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Abstract 

Subfornical organ (SFO) neurons exhibit heterogeneity in ionic current expression and spiking 

behaviour, where the two major phenotypes appear as tonic and burst firing. Insight into the mechanisms 

behind this heterogeneity is critical for understanding how the SFO, a sensory circumventricular organ, 

integrates and selectively influences autonomic nervous system, endocrine, and behavioural function. To 

integrate efficient methods for investigating this heterogeneity, we built a single-compartment, Hodgkin-

Huxley type model of an SFO neuron that is parameterized by SFO-specific in vitro voltage-clamp data. 

The model accounts for the individual membrane potential distribution and spike train variability of tonic 

and burst firing SFO neurons. Analysis of model dynamics confirms that a persistent Na+ and a Ca2+ 

current are required for burst initiation and maintenance, and suggests that a slow-activating K+ current 

may be responsible for burst termination in SFO neurons. Additionally, the model suggests that 

heterogeneity in current expression and subsequent influence on spike afterpotential underlies the 

behavioural differences between tonic and burst firing SFO neurons. The use of our model in coordination 

with in vitro electrophysiology experiments, provides a platform for explaining and predicting the 

response of SFO neurons to various combinations of circulating signals, as demonstrated by our 

preliminary investigation of inflammatory and cardiovascular signal integration. Our model predicts that 

24-hr incubation in tumor necrosis factor alpha, an inflammatory cytokine, will result in the potentiation 

of SFO neuron excitability in response to angiotensin II. This prediction provides a potential mechanism 

to support previous findings that inflammation may be potentiating angiotensin II actions in the SFO. 

Future studies will work to further elucidate the mechanisms underlying the integration of physiologically 

important signals in the SFO. 
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1.1 Homeostasis and the Circumventricular Organs 

Communication between control centers in the central nervous system (CNS) and 

peripheral body is vital in regulating physiology, homeostasis, and avoiding disease. Despite this, 

much of the CNS has limited direct communication with the periphery due to a protective 

organization of endothelial cells and supporting astrocytes that surround the CNS, termed the 

blood-brain barrier (BBB) (Dempsey & Wislocki, 1955; Brightman & Reese, 1969; Abbott et al., 

2006; Daneman & Prat, 2015). The BBB tightly regulates the flow of ions, peptides, and other 

constituents to protect the brain from potentially harmful toxins (Oldendorf, 1975; Oldendorf, 

1977). One mechanism through which the CNS overcomes this communication barrier is through 

structures that lack the normal BBB called circumventricular organs (CVOs). Permeability of 

larger ions and peptides between the CVOs and their capillaries is permitted via fenestrations in the 

endothelial cells that otherwise form tight junctions throughout the BBB (Gross et al., 1986; Gross 

& Weindl, 1987).  

CVOs are structures of neuronal cell bodies and glia that are situated around the ventricles 

and allow for the transmission of information between the CNS and peripheral circulation (Black 

et al., 2017). There are seven CVOs differentiated into two types: three sensory and four secretory. 

Sensory CVOs, including the organum vasculosum of the lamina terminalis (OVLT), area 

postrema, and the subfornical organ (SFO), sense signals, such as peptide hormones, from the 

peripheral circulation and allow these signals to influence neuronal activity within the CNS. 

Alternatively, the secretory CVOs, including the neurohypophysis, median eminence, intermediate 

lobe of the pituitary gland, and pineal gland, allow for signalling molecules produced in the CNS 

to be released into the peripheral circulation. Over the last few decades, the CVOs have been 

established as essential regulatory bodies within the CNS, specifically in the maintenance of 

autonomic nervous system (ANS) homeostasis (Cottrell & Ferguson, 2004; Fry & Ferguson, 

2007a; Ferguson, 2014). One sensory CVO in particular, the SFO, has recently been recognized as 
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an important integratory site for the regulation of ANS function (Smith & Ferguson, 2010), but 

much remains unknown regarding the cellular and molecular mechanisms through which the SFO 

influences a diverse range of ANS function. 

1.2 The Subfornical Organ (SFO) 

1.2.1 Anatomy and Connectivity 

The SFO is a forebrain structure located on the ventral surface of the fornix. The SFO, a 

sensory CVO, protrudes into the third ventricle and lacks the normal BBB. It is both highly 

vascularized (Dellmann & Simpson, 1979), and makes contact with cerebrospinal fluid (CSF) in 

the third ventricle via ependymal cells (McKinley et al., 2003), uniquely positioning the SFO to 

sense signals coming from the peripheral circulation as well as the CSF. Anatomically, the SFO is 

divided into an inner core region, containing mainly neuronal cell bodies and glial cells, and an 

outer peripheral zone, which is mostly composed of nerve fibers (Dellmann & Simpson, 1976; 

Dellmann, 1998). SFO neurons typically have an ovoid body shape ranging from 5-15 μm in 

diameter, extend 1 or 2 axons, and have a small, compact dendritic tree (Dellmann & Simpson, 

1979; Ferguson & Bains, 1996). 

 The SFO sends the majority of its efferent projections to important autonomic control 

centers in the hypothalamus, including the paraventricular nucleus (PVN) and supraoptic nucleus 

(SON) (Lind et al., 1984a; Lind, 1985; Tanaka et al., 1985), as well as the anteroventral third 

ventricle (AV3V) region, including the median preoptic nucleus (MnPO) and the OVLT (Miselis, 

1981; Lind et al., 1982; Lind, 1985). Anatomical studies have revealed that the SFO receives some 

reciprocal afferent input from the MnPO and lateral hypothalamus (Lind et al., 1984b; Ferguson & 

Bains, 1996), but the majority of afferent information to the SFO appears to come from the 

peripheral circulation as a result of its extensive vasculature and lack of a normal BBB (Sposito & 

Gross, 1987; Shaver et al., 1990; Smith & Ferguson, 2010).  
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1.2.2 Physiological Role  

The SFO has been shown to be an important site where integration of information from 

multiple circulating signals takes place and contributes to physiological regulation of the ANS 

(Smith & Ferguson, 2010). It is well established that SFO neurons express receptors for, and are 

sensitive to, a wide range of peptide hormones and other molecules across traditionally different 

physiological systems (Hindmarch et al., 2008; Hindmarch & Ferguson, 2016). This includes 

circulating factors such as angiotensin II (Ang II) (Ferguson & Bains, 1997; Hendel & Collister, 

2005), amylin (Riediger et al., 1999), ghrelin (Pulman et al., 2006), vasopressin (Washburn et al., 

1999a), apelin (Dai et al., 2013), cholecystokinin (Ahmed et al., 2014), glucose (Medeiros et al., 

2012), leptin (Smith et al., 2009), estrogen (Wang et al., 2000), interleukin 1β (Desson & 

Ferguson, 2003), and recently, tumor necrosis factor-alpha (Simpson & Ferguson, 2017).  

Responses to these substances manifest as changes in neuronal excitability and 

consequently, the SFO is able to modulate important downstream autonomic control centers and 

influence a diverse range of function including, but not limited to, fluid balance and salt-appetite 

(Smith et al., 2010; Matsuda et al., 2017; Zimmerman et al., 2017), reproduction (Limonta et al., 

1981), cardiovascular regulation (Mangiapane & Simpson, 1980; Mangiapane & Brody, 1983; 

Ferguson & Bains, 1996), and immune function (Takahashi et al., 1997; Yao et al., 2017; Yu et 

al., 2017). Importantly, the SFO is thought to integrate signals regarding these important 

physiological functions at the single neuron level. Electrophysiology experiments have 

demonstrated the ability of SFO neurons to integrate two or more signals, including multiple 

feeding signals (Pulman et al., 2006), cardiovascular signals (Hattori et al., 1988), as well as 

cardiovascular signals with other reproductive (Tanaka et al., 2001), metabolic (Cancelliere & 

Ferguson, 2017), or inflammatory (Simpson & Ferguson, 2018) signals. Despite these efforts, 

comprehensive investigation of this integration, especially across different physiological systems, 
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remains a challenge for patch-clamp electrophysiology techniques in view of the extended 

recording times necessary to evaluate such interactions. 

1.2.3 Intrinsic Properties 

The ability of SFO neurons to integrate and modify physiological function is the result of 

complex ion channel expression/modulation and its subsequent influence on membrane potential. 

SFO neurons have been widely studied using cultured, dissociated neurons, as well as with slice 

and in vivo preparations. These experimental protocols have allowed researchers to confirm many 

of the intrinsic electrophysiological properties of SFO neurons, including a resting membrane 

potential ranging from -65 mV to -57 mV, and high input resistance often exceeding 1 GΩ 

(Ferguson & Bains, 1996). The SFO has been shown to exhibit heterogeneity in K+ current 

expression based on channel subunit composition (Ono et al., 2005) and anatomical connectivity 

(Anderson et al., 2001), where the dominant voltage-gated K+ currents are a delayed-rectifier (IK) 

and a transient (IA) K+ current. Electrophysiological studies demonstrate that these K+ currents 

typically play a role in action potential repolarization and regulation of firing frequency (Ferguson 

& Li, 1996; Washburn et al., 1999a). Several additional currents have also been identified in SFO 

neurons through in vitro whole cell techniques, including transient (INaT) and persistent (INaP) Na+ 

currents (Ferguson & Bains, 1996; Fry & Ferguson, 2007b; Kuksis & Ferguson, 2015), high-

voltage activated L- and N-type Ca2+ currents (Washburn & Ferguson, 2001b; Wang et al., 2013), 

and a Ca2+-activated non-selective cationic current (INSCC), likely carried by transient receptor 

potential vanilloid 1 (TRPV1) and 4 (TRPV4) channels (Washburn et al., 1999b; Washburn et al., 

2000b; Yang et al., 2016). The SFO has also been shown have some of the highest densities of 

Ca2+ (CaR) and Na+ (NaX) sensing receptors within the CNS (Washburn et al., 2000a; Yano et al., 

2004; Watanabe et al., 2006), the latter of which have been shown to play important roles in salt 

and water intake (Hiyama & Noda, 2016). 
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1.2.4 Spiking Behaviour 

Heterogeneity in membrane properties and current expression likely plays a major role in 

influencing the two prominent spiking behaviours exhibited by SFO neurons, tonic and burst 

firing. Extracellular recordings from slice preparations have identified that the majority of SFO 

neurons are spontaneously active, showing either continuous or irregular patterns of activity 

(Ferguson & Bains, 1996), and that a proportion of them fire in bursts of action potentials (Okuya 

et al., 1987); a behaviour that has also been identified in in vivo recordings (Washburn et al., 

2000b). Additional in vitro experiments confirm that burst firing occurs in approximately half of 

dissociated SFO neurons in both the loose patch and whole-cell configuration and that bursts 

appear as depolarizing plateaus overlaid with action potentials (Washburn et al., 2000b). These 

experiments also determined that SFO neurons fire in bursts due to the activation of INSCC and a 

subsequent depolarization of the membrane potential to the activation range of INaP which then 

mediates burst initiation. Additionally, activation of INSCC and maintenance of burst plateaus have 

shown to be potentiated by the activation of a CaR in these neurons (Washburn et al., 1999b; 

Washburn et al., 2000b). Although the mechanisms of burst initiation and maintenance in SFO 

neurons are well-established, the ionic mechanism underlying burst termination is unknown. 

Furthermore, the role of burst firing in SFO neurons remains unclear, but in other neurons classes 

it has been hypothesized to allow for preferential release of neuropeptides from nerve terminals 

(Andrew & Dudek, 1983; Washburn et al., 2000b; van den Pol, 2012). Importantly, SFO neurons 

have been shown to communicate with the PVN using the peptide Ang II as a neurotransmitter (Li 

& Ferguson, 1993; Smith & Ferguson, 2010), thus suggesting that deciphering the mechanistic 

differences between tonic and burst firing in SFO neurons may be crucial to our understanding of 

how these neurons release both classical and peptidergic neurotransmitters, the latter of which may 

play critical roles in the long-term regulation of autonomic outputs. Accordingly, this study was 
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devoted to establishing efficient computational methods to integrate with patch-clamp 

electrophysiology and investigate the ionic mechanisms underlying these spiking behaviours. 

1.3 The Hodgkin-Huxley Model 

1.3.1 Original Experiments in Loligo 

In 1952, Alan Hodgkin and Andrew Huxley published a five-part series of papers in the 

Journal of Physiology outlining findings from their seminal experiments in the giant axon of 

Loligo, the squid. Using a dual-electrode technique to allow for simultaneous recording and 

stimulation of the axon (Cole, 1949; Marmont, 1949), they were able to measure the flow of 

current through a segment of axonal membrane. The goal of these studies was to uncover the “laws 

that govern movement of ions during electrical activity” (Hodgkin et al., 1952). As such, the first 

four papers in the series were dedicated to describing their methodology and discovery of the 

relationship between membrane potential and ionic current/conductance, mainly focusing on the 

movement of Na+ and K+ through nerve fibre membrane (Hodgkin & Huxley, 1952c, b, a; Hodgkin 

et al., 1952). From these experiments emerged one of the most widely used computational methods 

for studying neuronal behavior of the last century, the Hodgkin-Huxley (HH) model of action 

potential generation.  

1.3.2 The HH Model 

In the final paper of the series (Hodgkin & Huxley, 1952d), Hodgkin and Huxley describe 

their model of an excitable cell membrane as an equivalent circuit diagram (Fig. 1). In this circuit, 

the cell membrane acts as a capacitor, it gathers and holds charge as current passes through, and 

the individual channel types (ie. Na+, K+, or leak) act as resistors in parallel. This schematic allows 

the total current (I) through the membrane to be described as the combination of a capacitive (IC) 

and an ionic (Iion) current which gives rise to the general equation, 

𝐼 𝐶 𝐼    ,                                                  (1) 
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Figure 1. The Hodgkin-Huxley model. A. The equivalent circuit diagram. The total current (I) 
across the membrane of a neuron is described as the combination of a capacitive current and an ionic 
current, the latter of which is composed of a sodium current (INa), a potassium current (IK), and a 
leak current (IL). Each of these subdivided current classes acts as a resistor in parallel, where GNa, 
GK, and GL are conductance, and ENa, EK, EL are reversal potentials of Na+, K+, and leak currents, 
respectively. An arrow across the resistor indicates a voltage-dependent current, no arrow indicates 
a linear current. CM is the membrane capacitance and V is membrane potential.  
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where CM is the membrane capacitance for the capacitive current 𝐼 𝐶 , V is membrane 

potential, and t is time. The ionic current is further subdivided into Na+, K+, and leak currents, 

which are individually derived from Ohm’s law and described by, 

𝐼 𝐺 𝑉 𝐸   ,                                              (2) 

𝐼 𝐺 𝑉 𝐸   ,                                                 (3) 

𝐼 𝐺 𝑉 𝐸   ,                                                  (4) 

where GNa, GK, and GL are conductance, and ENa, EK, EL are reversal potentials of Na+, K+, and 

leak currents, respectively. In this formalism, HH-type neuron models allow for the simple 

addition, removal, or modification of currents and their parameters.  

Furthermore, Hodgkin and Huxley were the first to describe GNa and GK as being 

modulated by what they referred to as activation and inactivation “particles.” Based on their 

discovery of the non-linear relationship between conductance and membrane potential, they 

proposed that three activation particles and one inactivation particle permitted the flow of Na+ ions 

through the membrane, and that four activation particles permitted the flow of K+. Future studies 

would later identify these particles as the activation and inactivation gates of individual ion 

channels (Hille, 2001) and as a consequence of their findings, ionic conductance was further 

characterized as, 

𝐺 𝑔 𝑚 ℎ  ,                                                      (5) 

𝐺 𝑔 𝑛   ,                                                         (6) 

where gNa and gK are the maximal conductance and the variables m, h, and n are gating variables 

that determine the probability of Na+ or K+ channels being open. These gating variables evolve 

according to their own differential equations of the general form, 

𝛼 1 𝑥  𝛽 𝑥   ,                                            (7) 
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where x represents the individual gating variables (m, h or n), and the equation describes the 

transition of gating particle, x, between open and closed states. Hodgkin and Huxley’s findings 

suggested that the movement of particles between these two states occurred on timescales 

according to rate constants, αx and βx, described by the equations, 

𝛼      (8)     and     𝛽      (9)   , 

where x∞ represents the steady state (m∞, h∞, or n∞) of each gating variable, and τx represents a 

voltage-dependent time constant (τm, τh or τn). In the original HH model, the rate constant 

equations were specifically fit to data collected from the giant axon of the squid, and are described 

extensively elsewhere (Hodgkin & Huxley, 1952d; Hille, 2001; Izhikevich, 2007). The majority of 

present-day neuron models, including ours presented here, often substitute rate constant equations 

(8) and (9) into equation (7) to get an equivalent gating variable equation, 

  ,                                                       (10) 

which succinctly describes the movement of x as a function of x∞ and τx, two gating properties that 

can be derived from voltage-clamp protocols and easily modified to account for differences in 

current dynamics between distinct neuronal populations. Further explanation of equation (10) is 

described in Methods (see SFO Neuron Model). Together, equations (1) to (9) form the complete 

HH model equation, 

𝐼 𝐶 𝑔 𝑚 ℎ 𝑉 𝐸 𝑔 𝑛 𝑉 𝐸  𝑔 𝑉 𝐸    ,    (11) 

where all currents are connected in parallel as shown in Fig. 1. Although these equations are a 

simplified representation of the real biological system, Hodgkin and Huxley’s clever design and 

use of internal recording techniques and voltage-clamp protocols allowed them to derive novel 

mathematical relationships between ionic conductance and membrane potential and consequently, 

has amounted to great success for the HH model in accurately explaining and predicting neuronal 

excitability. 
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1.3.3 Extensions of the HH Model 

Since its proposal in 1952, the HH model has been simplified (Fitzhugh, 1961; Morris & 

Lecar, 1981; Hindmarsh & Rose, 1984; Kepler et al., 1992; Wainrib et al., 2012), and modified to 

accommodate additional classes of currents, cell morphologies (Rall, 1977; Chen & De Schutter, 

2017), calcium dynamics (Koch & Segev, 1998), nonlinear thermodynamics (Destexhe & 

Huguenard, 2000), slow dynamics (Hubel & Dahlem, 2014), noise (Goldwyn et al., 2011; 

Goldwyn & Shea-Brown, 2011) and synaptic connectivity (De Schutter, 2009). Consequently, the 

flexibility of the HH-type formalism makes these models ideal for studying the detailed 

mechanisms underlying single neuron function, while maintaining both simplicity and biological 

plausibility.  

The importance of the development and availability of open-source, user-friendly software 

to aid in model simulation (NEURON, Carnevale and Hines (2006); GENESIS, Bower and 

Beeman (1998); BRIAN, Goodman and Brette (2008)), and analysis (XPPAUT, Ermentrout 

(2002)) cannot be underestimated. Furthermore, assembly of online databases like BioModels (Li 

et al., 2010), ModelDB (McDougal et al., 2017), or CellML (Lloyd et al., 2008) make models 

accessible and allow for experimental reproducibility and collaboration. Thus, the original HH 

model has since been extended beyond its initial objective in understanding the action potential, to 

give researchers an efficient and integrative research tool for studying the complex mechanisms 

underlying a wide range of nervous system function. 

1.4 Applications & Limitations of Single Neuron Models 

1.4.1 Understanding Neuron Behaviour 

On a very basic level, models explain and predict. In the case of biophysically meaningful 

single neuron models, like the HH and related models, they attempt to explain the mechanisms 

underlying neuronal behaviour and further predict how changes in model dynamics may 

subsequently influence this behaviour. Beyond simply confirming what we already know about the 
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physiology underlying neuron function, single neuron models are often useful in helping clarify 

conflicting or incomplete experimental data (Lytton & Wathey, 1992). This desire to understand 

the unknown drove the development of the original Hodgkin-Huxley model (1952d). Preceding the 

experimental discovery of ion channels (Katz & Miledi, 1970, 1971; Neher & Sakmann, 1976), the 

prediction of individual Na+ and K+ conductance and their unique gating mechanisms by the HH 

model demonstrate some of the earliest applications of computational neuroscience, or specifically 

single neuron modeling, before the formal introduction of these terms to the neuroscience 

community (Schwartz, 1993). As a result, HH-type models have become a very powerful 

computational tool for the study of neuroscience. 

Describing neuron behaviour on various timescales, from seconds to hours or even days, is 

an important yet challenging task for plausible experimental design (Soudry & Meir, 2012). 

Furthermore, neurobiologists aspire to understand the ionic mechanisms underlying neuron 

behaviour and therefore, researchers often build HH-type models to account for varying timescales 

and specific currents endogenous to the neurons in question (Hille, 2001; De Schutter, 2009; 

Soudry & Meir, 2012; Bertram & Rubin, 2017). As previously discussed, HH-type models allow 

for the individual addition, removal, and modification of ionic current parameters specific to the 

neuron type being studied. The benefits to using a model that provides both biological plausibility 

and flexibility is demonstrated by studies in fast-spiking (FS) neocortical and hippocampal 

interneurons. The first model of FS interneurons investigated the role of a unique subclass of IK 

related channels, Kv3.1 and 3.2, in the high-frequency firing pattern of these neurons (Erisir et al., 

1999). The Kv3.1/Kv3.2 derived currents in this model were parameterized from experimental 

studies in FS neurons that indicated these channels had a distinct gating mechanism from the 

channels that IK is typically modeled after in HH models. This finding proposed that Kv3.1-Kv3.2 

channels had two activation gates rather than the typical four gates. Fortunately, the flexibility of 

the HH-type model in their study allowed for the separate representation of both Kv3.1-Kv3.2 
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currents and the typical IK, and consequently, successfully predicted the essential role of Kv3.1-

Kv3.2 derived currents in rapid action potential repolarization; the crucial mechanism underlying 

the high-frequency firing pattern in FS neurons (Erisir et al., 1999; Tateno & Robinson, 2006). 

Additionally, further extensions of the FS neuron model have predicted the various ionic 

mechanisms underlying burst and tonic spiking phenotypes in these neurons (Golomb et al., 2007), 

and the influence of synaptic connectivity (Klaus et al., 2011) on FS neuron behaviour.  

Specific current mechanisms are not the only neuronal dynamics that can be investigated 

with HH-type models. Some single neuron models incorporate calcium dynamics to account for 

physiological phenomena like Ca2+ diffusion, pooling, and/or the release of Ca2+ from internal 

stores (De Schutter & Bower, 1994a; Koch & Segev, 1998). Another phenomenon often 

investigated in single neuron models is noise. Although there remains debate about the agreement 

between stochastic noise models and true stochastic neuron behaviour (Manwani et al., 2000; 

Mino et al., 2002; Bruce, 2007; Goldwyn et al., 2011), simple modifications to the HH equations 

have been shown to effectively account for different sources of channel noise, including current, 

subunit, and conductance noise (Fox, 1997; Goldwyn & Shea-Brown, 2011). These simple model 

modifications capture channel fluctuations via stochastic gating and can further predict the 

influence of noise on spiking irregularity (Diba et al., 2004), action potential initiation (Chow & 

White, 1996), and in some cases, the spiking phenotype of the neuron being modeled (Hitczenko & 

Medvedev, 2009; Schmerl & McDonnell, 2013). 

1.4.2 Integration with Experimental Studies 

As highlighted by the FS neuron model, one of the greatest strengths of single neuron 

models is their ability to be parameterized from experimental findings and then integrated back 

into experimental methodology. This virtuous cycle creates an efficient method for the study of 

neuron behaviour. HH-type models and their parameter values, including conductance or 

activation/inactivation kinetics (as seen in Table 1), are often derived from and constrained by 
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voltage-clamp experiments (Willms et al., 1999; Tabak et al., 2000). Although HH-type models 

are simplifications of the real biological system and their electrical behaviour derives from a 

complex combination of various non-linear membrane currents, the experimental derivation of 

current parameters attempts to combat these limitations. It does so by providing a biological basis 

for the approximation of current dynamics, rather than borrowing a set of parameters from other 

models and, through a process of iterative guess and check, manually fine-tuning them to estimate 

a desired experimental behaviour. Although parameter estimation can be an effective method for 

model development, it provides less constraint and therefore, more readily results in overfitting, 

thus leading to a potential loss of model stability and predictive power (Druckmann et al., 2007). 

However, the majority of neuron modeling studies still rely on some degree of manual tuning, 

specifically for conductance parameters, as obtaining these measurements remains a daunting 

experimental task. Fitting and optimization techniques are available to help researchers create 

empirically validated models in an attempt to overcome these experimental limitations (Willms, 

2002; Huys et al., 2006; Druckmann et al., 2007; Jolivet et al., 2008; Rossant et al., 2010), but as 

pointed out by these studies, it is likely that the development of molecular techniques that will 

eventually allow for conductance parameters to be constrained experimentally. Beyond model 

constraint, the use of experimentally derived parameters for model development can also be a 

strong qualitative test of the wild-type currents being measured in vitro. Furthermore, the approach 

becomes particularly important when investigating mechanisms and behaviours that are unique to 

individual neuron classes (McCormick & Huguenard, 1992; De Schutter & Bower, 1994a; Amini 

et al., 1999), or even to different subpopulations of the same neuron class. For all the 

aforementioned reasons, in this study we chose to derive parameters for the SFO neuron model 

from in vitro voltage-clamp experiments in SFO neurons. 

Upon development, single neuron models are typically used to make testable predictions 

for future experiments and can be updated to accommodate new experimental findings, thus 
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continuing a virtuous model-experiment cycle. For example, a series of experiments in 

thalamocortical neurons followed the initial discovery (Huguenard et al., 1991; Huguenard & 

Prince, 1992), and later, simulation (Huguenard & McCormick, 1992), of the Ca2+ and K+ currents 

responsible for burst firing and rhythmic oscillations in thalamocortical neurons. The desire to 

better understand how these currents contributed to thalamocortical neuron firing behaviour drove 

the development of a detailed thalamocortical neuron model where, as a result of the experimental 

parameterization of these novel currents, the model could not only reproduce many of the 

electrophysiological properties of these neurons (McCormick & Huguenard, 1992), but also 

successfully predicted that dendritic Ca2+ currents were responsible for burst firing behaviour in 

thalamocortical neurons (Destexhe et al., 1996). Together, these electrophysiology and modeling 

studies in thalamocortical neurons demonstrate the importance of experimentally derived 

parameters when investigating unique neuron classes and the virtuous cycle of single neuron 

modeling studies.  

Single neuron models in the HH formalism are also often useful for predicting the response 

of single neurons to changes in the external environment, including the mimicking of 

pharmacological manipulation of ion channels (Fellous & Linster, 1998; Amini et al., 1999; Wang, 

1999; LeBeau et al., 2000; Ferrante et al., 2008; Chang et al., 2018; Knowlton et al., 2018) or 

release of neuropeptides (Roper et al., 2004; Vidal & Clement, 2010). In pharmacological 

modeling studies, changes in model parameters (ie. fluctuations in conductance or shifts in 

activation/inactivation curves) to simulate receptor binding allows models to predict the influence 

a molecule may have on neuronal dynamics and behaviour. As previously discussed, SFO neurons 

express receptors for, respond to, and integrate numerous signaling molecules from the circulation 

and CSF, therefore predicting the response of an SFO neuron to receptor binding will likely be an 

important future model application. 
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1.4.3 Dynamic Systems Analysis 

Most HH-type models are created to further our understanding of neuronal behaviour and 

to clarify discrepancies in experimental data. As these models are comprised of a set of non-linear 

current equations, an understanding of their membrane dynamics typically requires a mathematical 

or dynamic systems analysis (DSA) approach (Izhikevich, 2007; Bertram & Rubin, 2017). To aid 

in these mathematical analyses, advances in technology have introduced programs like XPPAUT 

and BRIAN, to help scientists understand the current dynamics responsible for model behaviour 

and thus hopefully, neuron behaviour. DSA employs fundamental mathematical concepts, like 

phase portraits and bifurcation theory (Blanchard et al., 2012), to investigate changes in model 

behaviour as individual parameter values are allowed to evolve over time or are externally 

manipulated (Izhikevich, 2007). The ability of DSA techniques to analyze differential equations 

(DE) in isolation is particularly useful in combating issues of complexity for multi-timescale 

neuron dynamics (Bertram & Rubin, 2017). For example, the DEs of a neuron model with multiple 

fast Na+ and K+ currents involved in spiking, and slow Ca2+ dynamics driving subthreshold 

oscillations can be separated into subsystems on two different timescales (fast and slow) and then 

analyzed semi-independently from one another to avoid long simulation times. One particular 

neuron dynamic that has largely benefited from the DSA technique is burst firing, as the fast-slow 

mechanisms underlying this behaviour are often difficult to separate experimentally (Izhikevich, 

2002; Izhikevich et al., 2003; Bertram & Rubin, 2017). Consequently, researchers have been able 

to identify and understand the unique ionic mechanisms responsible for burst firing in a wide range 

of neuron classes (Shorten & Wall, 2000; Shilnikov et al., 2005; Stern et al., 2008; Barreto & 

Cressman, 2011; Duan et al., 2011; Vo et al., 2014; Wang & Rubin, 2016) and has even postured a 

new role for bursting in selective communication between neurons (Izhikevich, 2002; Izhikevich et 

al., 2003).  
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In summary, previous studies demonstrate the power of single neuron models and their 

ability to provide researchers with an efficient and simultaneously, precise method to direct and 

test experimental hypotheses. The biological plausibility and flexibility of HH-type, single neuron 

models provide an integrative and efficient system for the analysis of neuron behaviour, thus 

making it an ongoing method of choice for researchers to use in combination with experimental 

techniques, like electrophysiology. 

1.5 Goal of this Study 

This thesis was undertaken to develop computational methods to integrate with in vitro 

electrophysiology techniques for the efficient study of SFO neuron behaviour. This work would 

provide a method through which we could elucidate the ionic mechanisms underlying the 

heterogeneous spiking behaviour of SFO neurons, and furthermore, lay the groundwork for future 

studies to understand the ability of these neurons to integrate multiple physiological signals. 

Accordingly, our study set out to accomplish three main goals: 

1. Establish SFO-specific current properties and quantify differences between tonic and burst 

firing behaviour in SFO neurons through analysis of voltage and current clamp data 

collected from cultured, dissociated SFO neurons. 

2. Based on these analyses, develop a single-compartment, HH-type model of an SFO neuron 

that could account for the distinct membrane potential distribution and spike train 

variability of both tonic and burst firing SFO neurons. 

3. Through standard methods of dynamic systems analysis, characterize the potential 

mechanistic differences in these spiking behaviours and offer testable predictions for 

future experiments. 
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All in vitro electrophysiology and associated analyses presented in this study were 

performed on cultured, dissociated SFO neurons. We used two standard measures of neuronal 

activity to quantify differences between tonic and burst firing in SFO neurons: membrane potential 

distribution modality and the coefficient of variation (CV) of interspike intervals (ISI). Membrane 

potential distribution modality quantifies membrane potential fluctuations and CV quantifies spike 

train variability.  

We built a single-compartment, Hodgkin-Huxley type model containing eight different 

currents. We constrained model parameters according to in vitro voltage-clamp data from SFO 

neurons and searched the model’s parameter space to account for the membrane potential modality 

and CV of both tonic and burst firing neurons. Standard methods of dynamic systems analysis (ie. 

XPPAUT) were used to characterize the different neuronal mechanisms supporting the tonic and 

burst firing regimes. 

2.1 Electrophysiology 

2.1.1 Current-Clamp Electrophysiology 

All electrophysiology shown and analyzed in this study was collected during previous 

experiments in cultured, dissociated SFO neurons (Fry & Ferguson, 2007b; Shute et al., 2016; 

Cancelliere & Ferguson, 2017). Description of animal ethics approval, as well as methods and 

solutions for SFO neuron dissociation and current-clamp electrophysiology were as described by 

Cancelliere and Ferguson (2017). All current-clamp recordings were collected using the perforated 

patch-clamp technique. 

2.1.2 Voltage-Clamp Electrophysiology 

Activation and inactivation parameters for the currents in our model (see Table 1) were 

either established in previously published findings (described in SFO Neuron Model) or derived 

from voltage-clamp experiments in SFO neurons performed using the whole cell patch-clamp 
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technique with solutions and protocols as described by Shute et al. (2016) for IK and IA, and by Fry 

and Ferguson (2007b) for INa. These experiments are briefly outlined below.  

2.1.3 Measuring & Analyzing Individual Currents 

Transient Na+ Current (INa) 

 Voltage dependence of activation and inactivation for INa was determined using voltage-

clamp protocols designed to maximally activate and inactivate transient Na+ channels. These 

experiments were accomplished using the solutions described by Fry and Ferguson (2007b) to 

block K+, Ca2+, and HCN currents (using TEA, Cd2+, and Cs+, respectively). To measure INa 

activation, voltage was held at -90 mV and then 200 ms voltage steps were induced from -80 mV 

to +40 mV in 10 mV increments. The peak Na+ current at each voltage step was measured and 

converted to conductance based on the formula, 

𝐺  
𝐼

𝑉 𝐸
 

where G is conductance, Vstep is the corresponding voltage step for the peak current, Ipeak, and Eion 

is the reversal potential for the associated ion (in this case Na+). Conductance values were then 

normalized, plotted over the corresponding voltage step, and fit with a Boltzmann function, 

𝐺
𝐺

 
1

1  𝑒𝑥𝑝
𝑉𝑠𝑡𝑒𝑝 ∅

𝑘

 

From this fit, half-activation (∅) and slope (k) values of the activation curve were recorded and 

used as model parameters (see Table 1). Inactivation of INa was measured by holding voltage at 

varying pre-step potentials from -100 mV to -10 mV for 200 ms in 10 mV increments, followed by 

a test pulse to 0 mV. As described for activation, a similar peak amplitude analysis and Boltzmann 

curve fitting procedure was performed to obtain the ∅ and k values for INa inactivation.  
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Delayed-Rectifier and Transient K+ Currents 

Methods for the isolation and measure of IK and IA currents were as described by Anderson 

et al. (2001), but in the presence of 1.0 M tetrodoxin (TTX) (Shute et al., 2016). Briefly, to 

measure the total K+ current (Itotal = IK + IA), voltage was held at -80 mV and then 250 ms voltage 

steps were induced from -80 mV to +40 mV in 10 mV increments. To measure IK in isolation a 

similar protocol was used, but this time the initial holding potential of -80 mV was first stepped to 

-40 mV prior to performing each 250 ms test voltage step. The pre-step to -40 mV inactivates IA 

prior to the test step so that only IK is measured. Peak IK was taken as a mean of the last 50 ms of 

each voltage step. To obtain IA activation in isolation, traces containing only IK were digitally 

subtracted from Itotal. IA inactivation protocol was as described by (Washburn et al., 1999a). Peak 

current amplitude for IA and IK was measured, converted to conductance, and plotted against the 

corresponding voltage step. The resulting curve was then fit with a Boltzmann curve to obtain ∅ 

and k values for the activation of IK, as well as activation and inactivation of IA.  

2.2 Membrane Potential & Spiking Behaviour Analysis 

 To capture the heterogeneous spiking behaviour of SFO neurons in a concise manner, two 

standard measures of neuronal activity were used to quantify tonic and burst firing. The first 

measure was membrane potential distribution modality, which allowed us to account for the 

bistable membrane potential changes exhibited by burst firing SFO neurons (Washburn et al., 

2000b). Modality was assessed for each current-clamp recording by plotting the membrane 

potential at each time point in a frequency histogram and assessing the resulting distribution shape. 

A similar use of membrane potential histograms to assess burst firing behaviour has been done in 

cells of the entorhinal cortex (Kinard et al., 1999; Sheroziya et al., 2009) and pancreatic -cells 

(Kinard, de Vries, Sherman, & Satin, 1999). The second measure of neuronal activity was the CV 

of ISIs, which allowed us to quantify spike train variability (Holt et al., 1996). ISIs are often 

measured to analyze spiking irregularity and CV quantifies this irregularity in a single, concise 



 

22 

 

value; a larger CV indicates a more variable spike train. Accordingly, spike times were extracted 

from the current-clamp recordings of each SFO neuron to create a corresponding spike train. From 

this spike train, an array of ISIs was calculated using the formula, 

     𝐼𝑆𝐼 𝑡  𝑡       , 

Where ti (0  i  N) is the time when spike i occurs, calculated for 1  i  N, and N is the total 

number of spikes in the spike train. CV was calculated then using the formula, 

𝐶𝑉



     , 

where σISI and μISI are the standard deviation and mean of the ISI distribution, respectively. A 

frequency histogram of all CV values was plotted using a bin size of 0.3 (dimensionless units). The 

same methods for measuring membrane potential distribution modality and CV were applied to 

model SFO neurons. 

2.3 SFO Neuron Model 

We developed a minimal, Hodgkin-Huxley type (Hodgkin & Huxley, 1952d) model of a 

dissociated SFO neuron. SFO neurons receive most of their input from the circulation and are 

known to have small dendritic trees (Dellmann & Simpson, 1979; Smith & Ferguson, 2010), which 

are removed during the dissociation technique (Ferguson et al., 1997). Therefore, the model is a 

single-compartment, spherical soma measuring 10 μm in diameter. The model contains multiple 

currents reported to be expressed in SFO neurons: a transient (INa) and persistent (INaP) Na+ current 

(Ferguson & Bains, 1996; Washburn et al., 2000b; Fry & Ferguson, 2007b); a delayed-rectifier (IK) 

and transient (IA) K+ current (Anderson et al., 2001; Washburn & Ferguson, 2001a; Ono et al., 

2005); an N-type calcium current (INCa) (Washburn & Ferguson, 2001b); and a non-selective cation 

current (INSCC) (Washburn et al., 1999b; Washburn et al., 2000b). Additional currents that 

contribute to the model’s spike pattern include a slow-activating K+-current (IKS), leak current (IL), 

applied current (Iapp) and an injected noise current (Inoise). 
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Model Equations 

 The membrane potential of the model is described by, 

𝐶 𝐼 𝐼 𝐼 𝐼 𝐼 𝐼 𝐼 𝐼 𝐼 𝐼   ,    (12) 

where Cm = 1.59 μF/cm2 is the specific membrane capacitance, V is the membrane potential in mV, 

t is time in ms, Iapp is injected current in μA/cm2. To study the effects of noise on these neurons we 

injected current noise, Inoise, in the form of Gaussian white noise with standard deviation, σnoise, in 

μA/cm2. Individual currents Iγ (γ ∈ {Na, NaP, K, A, Ca, KS, NSCC, L}) are described by, 

𝐼 𝑔 𝑚 ℎ 𝑉 𝐸  ,                                             (13) 

where gating variables, m and h, describe the activation and inactivation of each channel, 

determining the probability of the channel being open at a given membrane potential. These gating 

variables are governed by exponents p and q, which describe the number of activation and 

inactivation gates for each channel. Eion is the reversal potential of each associated ion and gγ is 

maximal conductance associated with current Iγ in mS/cm2. The ENa and EK were calculated using 

the Nernst equation based on solutions in Cancelliere and Ferguson (2017), and ECa and ENSCC 

were based on previously reported values (Ono et al., 2001; Roper et al., 2004). SFO neurons 

exhibit a high input resistance often exceeding 1 GΩ and resting membrane potential typically 

between -57mV and -65mV (Ferguson & Bains, 1996). In our model, these electrophysiological 

properties are accounted for by the leak current, IL, such that EL = -65 mV and gL = 1/Rm = 0.318 

mS/cm2, where Rm = 3142 Ω×cm2 is the specific membrane resistance for the given patch of cell 

membrane. The gating variables (m and h) associated with each current follow 

 ,                                                         (14) 

where x refers to the gating variable (m or h) and 𝜏  is the corresponding time constant in 

milliseconds (ms). The steady-state activation/inactivation function 𝑥  is given by  

 



 

24 

 

𝑥  ∅   ,                                                    (15) 

where ∅  and 𝑘  are the half activation/inactivation voltage and slope of gating variable x, 

respectively. Activation and inactivation parameters ∅  and 𝑘  for each current (see Table 1) were 

derived from voltage-clamp recordings in dissociated SFO neurons as described previously (see 

Measuring & Analyzing Individual Currents), or in the case of INaP, INCa, and INSCC, are based on 

previously published findings in SFO neurons (Washburn et al., 1999a; Anderson et al., 2000; 

Washburn et al., 2000b; Washburn & Ferguson, 2001b; Fry & Ferguson, 2007b; Kuksis & 

Ferguson, 2015). Parameters for IKS were chosen to allow burst firing (specifically burst 

termination) to evolve from underlying slow dynamics, as done previously in a model of pre-

Bötzinger complex pacemaker neurons (Butera et al., 1999). All model parameter values are given 

in Table 1. Simulations were performed in MATLAB (R2017a, MathWorks). Differential 

equations (DEs) were solved using the forward Euler method with a time step of 0.01 ms. Standard 

methods of dynamic systems analyses of DEs (see Results, Ionic Mechanisms of Burst Firing and 

Transition from Burst to Tonic Firing) were performed using XPPAUT software (Ermentrout, 

2002).  

2.4 Statistical Analysis 

 Analyses of voltage- and current-clamp data were performed off-line using Spike2 v7 

(Cambridge Electronics Design, Cambridge, UK), Signal v6 (Cambridge Electronics Design, 

Cambridge, UK), GraphPad Prism 6.07 (La Jolla, CA), Origin 2017 (OriginLab Corporation, 

USA), and MATLAB R2017a (MathWorks). Data are reported as mean  SEM. Unpaired 

Student’s t-tests were used for statistical comparison of two unpaired groups. Standard one-way 

analysis of variance (ANOVA) was used for statistical comparison of multiple means. The extra 

sum-of-squares F test was used for statistical comparison of goodness-of-fit. The level of 

significance for all statistical tests was P < 0.05. 
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Table 1. Experimentally derived parameter values for the SFO neuron model. 

Current 
Eion 

(mV) 

gγ 

(mS/cm
2
) 

p q 
Øm 

(mV)
km 

Øh 

(mV)
kh 

τ  
 (ms) 

τ   
(ms) 

INa
 107 * 3 1 -31 6.1 -62 -6.2 0.1 0.8 

INaP 107 0.13 3 1 -55 4 -45 -6 5 50 

IK -88 * 4* 0 2 8 - - 7.2
6.4

1 𝑒
.

.

 - 

IA -88 3 3 1 -44 18 -60 -8 5 30 

INCa 120 0.3 2 0 -14 5.8 - - 10 - 

IKS -88 3* 3 1 -44 18 -60 -8 * 10 

INSCC -35 0.2 0 0 - - - - - - 

IL -65 0.3183 0 0 - - - - - - 

 

 

 

 

 

 

 

 

 

 

 

Summary of experimentally derived parameters for the SFO neuron model. Parameters Eion, 
gγ, p, q, Ø, k, and τ are explained in Methods under Model Equations.  
* indicates parameters are further described in the results section as changes in these values 
lead to different firing behaviours in the model. 
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3.1 Classification of SFO Neuron Spiking Behaviour 

SFO neuron behaviour was quantified using current-clamp recordings (t = 985 ± 129s) 

from 58 different SFO neurons which were analyzed to measure membrane potential distribution 

modality and CV of ISIs. Previous studies show that spontaneously burst firing SFO neurons 

exhibit depolarized plateaus during a burst (Washburn et al., 2000b), leading to fluctuations 

between two membrane potential states: a hyperpolarized quiescent state (down state) and a 

depolarized firing state (up state). Accordingly, a neuron was classified as tonic firing (Fig. 2A) if 

the resulting membrane potential distribution was unimodal (Fig. 2Ci, grey), or burst firing (Fig. 

2B) if the distribution was bimodal (ie. exhibited dual up and down states; Fig. 2Cii, black). 

Consequently, 43% (n = 25/58) of SFO neurons were classified as tonic firing, and 57% (n = 

33/58) as burst firing, which is consistent with previous findings (Washburn et al., 2000b). 

We then quantified tonic and burst firing behaviour in SFO neurons based on spike train 

variability. During a current-clamp recording, burst firing SFO neurons can exhibit a diversity of 

firing patterns, ranging from bursts to single action potentials to periods of quiescence (Washburn 

et al., 2000b). Therefore, we hypothesized that burst firing neurons would exhibit greater spike 

train variability than tonic firing neurons and tested this hypothesis by measuring the CV of ISIs. 

As expected, burst firing neurons had a significantly higher mean CV relative to tonic firing 

neurons (tonic firing: CV = 0.56 ± 0.04, n = 25; burst firing CV = 3.64 ± 0.24, n = 33; P < 0.0001, 

Student’s t-test). The frequency histogram plotted for all CV values (Fig. 2D) showed two distinct 

distributions: the first containing tonic firing neurons was best fit with a single Gaussian function 

(grey fit; no P-value), and the second containing burst firing neurons was best fit with the sum of 

two Gaussian functions (black fit; F(3, 19) = 9.782, P = 0.0004, R2 = 0.8108, extra sum-of-squares 

F test), indicating the second distribution was bimodal. Therefore, burst firing SFO neurons were 

divided into two subpopulations, referred to as B1 and B2 neurons (B1 neurons: CV = 2.02 ± 0.11, 

n = 10, 1.4 < CV ≤ 2.7; B2 neurons: CV = 4.35 ± 0.21, n = 23, CV > 2.7). 
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Figure 2. Classification of SFO neurons based on membrane potential distribution and spike 
train variability. A-B: Representative tonic (A, grey) or burst (B, black) firing behaviour in two 
different SFO neurons. C: Histograms show the membrane potential distribution of the tonic (i, grey, 
n = 1) and burst (ii, black, n = 1) firing SFO neuron from A and B, respectively. Bin width is 0.3 
mV. 43% (n = 25/58) of neurons were classified as tonic firing and 57% (n = 33/58) were classified 
as burst firing based on modality. D: Histogram shows the distribution of CV for tonic firing (grey 
fit) and burst firing (black fit) SFO neurons (n = 58, bin width = 0.3). Burst firing neurons were 
further divided into B1 and B2 subpopulations. Vertical red dashed line represents the classification 
threshold for neuron spiking behaviour (tonic firing: CV < 1.16; burst firing: CV ≥ 1.16). 
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No neurons in our analysis had 0.93 < CV < 1.4, so we defined a classification threshold (red 

dashed line) half way between this range of undefined values (tonic firing: CV < 1.16; burst firing: 

CV ≥ 1.16). Thus, membrane potential distribution modality and CV of ISIs provided a principled 

means to classification of tonic and burst firing behaviour in SFO neurons. 

3.2 Tonic and Burst Firing Behaviour in Model  

 The SFO neuron model (Fig. 3A; described in Methods) accounts for the membrane 

potential modality and CV of both burst and tonic firing behaviour, henceforth referred to as the 

burst (Fig. 4A) and tonic (Fig. 4B) firing regimes, respectively. The burst firing regime exhibited 

membrane potential bimodality (Fig. 4Aii) and there was no significant difference in CV relative to 

real burst firing SFO neurons (Fig. 4Aiii; real burst firing (black): CV = 2.02 ± 0.11, n = 10; model 

burst firing (red): CV = 2.00 ± 0.03, n = 10; P = 0.79, Student’s t-test). Furthermore, by increasing 

the size of either INa or IK we were able to transition from the burst to tonic firing in the model (Fig. 

3B). This approach resulted in two different tonic firing regimes (Fig. 4B) where, relative to the 

burst firing regime, one had a large IK current (tonic↑IK; blue) and the other had a large INa 

(tonic↑INa; green). Both tonic↑IK and tonic↑INa exhibited membrane potential unimodality (Fig. 

4Bii) and there was no significant difference in CV between real tonic firing, tonic↑IK, or tonic↑INa 

neurons (Fig. 4Biii; real tonic firing: CV = 0.56 ± 0.04, n = 25; tonic↑IK: CV = 0.59 ± 0.01, n = 25; 

tonic↑INa: CV = 0.53 ± 0.02, n = 25; F(2,72) = 1.29, P = 0.28, one-way ANOVA). 

3.3 Mechanisms of Burst Firing 

We explored the mechanisms underlying the burst firing regime in our model by lowering 

the maximal conductance parameter, gγ, for individual currents and measuring the subsequent 

effect on mean CV, membrane potential distribution modality, and resting membrane potential 

(RMP). Our control (Fig. 5Ai) for this analysis is the same burst firing regime shown in Figure 4A 

and contains all currents as presented in Equation 12 (see Methods). 

 



 

30 

 

 

 

 

 

 

 

 
 

Figure 3. The SFO neuron model. A. Equivalent circuit diagram of the model based on Hodgkin-
Huxley formalism. Arrow across the resistor indicates a voltage-dependent current, no arrow 
indicates a linear current. B. Model transitions from burst to tonic firing by increasing the transient 
Na+ current (INa; green arrow) or delayed-rectifier K+ current (IK; blue arrow). 

 

 

 

 

 

 

 



 

31 

 

 

 

 

Figure 4. Burst and tonic firing behaviour in the SFO neuron model. A: Burst firing regime in 
the model SFO neuron. (i) An in vitro recording from (black) and model of (red) a burst firing SFO 
neuron. Box shows individual burst. (ii) Histogram (red) showing the membrane potential 
bimodality of the model trace in Ai. Bin width is 0.5 mV. (iii) No significant difference between 
mean CV of real and model burst firing SFO neurons (real: CV = 2.02 ± 0.11, n = 10; model: CV = 
2.00 ± 0.03, n = 10; P = 0.79; Student’s t-test). B: Tonic firing regime in model SFO neuron. (i) An 
in vitro recording from (black) and model of (blue, green) tonic firing SFO neurons. The model 
transitions from burst to tonic firing by increasing IK (tonic↑IK; blue trace) or INa (tonic↑INa; green 
trace). (ii) Histograms show the membrane potential unimodality of the models in Bi. Bin width is 
0.5 mV. (iii) There was no significant difference between mean CV values of real tonic firing, 
tonic↑IK, or tonic↑INa neurons (real tonic firing: CV = 0.56 ± 0.04, n = 25; tonic↑IK: CV = 0.59 ± 
0.01, n = 25; tonic↑INa: CV = 0.53 ± 0.02, n = 25; F(2,72) = 1.29, P = 0.28; one-way ANOVA). 
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Figure 5. Burst initiation, maintenance and termination in SFO neuron model. A: The effect of 
inhibiting individual model currents on coefficient of variation (CV) of interspike intervals, 
membrane potential (MP) distribution modality, and resting membrane potential (RMP). (i) Burst 
firing regime as shown in Figure 2 (control: CV = 2.01 ± 0.01, n = 50, RMP = -58 mV, bimodal MP 
distribution). (ii) Initiation: Blocking INSCC and INaP in the model (gNSCC = 0, gNaP = 0; –INSCC and INaP: 
CV = 0, n = 50, no P-value; RMP = -68 mV; unimodal MP distribution). (iii) Maintenance: Blocking 
INCa in our model (gNCa = 0; –INCa: CV = 1.47 ± 0.01, n = 50, P < 0.0001, student’s t-test; RMP = -57 
mV; unimodal MP distribution). (iv) Termination: Blocking IKS in our model (gKS = 0; –IKS: CV = 
0.22 ± 0.0003, n = 50, P < 0.0001, student’s t-test; RMP = -53 mV; unimodal MP distribution). B: 
Summary of mechanism underlying burst initiation (INSCC, INaP), maintenance (INCa), and termination 
(IKS) as proposed by our model SFO neuron in A. 
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Initiation: Burst initiation in SFO neurons has been suggested to result from depolarizing 

afterpotentials (DAP), which occur via activation of INaP following depolarization of the membrane 

potential to the INaP-threshold carried by INSCC (Washburn et al., 1999b; Washburn et al., 2000b; 

Fry & Ferguson, 2007b). In our model, burst initiation occurs for two similar reasons. First, the 

model contains an active INSCC, which, when blocked (gNSCC = 0), hyperpolarizes RMP and 

eliminates spontaneous firing (control: RMP = -58 mV, CV = 2.01 ± 0.01, n = 50; – INSCC: RMP = 

-68 mV, CV = 0, n = 50, data not shown). Secondly, burst initiation occurs via activation of INaP. 

Blocking only INaP (gNaP = 0) results in inhibition of all spontaneous activity, but the RMP remains 

the same relative to control (– INaP: RMP = -58 mV, CV = 0, n = 50, data not shown). Simultaneous 

inhibition of INSCC and INaP are shown in Figure 5Aii (– INSCC – INaP: RMP = -68 mV, CV = 0, n = 

50). In summary, these results show that the INSCC is required to depolarize the membrane potential 

to the activation range of INaP which then initializes spiking. 

Maintenance: Activation of a CaR and the downstream rise in [Ca2+]i increases the length 

of the up state of evoked bursts in SFO neurons (Washburn et al., 1999b; Washburn et al., 2000a, 

b). For the sake of simplicity, we chose not to incorporate the complex dynamics of a CaR; instead, 

our model relies on activation of INCa to provide an inward Ca2+ current that will maintain the up 

state of a burst. Blocking INCa (gNCa = 0) decreased burst duration where bursts manifested as 

membrane potential oscillations (Fig. 5Aiii). This phenomenon removed membrane potential 

bimodality, but CV remained above the burst firing classification threshold (CV > 1.16), despite 

being significantly decreased (– INCa: CV = 1.47 ± 0.01, n = 50; P < 0.0001, Student’s t-test). This 

demonstrates that INCa contributes to burst firing by maintaining the up state of bursts and 

subsequent bimodal membrane potential distribution in our model.  

Termination: Termination of the depolarized plateaus in burst firing SFO neurons occurs 

quickly through an unidentified intrinsic mechanism (Washburn et al., 1999b; Washburn et al., 

2000b). In sensory systems, intrinsic burst firing is frequently governed by slow activation of a K+ 
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current (Krahe & Gabbiani, 2004; Izhikevich, 2007). In our SFO neuron model, we introduced IKS 

to account for burst termination. Blocking IKS (gKS = 0) resulted in high frequency spiking, a 

significantly lower CV, and membrane potential unimodality (Fig. 5Aiv; – IKS: CV = 0.22 ± 

0.0003, n = 50; P < 0.0001, Student’s t-test). These results indicate that IKS is required for burst 

termination in our model, as demonstrated by the loss of the down state and significant decrease in 

CV when removed. Figure 5B summarizes these mechanisms of burst initiation, maintenance, and 

termination as demonstrated by our model SFO neuron. 

We further analyzed the role of IKS in burst termination using dynamic systems analysis 

(Ermentrout, 2002). Specifically, we looked at the interaction between the activation gating 

variable of IKS (mKS) and voltage. In the mKS vs. voltage phase plane (Fig. 6A), a stable limit cycle 

(solid red trajectory) precedes the system’s unstable equilibrium point 1 (EQ1: 0.51, -43.02) and 

represents one burst cycle in a noiseless environment. Starting with initial conditions at spike 

threshold (0.36, -54.60; Fig. 6Ai, black open circle) and moving clockwise along the limit cycle, 

the model begins to rapidly fire in the voltage-plane. Following each spike, the model exhibits 

depolarizing afterpotentials (DAPs; Fig. 6Aii), which sum to form a plateau causing the up state of 

the burst. Simultaneously, the voltage trajectory moves slowly towards EQ1 as IKS activates (mKS 

increases). Sufficient activation of IKS (mKS ~ 0.51 near EQ1) eventually terminates spiking and 

hyperpolarizes the membrane potential below the mKS-nullcline (solid black line). Following burst 

termination, IKS begins to deactivate (mKS decreases) and governs the duration of the large, slow 

after-hyperpolarization (sAHP). Sufficient deactivation of IKS repolarizes the voltage back to spike 

threshold and the limit cycle repeats. In summary, sufficient activation and slow deactivation of IKS 

in our model supports burst termination and the sAHP, respectively. The speed with which the 

model goes through the limit cycle depends on the time constant of IKS activation (τmKS). Small 

τmKS values cause the model to cycle through quickly, whereas in our model, τmKS is on the order of 

seconds for a longer duration of the up state and sAHP (Butera et al., 1999). Inoise contributes to  
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Figure 6. Membrane dynamics supporting burst and tonic firing phenotypes. A-B: Role of IKS in modulation of 
burst firing behaviour. A: (i) Membrane dynamics in slow K+ current activation variable (mKS) vs. membrane 
potential (voltage) phase plane. Dotted red and solid black lines are the voltage (dVm/dt = 0) and mKS (dmKS/dt = 0) 
nullclines, respectively. Limit cycle (solid red) shows the orbit of a single burst. Nullclines intersect at unstable 
equilibrium point 1 (EQ1: 0.51, -43.02 mV; black square). Intersection of limit cycle and mKS-nullcline is the spiking 
threshold (0.36, -54.60 mV; open black circle). Arrows indicate direction of slow (red) and fast (black) trajectory 
movement. Thin vertical lines represent the direction field. (ii) Enlarged phase space near spiking threshold. DAPs: 
Depolarizing afterpotentials. sAHP: Slow after-hyperpolarization. B: Search space for activation time constant (τmKS) 
vs maximal conductance (gKS) of our slowly-activating K+ current (IKS). Greyscale indicates CV value. White arrow 
depicts transition between B1 and B2 burst firing. C-D: Transition from burst to tonic firing in our model. C: 
Increasing the size of either INa (tonic↑INa, green) or IK (tonic↑IK, blue) transitioned our model from burst (B, red) to 
tonic firing. Greyscale indicates CV value. D: (i) The mKS vs. voltage phase plane (as introduced in A) for the tonic 
firing regime. Dotted green and blue lines are the mKS (dmKS/dt = 0) nullclines for tonic↑INa and tonic↑IK, 
respectively. Unstable equilibrium points for tonic↑INa and tonic↑IK are labelled EQ1 (0.51, -43.02 mV) and EQ2 
(0.35, -55.40 mV), respectively. Limit cycles for tonic↑INa (solid green) and tonic↑IK (solid blue) contain only a 
single spike. fAHP: Fast after-hyperpolarization. (ii) Inset shows enlarged limit cycles for tonic↑INa and tonic↑IK, 
spike threshold (0.36, -54.60 mV; open black circle), and directions of fast (black arrows) and slow (red arrow) 
trajectory movement. 



 

36 

 

variability in burst duration by intermittently hyperpolarizing the trajectory away from the up state 

of the limit cycle.  

B1 and B2 Subpopulations: Our earlier quantification of spike train variability in real 

SFO neurons revealed two distinct subpopulations of burst firing neurons, B1 and B2 neurons. 

Until this point, our analysis has supported the B1 burst firing regime. To address the second 

subpopulation of burst firing SFO neurons, we searched over maximal conductance (gKS = 0:0.1:6 

mS/cm2) and time constant of activation (τmKS = 0:1:15s) for IKS to see if we could account for the 

higher CV seen in B2 neurons (Fig. 6B). We were able to transition our model from B1 to B2 burst 

firing by increasing both gKS and τmKS simultaneously (white arrow), which suggests that B2 SFO 

neurons may have a higher density of slow-activating K+ currents that adapt on a slower timescale 

than B1 neurons.  

3.4 Transition from Burst to Tonic Firing 

 As previously stated, one of the main goals of this study was to build a model that could 

reproduce the two major spiking behaviours exhibited by SFO neurons, burst and tonic firing. In 

agreement with previous studies (Washburn et al., 2000b), our results indicate that depolarizing 

plateaus occur via DAP summation, so we hypothesized that we could transition from burst to 

tonic firing by inhibiting our models ability to generate DAPs. We tested this hypothesis by 

searching parameters values of the two major currents responsible for action potential generation in 

SFO neurons, INa and IK (Ferguson & Bains, 1996; Washburn & Ferguson, 2001a). We ran model 

simulations for increasing values of gNa (140:2:240 mS/cm2) and gK (1:2:300 mS/cm2). This range 

was sufficiently broad and fine-grained to see the evolution of CV as the model transitioned 

through different spiking regimes. The model transitioned from burst to tonic firing with increases 

in either gNa or gK (tonic↑INa: gNa = 150 to 170 mS/cm2; tonic↑IK: gK = 120 to 280 mS/cm2; Fig. 6C), 

or by increasing the probability of delayed-rectifier K+ channels being open at any given voltage 

by decreasing the IK activation gating exponent p from 4 to 2 (see Table 1, data not shown). This 
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change in the IK activation gating exponent p has been used in previous models to account for a 

different class of delayed-rectifier currents, Kv3.1-3.2, (Erisir et al., 1999; Golomb et al., 2007; 

Tateno & Robinson, 2007), which have been shown to be expressed in SFO neurons (Ono et al., 

2005).  

 We investigated the effect of increased INa or IK on model dynamics, by further analyzing 

the dynamics of the mKS vs. voltage phase plane (Fig. 6D). Increasing INa or IK in the model 

produced stable limit cycles that contain only a single spike (Figure 6Dii; tonic↑INa: solid green; 

tonic↑IK: solid blue), rather than a burst of spikes (Fig. 6A). This change in limit cycle behaviour, 

and subsequent change in model spiking behaviour, results from the introduction of a fast after-

hyperpolarization (fAHP) following each individual action potential. The fAHP hyperpolarizes 

voltage away from spiking threshold (-55 mV; open circle), thus inhibiting successive spike 

summation and DAP formation. Consequently, tonic↑INa and tonic↑IK neurons do not exhibit 

depolarizing plateaus or up states like burst firing neurons. Importantly, IKS is still active in our 

tonic firing regime, but now contributes to the slow spike repolarization (Fig. 6Dii, red arrow). In 

summary, the change in afterpotential behaviour from depolarizing (ie. DAPs) to hyperpolarizing 

(ie. fAHPs) ultimately produces the tonic firing regime in our model. 

3.5 Effect of Inoise on Burst Firing 

 As described above, Inoise causes variability in burst firing neurons by pushing the 

trajectory away from the up state of the limit cycle, therefore, allowing the model to account for 

variable burst durations and even single spikes. To further investigate the effect that Inoise has on 

burst firing behaviour, we incrementally increased the standard deviation of noise (σnoise) by 1 

μA/cm2 and measured mean CV ± SEM (n = 50) and membrane potential distribution modality, 

and plotted the resulting voltage trace (Fig. 7). In the noise-free model (A: σnoise = 0, CV = 5.45, n 

= 50) the bursts progress through an entire limit cycle. With the first step increase, mean CV 

increases slightly relative to A (B: σnoise = 1 μA/cm2, CV = 5.61 ± 0.01, n = 50), but the 
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Figure 7. The effect of Inoise on burst firing behaviour. Models A-E have increasing standard 
deviations of noise (σnoise, μA/cm2). Mean coefficient of variation of ISIs (CV ± SEM, n = 50), 
voltage trace, and membrane potential (MP) distribution are plotted for each model (t = 4 min traces). 
Model A is noiseless (σnoise = 0). Red dashed line represents the burst firing classification threshold 
as previous shown in Fig 2D. 
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membrane potential distribution remains bimodal. Further increases in σnoise, decrease mean CV 

and the model switches from two-state depolarizing plateau bursts (see traces A-D) to oscillatory 

bursts (see E). Furthermore, as σnoise is increased, mean CV remains above burst firing 

classification threshold (CV ≥ 1.16, red dashed line), but there is a shift in the membrane potential 

distribution from bimodal to unimodal (A: peak 2 > peak 1; B: peak 2 ≈ peak 1; C and B1 Model: 

to peak 2 < peak 1; D and E: only peak 1). In summary, these results indicate that as we increase 

Inoise (0 ≤ σnoise ≤ 20) the model behaviour changes from exhibiting long, dual-state bursts to short, 

oscillatory bursts mixed with single action potentials. 
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This study presents, to the best of our knowledge, the first model of SFO neurons. The 

model accounts for the membrane potential distribution modality and spike train variability of both 

tonic and burst firing SFO neurons. We confirmed that the burst firing regime requires INSCC, INaP, 

and INCa
 for DAP-mediated burst initiation and maintenance, and suggest that a slow-activating K+ 

current (IKS) is required for burst termination and the sAHP. The model also predicts that increases 

in Na+ or K+ currents and the resulting hyperpolarization of spike afterpotential ultimately 

distinguishes between tonic and burst firing behaviour in SFO neurons. These predictions both 

confirm previously established spiking mechanisms in SFO neurons and simultaneously, provides 

testable predictions for future experiments to investigate the ionic mechanisms that are critical to 

burst termination and heterogeneity in SFO spiking behaviour.  

4.1 SFO Spiking Behaviour 

4.1.1 Cellular Mechanisms Underlying Burst Firing 

In this study we built a single neuron model to investigate the mechanisms underlying SFO 

neuron spiking behaviour. Burst firing, one of two major spiking behaviours exhibited by SFO 

neurons, has been studied in various neuron populations throughout the CNS. In general, these 

studies have determined that intrinsic burst firing results from a mixture of voltage- and/or 

calcium-dependent currents that activate and inactivate on different timescales to allow a neuron to 

initiate, maintain, and terminate bursts (Izhikevich, 2007). One phenomenon that appears universal 

for burst initiation and maintenance is the generation of DAPs, though the ionic mechanism 

underlying its generation varies between neuron populations. For example, DAP generation in 

CA1 pyramidal cells and pre-Botzinger complex neurons relies on the activation of a INaP (Yue et 

al., 2005; Pace et al., 2007), whereas magnocellular neurosecretory cells (MNCs) primarily require 

changes in the intracellular Ca2+ concentration ([Ca2+]i) and the subsequent inhibition of a leak K+ 

current to trigger DAPs and burst firing (Andrew & Dudek, 1984a; Bourque, 1986; Li et al., 1995; 

Li & Hatton, 1997). Previous patch-clamp studies in intrinsically burst firing SFO neurons show 
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that activation of a NSCC by a CaR results in DAP formation, through a G-protein and [Ca2+]i-

dependent pathway (Washburn et al., 1999b). Activation of the NSCC leads to a depolarization of 

the membrane potential to the threshold of INaP, and this initiates DAP generation and burst firing 

(Washburn et al., 2000b). Here, our model demonstrates the same mechanism for burst initiation 

and maintenance in the burst firing regime (see Fig. 5), with the exception that the INSCC in our 

model is not modulated by [Ca2+]i, simply due to the lack of experimental data supporting our 

understanding of Ca2+ dynamics in real SFO neurons, a limitation that will be discussed below. 

Despite our comprehensive understanding of burst initiation and maintenance in SFO 

neurons, the mechanism for burst termination remains unknown. Burst termination is often 

governed by underlying slow current dynamics, such as slow inactivation of a Na+ or Ca2+ current 

or more often, slow activation of a K+ current (Krahe & Gabbiani, 2004; Izhikevich, 2007). In this 

study, we show that the slow activation and deactivation of IKS in our model drives both burst 

termination and slow repolarization to spike threshold via a sAHP. Slow AHPs typically develop 

over hundreds of milliseconds following a multi-spike event and decay on the time course of a 

second (Larsson, 2013). Our model proposes that sAHP development and decay may be longer in 

B2 SFO neurons than in B1 neurons. Although IKS in our model is theoretical, numerous K+-

dependent mechanisms for burst termination and sAHP development have been identified in other 

neuron types including calcium-activated K+ currents (IKCa) (Andrew & Dudek, 1984b; Bourque & 

Brown, 1987; Swensen & Bean, 2003), ATP-dependent K+ currents (Schiemann et al., 2012; 

Knowlton et al., 2018), and M-currents (Wang, 1999), which have all been shown to be expressed 

in SFO neurons (Hindmarch et al., 2008). Moreover, it is possible that burst termination in SFO 

neurons results from some combination of slow-activating K+ currents as was found in pre-

Bötzinger complex neurons (Krey et al., 2010). As a result of these model predictions, our lab 

tested whether the application of iberotoxin (IBTX), a BK-type IKCa channel blocker, would impact 

the ability of SFO neurons to burst fire. Preliminary results show that burst firing is transitioned to 
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high frequency tonic firing following the application of IBTX (data not shown). These initial 

findings suggest that when IKCa is blocked, SFO neurons appear to lose their ability for burst 

termination and sAHP generation, although, additional experiments are required to further support 

these findings and confirm the identity of the ionic mechanism(s) underlying burst termination and 

sAHP in SFO neurons. 

4.1.2 Cellular Mechanisms Underlying Tonic Firing 

The other prominent firing behaviour in SFO neurons is tonic firing. Accordingly, we 

sought to transition the model from burst to tonic firing such that we could investigate the potential 

ionic mechanisms supporting this firing regime. In intrinsically burst firing neurons, including SFO 

neurons, suppression of the DAP via various current and Ca2+ signalling blockers has been shown 

to prevent bursting by inhibiting spike summation (Li & Hatton, 1997; Ghamari-Langroudi & 

Bourque, 1998; Washburn et al., 1999b; Washburn et al., 2000b; Ghamari-Langroudi & Bourque, 

2002) and, in some cases, results in the neurons exclusively firing single action potentials 

(Ghamari-Langroudi & Bourque, 2002; Yue et al., 2005). These findings suggest that it may be 

possible to transition an intrinsically burst firing neuron to tonic firing by inhibiting their ability to 

generate DAPs, while still preserving their ability to fire action potentials. Pharmacological 

suppression of DAPs is paralleled by our model via increases in IK or INa and the resultant increase 

in fAHP size. As demonstrated by tonic↑INa and tonic↑IK, larger fAHPs inhibit spike summation 

and DAP formation and, as hypothesized, this transitions the model from burst to tonic firing. 

Typically, the fAHP influences action potential width, duration, and frequency (Storm, 1987), and 

is subject to modulation by various ionic conductances. In our model the fAHP is modulated 

directly by IK and indirectly by INa, where the latter simply increases action potential height and 

strengthens the driving force of K+ ions. In other neuron populations, such as MNC and CA1 

neurons, the fAHP has been shown to be facilitated by other K+ currents, including IA (Bourque et 

al., 1998) and IKCa (Storm, 1987). However, Kv3-derived IK is the dominant current underlying 
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fAHP generation in both auditory neurons (Wang et al., 1998) and FS inhibitory cortical 

interneurons (Erisir et al., 1999; Golomb et al., 2007). As discussed in the Introduction, FS 

interneurons have been shown to exhibit patterns of high-frequency firing as a result of their 

unique expression of Kv3.1-3.2 derived IK. It is therefore unsurprising then that we were able to 

transition our model from burst to tonic firing by modifying the activation gating properties of IK in 

our model to mimic those of Kv3.1-3.2 channels in FS interneuron models (Erisir et al., 1999; 

Golomb et al., 2007).  

Importantly, it should be noted that our model predictions need to and will be validated 

experimentally. Therefore, it is certainly possible that there are other ionic mechanisms besides IK 

or INa that prevent tonic firing SFO neurons from generating DAPs. The goal of our model 

predictions is not to make definitive statements about SFO firing behaviour, but instead, to provide 

general mechanistic understandings of tonic and burst firing and furthermore, direct future 

investigation into the potential molecular differences underlying the heterogeneity in SFO firing 

behaviour.  

4.1.3 Noise in Real SFO Neurons 

Current noise (Inoise) represents the effect of accumulated stochastic events occurring for all 

ion channels in a given patch of cell membrane. In this study, Inoise influenced our model such that 

large current noise ultimately decreased burst duration and increased the number of single action 

potentials in burst firing neurons. A behaviour change like this in real SFO neurons could 

potentially be detrimental for reliable transmission of information (Lisman, 1997). The source of 

noise in single isolated neurons results from the finite number of ion channels in the cell 

membrane. Furthermore, SFO neurons often exhibit high input resistance (Ferguson & Bains, 

1996), which suggests that even small changes in the proportion of open ion channels may have 

large effects on membrane potential fluctuation (Johansson & Arhem, 1994). Therefore, it is 

conceivable that Inoise has similar effects on membrane potential fluctuations that single- or multi-
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channel openings have in real SFO neurons. Further analysis of in vitro and in vivo noise are 

required to determine potential roles of noise dynamics in influencing SFO neuron signaling.  

4.1.4 Circuit Mechanisms 

Beyond these internal membrane dynamics, SFO neurons receive extensive peptidergic 

input from the peripheral circulation, as well as some synaptic input from afferent projection sites 

(Smith & Ferguson, 2010). Furthermore, the SFO is comprised of at least three molecularly 

distinct populations of cells, including excitatory neurons, inhibitory neurons, and glial cells (Oka 

et al., 2015), with various interconnected relationships between the three populations (Hiyama & 

Noda, 2016; Matsuda et al., 2017). In order to effectively mediate communication between SFO 

neurons and their downstream target sites, is it reasonable to assume that these various peptidergic, 

synaptic, and internal signalling pathways can influence, or potentially even transition, the spiking 

behaviour of SFO neurons. In agreement with this idea, it has been previously shown that 

antagonism of GABAergic receptors in the SFO results in burst-like discharges in nearly half of 

SFO neurons (Osaka et al., 1992); a proportion consistent with our findings as well as previous in 

vitro studies (Washburn et al., 2000b). To put this finding into a physiological context, anatomical 

data suggests that the majority of inhibitory input to the SFO originates in the MnPO, where 

recently it was discovered that these GABAergic inputs activate immediately following drinking 

and monosynaptically inhibit specific glutamatergic SFO neurons found to be involved in thirst 

(Augustine et al., 2018). Furthermore, optogenetic studies of SFO microcircuitry show that 

GABAergic interneurons within the SFO also modulate the activity of neighbouring glutamatergic 

projection neurons and, consequently, allow the SFO to differentially regulate water intake and salt 

appetite (Oka et al., 2015; Zimmerman et al., 2016; Matsuda et al., 2017). Together these findings 

suggest that inhibitory drive at the SFO directs SFO neuron spiking behaviour, and subsequently 

allows the SFO to differentially regulate physiologically important functions like thirst and 

feeding. One potential application of the SFO neuron model we present here, would be to simulate 
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the synaptic interaction between multiple burst and tonic firing SFO neurons, thus creating a circuit 

model of the SFO. A circuit model would allow us investigate the interplay between burst and 

tonic firing SFO neurons, or specifically, examine the ability of these spike behaviours to 

transition/modulate each other, as well as the effect of different sources of inhibitory input on SFO 

spiking behaviour. 

4.1.5 Molecular Phenotype & Functional Role 

These recent microcircuitry studies also raise questions about the molecular phenotype and 

physiological relevance of burst vs tonic firing SFO neurons. Although the functional role has yet 

to be elucidated in SFO neurons, it is suggested that burst firing can mediate selective 

communication for neurons with diverse projection sites (Izhikevich, 2002), or allow for the 

preferential release of neuropeptides, as seen in hypothalamic neuroendocrine cells (Bicknell & 

Leng, 1981; Andrew & Dudek, 1983; Roper et al., 2004; reviewed by van den Pol, 2012). 

Consistent with these theories, SFO neurons have been shown to fire in bursts (Washburn et al., 

2000b) and use the neuropeptide Ang II (Li & Ferguson, 1993) in order to communicate with the 

PVN, the same pathway suggested to be a major contributor to hypertension (Ferguson & Renaud, 

1984). Ang II in the SFO is known to modulate various other homeostatic processes, including 

fluid balance (Simpson & Routtenberg, 1973, 1975), salt appetite (Matsuda et al., 2017), and 

inflammation (Benigni et al., 2010; Zubcevic et al., 2017). It does so through distinct neuronal 

projections to the OVLT, vBNST, and PVN, where anatomical data suggests these connections 

from the SFO are primarily glutamatergic (Renaud et al., 1985; Matsuda et al., 2017). Based on 

these collective findings, it is therefore reasonable to hypothesize that the burst firing SFO neurons 

characterized in this study may be glutamatergic projection neurons. Theoretically, burst firing 

would allow SFO projection neurons to selectively communicate and release physiologically 

important neuropeptides, like Ang II, and as a result differentially regulate a wide range of ANS 

and endocrine function. 
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Conversely, previous studies indicate that the majority of GABAergic SFO neurons are 

spontaneously active interneurons (Shimizu et al., 2007), where only a few inhibitory projection 

neurons extend from the SFO to the OVLT and MnPO (Oka et al., 2015; Matsuda et al., 2017). 

The spontaneous firing of these GABAergic neurons is thought to be driven intrinsically, as 

opposed to through synaptic transmission, because glutamatergic receptor blockers do not affect 

their spiking behaviour (Shimizu et al., 2007). Furthermore, the activity of GABAergic SFO 

interneurons has been shown to be upregulated by nearby astrocytes via the shuttling of lactate, as 

well as by circulating cholecystokinin (CCK) levels (Shimizu et al., 2007; Hiyama & Noda, 2016). 

Together, these findings indicate that there is tonic inhibitory drive at the SFO, the strength of 

which is being adjusted in a dial-like fashion by various upstream modulators, including glia and 

other circulating factors. While beyond the scope of this study, future experiments should examine 

the molecular phenotypes of burst and tonic firing SFO neurons and further investigate the role 

these different populations play in regulating important physiological functions at the SFO. 

4.2 Limitations of the SFO Neuron Model 

Consistent with any modeling study, there are limitations to the SFO neuron model. Our 

model, as well as the original HH model, is a simplified representation of an SFO neuron without 

any additional spatial features, such as dendritic or axonal diffusion. The introduction of cable 

theory (Rall, 1977) and multi-compartmentalization (Bower & Beeman, 1998) to the original HH 

formalism has allowed for a more detailed representation of neuronal structure, and in particular, 

has proven important for studying neurons that receive extensive synaptic input or have large 

dendritic trees (Bernander et al., 1991; De Schutter & Bower, 1994b, a; Hay et al., 2011). 

Contrastingly, SFO neurons have small dendritic trees, receive the majority of sensory information 

from circulating signals, and maintain their membrane properties and peptide responsiveness for up 

to 6 days following dissociation (Ferguson et al., 1997; Smith & Ferguson, 2010); therefore we 

developed the SFO neuron model as a point neuron without any additional spatial compartments. 
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One of the potential limitations of multi-compartmental modeling is the increased complexity in 

terms of the number of differential equations and simulation time required for tens to hundreds of 

compartments. The larger the number of dendritic compartments, synaptic connections, currents, 

and/or overall differential equations in a model, the more difficult it gets to predict the dynamics 

responsible for the behaviour of the model and, as discussed in the Introduction, this becomes 

especially difficult when the model is evolving on multiple timescales, as is the case here. 

Therefore, to avoid over complication, we reasoned that the unique anatomical features of the SFO 

justified the use of a point neuron model as a reasonable approximation of an SFO neuron, 

especially considering SFO neurons are primarily studied using a dissociated preparation in our 

lab. 

As mentioned throughout the study, there are several physiological dynamics identified in 

real SFO neurons that are not currently accounted for by our model. These dynamics either result 

in or rely on changes in [Ca2+]i. As previously discussed, the mechanism underlying burst 

maintenance in our model is INCa, a voltage-dependent inward Ca2+ current, rather than a CaR-

mediated inward current through a NSCC as described by Washburn et al. (1999b). Our model 

does not describe [Ca2+]i dependence simply due to our incomplete understanding of Ca2+ dynamics 

in real SFO neurons. Ca2+-imaging studies in SFO neurons have yet to agree on the resting [Ca2+]i 

concentration (Jurzak et al., 1995; Gebke et al., 1998; Johnson et al., 2001), and we lack a realistic 

model of SFO Ca2+-dynamics or empirical measurements of the Ca2+-dependence of CaR/NSCC 

activation. Accordingly, instead of relying on a rise in [Ca2+]i to activate the NSCC, we stipulated 

the NSCC in our model would be partially active at rest, and that the DAP would be maintained by 

the Ca2+ current through Ca2+ channels, rather than through the NSCC. Despite this difference, INCa 

provides an inward current that is sufficient to maintain the up-state of a burst, and as a result our 

model accounts for many of the features of burst firing behavior in SFO neurons. Additionally, the 

partially active NSCC in our model may represent the modulation of INSCC via different signaling 
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mechanisms including the activation of CaR and/or the presence of Ang II or interleukin 1β, which 

have all been previously shown to activate a INSCC in SFO neurons (Washburn et al., 1999b; Ono et 

al., 2001; Desson & Ferguson, 2003). Future studies, using Ca2+-imaging techniques, are required 

to better understand SFO Ca2+ dynamics and to further inform the mechanisms of our SFO neuron 

model.  

Another current shown to be expressed in SFO neurons, but not presently accounted for in 

our model is the hyperpolarization-activated current (IH) (Washburn et al., 2000a; Watanabe et al., 

2006). Previous studies indicate that IH, although not ubiquitously expressed across SFO neurons, 

is likely coupled to CaR and involved in rebound burst discharges due to its activation at 

hyperpolarized membrane potentials (Washburn et al., 2000a). Theoretically, when a SFO neuron 

is hyperpolarized below spiking threshold it is likely that IH depolarizes the membrane potential 

into the activation range of INSCC and INaP for burst initiation, but this has yet to be confirmed 

experimentally and is an intriguing future investigation for our SFO neuron model.  

4.3 Future Directions 

The SFO has been implicated in a wide range of ANS function, including recent views that 

it is an important site for signal integration. Emerging evidence suggests that considerable signal 

integration occurs in single SFO neurons, but these findings have been mainly limited to peptides 

that traditionally influence the same physiological system (Smith & Ferguson, 2010). Recent 

perforated patch-clamp studies have attempted to examine the integrated response of SFO neurons 

to Ang II and CCK, two peptides known for their traditionally different roles in cardiovascular and 

metabolic function (Cancelliere & Ferguson, 2017). Despite these efforts, comprehensive 

examination of signal integration across various physiological systems represents a daunting task 

for plausible experimental design. Recent studies have provided a window into the neural circuitry 

through which different populations of SFO neurons selectively influence thirst and salt appetite 

(Hiyama & Noda, 2016; Matsuda et al., 2017; Zimmerman et al., 2017). These studies represent a 
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step towards understanding how the SFO selectively influences physiological systems that are 

traditionally viewed as separate. One of the goals upon creation of the SFO neuron model was to 

aid in the investigation of signal integration by SFO neurons by providing a high throughput tool to 

be used in coordination with in vitro electrophysiological experiments.  

4.3.1 Integration of Cardiovascular and Inflammatory Signals 

Interestingly, there is an emerging body of literature suggesting the SFO may be 

integrating pro-inflammatory signals (ie. TNFα) with cardiovascular signals (ie. Ang II) to 

upregulate the renin-angiotensin system (RAS) and potentiate Ang II-induced hypertension at the 

SFO (Zhang et al., 2014; Wei et al., 2015; Yao et al., 2017). Previous electrophysiology 

experiments have identified the ionic mechanisms underlying the excitatory effect of Ang II on 

SFO neurons. This mechanism includes an increase in INSCC (Ono et al., 2001) and a decrease in IA 

(Ferguson & Li, 1996), which results in a depolarization and increase in firing frequency (FF) in 

SFO neurons. Alternatively, additional electrophysiology studies suggest that a hyperpolarizing 

shift in the INa activation curve underlies the increased excitability of SFO neurons following 24-hr 

incubation in TNFα (Simpson & Ferguson, 2017). The individual mechanisms supporting the 

effects of Ang II and TNFα on SFO neurons have been established in isolation, but the integration 

of these signals by SFO neurons has only recently begun to be investigated (Simpson & Ferguson, 

2018).  

One of the goals in the development of our SFO neuron model was to expedite the 

investigation of signal integration at the SFO by providing testable predictions to guide future 

experiments. Accordingly, we combined the known ionic mechanisms of Ang II with our SFO 

neuron formalism to develop a model (Fig. 8B) that accounts for the peak FF and CV of a real SFO 

neuron (Fig. 8A) in response to Ang II. The model predicts that hyperpolarization of the INa 

activation curve, to mimic 24-hr incubation in TNFα, will result in potentiation of SFO neuron 

excitability in response to Ang II application (Fig. 8C), where the potentiation manifests as an  
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Figure 8. Modeling the integration of cardiovascular and inflammatory signals by SFO 
neurons. A-B. A representative in vitro recording (A) and model trace (B) of the peak 100s response 
of a SFO neuron to a 10 nM application of Ang II. There is no significant difference in peak firing 
frequency (FF) (P=0.79) or CV (P=0.79) between model and real Ang II responses (Ang II Real: 
peak FF = 2.57 ± 0.61 Hz, CV = 1.14 ± 0.25, n = 13; Model Ang II: peak FF = 2.41 ± 0.04, CV = 
1.07 ± 0.03, n = 13). Grey bar indicates Ang II application was prior to the 100s shown. C. Model 
prediction of a SFO neuron in response to the same Ang II application following a 4 mV 
hyperpolarizing shift in INa activation curve (to simulate 24-hr TNFα incubation). The model predicts 
a significant increase in peak FF (P<0.0001) and significant decrease in CV (P<0.0001) in response 
to this shift in INa activation (Model Ang II + TNFα: peak FF = 5.32 ± 0.03, CV = 0.47 ± 0.01, n = 
13) D. Summary peak FF (i) and CV (ii) data. CV was calculated for the 100s period of peak FF. P-
values were calculated using Student’s t-test. 
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increase in peak FF and decrease in CV. Although these results are preliminary and need to be 

confirmed experimentally, they begin to suggest that inflammatory factors, like TNFα, may 

contribute to the upregulation of RAS and increased hypertension by increasing the excitability of 

SFO neurons in response to Ang II. Similar uses of modeling and electrophysiology have been 

used to investigate a wide range of neuronal function across the CNS (LeBeau et al., 2000; Roper 

et al., 2004; Golomb et al., 2007; Klaus et al., 2011; MacGregor & Leng, 2013; Makadia et al., 

2015; Knowlton et al., 2018; Maicas-Royo et al., 2018), which demonstrates one of the greatest 

strengths of single neuron models: their ability to be parameterized by and integrated with 

experimental studies, thus creating a virtuous and efficient cycle for the study of neuron behaviour. 

Future in vitro studies should work towards completing the cycle in this study by testing the 

predictions made by our Ang II model. Further use of the SFO neuron model will be helpful in 

predicting the integration of various other signals by SFO neurons. 

4.4 Conclusions 

We present, to the best of our knowledge, the first ever model of SFO neurons. Through in 

vitro patch-clamp data and quantitative classification of SFO neuron spiking behaviour, we 

constrained our model by stipulating it must account for the membrane potential distribution and 

spike train variability of tonic and burst firing SFO neurons. The model predicts that heterogeneity 

in current expression and subsequent influence on spike afterpotentials underlie behavioural 

differences between tonic and burst firing neurons, and that burst firing SFO neurons have 

unidentified underlying slow dynamics that are required for burst termination. These predictions 

provide a series of working hypotheses and lay the groundwork for future experiments to further 

identify the ionic mechanisms underlying diversity in SFO firing behaviour. Furthermore, future 

use of this model in combination with in vitro methodologies provides us with a platform for 

studying the mechanisms underlying signal integration within the SFO. 
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