively correlated with motoneuron size (axon conduction velocity). 
(c) Demonstrates that the size of the motoneuron (smallest, thin lines to largest, thick lines) 
determines the maximal and minimal frequency of firing of the motoneuron. 
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1.3 Integration of Synaptic Input 

Over 95% of the input motoneurons receive is in the form of synapses which 

terminate on the dendrites (Ulfake & Cullheim 1988, Rose & Neuber-Hess 1991). 

Neurotransmitters released by presynaptic neurons bind to ionotropic channels on the 

post-synaptic membrane. These deliver current which must then travel to the soma. This 

current is combined with currents from other synapses and, if a voltage threshold is 

reached due to the summed current, an action potential is generated. The sum of the 

current due to ionotropic input on the dendrites is influenced by two important factors;  

I) The location of the synapse on the dendrite and the distance that the current 

must travel from the synapse to the soma.  

II) The change in driving potential due to the opening of nearby channels and 

their influence on local membrane potential. 

Taken together, these factors lead to a non-linear relationship between synaptic activity 

and the total current reaching the soma. It is important to note that, although current 

injection at the soma via microelectrodes is useful in characterizing cell properties, 

results gained from experiments using this protocol fail to account for changes in the 

driving potential caused by synaptic activity. Thus, an understanding of the mechanisms 

regulating current flow from dendrites to the soma is imperative to achieving a 

comprehensive description of motoneuron input-output properties where the input is 

synaptic activity. 
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1.3.1 Cable Properties 

Cable theory is based on the assumption that the majority of voltage change occurs 

longitudinally along a neurite. Insofar, one can disregard the relatively small variations in 

voltage along the perpendicular axis of a piece of dendrite or axon. This simplifies the 

task of calculating the transmission of voltage and current signals, since the calculations 

must be performed in only one dimension. Thus, the dendrites of neurons can be 

represented as a one-dimensional cable whose properties are determined by a series of 

resistor-capacitor (RC) circuits. RC circuits provide an accurate representation of the 

phospholipid bilayer of neuronal membrane. As illustrated in Fig. 1.3, the capacitor of the 

circuit (cm) represents the charge separation due to the phospholipid bilayer and the 

resistor (rm) is designed to mimic the resistance to current flow across the membrane due 

to a finite number of fixed holes or channels that make the membrane inherently porous.  

 These parallel RC circuits are linked by another resistor, rl. This resistor (Fig. 1.3 

rl), represents the internal resistance to ions flowing from one segment of dendrite to the 

next. This property partially contributes to the attenuation of excitatory post-synaptic 

potentials (EPSPs) and inhibitory post-synaptic potentials (IPSPs) on their way to the 

soma. In addition, some current also leaks out of the membrane via rm (Fig. 1.3).  
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Figure 1.3 The properties of neuron membrane that are modeled by the 
components of an RC circuit. The capacitor (cm) represents the ability for the 
phospholipid bilayer to separate charge, rm approximates the resistance to ion movements 
across the membrane through passive membrane channels and rl is due to cytosolic resistance 
to charge movement parallel to the neurite.  

Extracellular  
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Fig. 1.4 illustrates the effect of ri, rm and cm on the transmission of signals 

generated by dendritic synapses. A plot of voltage attenuation over time due to 

instantaneous current injection sources located proximally, medially and distally away 

from the soma (red, blue and green, respectively) on a motoneuron is shown. When the 

voltage at the soma is measured, proximal inputs exhibit a fast, large transient voltage 

response, whereas distal inputs generate voltage responses which rise slowly and fall 

slowly as the current is filtered and attenuated with distance from the soma. The filtering 

and attenuation is due to the loss of potential via ri, rm and cm.
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Figure 1.4 The response at the soma due to synapses at varying locations on the 
dendrites of motoneurons. The response of the membrane potential at the soma to 
proximal, medial and distal inputs (red, blue and green, respectively) is shown.  
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1.3.2 Driving Potential 

When a neurotransmitter binds to a ligand-dependent channel, the conductance of 

the post-synaptic membrane increases due to the opening of ion channels. The opening of 

these channels allows the movement of current into or out of the cell, depending on the 

reversal potential of the ion(s) that travel through the channel. For example, the primary 

excitatory neurotransmitter in the brain is glutamate and when glutamate binds to 

ionotropic receptors such as AMPA, Na+ flows into the cell and K+ flows out of the cell, 

since the reversal potential for Na+ ions is close to 60 mV and the reversal potential for 

K+ ions is approximately -80 mV. The amount of ion flow, otherwise referred to as 

current (I), is described by equation 1.1. 

Equation 1.1 

I = g(Vm – Er) 

I = current flow 

g = conductance 

Vm = membrane potential 

Er = reversal potential 

  

The conductance (g) is the conductance of the ligand dependent channels and depends on 

the conductance of the individual channels and the number of channels opened by the 

ligand. The reversal potential (Er) remains relatively constant because the difference in 

concentration across the cell membrane for a particular ion, which ultimately determines 

the reversal potential, does not significantly change in response to ionic movement into or 

out of the cell. What does change, however, is the membrane voltage (Vm). As such, the 
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membrane voltage, in the case above, will be depolarized. This will reduce the difference 

between Er and Vm (often referred to as the ‘driving potential’) for excitatory synapses 

and this, in turn, will reduce the excitatory synaptic current.    

1.3.3 Non-linearities 

 Due to the changes in driving potential caused by synaptic activity, the 

relationship between the current generated by a synapse and level of synaptic activity is 

inherently non-linear. The degree of this non-linearity will depend on the magnitude of 

the changes in driving potential. Using anatomically realistic models of motoneurons, 

Cushing et al (2005) have shown that these changes are large and the summation of 

synaptic currents, measured at the soma, is sub-linear (Fig. 1.5). As a consequence, the 

gain (defined as the slope) of the relationship between current reaching the soma and the 

number of active synapses decreases with the activation of each additional synapse. The 

total amount of current due to synaptic activation is thus much smaller than the current 

injected by Granit et al (1960, 1963) and Kernell (1965a,b,c). Therefore, in order for 

motoneurons to fire in the high frequency secondary ranges described previously, there 

must be a mechanism for amplifying the current from excitatory synapses. 
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Figure 1.5 The cumulative current at the soma due to increasing numbers of 
synapses on dendrites. Adapted from Cushing et al (2005), the non-linear summation 
of synaptic currents at the soma as greater proportions of excitatory synapses are 
activated is shown. 
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1.4 Persistent Inward Currents 

1.4.1 Characteristics of Persistent Inward Currents 

The secondary range of the F-I curve from Fig. 1.1b (arrow) was originally 

attributed to a reduction in the AHP amplitude which was thought to control maximum 

and minimum firing frequencies (Kernell 1965c). In 1977, Schwindt & Crill described a 

phenomenon which has since been attributed as the primary contributor to the 

motoneuron secondary range (Elbasiouny et al 2006). Schwindt & Crill (1977) 

depolarized motoneurons via a somatic voltage clamp and the resulting I-V curve 

produced displayed a negative slope (Fig. 1.6, arrow). This negative slope indicated that, 

as the cell was depolarized; a positive, inward current was activated that did not 

inactivate. They therefore called this current a persistent inward current (PIC). In 1980, 

Schwindt & Crill (1980a) demonstrated that PICs were activated at values 10 to 30 mV 

depolarized from resting potential and were not blocked by QX314 or TEA, blockers of 

Na+ and K+ channels, respectively.  
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Figure 1.6 The activation of PICs during a slow I-V ramp. Adapted from Schwindt 
& Crill (1977), the relationship between somatic voltage and injected current recorded 
during a slow depolarizing voltage-clamp ramp is shown. The arrow indicates onset of PICs. 
The double arrows indicate the peak of the PICs.  
 



 

17 

 

In a related study, Schwindt & Crill (1980b) showed that PICs are mediated by 

Ca2+ channels. Following iontophoresis of Ba2+ in the extracellular space near 

motoneurons, Schwindt and Crill recorded large inward currents in response to a voltage 

ramp. These currents were similar to the PICs shown in Figure 1.7. Thus, it was 

concluded that, since Ca2+ channels are permeable to Ba2+ and because Ba2+ does not 

naturally occur in mammalian tissue, the PICs recorded in the absence of Ba2+ must be 

mediated by Ca2+ channels. These channels were subsequently characterized by 

Hounsgaard and Kiehn (1984, 1989) and Carlin et al (2000a,b) and identified as L-type 

Ca2+ (Cav1.3) channels.  

In mammalian motoneurons, Ca2+ is not the sole ion responsible for PICs. Na+ has 

also been found to be responsible for a Ca2+-independent PIC. Powers & Binder (2003) 

showed that the activation of PICs in rat hypoglossal motoneurons displayed a negative 

region in their I-V curves that could be attributed to TTX-sensitive Na+ channels. This 

current was non-inactivating (persistent) and activated at membrane potentials that were 

subthreshold to the activation of Ca2+ PICs. Na+ PICs have also been recorded in spinal 

motoneurons (Li and Bennett 2003). These currents represent approximately one-third of 

the total PIC in acutely spinalized animals and over one-half of the total PIC in 

chronically spinalized animals (Harvey et al 2006a, 2006b).  

PICs are under neuromodulatory control from descending monoamine systems 

that release serotonin (5-HT) or norepinephrine (Conway et al 1988, Houngsaard & 

Kiehn 1989, Hounsgaard et al 1988). PICs have also been shown to be sensitive to 
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muscarinic Ach and metabotropic glutamate (Svirskis & Hounsgaard 1998, Hornby et al 

2002). This ability to modulate PICs via metabotropic input gives the motor system a 

powerful method for controlling the amount of current reaching the soma due to synaptic 

activation. Since the total current reaching the soma is the sum of the PIC and synaptic 

current, the PIC acts to amplify the synaptic current. As shown in Figure 1.7, the amount 

of current at the soma due to synaptic activity and subsequent PIC magnitude is linearly 

related to the strength of the monoamine signal. Thus, increasing or decreasing the 

magnitude of neuromodulatory drive allows the motor system to control the amount of 

synaptic current reaching the soma via modification of PIC magnitude. 
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Figure 1.7 The response of PICs to varying levels of neuromodulatory input. 
(adapted from Heckman et al, 2003) left measures current as the soma is steadily 
depolarized under strong, medium and weak monoamine state conditions (with exogenous 
application of norepinephrine agonist, no norepinephrine agonist and pentobarbital 
anaesthetized conditions, respectively). Peak current in each plot indicates maximal 
activation of the PIC. Right indicates the total amount of current arriving at the soma at 
peak PIC activation in each neuromodulatory state.  
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Since synaptic currents are amplified by monoamines and the frequency of motoneuron 

discharge is linearly related to the synaptic current reaching the soma, the frequency of 

motoneuron discharge increases as monoamine drive increases. This has a profound 

impact on the force developed by the musculo-skeletal system, since the magnitude of the 

force produced by muscles is proportional to the frequency of motoneuron discharge 

(Kernell 1983, Heckman & Binder 1991). As shown in Fig. 1.8, the input-output function 

between synaptic current and muscle force shifts to the left and the slope increases as the 

level of monoamine drive increases. This system demonstrates the tremendous influence 

that PICs and their level of activation have on the motor system as a whole.
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Figure 1.8 Muscle force generated in response to increasing monoamine input. 
(adapted from Heckman et al, 2003) shows the influence of monoamine input on the muscle 
force – synaptic current curve of motoneurons. Increasing monoamine drive increases the 
responsiveness of PICs to the depolarisation caused by activation of excitatory synapses and, 
in turn, this increases muscle force. 
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1.4.2 Location of the L-type Ca2+ Channels 

As reviewed by Heckman et al (2003), several results suggest that the channels 

responsible for PICs are primarily located on dendrites. In 1993, Hounsgaard & Kiehn 

showed that PICs were present when the soma was hyperpolarized and the dendrites 

selectively depolarized with an electric field. Following this, Lee & Heckman (1996) 

took advantage of the inability for a somatic voltage clamp to completely space-clamp 

the dendrite tree of motoneurons (Muller & Lux, 1993). As a consequence, activation of 

excitatory synapses on the dendritic tree depolarized the dendritic tree, but the membrane 

potential of the soma remained fixed. Since the activation of excitatory synapses on the 

dendrites generated a large PIC under these conditions, Lee and Heckman attributed the 

PICs to channels on the dendritic tree.  

Such conclusions are consistent with data collected by Bennett et al (1998) using 

current-clamp techniques. In these experiments, the somatic voltage threshold for 

activating PICs was hyperpolarized when excitatory synapses on the dendritic tree were 

stimulated. This result was attributed to the proximity of the excitatory synapses to the 

channels responsible for PICs on the dendrites. By virtue of this proximity, it required 

less depolarization at the soma to activate the PICs. This explanation was verified by 

Elbasiouny et al (2006) and Bui et al (2006) using simulations based on anatomically 

realistic compartmental models of motoneurons.  These simulations also showed that the 

channels responsible for PICs were not distributed throughout the dendritic tree, but are 

confined to discrete regions of the dendritic tree, called hotspots (Fig. 1.9, squares). 
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Figure 1.9 The location of hotspots of L-type Ca2+ channels on motoneurons of 
different size. Adapted from Grande et al (2007). Small, medium and large (left, middle, 
center) motoneurons and the locations of hotspots of L-type Ca2+ channels (black squares). 
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The distance between the soma and the hotspots is proportional to the size of the 

motoneuron dendritic tree (Fig. 1.9; Grande et al 2008). Recently, Carlin et al (2009) 

showed that PICs can be activated or deactivated in multiple, all-or-none steps, resulting 

in staircase-like changes in the membrane potential at the soma. Each step was attributed 

to the activation or deactivation of a different hotspot of channels located on the dendritic 

tree. Finally, hysteresis, which is described in Figure 1.10, can only be reproduced by 

computational models that localize the channels responsible for PICs to dendrites 

(Gutman 1991, Carlin et al 2000, Elbasiouny et al 2006).  



 

25 

 

 

 

  

 

 

 

 

 

 

Figure 1.10 The response of PICs to voltage ramps at the soma of motoneurons. 
Adapted from Heckman et al (2003). Left describes the current injection (non-linear line) 
required to clamp the membrane potential of the soma during a slow depolarizing and 
repolarizing voltage ramp  (linear-slope line). The PIC is activated between -45 mV and -40 
mV (indicated by the sharp downward inflection) during the depolarizing ramp. During the 
repolarizing ramp, the PIC is deactivated (indicated by the return of the current trace to the 
voltage-clamp command. Right Same data as shown on the left, but plotted as a function of 
the voltage command. In the first phase (1), the voltage is steadily depolarized (x-axis) until 
the PIC is activated (downward deflection in current, y-axis) and as the voltage is further 
depolarized, the current becomes positive due to activation of K+ currents. As the voltage is 
hyperpolarized (2), the current due to the PIC is not deactivated until the membrane 
potential is less than -50 mV. The difference in the threshold for activation and deactivation 
causes a hysteresis in the I-V relationship. 
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Despite the broad consensus that PICs originate in the dendrites of motoneurons, 

there is some data that supports a somatic origin. Moritz et al (2007) showed that many 

of the features of PICs that are commonly attributed to dendritic activation can be 

replicated using nucleated patch clamp techniques of the somatic membrane from rat 

hypoglossal motoneurons. Prolonged tail currents were recorded in response to sustained 

depolarization of the somatic membrane and hysteresis due to positive, inward calcium 

currents was present. Although not conclusive, this data provides evidence that PICs may 

also originate from the soma. 

1.5 Noise Due to Synaptic Activity 

1.5.1 Fluctuations in Vm Affect the Input-Output Properties of Neurons 

Fluctuations in membrane potential due to asynchronous excitatory and inhibitory 

synaptic activity are a powerful tool for modifying the input-output properties of neurons. 

In order to maintain consistency with the literature, synaptic noise will henceforth refer to 

the fluctuations in membrane potential caused by asynchronous synaptic activity. As Fig. 

1.11a describes, the response of a neuron to low magnitude input is greater if the injected 

current consists of rapid fluctuations instead of the conventional injections of constant 

current steps (see Fig 1.1). The rapid current fluctuations are designed to mimic the 

current generated by asynchronous activation of many synapses.  As shown, the noise in 

the input enhanced the detection of the signal (Fig. 1.11a, dashed line). This phenomenon 

is referred to as stochastic resonance (Benzi et al 1981, Bulsara et al 1991, Stacey & 

Durand 2000, 2001). Stochastic resonance occurs in neurons because asynchronous 
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synaptic current causes fluctuations in the membrane potential. In turn, the depolarizing 

transients of the fluctuations bring the neuron closer to its firing threshold, thus raising 

the probability of discharge for low-intensity input.
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Figure 1.11 The effects of noise on the input-output properties of cortical cells.  
(a) Injection of fluctuating currents produces stochastic resonance (indicated by the dashed 
line). (b) Combination of fluctuating currents and conductance changes produces changes in 
gain. 

(a) (b) 

Fr
eq

ue
nc

y 
(H

z)
 

Current (nA) Current (nA) 

Fr
eq

ue
nc

y 
(H

z)
 



 

29 

 

Injection of noisy currents, by itself, is not equivalent to asynchronous activation 

of many synapses. As described in section 1.2bII, the current generated by synapses is 

due to a change in conductance. The total change in conductance is determined by the 

number of active synapses and their frequency of activation. For example, let us consider 

the behaviour of a neuron in response to the asynchronous activation of two populations 

of synapses; one population is excitatory, the other is inhibitory. This combination is 

ideally suited to generate large fluctuation in membrane potential when the excitatory and 

inhibitory synapses are activated independently. If the mean current generated by the 

excitatory synapses equals the mean current generated by the inhibitory synapses, the 

mean membrane potential will not change. This ratio of excitation to inhibition is 

therefore commonly referred to as balanced; however, despite the absence of change in 

the membrane potential, there is an increase in the conductance of the neuron due to the 

addition of the conductance change caused by activation of the excitatory and inhibitory 

synapses. Such a change in conductance is similar to the addition of inhibitory current, as 

described in section 1.1 (Figure 1.1a); this change causes a rightward shift in the I-F 

relationship.  

When combined with stochastic resonance, the slope of the I-F relationship 

decreases (referred to as a change in gain), as shown in Figure 1.11b (Chance et al 2002, 

Destexhe et al 2003). This decrease in gain is not a unique response to balanced 

excitation and inhibition. It can also occur if the equilibrium potential of the inhibitory 

synapses is close to the resting membrane potential (Mitchelle & Silver 2003). This 
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situation is commonly referred to as shunting inhibition to emphasize that there is no 

overt change in the mean membrane potential, but there is a large increase in conductance 

due to the shunt caused by the ligand-dependent channels opened at the inhibitory 

synapses. Larger changes in the slope of the I-F relationship will occur if the currents 

generated by excitatory synapses sum sub-linearly (see section 1.3.3) (Prescott & De 

Koninck 2003, Cushing et al 2005).  

Several conditions must be satisfied in order for synaptic noise to affect the input-

output properties of neurons. Destexhe et al (1999, 2003) showed that the fluctuation in 

membrane potential due to synaptic noise must exhibit a standard deviation of 

approximately 3-4 mV on the membrane potential of cells before stochastic resonance 

appears. In order to attain such values, Destexhe et al (2003) synchronized the activation 

of a subset of the synapses. Prescott and de Koninck (2003), who showed this behaviour 

in silico, achieved the required level of noise by placing voltage-dependent channels onto 

the dendrites of pyramidal cells (namely Na+ channels) and restricting the inhibitory and 

excitatory synapses to specific regions of the dendritic tree. More recently, it has been 

shown by Rothman et al (2009) that gain can also be controlled by short-term synaptic 

depression during high intensity discharge. This depression produces non-linearities in 

the voltage-current relationship for synapses, similar to sublinear summation as described 

by Prescott & De Koninck (2003).  
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1.5.2 Synaptic Noise in Motoneurons 

 The study of the effects of synaptic noise has largely focused on cortical cells. 

Although it is tempting to assume that the effect of synaptic noise will be the same on 

motoneurons as cortical neurons, the application of findings based on cortical neurons to 

motoneurons is not straightforward. For example, although Calvin & Stevens (1967) 

showed that motoneurons indeed exhibit noisy membrane potentials, a systematic 

analysis of the source and magnitude of synaptic noise, as described for cortical cells by 

Destexhe et al (2003), has not been examined. 

 It has however, been shown that fluctuations in membrane potential due to 

synaptic discharge have a significant effect on the properties of motoneurons (Berg et al 

2007, 2008). When the synaptic activity on motoneurons increased (due to increased 

network activity), the input conductance (defined as the ratio of injected current divided 

by the change in membrane potential) concurrently rose. Furthermore, Berg et al (2007, 

2008) also observed that the membrane potential became significantly noisier during this 

increased network activity. As a consequence, repetitions of the same stimulus (activation 

of a particular set of afferents) produced discharge patterns which were not consistent. 

This result contradicts the traditional view that the discharge pattern of motoneurons in 

response to multiple presentations of the same input is highly repeatable. Thus, the input-

output properties of the motoneuron are very sensitive to the temporal characteristics of 

the synaptic input. Furthermore, since the high conductance caused by the network 

activated may suppress PICs (Alaburda et al 2005), these results demonstrate that 
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motoneuron output is not governed only by the summed current due to synapses and 

PICs.   

1.5.3 Goals – Consequences of Synaptic Noise on Motoneuron Input-Ouput  

 The current study focuses on the interaction between two factors that play a major 

role in the control of the input-output properties of neurons. It is known that the input-

output properties of motoneurons are dynamic and can be altered by extrinsic influences 

such as the control of PICs via neuromodulatory input. The effects of other properties, 

though, such as the fluctuations in membrane potential due to transients caused by 

asynchronous activation of excitatory and inhibitory synapses, have not been examined. 

Although there is a rich literature examining the effect of synaptic noise in cortical 

neurons, there is a significant gap in our understanding of the influences synaptic noise 

plays on the input-output properties of motoneurons.  

Despite this, there are several fundamental differences between cortical neurons 

and motoneurons that may reduce the influence of synaptic noise on motoneuron input-

output properties. Firstly, motoneurons have relatively large dendritic trees that impose 

significant attenuation and filtering on synaptic current as it travels to the soma. This may 

smooth the voltage fluctuations at the soma caused by synaptic activity, especially since 

most of the synapses on motoneurons are located on the dendritic tree. Secondly, the 

motoneuron has a large AHP which will likely shunt the voltage fluctuations caused by 

asynchronous synaptic activity for a large portion of time during rhythmic firing. Finally, 

the motoneuron has a relatively small input resistance (the ratio of change in membrane 



 

33 

 

potential to current) which, on its own, may keep the fluctuations in membrane potential 

to a minimum.  

In spite of these caveats, there is evidence that synaptic noise influences the input-

output properties of motoneurons (Berg et al 2007, 2008).  Hence, we present the 

following question: 

Do fluctuations in membrane potential due to synaptic activity alter 

the input-output relationship of motoneurons?  

In order to answer this, we constructed compartmental models of motoneurons that were 

constrained by morphological and physiological properties derived from in vivo 

motoneurons. Using computational models allowed us to compare the output of 

motoneurons to identical synaptic inputs with and without noise and, at the same time, to 

keep all other parameters identical. As Sherrington (1906) famously stated in the 

publication of his groundbreaking Silliman lectures at Yale College, the motoneuron 

serves as the final common pathway for the nervous system. Thus, understanding how the 

motoneuron transforms premotor signals into motor actions is imperative to 

understanding the fundamentals of vertebrate movement. 
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Chapter 2 

Methods 

2.1 Quantification of the Geometry of Motoneurons 

 The protocols for motoneuron identification and dendritic tree reconstruction have 

been previously outlined by Bui et al (2003) and Grande et al (2005). Briefly, 

antidromically identified motoneurons supplying dorsal neck muscles were intracellularly 

stained with horseradish peroxidase (Sigma) or Neurobiotin (Vector Laboratories). 

Regions of the spinal cord containing these cells were cut into horizontal sections and 

processed to visualize the dendritic trees. With the aid of Eutectic™, a computer-aided 

neuron tracing system, and a Leica microscope, dendritic segments on adjacent sections 

were aligned and merged to build a data file consisting of the XYZ coordinates of all 

dendritic segments, the type of coordinate (e.g. branch point), and the diameter at each 

XYZ coordinate. The segments were organized according to the topology of the dendritic 

tree. 

 Models were based on reconstructions of four motoneurons. Three of these 

motoneurons innervated the splenius muscle. The remaining motoneuron supplied the 

biventer cervicis/complexus muscle. Table 2.1 summarizes the morphological 

characteristics of these motoneurons. The values of somatic surface area, total dendritic 

length, and total dendritic surface area were typical of a much larger population of neck 

motoneurons described in previous studies (Rose et al 1985, Rose and Odlozinski 1998, 

Grande et al 2005). Based on a comparison to the dendritic tree surface of these 
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motoneurons, LVN 4-1 and DVS 32-4 were classified as small (type S). The dendritic 

tree surface of the other two motoneurons (DVS 14-1 and DVS 22-2) were more than 

50% larger and were within the upper 90 percentile of previously reported dendritic tree 

surface areas. Thus, these cells were classified as large (type FF). 
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  LVN4-1 
(Biventer) 

DVS32-4 
(Splenius) 

DVS22-2 
(Splenius) 

DVS14-1 
(Splenius) 

Dendritic Surface Area 

(x1000 μm2) 

386.7 362.5 591.7 578.6 

Soma Surface Area 

(x1000 μm2) 

6.02 7.08 8.29 7.45 

Total Dendritic Length 

(x1000 μm) 

78.64 70.57 92.37 87.55 

Table 2.1 Model morphological characteristics. The above describes the 
morphological characteristics of the four reconstructed cells we utilized. 
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2.2 Construction of Compartmental Models 

The XYZ coordinates and corresponding diameters were used to divide the 

dendritic tree into a series of compartments. If the diameter changed by more than 0.2 µm 

or the distance travelled along the tree exceeded 30 μm, a new compartment was added. 

Dendritic compartments were represented by parallel resistor-capacitor circuits. The 

values assigned to the resistor and capacitor were determined by the specific membrane 

resistivity, specific membrane capacitance, the length of the compartment, and the 

diameter of the compartment as described by Rall (1977). The value for specific 

membrane resistivity (Rm) was 15,000 Ω⋅cm2, which is consistent with models described 

by Elbasiouny et al (2005) and Bui et al (2006) and were based on measurements taken 

by Fleshman et al (1988) on the dendritic membrane resistivity of feline motoneurons. 

The specific membrane capacitance (Cm) was set to the canonical value of 1 μF/cm2 

(Hille 2001). The compartments were joined by a resistor that represented the resistance 

of the cytoplasm. We set the specific resistance of the cytoplasm to be 70 Ω⋅cm, which is 

based on motoneuron measurements by Barrett & Crill (1974) and is close to values for 

saline (Hille 2001). The soma was modeled as a sphere with a surface area equal to the 

surface area of a prolate spheroid where the minimum and maximum diameters 

corresponded to the minimum and maximum diameters of an ellipse fitted to the 

perimeter of the soma (c.f. Rose et al 1985). The membrane potential of each 

compartment, in the absence of synaptic activity or voltage-dependent channels, was set 

to -64 mV; an average value reported by Heckman & Binder (1988).  
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The dimensions assigned to the axon hillock, initial segment, nodes of Ranvier 

and internodes for each cell were consistent with values reported in the literature and 

were designed to match the known relationships between diameters of different regions 

of the axon and the size of the dendritic tree. To begin, we used values of axon diameter 

and dendritic surface area reported by Grande et al (2005), supplemented by unpublished 

data collected using the same techniques used by Grande et al (2005), to estimate 

internode diameter as a function of dendritic surface area. For the purposes of these 

estimates, the measurements of internode diameter were used as a proxy for axon 

diameter. The diameter of the initial segment was scaled to match the relationship 

between the diameters of the initial segment and axon, as described by Cullheim and 

Kellerth (1978). The length of the initial segment was fixed at 26 µm, in accordance with 

measurements reported by Cullheim and Kellerth (1978). In keeping with the model of 

cortical pyramidal neurons described by Mainen et al (1995), a truncated cone was used 

to represent the axon hillock.  It was assigned a length of 10 µm. The distal diameter 

equaled the diameter of the initial segment. To match the observations of Conradi et al 

(1979) and Kellerth et al (1979), the proximal diameter was two times larger than the 

distal diameter. The diameter of the node of Ranvier was similar to the diameter assigned 

to the initial segment (Cullheim and Kellerth, 1978). The length of the node of Ranvier 

was fixed at 1 µm. Table 2.2 summarizes the dimensions of the axon hillock, initial 

segment, nodes of Ranvier and internodes for each cell, along with surface area. 
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  LVN4-1 DVS32-4 DVS22-2 DVS14-1 

Axon Hillock 

(μm) 

length 10 10 10 10 

diameter 6.0 proximal 

3.5 distal 

6.0 proximal 

3.5 distal 

8.2 proximal 

4.1 distal 

8.2 proximal 

4.1 distal 

Initial Segment 

(μm) 

length 26 26 26 26 

diameter 3.5 3.5 4.1 4.1 

Internode 

(μm) 

length 400 400 400 400 

diameter 6.5 6.5 7.6 7.6 

Node of Ranvier 

(μm) 

length 1 1 1 1 

diameter 3 3 4.1 4.1 

Table 2.2 Model axon morphological characteristics. The above describes the 
characteristics of the axon within each of the four models we used. 
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2.3 Synapses 

 Synapses were uniformly distributed with a maximum density of 7 per 100 μm2 

(Rose & Neuber-Hess, 1991). We assumed that there is a 1:1 relationship of excitatory to 

inhibitory synapses (Rose & Neuber-Hess 1991, Brannstromm 1993, Brannstromm & 

Kellerth 1998) resulting in 1 synapse per 28 μm2. Thus, activating 100% of the excitatory 

synapses would result in the activation of a set of synapses that were separated by 28.6 

μm2 uniformly across the dendritic tree. Activation of a smaller percentage, 2% for 

example, would result in activation of a proportionally smaller number of synapses that 

are spaced 1,430 μm2 apart across the dendritic tree.  Due to variations in the size of each 

compartment and the methods used to assign the synapses to specific compartments, the 

actual distances between adjacent synapses on the compartmental models varied. The 

mean distance, though, matched the separation described above.  

 In this study, we utilized two kinetically distinct models for the synapses; steady-

state (tonic) and transient. Their average conductance over time was the same; however, 

the conductance of transient synapses fluctuated with time whereas the conductance of 

steady-state synapses was fixed. The equation describing current flow at ligand-

dependent channels in both cases is:  

    )( rmt EVgI −=  (2.1) 
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It is the magnitude of current travelling into or out of the cell due to synaptic activation at 

time t, g  is the conductance at t, Vm is the membrane potential at t and Er is the reversal 

potential of the synapse. The conductance change in transient synapses is defined as: 
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Where gtransient(t) is the change in conductance over time following activation of a single 

synapse occurring at time td such that gpeak represents peak conductance due to a synaptic 

event and tpeak is the time to the peak conductance . To simulate multiple random 

activations over time, the interval between sequential activations was governed by a 

Poisson process described by:  
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1lnδ  (2.6) 

δ is the time interval between synaptic events, f is the average frequency of activation and 

p is a random number taken between 0 and ef * . The number of activations per second 

for a given synapse has a mean of f, but the interval between each event is random. 
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The conductance of tonic synapses is defined as follows: 

etPfgg peakpeaktonic =       (2.7) 

 

gpeak and tpeak are the same parameters used in equations 2.2 and 2.3, f is the frequency of 

synapse firing, P is the probability of release (defined as 1, in our case) and e is 2.718. 

This equation was derived by Bernander et al (1991) and is the integral or time-average 

of equation 2.2. As a consequence of time-averaging )(tgtransient  , it removed time-

dependent fluctuations in conductance that are characteristic of physiological synapses. 

The absolute value of tonicg , however, is the same as the average of )(tgtransient over time if 

f, peakt and peakg are assigned equal values. Thus, the average current flow for both types 

of synapses is also the same. 

Er, tpeak and gpeak of excitatory synapses were assigned values of 0 mV, 0.2 ms and 

5.0 nS respectively, based on the characteristics of Ia afferent synapses on motoneurons 

(Finkel & Redman 1983). The parameters for inhibitory synapses were based on the 

characteristics of the synapses that mediate reciprocal inhibition of motoneurons (Stuart 

& Redman 1990); Er, tpeak and gpeak were assigned values of -81 mV, 0.65 ms and 9.0 nS 

respectively. 

 The algorithm used to assign tonic synapses to the compartmental model has 

previously been described by Cushing et al (2005). Briefly, the cumulative surface area 

of all compartments was calculated starting at the origin of each primary dendrite at the 

soma and moving distally. If the addition of the surface area of the next distal 
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compartment resulted in a cumulative surface area exceeding a predetermined amount 

(eg. 1,430 μm2 for a density of 2%), a synapse was randomly placed in that compartment 

or a proximal compartment whose surface area contributed to the calculated cumulative 

surface area up to that point. The conductance of the synapse was prorated to take into 

account the surplus area contributed by the distal compartment (eg. the remaining surface 

area in excess of 1,430 μm2). The random assignment of synapses to a range of 

compartments was used to avoid distal biases in synaptic location. The cumulative area 

was then set to zero and the above steps were repeated until the dendrite terminated. The 

value of the conductance assigned to the most distal synapse was also prorated. In this 

case the adjustment was designed to account for a cumulative area that was less than the 

predetermined surface area.. After reaching a dendritic terminal, the cumulative area was 

once again set to zero and repeated the above steps starting at the previous branch point. 

This process continued until synapses were assigned to all branches. 

 The algorithm for assigning tonic synapses was inappropriate for the assignment 

of transient synapses to the compartmental models. The aforementioned algorithm 

generated partial synapses (eg. gpeak values of less than 5 nS for excitatory) or merged 

synapses (eg. gpeak values of greater than 5 nS for) as a means of generating a synaptic 

density that was proportional to the dendritic surface area. This was permissible because 

the conductance due to each synapse not time dependent. In contrast transient synapses 

are activated at random intervals. Thus, merging multiple synapses would be equivalent 
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to synchronizing their activation. As a consequence, their temporal pattern of activation 

would not be independent.  

 Thus, transient synapses were added to the compartmental models as follows. 

First, the algorithm created a list of XYZ coordinates and the corresponding 

compartments where synapses would be located if the density of synapses was 100% (3.5 

synapses per 100 μm2). For LVN4-1 this density corresponded to a total of 13,546 

synapses. The required number of synapses needed to match the desired synaptic density 

(eg. 271 synapses on LVN4-1 at a density of 2%) was then used to divide the list into 

groups, where the number of groups equaled the number of synapses to be added. If the 

number of synapses to be added didn’t divide equally into the number of available 

compartments (eg. 271 synapses into LVN4-1’s 4,165 compartments resulted in a 

remainder of 100), the remaining compartments were distributed as equally as possible 

across the groups. One XYZ coordinate was then randomly selected from each group and 

a synapse was assigned to the corresponding compartment.  

2.4 Dendritic Voltage-Dependent Channels - L-Type Ca2+ Channels 

 L-type Ca2+ channels were placed in non-uniform clusters (hotspots) on the 

dendritic trees of motoneurons as described previously (Bui et al 2006, Elbasiouny et al 

2006, Grande et al 2007). Briefly, we placed hotpots of L-type Ca2+ channels centered 

on sites that shared a common membrane potential during states under which the 

motoneuron was resting or subjected to excitatory or inhibitory input. Bui et al (2006) 

brought the voltage at the soma to -50.6 mV, -43 mV and -56.4 mV during the resting, 
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inhibitory and excitatory states, respectively, by injecting current into the cell. These 

membrane potentials were slightly subthreshold to the somatic threshold for PIC 

activation during each state, as observed experimentally by Bennett et al (1998).  The 

voltage profiles from the soma to the tips of each dendrite, under each state, were plotted 

and noted to intersect in a common location. Because the channels responsible for PICs 

must share the same threshold for activation regardless of motoneuron state, the location 

of the intersections must have corresponded to the location of the channels responsible 

for PICs. Grande et al (2007) modified this approach slightly to take into account the 

propensity for large motoneurons to have a higher PIC voltage threshold than small 

motoneurons. In the present study we used the modified approach because our sample of 

cells ranged from small to large. 

For the sake of this study, we assumed a constant level of activity in the 

monoamine innervations of motoneurons (see Introduction). The instantaneous 

conductance of L-type Ca2+ channels, gLCA was modeled as: 

mgg peakLCA =        (2.8) 

Here, gpeak,Ca represents the maximal conductance per unit surface area and m is a voltage 

and time-dependent activation variable. In accordance with findings by Lipscombe et al 

(2004), there is no voltage-dependent inactivation. The activation variable is modeled by 

the following differential equation: 

m

mm
dt
dm

τ
−

= ∞       (2.9) 
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Where mτ , the time constant of activation, was assigned a value of 20 ms (Carlin et al 

2000) and ∞m , the steady-state activation variable, was given by: 

k
VVm

e
m )( 2/1

1

1
−∞

+
=  (3.0) 

The half-activation, V1/2, was -33 mV (Booth et al 1997, Carlin et al 2000, Svirkis et al 

2001) and the activation sensitivity, k, was -6 mV (Carlin et al 2000). Erev was set to 60 

mV (Carlin et al 2000). 

2.5 Somatic and Axonal Voltage-Dependent Channels 

 Voltage-dependent channels on the soma and axon were modeled according to 

Elbasiouny et al (2005). The channels on the soma included fast Na+ channels, delayed-

rectifier K+ channels, N-type Ca2+ channels, Hyper-polarization Activated Cyclic 

Nucleotide (HCN) channels and Ca2+-dependent K+ channels. The Ca2+ influx that 

regulates the activation of Ca2+-dependent K+ channels was modeled using equations 

developed by Booth et al (1997) and McIntyre & Grill (2002).  

The channels on the axon hillock and initial segment consisted of fast Na+ 

channels, delayed-rectifier K+ channels and persistent Na+ channels. Myelinated axon 

segments consisted of delayed-rectifier K+ channels and nodes of Ranvier were equipped 

with Na+ channels and delayed-rectifier K+ channels. The densities of the channels on the 

axon were selected from a ‘brute force’ model (see below) in which the axon reliably 

conducted action potentials.  
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The models were designed to mimic the known input-output properties of 

motoneurons as closely as possible. Initial attempts to meet this goal involved a ‘brute 

force’ strategy consisting of three steps; 1) assign values to the density of each channel; 

2) run one or more simulations involving current injections at the soma; 3) compare the 

results to the known discharge patterns of motoneurons; 4) revise the density of one 

channel and repeat steps 2 and 3. This strategy proved to be exceptionally laborious and 

unpredictable as it is difficult to predict channel interactions and their effect on the 

discharge patterns of the model. As a consequence, the density of each channel on the 

soma was assigned values using a genetic algorithm (Mehrotra et al 1996, Rennie et al 

2005, Gurkiewicz & Korngreen 2007).  

Genetic algorithms have three main features; parameters, cost functions and 

parent-child relationships. Parameters are the features of a model we wish to determine 

(eg. the density of Na+ channels on the soma). Cost functions provide the means to find 

the set of parameters that best match the desired behaviour of the model. The cost 

functions are weighted according to the importance of the features they control. For 

example, maintaining rhythmic firing at a constant frequency over the late stages of the 

time course of a simulation was a very important aspect of our models (see Introduction, 

section 1.2). We therefore developed a cost function that measured the inter-spike 

intervals in the late stages of current injection simulations and added extra cost if the 

inter-spike intervals changed. At the end of a trial (a child, see below), the cost of that 

trial is calculated by summing the weighted cost functions across simulations.  
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Children (referred to as trials previously) are the models upon which cost 

functions work and consist of a series of simulations with defined cost functions working 

on parameters. Given a particular starting model (known as the parent), our algorithm 

created 5 children of the parent whose parameters had been randomly altered using a 

Gaussian random variable with a mean of the parent’s parameter and a standard deviation 

equal to 1 percent of the parent’s parameter. The algorithm then ran simulations on these 

models according to the cost functions we developed and, if the best child was better than 

the parent (the least summed cost was lower than the cost of the parent), it became the 

new parent. This process was repeated until the desired parameter behaviour was 

attained. If no child was found to be better than the parent, the standard deviation 

increased exponentially (2, 4, 8, etc.) as a percentage of the parent’s parameter and 

repeated itself with the same cost functions. 

The goal of the genetic algorithm simulations was to match bilinear F-I 

relationships that are characteristic of small and large motoneurons (Zengel et al 1985, 

Kernell 1979, Powers & Binder 2001). For small motoneurons we set a target of 6 Hz at 

7.5 nA for the minimum frequency of firing and for large motoneurons, this target was 

set at 14 Hz at 25 nA (Zengel et al 1985). Based on Kernell (1979), we used a slope for 

the primary range of 1.4 Hz/nA. During rhythmic firing, the height of the action potential 

was constrained to not cross +15 mV and the depth of the AHP to not be lower than -3.5 

mV from resting. The resting membrane potential was set to -64 mV. During rhythmic 
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firing, the first frequency was set to be half that of the steady state frequency, measured 

as the inverse of the last inter-spike-interval. 

The density for HCN channels was determined in the final step of the model 

development because the cost functions were ill-suited to constrain the density of these 

channels. The response of a motoneuron to a hyperpolarizing step of current consists of 

two phases; 1) a rapid hyperpolarization that reaches a peak within 15 to 30 msec; 2) a 

slower and smaller repolarization that reaches a steady-state 100 to 200 msec after the 

start of the hyperpolarizing step of current (Ito and Oshima, 1965). The ratio of the peak 

hyperpolarization to the steady-state hyperpolarization, frequently referred to as ‘sag’, 

has been quantitatively described by Gustafsson and Pinter (1984) and Zengel et al, 

(1985). Sag is a direct consequence of the actions of HCN channels. These channels are 

responsible for a hyperpolarization-activated, positive, inward-rectifying current. Thus, 

the experimentally reported values of sag were used to constrain the value assigned to the 

density of HCN channels.    

2.6 Simulations 

Simulations were performed using Saber (Synopsys, Mountain View, Ca), an 

ordinary differential equation solver. We ran our models for 500 ms, using a variable 

time-step of 10 μs and allowed Saber to choose the integration method (typically 

Newton’s Method) for solving the network of algebraic and first-order differential 

equations which described the electrical properties of each component in our models (eg. 

L-type Ca2+ Channels). These components were connected via electrical nodes which 
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were subject to Ohm’s and Kirchhoff’s laws. The specific properties of each component 

and their interconnections were embedded in a series of templates. These templates were 

written in-house and could therefore be tailored to the specific requirements of each 

simulation. 
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Chapter 3 

Results 

3.1 Properties of the Models 

 The credibility of models to predict the behaviour of motoneurons in an 

experimental setting is determined, in part, by the similarity between the models and the 

known properties of motoneurons. In the present study, the structural properties of the 

models were based on detailed measurements of the geometry of the dendritic tree of 

each of the cells used to construct the models. This guaranteed that the physical 

specifications of the models (eg. dendritic surface area) were accurate representations of 

in vivo motoneurons. Following this, the responses of the models to somatically injected 

current were constrained by previously reported values of the minimum and maximum 

firing frequencies in response to somatically injected current and F-I relationships 

(specified by a genetic algorithm – see Methods). Other properties such as AP threshold, 

and AHP length were not constrained. Thus, we examined the characteristics of these 

features of the models. As shown in Table 3.1, the values of input resistance, sag and 

action potential threshold were typical of values reported experimentally (Binder & 

Powers 2001). However, the input resistance of the models was not inversely related to 

motoneuron size as seen experimentally (Cullheim et al 1987) and the values of sag did 

not increase with motoneuron size (Gustafsson & Pinter 1984). Moreover, the range of 

values of the action potential threshold was narrower than as described by Krawitz et al 
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(2001). The maximal AHP amplitudes were consistent with the literature, including a 

correlation with size (Gardiner 1993). Finally, the time to maximal AHP was 

inconsistent. LVN4-1, DVS32-4 and DVS14-1 exhibited higher maximal AHP times than 

in vivo and DVS22-2 was lower than expected (Gardiner 1993). 
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LVN4-1 DVS32-4 DVS22-2 DVS14-1 

Input Resistance (MΩ) 1.73 1.50 2.75 1.22 

Sag 0.87 0.94 0.57 0.96 

AP Threshold (mV) -59.3 -59.5 -59.6 -58.8 

Time to Maximal AHP (ms) 34.9 36.8 8.70 37.3 

Maximal AHP (mV) 3.58 3.89 8.04 4.35 

Table 3.1 Model responses to current injection.  
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 The densities of the voltage-dependent channels on the soma were determined 

using a genetic algorithm which was constrained using several criteria. These criteria 

were chosen according to experimentally-derived characteristics of the relationship 

between firing frequency and steady-state current injected at the soma (see Methods). For 

the purposes of these models, no L-type Ca2+ channels were added to the dendrites. Since 

sodium pentobarbital anesthesia likely blocks these channels (Guertin and Hounsgaard 

1999, Lee and Heckman 2000), the behaviour of the models without L-type Ca2+ 

channels should replicate the F-I relationships of motoneurons recorded under such 

anesthetic conditions. As shown in Figure 3.1, both of the large cells, DVS22-2 and 

DVS14-1, had a bi-linear I-F relationship that is typical of motoneurons (Kernell 

1965a,b,c). In contrast, the slope of the F-I relationships for the two small cells increased 

monotonically and there was no evidence of two distinct firing ranges. The smallest 

slope, measured between 10 and 20 nA, was 0.61 and 0.34 Hz/nA, respectively for 

LVN4-1 and DVS32-4. The minimum current required to generate rhythmic firing was 

less in the small cells and therefore matched some of the properties of motoneurons 

examined experimentally (Kernell 1965c).  

Despite generating many new generations of models with the genetic algorithm, 

we were unable to replicate the higher discharge frequencies that are typical of large 

motoneurons at the onset of rhythmic firing (Kernell 1965c, Zwaagstra & Kernell 1980). 

As shown, the first point displaying rhythmic firing was lower in discharge in each of our 

large cells than for small cells for equivalent input current. This behaviour was observed 
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despite large motoneurons typically having frequencies of discharge that tend to remain 

above those of small motoneurons (Zwaagstra & Kernell 1980).  
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Figure 3.1 F-I of the models with voltage-dependent channel densities allocated 
by a genetic algorithm. LVN4-1 and DVS32-4 are small cells and DVS22-2 and DVS14-1 
are large cells. These data were collected by injecting current at the soma and calculating the 
frequency of firing from the last inter-spike interval of a 500 ms simulation. No L-type Ca2+ 
channels were present. 
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3.2 Model Responses to Synaptic Excitation 

3.2.1 Responses with no L-type Ca2+ channels 

In order to test our hypothesis that the introduction of fluctuations in membrane 

potential via transient synaptic activity would influence the input-output properties of 

motoneurons, we compared the responses of our models to the activation of tonic and 

transient synapses. In their ‘resting’ states, the models were subject to a mixture of 

excitation (1.6% of all excitatory synapses activated at 50 Hz) and inhibition (2.0% of all 

inhibitory synapses activated at 25 Hz).  The currents produced by these synapses are 

equal, but opposite. Thus, the resulting membrane potential of approximately -64 mV 

(Figure 3.2a) was the same membrane potential observed in the absence of synaptic 

activity. We then progressively activated a greater percentage of all possible excitatory 

synapses and measured the frequency of discharge for each motoneuron in each 

excitatory state. Because we used two distinct forms of synapses, tonic and transient, the 

membrane potential was steady state and fluctuating, respectively (see Methods). 

 In the following, the channels responsible for persistent inward currents (PICs) 

were absent. As shown in Figure 3.2b, the response of the models to increasing synaptic 

excitation was nearly identical in the small cells regardless of whether the synapses were 

transient or tonic. In the large cells, though, the transient synapse models displayed a 

higher discharge frequency than the equivalent tonic synapse models. There were only 

small differences in discharge frequency at low levels of excitatory synaptic activity; 

however, as excitatory synaptic activity increased, so did the differences in frequency.  
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Figure 3.2 Model responses to synaptic excitation with no L-type Ca2+ channels.  
(a) The membrane potential of the soma of LVN4-1 with balanced excitation and inhibition 
where the synapses were either tonic or transient. (b) The frequency of the response to 
increasing synaptic excitation under the separate synaptic heuristics we utilized.  
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3.2.2 Responses with L-type Ca2+ channels in dendritic hotspots 

The previous models were designed to mimic the behaviour of motoneurons 

recorded in the presence of general anesthetics (Guertin and Hounsgaard 1999, Lee and 

Heckman 2000). In the absence of anesthesia, most spinal motoneurons generate 

persistent inward currents in response to somatic depolarizations caused by somatic 

current injections or synaptic excitation (see Introduction 1.2c). The data shown in Figure 

3.3 compares the responses of models with persistent inward currents to activation of 

tonic or transient synapses. As described in the Methods, these models contained discrete 

regions of L-type Ca2+ channels, called hotspots, on the dendritic tree. The position of the 

hotspots on the dendritic tree depended on the size of the motoneuron (Grande et al., 

2007).  

Following activation of tonic or transient excitatory synapses, the models 

discharged in one of two patterns (Figure 3.3a). One pattern consisted of a rhythmic 

discharge of action potentials throughout the period of synaptic excitation (blue). The 

other pattern was bimodal in that, during the first 100 to 200 msec of the simulation, only 

one or two action potentials occurred. This period was then followed by an abrupt 

increase in discharge frequency at variable inter-spike intervals (red). Due to the unique 

characteristics of these discharge patterns, we adopted the following heuristic. If the 

frequency of discharge changed abruptly over the course of the simulation, we measured 

the frequency of discharge as the reciprocal of the average of the last 3 inter-spike 
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intervals. If, on the other hand, the discharge frequency was relatively consistent over the 

500 msec simulation period, we calculated the discharge frequency based on the 

reciprocal of the last inter-spike interval. 

 Figure 3.3b shows the response of each motoneuron with PICs to increasing 

synaptic excitation where the synapses were either transient (red solid) or tonic (green 

dashes). As shown, all of the responses were triphasic. During the first phase, the 

discharge frequency was low and the increase in frequency with increasing synaptic 

excitation was small. The second phase had an abrupt onset and a steep increase in 

discharge as the percentage of active excitatory synapses increased. The third phase also 

had an abrupt onset in three of the cells (DVS 32-4, DVS 14-1 and DVS 22-2). In the 

fourth cell (LVN 4-1), the transition from the second to the third phase was gradual. 

Regardless of the characteristics of the onset of the third phase, the rate of increase in the 

discharge frequency was less than in the second phase and close to the rate of increase 

seen during the first phase. Due to the similarity between these triphasic responses and 

the experimentally observed relationship between discharge frequency and injected 

current in motoneurons (Heckman et al 2005), these phases will henceforth be described 

as primary, secondary and tertiary ranges. 

The responses of the motoneurons due to increasing synaptic excitation depended 

on whether the synaptic activity was transient or tonic and the size of the motoneurons. In 

small cells (LVN4-1, DVS32-4), transient synaptic activity evoked a smaller response 

than tonic synaptic activity. In LVN4-1 this decrease was expressed as a rightward shift 
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in the onset of the secondary range and a smaller slope in the discharge frequency due to 

higher levels of synaptic excitation. In DVS32-4, the slope of the secondary range was 

smaller in response to activation of transient synapses and the frequency of discharge in 

the tertiary range was less. In contrast, the response of the large cells (DVS14-1, DVS22-

2) to transient synaptic activity was larger than tonic synaptic activity. As seen in the 

small motoneurons, all of the differences were confined to the secondary and tertiary 

ranges. The larger responses to transient synaptic activity manifested as higher discharge 

frequencies during the tertiary range (DVS14-1 and DVS22-2) and either a steeper initial 

slope of the secondary range (DVS 22-2) or a higher maximum discharge frequency 

during the secondary range (DVS 14-1). 
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Figure 3.3 Model response to synaptic excitation with L-type Ca2+ channels.  
(a) The somatic membrane potential is shown when LVN4-1 was subject to 9.6% Excitation 
(red) and 17.6% Excitation (blue) and 2% inhibition. (b) The frequency of rhythmic discharge 
due to increasing synaptic excitation using transient (solid red) or tonic (dashed green) 
synapses. 
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 In the previous set of simulations, all of the synapses were distributed uniformly 

on the dendritic tree. Since it is known that connections from some inhibitory neurons are 

biased to proximal dendrites, we also compared the responses of LVN 4-1 to transient 

and tonic synapses in models with the inhibitory synapses confined to the proximal one 

third of the dendritic tree. This distribution was designed to replicate the location of 

inhibitory synapses from Renshaw cells as described by Fyffe (1991). The total number 

of inhibitory synapses remained the same as we still activated 2% of all possible 

inhibitory synapses. As shown in Figure 3.4, changing the distribution of the inhibitory 

synapses did not alter the finding that tonic synapses are more efficient in eliciting the 

secondary range in our motoneuron models. Additionally, there is a shift in the secondary 

range of the tonic synapse model when the inhibitory synapses were moved proximally as 

compared to the uniform inhibition model. For example, in the tonic synapse proximal, 

inhibition model, 32%E resulted in a discharge frequency of 33 Hz. In order to observe a 

similar amount of discharge with transient synapses, approximately 10% more excitation 

was required. In contrast, the tonic synapse model with uniform inhibition had a 

discharge frequency of 25 Hz for 33.6%E and, in order for the transient synapse model 

with uniform inhibition to display a similar level of discharge; approximately 5% more 

excitation was required.    
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Figure 3.4 Rightward shift of the secondary range due to activation of transient 
synapses is independent of the distribution of inhibitory synapses. The response of 
LVN4-1 to activation of uniformly distributed excitatory synapses in the presence of 
background synaptic inhibition due to activation of recurrent inhibitory synapses from Renshaw 
cells.  
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3.3Activation of L-type Ca2+ channels by tonic and transient synaptic activity 

3.3.1 Transient synaptic activity activates L-type Ca2+ channels in fewer hotspots 

during the secondary range in small motoneurons  

The cause of the secondary range of firing is due to the activation of PICs. This is 

evident because the secondary range of firing is notably absent in models with no L-type 

Ca2+ channels (Fig. 3.2b vs. Fig. 3.3b). In order to confirm this, we measured m, a voltage 

and time-dependent activation variable that measures the probability of the channels 

being open. Henceforth, we will refer to this variable as P(open). The value of P(open) 

indicates whether the channels are ‘open’ and generating a persistent inward current 

(P(open) = 1) or ‘closed’ (P(open) = 0).  In the case of partial activation (0.001 < P(open) 

< 0.999), the channels were considered to be ‘open’ if P(open) was greater than 0.5 (Bui 

et al 2008) at the end of a simulation. For the purposes of these measurements, we 

recorded the values of P(open) for the L-type Ca2+ channels on the first compartment of 

one randomly chosen hotspot on each of the dendritic sub-trees that originated from the 

soma. This selection strategy generated data from a total of 47 hotspots (LVN4-1, n=12; 

DVS32-4, n=8; DVS14-1, n=15; DVS22-2, n=12). 

As shown in Fig. 3.5, the number of activated hotspots increased at the onset of 

the secondary range in all of the models. Concurrently, as the discharge frequency 

increased further, more hotspots were recruited. Thus, the secondary range was due to 

activation of the L-type Ca2+ channels. In the small cells, the relative number of hotspots 

activated by tonic and transient synapses was precisely correlated with the differences in 
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the onset and slope of the secondary range. For example, in LVN4-1, the rightward shift 

in the discharge frequency during activation of the transient synapses was matched by a 

rightward shift in the increase in the number of active hotspots. In DVS32-4, the decrease 

in the slope of the secondary range when transient synapses were activated was matched 

by a decrease in the rate of recruitment of active hotspots. In contrast, in the large cells, 

the relative number of hotspots activated by tonic and transient synapses was similar 

during the secondary range, despite differences in the peak discharge frequency and slope 

of the secondary range. 
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Figure 3.5 The secondary range and activation of PICs. The secondary range 
demonstrated in Figure 3.3b is graphed for the tonic and transient synapse types  (red solid and 
green dotted lines, respectively) along with the cumulative number of activated hotspots during 
each respective excitatory state (red and green bars).  
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3.3.2 The influence of synaptic noise alone on the activation of L-type Ca2+ channels  

 The results described above suggest that the activation of L-type Ca2+ channels on 

motoneurons is determined, in part, by noisy membrane potentials due to synaptic 

activity. The fact that this effect was only seen in small motoneurons is difficult to 

explain. All of the motoneurons were subjected to the same synaptic inputs, all generated 

action potentials over a similar range of frequencies, and, as the number of active 

excitatory synapses increased, all motoneurons progressed through a primary to 

secondary frequency range and often to a tertiary frequency range. To address the 

question of why L-type Ca2+ channels on small motoneurons and large motoneurons 

respond differentially to activation of transient synapses, we compared the response of a 

simpler model to noisy and noise-free changes in membrane potential. This model 

consisted of a sphere that had no dendrites and had a surface area equal to the soma of 

LVN4-1. The only channels present were L-type Ca2+ channels and the density of these 

channels was assigned a value to produce an easily discernable plateau potential. 

This model was then subjected to an experimental protocol designed to take 

advantage of the deliberate minimization of variables (Figure 3.6a). First, in order to 

create a membrane potential that fluctuated with time in a manner similar to what was 

present in the hotspots in the models based on morphological reconstructions and subject 

to synaptic excitation (henceforth referred to as ‘full models’), we extracted a voltage 

profile from a hotspot in LVN4-1. This voltage profile was extracted when the model was 

subject to excitation and inhibition that did not cause action potentials (1.6%E at 50 Hz 
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and 2.0%I at 25 Hz). This profile (Vhotspot) was used as the input for a voltage-clamp of 

the soma-only model. The purpose of this voltage-clamp was to determine the magnitude 

and time course of a current profile (Itransient) that, when injected into the model, would 

replicate the fluctuations in membrane potential that were recorded at the hotspot. In so 

doing, the L-type Ca2+ channels on the soma-only model were subjected to similar Vm 

fluctuations as the L-type Ca2+ channels on the hotspot.  

Figure 3.6b shows the changes in the membrane potential of the soma-only model 

and P(open) of the L-type Ca2+ channels following injection of Itransient and a steady-state 

current (Ithresh). The magnitude of Ithresh was just sufficient, by itself, to activate the L-type 

Ca2+ channels. The gradual depolarization observed during the initial 150 msec of the 

response was due to small increases in P(open). When the L-type Ca2+ channels opened, 

indicated by the rapid increase in P(open) to 1.0, the membrane potential abruptly 

depolarized to a plateau of 0 mV. These responses were identical, aside from small 

fluctuations, to the responses observed following injection of the mean of Itransient (Itonic) 

plus Ithresh. Thus, the activation of L-type Ca2+ channels in the soma-only model was 

independent of fluctuations in membrane potentials. 
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Figure 3.6 Responses of the soma-only model to noisy and noise-free changes in 
membrane potential. (a) Summary of the method used to generate fluctuations in the 
membrane potential of the soma-only model that were equivalent to the fluctuations in the 
membrane potential at a hotspot. (b) The response of the soma-only model to current 
injections with noise (red solid) and without noise (green dashed) was identical. This finding 
was consistent regardless of which hotspot in LVN4-1 Inoisy was extracted from during 
balanced excitation and inhibition (10 random hotspot voltages were extracted). 

(a) 

Step 3: Inject a combination of Itransient and Ithresh  

(Ithresh is additional current just above the threshold for 

activating PICs) or Itonic and Ithresh and measure the 

state of the L-type Ca2+ channels and the membrane 

potential of the model.  

Step 1: Extract a voltage profile (Vhotspot) from a hotspot of a cell subject to balanced excitation & 

inhibition

Step 2: Use Vhotspot as input to a voltage-clamp acting on the soma-only model. The resulting current 

profile is labelled Itransient and the mean of this, Itonic   



 

71 

 

3.3.3 The influences of noise and location on L-type Ca2+ channels 

Since the soma-only model with L-type Ca2+ channels displayed no difference in 

activation in response to transient or tonic membrane potentials, the differential response 

to these membrane potentials as described in 3.3a must also be dependent on hotspot 

location. This is supported by the result that large motoneurons, whose L-type Ca2+ 

channel hotspots are located distally, do not display a difference in PIC activation in 

response to transient or tonic synaptic activity. On the other hand, small motoneurons, 

whose hotspots are located proximally, displayed a distinct suppression in PIC activation 

when transient synaptic activity was present as opposed to tonic. Thus, we hypothesize 

that the differential response to transient vs. tonic current in the small and large cells was 

due to the differences in location of the hotspots. This would also explain why no 

difference in response was seen in the soma-only model as any location-dependent 

variables were removed in such a model. 

In order to test this, we used the same protocol as described in Fig. 3.6a to inject 

current directly into the hotspots of the ‘full models’. This allowed us to test the location 

dependency of our findings independently of features such as back-propagating action 

potentials or AHPs which were present in the ‘full models’. Thus, we injected either of 

Ithresh + Itransient or Ithresh + Itonic in a randomly chosen hotspot on each of the dendritic 

subtrees extending from the soma of LVN4-1 (small cell) and DVS14-1 (large cell). We 

then tallied the number of hotspots that did not display a delay in activation to either 

transient or tonic input (Figure 3.7a, top) as well as the number of hotspots that activated 
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in a biased manner to either of transient or tonic input (Fig. 3.7a, bottom) in each of the 

aforementioned cells. Henceforth, bias to a particular current will be used to refer a 

hotspot that responds favourably to a particular input type (eg. transient bias refers to a 

hotspot that activates sooner to transient input than tonic input). Therefore, Fig. 3.7a 

bottom shows the response of a hotspot that was biased to tonic current.  

Figure 3.7b shows the number of hotspots in the ‘full models’ that demonstrated 

biases to tonic versus transient synaptic activity or current injection. Biases in the ‘full 

model’ hotspots were defined by a difference in the minimum level of tonic versus 

transient synaptic excitation required to activate a hotspot. In LVN4-1, 8 hotspots in the 

‘full models’ were activated by a lower percentage of tonic excitatory synapses than 

transient synapses; the activation of the remaining 4 hotspots occurred at the same 

magnitude of excitation. Conversely, in DVS14-1, 1 hotspot demonstrated a biased 

response to tonic synaptic excitation and another hotspot was biased in favour of transient 

synaptic excitation. The remaining 13 hotspots demonstrated no preference.  

These data are consistent with the data collected using the current injection 

protocol. In a similar manner as the ‘full models’, 6 hotspots activated earlier to tonic 

input in LVN4-1 and the remaining 6 activated with no bias. In DVS14-1, all 15 hotspots 

responded at the same time to tonic or transient current injection. Consequently, the 

activation of hotspots in the current injection models and the ‘full models’ was biased to 

tonic input in small motoneurons. Large motoneurons did not display a bias for either 

type of current, regardless of whether we measured activation in the ‘full models’ or via 
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current injections. This indicates that the ‘full model’ data and current injection data are 

in agreement with each other with respect to how hotspots react to tonic or transient 

input.  Therefore, the activation of hotspots is dependent not only on noise, but also on 

their location within the dendrites.
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(a) 

Figure 3.7 Response of hotspots to transient and tonic input. (a) The membrane 
potential at hotspots in response to transient and tonic current injections. Two examples are 
shown. In the upper panel, the time at which the L-type Ca2+ channels were activated was the 
same. In the lower panel, activation of the L-type Ca2+ channels was delayed in response to 
the transient current. (b) The number of hotspots in LVN4-1 and DVS14-1 that activated in a 
biased manner to tonic current, exhibited no bias or activated biased to transient current, 
respectively, in the ‘full models’ (red) and current injections (green).  

(b) 
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Chapter 4 

Discussion 

4.1 Summary of key findings 

As described by Chance et al (2002), Prescott & De Koninck (2003) and Rothman 

et al (2009), noise in the membrane potential of neurons due to EPSPs and IPSPs can 

cause significant changes in the input-output properties of neurons in the brain. In the 

present study, the original goal was to demonstrate that these actions of EPSPs and IPSPs 

need not be limited to cortical cells. Insofar, our primary objective was to show that 

motoneurons are not simple input-output devices, devices whose input-output 

relationship is fixed or altered only by extrinsic influences such as neuromodulatory 

input. Instead, we intended to show that the addition of membrane potential fluctuations 

due to synaptic activity could also significantly alter motoneuron input-output. We have 

accomplished this goal, albeit in a manner that is notably different from the cortical 

neuron literature.  

In the aforementioned studies, the introduction of noise resulted in a change in 

gain, defined as a change in the slope of the input-output relationship of cortical neurons. 

The present study moves away from a gain-centric perspective on the consequences of 

noise in the control of neuronal input-output properties. We have shown that fluctuating 

membrane potentials affect the activation of voltage dependent Ca2+ channels on the 

dendrites of motoneurons and the magnitude to which these channels are affected is 

determined by their location. If these channels are located in proximal regions of the 
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dendrites, as in small cells, transient currents due to EPSPs are less effective in activating 

Ca2+ channels than steady-state current of the same magnitude. On the other hand, the 

response of these channels at more distal sites in large cells was the same for transient or 

steady state currents. Thus, we have shown that the input-output properties of 

motoneurons, which are highly dependent on these sets of channels (Figure 3.3b vs. 

3.4b), are not static and can be altered by changing the properties of the input presented 

to the motoneuron. 

4.2 Limitations of Methodology 

4.2.1 Limitations of the Model 

4.2.1.1 Variable Action Potential Threshold 

 In motoneurons, the threshold for action potentials is not fixed. There are two 

ways by which the threshold has been observed to change. In one mode, the action 

potential threshold changes such that, with greater magnitude current injections, the 

threshold for firing depolarizes (Granit et al 1963b, Figure 1). Alternatively, Schwindt & 

Crill (1982) showed that, over the course of a sequence of action potentials evoked by a 

given magnitude of current, the action potential threshold gradually depolarized until 

reaching a ‘steady state’ where the interspike intervals approach a constant value. 

 In our models, we were unable to replicate these behaviours. Despite efforts to 

make the action potential threshold depolarize over the course of our simulations, the 

threshold remained static. We attempted to accomplish this by altering V1/2 of the Na+ 

channels or by altering the inactivation characteristics of these channels, but each change 
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was accompanied by unphysiological behaviours. Despite this, it is unlikely that the lack 

of a variable action potential threshold would negatively alter the findings described in 

the present study.  

 If a variable action potential threshold were implemented similar to the one 

described by Granit et al (1963b), the frequency of discharge for all of our models would 

likely decrease uniformly. The reasoning behind this is that a depolarized threshold 

requires more current at the soma in order to create discharge patterns similar to what is 

presented. There is no obvious reason as to why there would be a difference between 

variable action potential thresholds in models with noisy or tonic membrane potentials. 

Thus, the graphs presented in Figs. 3.3b-3.5 would have lower discharge frequencies for 

any level of excitatory synaptic activity, but the differences in discharge between 

transient and tonic synapses would likely remain. 

 Similarly, if a variable action potential threshold were implemented such that the 

threshold changed over the course of a particular simulation until reaching a steady state 

discharge (Schwindt & Crill 1982), we do not believe the present findings would have 

been affected. Our primary result has been that noise influences the activation of 

proximal L-type Ca2+ channels on the dendrites of motoneurons. It is conceivable that, if 

a variable action potential threshold that changed across the course of a particular 

simulation were implemented, more somatic current would reach the proximal hotspots 

instead of being shunted out by action potentials occurring at hyperpolarized values – 

depolarizing the action potential onset gives somatic current time to spread into the 



 

78 

 

dendrites. This current would likely cause the PICs to activate sooner in proximal 

hotspots. Such a result would only serve to increase the difference in PIC activation due 

to transient or tonic synapses that has been described in the Results. The reason for this 

lays in the supposition that noisy membrane potentials should introduce a small amount 

of stochastic resonance and thereby increase the discharge frequencies seen at low levels 

of synaptic excitation. As suggested by Elbasiouny et al (2006), the hyperpolarization 

associated with additional action potentials would spread to the hotspots and act to block 

the activation of the L-type Ca2+ channels. Thus the onset of the secondary range in 

transient models would require a higher level of synaptic excitation, despite a higher 

primary range. 

4.2.1.2 Lack of Sodium PICs 

 As described in section 1.2c, there are two types of PICs prevalent in 

motoneurons; one is dependent on Ca2+ and the other is Na+-mediated. In the present 

study, only Ca2+ PICs were implemented and this was done in a deliberate manner. The 

reason for this is rooted in the understanding that the locations of the channels 

responsible for Ca2+-dependent PICs are well-characterized (Bui et al 2006, Elbasiouny 

et al 2006, Grande et al 2007) whereas a similar literature for the channels responsible for 

Na+ PICs is absent (Heckman et al 2003, Heckman et al 2005). As a result, incorporating 

Na+-mediated PICs into our models would have been done without a good justification 

for their assigned location and density. In the absence of these constraints, the addition of 

said channels would be arbitrary at best. 
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 It is believed that the function of Na+ PICs is to act as a trigger to activate Ca2+ 

PICs. This is due to the relatively fast response of Na+ channels to changes in membrane 

potential (Powers & Binder 2003, Li et al 2003, Heckman et al 2005). This could have 

several consequences, but these consequences would likely depend on the location of the 

channels. If the Na+ PIC channels were solely located on the soma, sub-threshold 

fluctuations in membrane potential may activate the Na+ PICs whereas membrane 

potentials that do not contain such fluctuations would not. Consequently, the activation of 

these currents would result in higher discharge frequencies in the transient models as 

opposed to the tonic models. This would be especially evident in regions of the F-I 

relationship exhibiting low discharge rates because such areas would be most susceptible 

to the differences in response of the models to sub-threshold fluctuations in membrane 

potential.  

 In small cells, it is possible that the activation of these Na+ PICs would introduce 

sufficient current that could passively spread to proximal hotspots. This would occur only 

when the Na+ PIC current is given sufficient time to passively travel to the dendritic 

hotspots. In order to do so, the cell would need to be firing at a relatively low level of 

discharge because the action potential provides a large shunt for current present at the 

soma (Hausser et al 2001). However, any sustained input of current at the soma, such as 

that introduced by somatic Na+ PICs, would also result in an increase in firing frequency. 

These discharges would preclude any effects a current due to somatic Na+ PICs would 

have on dendritic hotspots. Thus, the frequency-excitation relationships presented for 
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transient models would likely only experience an increase in discharge in the primary 

range where subthreshold fluctuations would activate somatic Na+ PICs, but these effects 

would likely not transfer to the dendritic Ca2+ PICs and, consequently, the secondary and 

tertiary ranges of firing. 

The consequences of Na+ PICs arising from channels on the dendrites are more 

difficult to predict in the absence quantitative description of the location and density of 

the channels. However, if we assume that these channels are distributed uniformly at a 

low density (i.e. too low to generate action potentials in keeping with the absence of 

evidence for action potentials in motoneuron dendrites), these channels may increase the 

voltage fluctuations caused by transient synaptic activity. EPSPs, especially the larger 

EPSPs evoked by synapses on intermediate and distal dendrites, would be amplified. 

IPSPs would also be amplified due to the steady-state depolarization caused by the 

sustained activation of these channels and so increasing the driving potential for 

inhibitory synapses. Thus, the differences in the response of motoneurons to transient and 

steady-state synaptic activity reported presently may, in fact, underestimate the 

magnitude of these differences.   

4.2.2 Limits of Genetic Algorithms 

 Genetic algorithms are mainly used to explore the parameter space for a given 

problem in a robust manner that avoids the unpredictability of brute force methods that 

may require hundreds of hours to refine (Poirazi, Brannon, and Mel, 2003). In the present 

study, genetic algorithms were used to alter a set of parameters that defined the behaviour 
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of our models. The goal was to match known properties of motoneurons, including some 

that are related to the size of the dendritic tree. Consequently, the genetic algorithm was 

used to alter the densities of somatic voltage-dependent channels such that the models 

generated a rhythmic discharge of action potentials. Further, these rhythmically firing 

models were subjected to a series of increasing current injections to create an F-I 

relationship. These F-I relationships were constrained to exhibit bilinear behaviour and a 

range of discharge frequencies specific for small and large motoneurons as described in 

the literature (see Introduction). Although the majority of these goals were satisfied, some 

exceptions remained. 

 Many features of the models closely matched the known properties of 

motoneurons. These features included AHP size and duration (Zwaagstra & Kernell 

1980), action potential height and shape (Granit et al 1963b) and inter-spike intervals 

during rhythmic firing after adaptation (Schwindt & Crill 1982). The F-I relationship for 

each cell model (presented in Fig. 3.1) was compared to experimentally observed 

discharge maxima/minima according to cell size. Herein, we were unable to satisfy all 

goals. For example, a primary objective was to reproduce bilinear F-I relationships. In 

small cells, this does not appear to have been satisfied. Instead, the F-I relationship of the 

small cell models was exponential. Another criterion was to have discharge patterns 

consistent with cell size whereby the frequency at which large motoneurons fire 

rhythmically is typically higher for a given injection of current than for small motoneuron 
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rhythmic discharge (Kernell 1965c, Kernell 1980, Zwaagstra & Kernell 1980). This 

condition was not satisfied (Fig. 3.1).  

 The reason that the genetic algorithm was unable to find a solution that satisfied 

all conditions was likely due to the fact that the satisfactory completion of one condition 

precluded the completion of another condition given the parameter space available to the 

algorithm. For instance, in order to meet the criterion for higher discharge frequencies in 

large motoneurons compared to small motoneurons, the density of somatic channels that 

influence frequency of discharge could have been altered (e.g. increasing Na+ channel 

density); however, this change would also affect the shape and height of the action 

potential thereby reducing the match of the model to experimental data.  

 Despite these caveats, it is unlikely that these inconsistencies affect the 

interpretation of our results. If we had been able to replicate the F-I relationships as 

described in Fig. 1.2c, the relationship of frequency of discharge vs. injected current for 

our large motoneuron models would have been shifted upwards. This shift would be 

present regardless of the presence or absence of PICs or the presence or absence of noise. 

The reason for this is that noise should only add stochastic resonance to the models. 

There do not seem to be any obvious reasons as to why increased discharge in large 

motoneuron models would alter the activation of the PICs. Thus, the fact that our models 

did not exactly replicate this particular feature of motoneuron discharge does not affect 

our interpretations. 
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 In future work, the parameter space available to the genetic algorithms should be 

expanded. For example, it is unlikely that the densities of channels we assigned to the 

initial segment are the only set that could meet our criteria.. Thus, allowing the genetic 

algorithm the ability to modify said densities will provide a more comprehensive 

parameter search. Secondly, altering parameters in addition to channel density may 

provide the means to replicate more experimentally observed features of motoneurons. 

For example, inclusion of V1/2 or channel time constants may be fruitful. Finally, a single 

set of starting points were used for each of the variables in the models. Allowing the 

algorithm to randomly assign starting parameters to the variables available to it could 

increase the breadth of possibilities available as final model solutions. 

4.2.3 Location of L-type Ca2+ Channels  

 The location of the PICs is based on methodology adapted from Bui et al (2006). 

In agreement with Grande et al (2007), the location of the hotspots depends on the size of 

the motoneuron. As the size of the motoneuron model increases (based on surface area), 

the hotspots are located progressively further from the soma. By placing the hotspots in 

these locations, the models were able to replicate the changes in somatic threshold for 

activation of PICs caused by excitatory or inhibitory synaptic activity (Bennett et al, 

1998). This was not possible if the distal hotspots on large motoneurons were moved 

proximally or the proximal hotspots on small motoneurons were moved distally 

 In contrast to the dendrite-centric allocation of Ca2+-mediated PICs in 

motoneurons, Moritz et al (2007) has shown that behaviours typically attributed to 
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dendritic PICs can be replicated by activation of Ca2+ channels on the somata of rat 

hypoglossal motoneurons. This suggests that channels responsible for Ca2+ PICs may also 

exist on the somata of spinal motoneurons. If true, they must have a low density. 

Otherwise, the change in somatic threshold for activation of PICs caused by excitatory or 

inhibitory synaptic activity (Bennett et al 1998) and the ‘staircase’ appearance of inward 

calcium currents following voltage-clamp steps (Carlin et al 2009) that are due to 

dendritic hotspots would be lost (Bui et al 2006, Carlin et al 2009).   

 It is unlikely that a low density of L-type Ca2+ channels on the soma would alter 

our results since the activation of these channels in the soma-only model was the same in 

the noisy and noise-free simulations. Thus, the net effect of the somatic L-type Ca2+ 

channels would be an additional inward current on the soma. This might shift the onset of 

the secondary range to the left, but the shift should be the same regardless of whether the 

synapses were tonic or transient. It is possible that the inclusion of dendrites on the soma-

only model would show a difference in activation between tonic and transient currents. In 

this case, the result that tonic synapses lessen the threshold for secondary range onset in 

small motoneurons may increase in magnitude due to a somatic Ca2+ PIC that favours 

tonic input over transient input. 

4.2.4 Injection of Noisy Current into Hotspots 

 The injection of noisy membrane potential-based currents has led to two key 

issues. Firstly, the noise that we used in our current injection trials was not equivalent to 

the noise that the hotspots were subjected to in the models that were activated via 



 

85 

 

synaptic activation, henceforth referred to as ‘full models’. Because we needed voltage 

profiles that did not contain back-propagating action potentials and AHPs, we extracted 

voltage profiles from models subject to low levels of balanced synaptic excitation (1.6% 

of all excitatory synapses were activated at 50 Hz) and inhibition (2.0% of all inhibitory 

synapses were activated at 25 Hz) – this resulted in a model with no action potentials. 

Consequently, the amount of noise present during this balanced state was likely lower 

than the amount of noise present during PIC activation in the full models (eg. the 

secondary range onset for LVN4-1 occurred at 33.6%E). Despite these lower noise 

levels, the activation of the PICs with noisy current as opposed to tonic current was 

delayed in small cells.  

 Secondly, the results presented in Fig. 3.7a show that the activation of the PICs 

was delayed, not blocked, by the injection of noisy current. In the ‘full models’, though, 

we measured whether hotspots were ‘on’ or ‘off’ and did not take delays into account. 

Thus, the suppression of PICs in the ‘full models’ is not the same as the suppression seen 

in the current injection models. Consequently, the bar graph in Fig. 3.7b which compares 

hotspot activation between ‘full models’ and current injection models does not show a 

relationship that compares two identical variables. Instead, it shows that, in small cells, 

transient input is not as strong in activating the hotspots as tonic current is. 

  It is possible that the delay in activation of hotspots in response to noisy current 

injections was seen as only a delay because the noise was lower than what is present 

during activation in the ‘full models’. If the noise present in the injections were to match 
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the noise present during PIC activation in the ‘full models’, it is possible that the PICs 

would be delayed such that they would not activate over the course of the current 

injection simulation. Thus, we suggest that the difference in type of suppressed activation 

(e.g. delayed versus blocked) may be due to differences in noise levels. An example of 

similar behaviour has been presented in Fig. 3.4 where the difference in the secondary 

range of firing between tonic and transient synaptic activity increased when the inhibitory 

synapses were positioned in the proximal 1/3rd of the dendrites – possibly causing an 

increase in the level of noise present at the hotspots.  

4.2.5 Sample Size 

 In large motoneuron models, the number of distinct synaptic events over the 

course of a 500 ms run during a state in which 33.6% of all excitatory synapses were 

activated at 50 Hz and 2% of all inhibitory synapses were activated at 25 Hz was close to 

363,000. Each of these individual synaptic events caused a local conductance change in 1 

of approximately 4,500 compartments across the time course of the simulation. Each 

conductance change introduced an amount of current which was dependent on the local 

membrane potential at the time of the synaptic event. This current then travelled into 

adjacent compartments and the membrane potential in those compartments changed 

accordingly. If there were voltage-dependent channels in a compartment, the simulation 

software calculated the effect of how these voltage changes affected the current passed by 

these channels. Insofar, it is an understatement to note that these models are complex, 

time-consuming and computationally intensive. The amount of time to run a single 
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transient model could take from 1 day in small cells with small amounts of synaptic 

activity to 10 days in large cells with high numbers of synapses. These are single points 

in Figures 3.2b and 3.3b and, prior to running these simulations, one must find proper 

operating parameters for the cell using genetic algorithms (see Methods 2.5). Thus, the 

experiments conducted in the present study required one to maintain a balance between 

robustness of the results and time required to run a set of simulations.  

Although it would be ideal to sample from a larger population of motoneurons, 

constraints in computational time and power have limited us to using 2 sets of 

motoneurons, where each set represents 1 end of the spectrum of motoneuron size. The 

reason for using size as a principle for motoneuron classification is discussed at length in 

the literature (see Discussion 4.3). Within each population, we utilized 2 cells. Using 2 

cells per population group allowed us to confirm our findings within each population. 

Ideally, the present study would have utilized a larger ‘n’ of cells, but the aforementioned 

limitations did not allow for more cells than currently presented.  

In the future, studies will need to examine a greater number and range of 

motoneuron subtypes. First and foremost, there needs to be a larger number of 

motoneurons examined at either size extreme in order to confirm the present results. 

Secondly, it would be useful to study intermediate motoneurons in order to see if the 

findings in the present study occur in a linear manner as hotspots are moved more distally 

or whether there is a distinct region at which, if the hotspots move further distally, the 

PIC suppression via noisy membrane potentials described herein is no longer exhibited. 
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4.3 Motoneuron Size 

  As described above, it was imperative to choose motoneurons that represent the 

wide range in values that are characteristic of many of the properties of motoneurons. We 

chose to base our selection of motoneurons on size because it has been established that 

motoneuron size is related to motor function (Burke 1968). In the present study, this led 

to us choosing cells from the small (LVN4-1, DVS32-4) and large (DVS14-1, DVS22-2) 

spectrum of motoneuron sizes. In this manner, we hoped to establish a size to function 

relationship for model responses to noisy and tonic membrane potentials. 

 It has been established that motoneuron size plays a key role in function because 

of a number of factors. Firstly, Burke (1968) has shown that small motoneurons innervate 

type S (slow) muscle fibres, whereas large motoneurons innervate type FF (fast 

fatiguing). Each muscle fibre is responsible for a specific type of behaviour. Type S 

fibres are thought to be responsible for tonic, postural control of muscles whereas type FF 

fibres are responsible for fast, powerful movements (Andersen et al 2000). Thus, the size 

of a motoneuron directly correlates with its motor function. Consequently, our choice to 

use cells based on their size, with one set of cells in the low size spectrum for 

motoneurons and the other set at the high end is justified for qualifying behaviour across 

the motoneuron pool.  

4.4 Mechanism 

 The findings of the present study are counterintuitive for a number of reasons. 

Firstly, it has been established that Ca2+-mediated PICs are relatively slow currents due to 
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the protracted time needed to activate the channels responsible for said current (Carlin et 

al 2000a). As described by Carlin et al (2000a), the time constant for full activation of 

these channels is 20 msec. Consequently, the reaction of these channels to transient 

fluctuations in membrane potential, fluctuations that typically rise and fall within 2 

milliseconds, should have little to no effect on their activation. Yet, we have found that, 

depending on their location, these fluctuations alter the responsiveness of the channel.  

 In the process of determining the mechanism of this finding, we discovered that 

the location of the channels is just as important as whether the fluctuations are present or 

not. This finding suggests that the characteristics of the fluctuations may play a large part 

in PIC activation. As reviewed in section 1.2, the voltage response of proximal and distal 

regions of the dendrites to transient changes in conductance differs. In proximal 

dendrites, fast synaptic conductances cause small, slow rising and slow decaying 

transients. In distal dendrites, the same change in conductance causes large transients that 

rise and fall relatively quickly. These differences may be responsible for the differential 

responses to noisy membrane potentials in proximal and distal hotspots.  

Future studies that characterize the response of L-type Ca2+ channels to 

fluctuations in membrane potential will need to address this issue. Specifically, they 

should examine the response of these channels to fast-fluctuating noise, high amplitude 

noise and noise whose rise and fall characteristics are varied in a systematic manner. The 

answers to these issues will give us greater insight into exactly what properties of the 
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noise present in proximal and distal hotspots in motoneuron dendrites are responsible for 

the variable activation of PICs. 

4.5 Significance of Findings 

 So far as we know, this is the first time that the activation of PICs has been shown 

to react to fluctuations in membrane potential. Such a finding raises issues as to why this 

effect has not been seen before. In past studies examining PIC activation using synaptic 

input, the authors have typically activated PICs via high-frequency tendon vibration 

which activated Ia afferents which provide input to motoneuron dendrites (Lee & 

Heckman 2000,). In response, the afferents discharge rhythmically at 180-200 Hz. 

Moreover, modeling studies (Elbasiouny et al 2005, 2006) have used similarly high 

frequency input (200 Hz) with independent trains of synaptic input that were interleaved 

with one another. Such high-frequency synaptic activity results in post-synaptic 

conductance changes that occur in such rapid succession where summation may lead to a 

smoothing of the membrane potential. Preliminary tests of this hypothesis have 

confirmed these findings. 

In a broader way, our findings represent a new way by which noisy membrane 

potentials may regulate the input-output properties of neurons. Traditionally, the 

literature has focused on how noisy membrane potentials affect the properties of cellular 

discharge at the initial segment (Chance et al 2002, Prescott et al 2003). Herein, we take 

an alternative route in attempting to understand properties affected by noisy membrane 

potentials. The focus of the present study was PICs and the channels responsible for such 
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currents. We have shown that the activation of these channels depends on the absence or 

presence of synaptic noise. 

A recent study by Gutkin & Tuckwell (2009) has shown a similar effect of noise 

in simplified Hodgkin-Huxley models. They describe how, when noise is added to an 

input, there is a region in which, if the standard deviation of noise is above some 

threshold and below another, the discharge rate of the cell decreases, despite the total 

conductance of the input remaining the same. Similar findings have been found in vivo in 

rat Purkinje cells by Rieubland et al (SfN 2009 Abstract). This phenomenon has been 

named inverse stochastic resonance and it refers to the ability for noise to reduce output 

for equivalent tonic input. Of particular relevance to our work, Rieubland et al (2009) 

have found that inverse stochastic resonance is present only in neurons that exhibit 

bistable behaviour. As described by Lee & Heckman (1998), motoneurons with a large 

input conductance do not exhibit bistable behaviour whereas motoneurons with a small 

input conductance are bistable. Since input conductance is positively correlated with cell 

size (Cullheim et al 1987), the inverse stochastic resonance seen in Purkinje cells and 

motoneurons may share a common basis even though the bistability in Purkinje cells and 

motoneurons is due to fundamentally different mechanisms. 

4.6 Summary Remarks 

 From initially being labeled as a cell with fixed input-output properties, the 

motoneuron has gone through a profound transition in the last few decades. This 

transition began when it was established that the motoneuron dendrites contain a variety 



 

92 

 

of voltage-dependent channels that greatly enhance synaptic input and allow for bistable 

behaviour. With these discoveries, further study showed that the currents mediated by 

these channels could be modulated. Initially thought to be the sole domain of 

neuromodulatory input, we have shown that local membrane potential fluctuations also 

alter the activation of the channels responsible for such currents. In doing so, we have 

provided yet more evidence to the view that motoneurons are modifiable and their output 

need not be fixed for a given input. Indeed, Mother Nature has designed a system where 

the sum of the parts is greater than the whole. 

 



 

93 

 

References 

Alaburda, Aidas, R Russo, N MacAulay, and Jørn Hounsgaard. 2005. "Periodic high-
conductance states in spinal neurons during scratch-like network activity in adult 
turtles.." Journal of Neuroscience 25:6316-21. 
 
Andersen, JL; Schjerling, P; Saltin, B. 2000. "Muscle, Genes and Athletic Performance" 
Scientific American p 49-57.  

Barrett, John N, and Wayne E Crill. 1974. "Specific Membrane Properties of Cat 
Motoneurones." Journal of Physiology 301-324. 

Bennett, David J, Hans Hultborn, Brent Fedirchuk, and Monica A Gorassini. 1998. 
"Synaptic Activation of Plateaus in Hindlimb Motoneurons of Decerebrate Cats." Journal 
of Neurophysiology 2023-2037. 

Berg, Rune W, Aidas Alaburda, and Jørn Hounsgaard. 2007. "Balanced inhibition and 
excitation drive spike activity in spinal half-centers." Science 315:390-3. 

Berg, Rune W, Susanne Ditlevsen, and Jørn Hounsgaard. 2008. "Intense synaptic activity 
enhances temporal resolution in spinal motoneurons." PLoS ONE 3:e3218. 

Bernander, Orvind, Rodney J Douglas, Kevan A C Martint, and Koch Christof. 1991. 
"Synaptic background activity influences spatiotemporal integration in single pyramidal 
cells." Proceedings of the National Academy of Science 88:11569-11573. 

Binder, Marc D. 2001. “Relationship between simulated common synaptic input and 
discharge synchrony in cat spinal motoneurons.” Journal of Neurophysiology. 86:2266-
2275. 

Bui, Tuan V, Giovanbattista Grande, and P Ken Rose. 2008. "Relative location of 
inhibitory synapses and persistent inward currents determines the magnitude and mode of 
synaptic amplification in motoneurons." Journal of Neurophysiology 99:583-94. 

Bui, Tuan V, Maria Ter-Mikaelian, Diane Bedrossian, and P Ken Rose. 2006. 
"Computational estimation of the distribution of L-type Ca2+ channels in motoneurons 
based on variable threshold of activation of persistent inward currents.." Journal of 
Neurophysiology 95:225-41. 

Bulsara A, Jacobs EW, Zhou T, Moss F, Kiss L. 1991. “Stochastic resonance in a single 
neuron model: theory and analog simulation.” J. Theor. Biol. 152(4):531-5. 



 

94 

 

Burke, Robert E. 1968. "Firing Pattens of Gastrocnemius Motor Units in the Decerebrate 
Cat." Journal of Physiology 631-654. 

Calvin, William H, and Charles F Stevens. 1967. "Synaptic Noise as a Source of 
Variability in the Interval between Action Potentials." Science 155:842-844. 

Carlin, K P, K E Jones, Z Jiang, L M Jordan, and R M Brownstone. 2000. "Dendritic L-
type calcium currents in mouse spinal motoneurons: implications for bistability." 
European Journal of Neuroscience 12. 

Carlin, K P, Z Jiang, and R M Brownstone. 2000. "Characterization of calcium currents 
in functionally mature mouse spinal motoneurons." European Journal of Neuroscience 
12:1624-1634. 

Carlin, K P, T V Bui, Y Dai, and R M Brownstone. 2009. “Staircase currents in 
motoneurons: insight into the special arrangement of calcium channels in the dendritic 
tree.” Journal of Neuroscience. 29(16):5343-5353. 

Chance, Frances S, L F Abbott, and Alex D Reyes. 2002. "Gain Modulation from 
Background Synaptic Input." Neuron 35:773-782. 

Conradi S, Kellerth JO, Berthold CH, Hammarberg C. 1979. “Electron microscopic 
studies of serially sectioned cat spinal alpha-motoneurons. IV. Motoneurons innervating 
slow-twitch (type S) units of the soleus muscle.” J Comp Neurol. 184:769-82. 

Conway, Bernard A, Hans Hultborn, Ole Kiehn, and Isabelle Mintz. 1988. “Plateau 
potentials in alpha-motoneurons induced by intravenous injection of L-Dopa and 
Clanidine in the spinal cat.” Journal of Physiology. 405:369-384. 

Cullheim S, Kellerth JO. 1978. “Morphological study of the axons and recurrent axon 
collaterals of cat sciatic alpha-motoneurons after intracellular staining with horseradish 
peroxidase.” J Comp Neurol. 178:537-57. 

Cullheim, S, and B Ulfhake. 1979. "Relations between Cell Body Size, Axon Diameter 
and Axon Conduction Velocity of Triceps Surae Alpha Motoneurons during the Postnatal 
Development in the Cat." Journal of Comparative Neurology 679-686. 

Cullheim, S, James W Fleshman, L L Glenn, and Robert E Burke. 1987. "Membrane 
Area and Dendritic Structure in Type-Identified Triceps Surae Alpha Motoneurons." 
Journal of Comparative Neurology 68-81. 



 

95 

 

Cushing, Sarah, Tuan V Bui, and P Ken Rose. 2005. "Effect of nonlinear summation of 
synaptic currents on the input-output properties of spinal motoneurons." Journal of 
Neurophysiology 94:3465-78. 

Destexhe, Alain, and Denis Paré. 1999. "Impact of Network Activity on the Integrative 
Properties of Neocortical Pyramidal Neurons In Vivo." Journal of Neurophysiology 
1531-1547. 

Destexhe, Alain, Michael Rudolph, and Denis Paré. 2003. "The high-conductance state of 
neocortical neurons in vivo." Nature reviews. Neuroscience 4:739-51. 

Elbasiouny, Sherif M, David J Bennett, and Vivian K Mushahwar. 2005. "Simulation of 
dendritic CaV1.3 channels in cat lumbar motoneurons: spatial distribution." Journal of 
Neurophysiology 94:3961-74. 

Elbasiouny, Sherif M, David J Bennett, and Vivian K Mushahwar. 2006. "Simulation of 
Ca2+ persistent inward currents in spinal motoneurones: mode of activation and 
integration of synaptic inputs." Journal of Physiology 570:355-74. 

Fleshman, James W, I Segev, and Robert E Burke. 1988. "Electrotonic Architecture of 
Type-Identified alpha-Motoneurons in the Cat Spinal Cord." Journal of Neurophysiology 
60:60-85. 

Grande, Giovanbattista, Tuan V Bui, and P Ken Rose. 2007. "Estimates of the location of 
L-type Ca2+ channels in motoneurons of different sizes: a computational study." Journal 
of Neurophysiology 97:4023-35. 

Granit, R, D Kernell, and G K Shortess. 1963a. "Quantitative Aspects of Repetitive 
Firing of Mammalian Motoneurones, Caused by Injected Currents." Journal of 
Physiology 911-931. 

Granit, R, D Kernell, and G K Shortess. 1963b. "The Behaviour of Mammalian 
Motoneurones During Long-Lasting Orthodromic, Antidromic and Trans-membrane 
Stimulation." Journal of Physiology 743-754. 

Granit, R, D Kernell, and R S Smith. 1963c. "Delayed Depolarization and the Repetitive 
Response to Intracellular Stimulation of Mammalian Motoneurones." Journal of 
Physiology 890-910. 

Granit, R, D Kernell, and Y Lamarre. 1966a. "Algebraical Summation in Synaptic 
Activation of Motoneurones Firing Within the 'Primary Range' to Injected Currents." 
Journal of Physiology 379-399. 



 

96 

 

Granit, R, D Kernell, and Y Lamarre. 1966b. "Synaptic Stimulation Superimposed on 
Motoneurones Firing in the 'Secondary Range' to Injected Current." Journal of 
Physiology 401-415. 

Guertin, P A, and Jørn Hounsgaard. 1999. "Non-volatile General Anaesthetics Reduce 
Spinal Activity by Suppressing Plateau Potentials." Letter to Neuroscience 88:353-358. 

Gutkin BS, Tuckwell H, Jost J. 2009. “The inhibition and modulation of rhythmic spiking 
by noise in the Hodgkin-Huxley neuron.” SfN Meeting Abstract, Nov 2009. 

Heckman, C J, and M D Binder. 1988. “Analysis of effective synaptic currents generated 
by homonymous Ia afferent fibers in motoneurons of the cat.” Journal of 
Neurophysiology. 60:1946-1966. 

Heckman, C J, and M D Binder. 1991. “Computer simulation of the steady-state input-
output function of the cat medial gastrocnemius motoneuron pool.” Journal of 
Neurophysiology. 65:952-967. 

Heckman, C J, Robert H Lee, and R M Brownstone. 2003. "Hyperexcitable dendrites in 
motoneurons and their neuromodulatory control during motor behaviour." Trends in 
Neurosciences 26:688-695. 

Heckman, C J, Monica A Gorassini, and David J Bennett. 2005. "Persistent inward 
currents in motoneuron dendrites: implications for motor output." Muscle & nerve 
31:135-56. 

Hodgkin, A L, and A F Huxley. 1952. "A quantitative description of membrane current 
and its application to conduction and excitation in nerve." Journal of Physiology 500-
544. 

Hornby, T George, Jennifer C Mcdonagh, Robert M Reinking, and Douglas G Stuart. 
2002. "Effects of Excitatory Modulation on Intrinsic Properties of Turtle Motoneurons." 
Journal of Neurophysiology 86-97. 

Hounsgaard, Jørn, and Ole Kiehn. 1984. "Intrinsic membrane properties causing a 
bistable behaviour of alpha motoneurones." Experimental Brain Research. 55:391-394. 

Hounsgaard, Jørn, Ole Kiehn, and Isabelle Mintz. 1988. "Response properties of 
motoneurones in a slice preparation of the turtle spinal cord." Journal of Physiology 575-
589. 



 

97 

 

Hounsgaard, Jørn, and Ole Kiehn. 1989. "Serotonin-induced bistability of turtle 
motoneurons caused by nifedipine-sensitive Ca++ plateau potential." Journal of 
Physiology 8644:265-282. 

Hounsgaard, Jørn, and Ole Kiehn. 1993. "Calcium spikes and calcium plateau evoked by 
differential polarization in dendrites of turtle motoneurons in vitro." Physiology 245-259. 

Ito, M., Oshima, T. “Electrical behaviour of the motoneuron membrane during 
intracellularly applied current steps.” J. Physiol. Lond. 180: 607-635, 1965. 

Kellerth JO, Berthold CH, Conradi S. 1979. “Electron microscopic studies of serially 
sectioned cat spinal alpha-motoneurons. III. Motoneurons innervating fast-twitch (type 
FR) units of the gastrocnemius muscle.” J Comp Neurol. 184:755-67. 

Kernell, D. 1965a. “The adaptation and the relation between discharge frequency and 
current strength of cat lumbosacral motoneurones stimulated by long-lasting injected 
currents.” Acta Physiologica Scandinavica. 65: 65-73. 

Kernell, D. 1965b. “High-frequency repetitive firing of cat lumbrosacral motoneurons 
stimulated by long-lasting injected currents.” Acta Physiologica Scandinavica. 65: 74-86. 

Kernell, D. 1965c. “The limits of firing frequency in cat lumbosacral motoneurones 
possessing different time course of afterhyperpolarization.” Acta Physiologica 
Scandinavica. 65: 87-100. 

Kernell, D, and B Zwaagstra. 1981. "Input Conductance, Axonal Conduction Velocity 
and Cell Size Among Motoneurones of the Cat." Brain Research 311-326. 

Kernell, D. 1979. "Rhythmic properties of motoneurones innervating muscle fibres of 
different speed in m. gastrocnemius medialis of the cat." Brain Research 159-162. 

Lee, Robert H, and C J Heckman. 1996. "Influence of Voltage-Sensitive Dendritic 
Conductances on Bistable Firing and Effective Synaptic Current in Cat Spinal 
Motoneurons In Vivo." Journal of Neurophysiology 76:2107-2110. 

Lee, Robert H, and C J Heckman. 1998. "Bistability in Spinal Motoneurons: Systematic 
Variations in PICs." Journal of Neurophysiology 583-593. 

Lee, Robert H, and C J Heckman. 2000. "Adjustable Amplification of Synaptic Input in 
the Dendrites of Spinal Motoneurons." Journal of Neuroscience 20:6734-6740. 



 

98 

 

Li, Yunru, and David J Bennett. 2003. "Persistent sodium and calcium currents cause 
plateau potentials in motoneurons of chronic spinal rats." Journal of Neurophysiology 
90:857-69. 

Mehrotra K, Mohan CK, Ranka S. 1996. “Elements of Artificial Neural Networks.” The 
MIT Press. ISBN-10: 0-262-13328-8. 

Moritz, Anna T, Gregory Newkirk, Randall K Powers, and Marc D Binder. 2007. 
"Facilitation of somatic calcium channels can evoke prolonged tail currents in rat 
hypoglossal motoneurons.." Journal of neurophysiology 98:1042-7. 

Poirazi, P, T Brannon, B W Mel. 2003. “Pyramidal neuron as two layer neural network.” 
Neuron. 6:989-999. 

Powers RK, Binder MD. 2001. “Input-output functions of mammalian motoneurons.” 
Rev Physiol Biochem Pharmacol. 143:137-263. 

Powers, Randall K, and Marc D Binder. 2003. “Persistent sodium and calcium currents in 
rat hypoglossal motoneurons.” Journal of Neurophysiology. 89: 615-624. 

Prescott, Steven A, and Yves De Koninck. 2003. "Gain control of firing rate by shunting 
inhibition: Roles of synaptic noise and dendritic saturation." Proceedings of the National 
Academy of Science 100:2076-2081. 

Rall, Wilfrid. 1962. "Physiological Properties of Dendrites." Annals New York Academy 
of Sciences 1071-1092. 

Rall W. 1977. Core conductor theory and cable properties of neurons. In: Handbook of 
Physiology. The Nervous System. Cellular Biology of Neurons. Bethesda, MD: Am. 
Physiol. Soc. sect. 1, vol. I, p. 39–97 

Rennie KJ, Streeter MA, Benke TA, Moritz AT. 2005. “Modeling channel properties in 
vestibular calyx terminals.” Biomed Sci Instrum. 41:358-63. 

Rieubland S, Roth A, Gutkin BS, Hausser M. 2009. “Inverse stochastic resonance and 
bistability in cerebellar Purkinje cells.” SfN Meeting Abstract, Nov 2009. 

Rothman, Jason S, Laurence Cathala, Volker Steuber, and R Angus Silver. 2009. 
"Synaptic depression enables neuronal gain control." Nature 457:1015-8. 

Rose PK, Keirstead SA, Vanner SJ. 1985. A quantitative analysis of the geometry of cat 
motoneurons innervating neck and shoulder muscles. J Comp Neurol. 239:89-107. 



 

99 

 

Salinas, Emilio, and P Thier. 2000. “Gain modulation: a major computational principal of 
the central nervous system.” Neuron. 27:15-21. 

Schwindt, Peter, and Wayne E Crill. 1977. "A persistent negative resistance in cat lumbar 
motoneurons." Brain Research. 120:173-178. 

Schwindt, Peter C, and Wayne E Crill. 1980a. "Properties of a Persistent Inward Current 
in Normal and TEA-Injected Motoneurons." Journal of Neurophysiology 43:1700-1724. 

Schwindt, C, and E Grill. 1980b. "Effects of Barium on Cat Spinal Motoneurons Studied 
by Voltage Clamp." Journal of Neurophysiology 44. 

Zengel, Janet E, Steven A Reid, George W Sypert, and John B Munson. 1985. 
"Membrane Electrical Properties and Prediction of Motor-Unit Type of Medial 
Gastrocnemius Motoneurons in the Cat." Journal of Neurophysiology 53: 1323-1344. 

Zwaagstra, B, and D Kernell. 1980. "The Duration of After-Hyperpolarization in 
Hindlimb Motoneurones of Different Sizes in the Cat." Neuroscience Letters 303-307. 
 


