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Abstract 

Impermeant anions (proteins, amino acids, etc.) are negatively charged ions that are unable to 

traverse the cell membrane. Impermeant anion quantities and their average charge vary with 

metabolism as well as protein and nucleic acid synthesis/turnover. The effect of spatiotemporal 

changes to impermeant anions on neurons is poorly understood. Using a multicompartment 

electrodiffusion-based computational model I investigated the influence of impermeant anions 

on neuronal cellular physiology, passive cable properties, and synaptic integration. Spatial 

differences in the average charge of impermeant anions result in a non-isopotential dendrite 

with ionic microdomains. At steady state local discrepancies in membrane potentials and ion 

concentrations do not impact the passive or active electrical properties of neurons as ionic 

driving forces are unchanged, irrespective of impermeant anion mean charge. These findings 

explain how electrical signalling remains consistent in the face of an ever-changing 

impermeant anion milieu with implications related to our understanding of both normal and 

pathological neuronal physiology.   
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1. INTRODUCTION 

1.1. CELLULAR ARCHITECTURE AND ELECTRICAL PROPERTIES OF NEURONS  

1.1.1. BUILDING BLOCKS OF THE BRAIN 

Neurons are the functional units of the brain. They receive inputs, transform them, and 

produce output signals targeting other neurons. Common cellular components – somata, 

dendrites, and axons - facilitate signal propagation between neurons. (Fig 1.1).  

Inside the soma (cell body) of the neuron lies the cell nucleus and other cellular organelles 

loosely embedded in a gel-like cytoplasm. Here ribosomes and endoplasmic reticula 

synthesize proteins and other macromolecules which provide structural integrity and maintain 

neuronal homeostasis.   

 

Slender cytoplasmic extensions called dendrites conduct electrical signals toward the soma 

from apical and basal regions. Primary dendrites extend from the soma and branch out distally 

forming the dendritic tree. Dendritic branches narrow and contain fewer cellular organelles as 

the tree lengthens (Hammond, 2015). Electrical signals entering via dendrites are neural inputs 

that get integrated and transformed.  

 

Should the summation of incoming inputs reach a threshold, the neuron discharges an action 

potential (output signal) down its axon. The terminal end of an axon communicates with a 

dendrite of another neuron forming a synapse, the basis for neural signal transfer. 

 

 

 

 

Fig. 1.1: Morphology of a neuron 
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1.2.1. NEURAL SIGNAL PROPAGATION 

Synapses are chemical-electrical interfaces between communicating neurons. An activated 

pre-synaptic neuron releases chemical neurotransmitters which bind to receptor proteins on 

the post-synaptic neuron. Interaction with a neurotransmitter then transforms the structure of 

the receptor to become a channel for ion flux between the extracellular environment and the 

neuron.  

 

The magnitude and direction of ionic flux determines the electrical effect on the post-synaptic 

membrane. Ionic motion across the membrane either increases (depolarizes) or decreases 

(hyperpolarizes) the post-synaptic membrane potential, ultimately contributing to excitatory 

or inhibitory signalling. Excitatory signalling increases the likelihood of triggering an action 

potential, while inhibitory signalling reduces the likelihood. Tight control of excitatory and 

inhibitory signalling underpins precise neural communication.  

1.3.1. IONIC HOMEOSTASIS IN NEURONS AND THE NERNST POTENTIAL 

Ionic homeostasis refers to the self-regulating control mechanisms involved in stabilizing ion 

concentrations. In neurons, ion homeostasis is what ensures most neurons remain at rest, 

while only specific neurons are activated. Ions enter and exit neurons across a semi-

permeable membrane that acts as a gatekeeper against most ionic fluxes.  

 

Two forces govern ionic motion across the semipermeable membrane. Firstly, diffusion - the 

movement of ions from a region of high ionic concentration to a region of low concentration. 

Water follows ionic motion across the membrane via osmosis such that osmotic balance is 

maintained. Secondly, drift - the flux of charged molecules due to the local electrical field. 

The net flux of ions therefore is a combination of both chemical and electrical forces. 

 

The Nernst-Planck Equation (NPE) is used to calculate the magnitude and direction of ion 

flux. The equation summates Fick’s Law of Diffusion and Ohm’s Law for Drift by using the 

Einstein Relation stating that fluxes of diffusion and drift are additive in the same medium ( 

flux = drift + diffusion). 

 

In steady state (resting) conditions, the net flux of an ion is equal to zero, and the NPE can be 

rearranged ( - drift = diffusion ) to find the electrical potential required to maintain an ion 

concentration gradient across the membrane. This voltage is also referred to as the Nernst 

potential, reversal potential, or equilibrium potential of an ion (Coombs et al., 1955). Multiple 
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ionic species exist on either side of the membrane and thus the Nernst equation cannot be 

used to determine the potential of the entire membrane. 

1.4.1. MEMBRANE POTENTIAL AND IONIC DRIVING FORCES 

The “charge-sum” and “charge-difference” approach are two popular methods to calculate the 

resting membrane potential (Vm). The “charge-sum” approach models the neuronal membrane 

as an equivalent circuit and then uses Kirchhoff's Current Law, which states that the total 

current entering a junction or a node equals the charge leaving the node. Therefore, the 

summation of currents is equal to zero (𝐼𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑎𝑛𝑐𝑒 + 𝐼𝑖𝑜𝑛 = 0) which becomes a differential 

equation that is solvable. The solution however requires the initialization values to be known.  

The “charge-difference” method (Fraser and Huang, 2004) provides the same solution for Vm  

(Eq. 1.1), without requiring initialization values, by utilizing the formula for capacitance 

(𝐶𝑚 = 𝑞/𝑉𝑚). Charge (q) is the difference between the extracellular and intracellular ion 

charges. As a neuron existing in a neutral extracellular environment will have an extracellular 

charge of zero, only the intracellular charge is considered. The intracellular charge is the 

differences between cations and anion concentrations, divided by the cell volume to arrive at 

a net mole. This value is multiplied by Faraday’s constant (F) to convert mol to coulombs.    

 

𝑉𝑚 = 
𝐹 ×  ([𝑁𝑎+]𝑖 + [𝐾

+]𝑖 − [𝐶𝑙
−]𝑖 + 𝑧[𝑋

−]𝑖) × 𝑤

𝐶𝑚
 

 

In the charge-difference equation, [Na+]i represents sodium concentration, [K+]i is the 

potassium concentration, [Cl-]i is the chloride concentration. [X-]i refers to the concentration 

of impermeant anions, with a mean charge of z. 

 

The membrane potential (Vm) of a neuron at rest lies within the range of - 40 to - 80mV 

(depending on cell type), indicating that the composition of the internal neuron environment 

consists of more net negative than positive charges. Fig. 1.2 shows the concentration 

gradients across the membrane which set up the membrane potential.  

 

 

 

 

(Eq.1.1) 
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The driving force (DF) of an ion is equal to the difference between the membrane potential 

and its equilibrium potential (Vm - Eion) and is the net force acting on the ion at rest. To 

calculate the ionic current for a particular ion (Iion) across the membrane due to its driving 

force Ohm’s law (I = V/R) can be used, shown in Eq.1.2. 

 
𝐼𝑖𝑜𝑛 = 𝑔𝑖𝑜𝑛(𝑉𝑚 − 𝐸𝑖𝑜𝑛) 

 
The inverse of resistance (1/R), conductance (gion), is often preferred in neuroscience as it 

intuitively relates to how easily an ion can cross the membrane. This is determined by the 

number of open ion channels at a given time. Altered membrane conductances to specific ions 

at discrete time intervals underpins ionic flux across the semipermeable membrane – the basis 

of neural communication. However, not all ions are able to cross the membrane (impermeant 

ions), yet how these impermeant ions might influence neural signalling is not well 

understood. 

 

  

Ion Intracellular 
concentration 

(mM) 

Extracellular 
concentration 

(mM) 

Reversal 
potential (Eion) 

(mV) 

Sodium 
Na+ 

5-15 145 90.7 - 61.1 

Potassium 

K+ 

140 5 - 89.7 

Chloride 
Cl- 

4 110 - 89 

Bicarbonate 
HCO3

- 

10 24 - 23 

(Eq.1.2) 

Table 1.2: Table of ion concentrations and ionic reversal  (equilibrium) potentials  in neurons. 
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1.2. IMPERMEANT ANIONS  

1.2.1. PROPERTIES OF IMPERMEANT ANIONS 

The three major anion species in the brain are chloride (Cl -), bicarbonate (HCO3
-), and 

impermeant anions. Impermeant molecules (some anionic some cationic) are defined by their 

inability to traverse the cell membrane. Although, no experimental studies characterise local 

impermeant molecular charge in neurons, analytically, the average (bulk) charge of all 

intracellular impermeant molecules is approximated as -0.85 (Düsterwald et al., 2018) when 

impermeant molecule concentrations are known. In this thesis we consider these molecules in 

bulk and refer to them as impermeant anions. 

 

Impermeant anions make up a heterogenous milieu of molecules including sulphates (SO4-), 

phosphates (PO4-), phosphorylated molecules such as ribonucleotides, metabolic end products 

and other intracellular proteins (such as actin and tubulin) and which are negatively charged 

at physiological pH (Burton, 1983; Glykys et al., 2014a; Rahmati et al., 2021).  The core 

impermeant anion properties of functional importance are 1) concentration, 2) charge, and 3) 

distribution. 

 

There are approximately 10000 protein types in the CNS (contributing to the milieu of 

impermeant molecules), with the majority having an isoelectric point (pI) less than a pH of 7 

(Gianazza, and Righetti, 1980; Morón and Devi, 2007). At physiological pH most proteins 

will donate protons and exist as a weak base with a negative charge. The charge of 

impermeant anions likely varies on the local pH and abundance of phosphate groups among 

other factors.  

 

Impermeant anions are distributed both intracellularly and extracellularly. Intracellularly, 

proteins are non-uniformly dispersed in the cytoplasm because cellular machinery for protein 

synthesis occurs at differing spatial locations. Large macromolecules (for instance 

microtubules modified with polyglutamate chains) are relatively immobile along the dendrite 

(Liu et al., 2013), while smaller impermeant anions may travel along dendrites via 

cytoplasmic transport mechanisms (Koleske, 2013). The distribution of impermeant anions is 

understudied, however for the purpose of this thesis they are assumed to be able to vary at 

fixed locations and are not diffusable.  
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Extracellularly, impermeant anion distribution is more stable. The most prominent 

extracellular impermeant anions are scaffolding proteins such as proteoglycans which anchor 

neurons to the extracellular matrix (Cui et al., 2013; Thul et al., 2017). 

Individual proteins and cellular macromolecules have specific functions ranging from DNA 

replication to neurotransmission; however, when considered collectively on the basis of their 

cumulative charge and osmotic activity impermeant anions are a core component of what 

establishes membrane potential and cell volume. 

 

1.2.2. IMPERMEANT ANIONS, THE PUMP LEAK MECHANISM, AND MAINTENANCE OF CELL 

VOLUME 

Impermeant anions cannot cross the semipermeable membrane yet still contribute to the 

osmotic load in a cell, a phenomenon referred to as the Donnan Effect (Donnan, 1911). In the 

absence of ion pumps, impermeant anions (and the cations attracted to them) passively draw 

in water resulting in osmotic instability that can lead to cell swelling and lysis (Blaustein et 

al., 2012; Sperelakis, 2012; Kay, 2017).  

 

To counteract the Donnan Effect, animal cells utilize ion pumps to shift ions against their 

concentration gradient – moving water out of the cell in the process. The sodium-potassium 

ATPase (Na-K ATPase), the most crucial active transport mechanism, pumps three Na+ ions 

out of the neuron in exchange for two K+ ions which enter (Tosteson and Hoffman, 1960). 

The excess of negative ions in the cell results in a negative resting membrane potential.  

 

The Donnan Effect and ion pumps ultimately create electrochemical gradients to maintain cell 

volume. Leak channels in the cell membrane permit ions to move down electrochemical 

gradients to achieve electroneutrality. This system is referred to as the “pump-leak 

mechanism” (Kay, 2017) and is what couples cell volume and resting membrane potential of 

animal cells. Although impermeant anions are crucial in the regulation of neural homeostasis, 

their role in neural signalling remains controversial.  
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(Eq.1.3) 

(Eq.1.4) 

1.3. INHIBITORY SIGNALLING AND IMPERMEANT ANIONS  

 

Communication between neurons necessitates a delicate control of excitatory and inhibitory 

signals. Inhibition is vital for controlling when and where particular neurons are active, 

thereby enabling precise neural activity. Moreover, many neurons are recurrently connected 

so without inhibitory control widespread excitation would occur (Doyon et al., 2016). Faults 

in inhibition lead to an array of neurological and psychiatric disorders including epilepsy 

(Alfonsa et al., 2015), schizophrenia (Taylor and Tso, 2015), and Huntington’s disease (Hsu 

et al., 2018). Discovery of molecular treatments for these disorders relies upon understanding 

the intricate cellular physiology underpinning neural inhibition.  

 

1.3.1. GABA MEDIATES INHIBITION VIA CHLORIDE INFLUX 

Fast synaptic inhibition is predominantly mediated by the neurotransmitter GABA (γ-

aminobutyric acid) binding to GABAA receptors. Binding changes the receptor’s 

conformation to act as transmembrane ion channel permeable to Cl - (and to a lesser extent 

HCO3
-) (Kaila, 1992).  Inward movement of Cl-  hyperpolarizes (inhibits) neurons.  

The GABAA receptor, however, is permeable to Cl- in both directions. The direction of Cl- 

flux is set by the Cl- driving force (DF; Eq.1.3), which is the difference between the 

membrane potential(Vm) and the Cl- reversal potential (ECl ; Eq.1.4).  

𝐷𝐹𝐶𝑙 = 𝑉𝑚 − 𝐸𝐶𝑙  

 

𝐸𝐶𝑙 =  
−𝑅𝑇

𝐹
× 𝑙𝑛 (

[𝐶𝑙𝑜𝑢𝑡]

[𝐶𝑙𝑖𝑛]
) 

At a stable membrane potential, ECl dictates the direction of Cl-  flux. Under these 

circumstances, inhibition (Cl- influx) can only occur if the intracellular Cl- concentration 

remains low (Ben-Ari, 2002). Minor increases in intracellular Cl- concentrations can tilt the 

[Clout] : [Clin] ratio leading to Cl- extrusion through GABAA receptors and a paradoxical 

depolarizing excitatory current (Raimondo et al., 2017).  Neural inhibition therefore depends 

on establishing and maintaining Cl- concentration gradients. 

 

1.3.2. DETERMINANTS OF CHLORIDE CONCENTRATION 

Both intracellular and extracellular Cl- concentrations are regulated by dynamic systems. 

Extracellular Cl- concentration is tightly controlled by the renal and gastrointestinal system 
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(serum Cl-) , and is further regulated in the CSF by the choroid plexus(Abbott et al., 1971), 

rendering the extracellular Cl- concentration as effectively constant. The focus of this thesis is 

on internal Cl- concentration, which is predominantly determined by chloride cotransporters 

(CCCs)(Blaesse et al., 2009) and impermeant anions (Düsterwald et al., 2018).  

Chloride cotransporters are a family of ion transporters which utilize secondary active 

transport mechanisms (either Na+ or K+ concentration gradients) to alter Cl- concentrations 

(Kahle et al., 2015).  The two most prominent CCCs in the nervous system are NKCC1 and 

KCC2.  

 

The KCC2 transporter is the most important regulator of Cl- in adult neurons (Rivera et al., 

1999; Ben-Ari, 2002). KCC2 exploits the K+ concentration gradient to move Cl- out of 

neurons, thus maintaining the low intracellular Cl- concentrations. By extruding Cl- , KCC2 

ensures that GABAergic signalling remains inhibitory (Kaila et al., 2014). In theoretical, 

pharmacological, as well as disease models manipulating KCC2 has been shown to influence 

Cl- driving force (Barmashenko et al., 2011; Lee et al., 2011; Tang et al., 2015; Düsterwald et 

al., 2018).  

 

The dogma of KCC2 determining Cl- driving force has been recently challenged, with some 

scientists proposing that impermeant anions may also influence Cl- concentrations and hence 

contribute to inhibitory signalling (Delpire and Staley, 2014; Glykys et al., 2014a, 2017).  

Speculatively, the electrostatic and osmotic effects of impermeant anions are thought to be 

able to displace Cl- locally and shift concentrations within a neuron.  

 

1.3.3. CHLORIDE MICRODOMAINS 

Regions of distinct Cl- concentrations within an individual dendrite (“Cl- microdomains”) 

have recently garnered attention in the field. Several studies have experimentally observed Cl- 

microdomains in neurons (Vardi et al., 2000; Glykys et al., 2014a; Mohapatra et al., 2016; 

Rahmati et al., 2021), however what establishes these microdomains is still debated (Doyon 

et al., 2016).   

 

One school of thought is that spatial differences in KCC2 density/strength along a dendrite 

are the cause of regions with higher/lower Cl- concentration (Vardi et al., 2000; Szabadics et 

al., 2006; Zhang et al., 2013; Düsterwald et al., 2018). Another idea is that the distribution of 

impermeant anions are more responsible for establishing Cl - microdomains (Glykys et al., 
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2014a; Rahmati et al., 2021). As experimental methods to test these hypotheses are limited, 

uncertainty over the cause and maintenance of these microdomains still persist.  

 

Further controversy exists regarding the functional significance of Cl - microdomains that may 

arise from impermeant anions (Glykys et al., 2014b; Voipio et al., 2014). Some studies 

suggest that ECl is different as a result of  impermeant anion driven Cl- microdomains, they 

then postulate that GABAergic signalling at these regions should be different, driven by local 

differences in Cl- driving force (Rahmati et al., 2021). It should be noted however that 

impermeant anion driven differences in local Cl- driving force have not been demonstrated 

experimentally. Furthermore, how impermeant anions could actually affect inhibitory 

signalling and synaptic integration is not well understood.  

      

1.3.4. NON-ISOPOTENTIAL DENDRITES AND INHIBITION 

Impermeant anions are known to affect the membrane potential of neurons (Johnston and Wu, 

1995). If impermeant anions were responsible for regions of altered Cl- concentrations, then 

the membrane potential in these regions would be altered too – violating the assumption of 

isopotentiality (equal membrane potentials at all spatial locations) used in most neural 

models. The biophysics of non-isopotential neurons are poorly described and how inhibition 

may differ between non-isopotential and isopotential neurons is unknown.  

 

I hypothesize that because membrane potential and ECl both shift due to impermeant anion 

charge differences, Cl- driving force would be the same at each point along the neuron. 

Identical Cl- driving forces should leave inhibition unaffected by local shifts in impermeant 

anion mean charge. 

 

Answering this hypothesis is not possible with current experimental techniques. Mapping the 

precise subcellular distribution of impermeant anions whilst simultaneously gathering 

electrical signals has yet to be performed. Moreover redistribution of Cl- can occur at rapid 

time scales along the dendrite (Doyon et al., 2011), and recording electrochemical signals 

along such narrow spatiotemporal scales is extremely challenging. Computational approaches 

to simulate neural physiology have been devised to overcome these experimental obstacles.   
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1.4. MODELLING DENDRITES  

 

Several models have been proposed to predict neural functioning, each of which balance 

detail with abstraction. On one extreme of the spectrum, black-box models focus solely on the 

input, processing, and output (functional) aspects of neurons, and are useful when trying to 

predict neuronal spiking frequencies; however, these models are limited in describing effects 

related to neural structure and biophysics. On the other hand, detailed morphological models 

most accurately account for neuronal structure such as dendritic branching patterns, although, 

not all aspects of morphology are necessary for understanding the dynamics of a single 

neuron and efforts to incorporate detailed structure may be redundant and computationally 

expensive (Herz et al., 2006). Equivalent circuit multi-compartmental models strike a balance 

between detail and abstraction.  

 

1.4.1. EQUIVALENT CIRCUIT MODELS AND CABLE THEORY  

Equivalent circuit models liken the core electrical properties of neurons to electronic 

components in a circuit, with each component in the circuit representing an electrical property 

of the neuron (Hodgkin and Huxley, 1952). The semipermeable plasma membrane is 

modelled as a capacitor based on the dielectric properties of the membrane with ions 

accumulating on either side of it. The capacitance of most neuronal membranes is 

approximately 1µF/cm2 (Johnston and Wu, 1995).   

 

Ion channels both permit and prevent ions crossing the membrane thus are modelled as 

variable conductances with permeabilities for specific ions. The conductances of these 

channels can vary with time and voltage, for instance at a synaptic junction when 

neurotransmitters bind causing post-synaptic ion channels to open allowing ionic flux.  

 

Internal resistance (ri) is the resistance to the flow of ions along the length of the dendrite due 

to the cytoplasm (and intraneuronal structures). The dendrite length (x) and cross-sectional 

area (A) are the determinants of the internal resistance.  

 
Lastly, the driving force of a particular ion is modelled as a battery supplying a voltage equal 

to the difference between the membrane potential and the ionic reversal potential. 
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(Eq.1.5) 

(Eq.1.6) 

Cable Theory models segments of dendrite with electrical equivalent circuits composed of 

resistances and capacitances and therefore considers how an electrical signal attenuates as it 

propagates along a dendrite by ensuring that dendritic diameter, dendritic length, and 

intracellular axial resistance are accounted for. Schematic C below demonstrates how 

sequential equivalent circuits in series can be combined and modelled as a cable (Keener and 

Sneyd, 2009). 

 

Using cable theory one can predict the passive cable properties of a dendrite, namely the 

membrane time and length constants. Tau(𝝉), the membrane time constant, is defined as the 

time for the membrane voltage to reach 66% of the final membrane voltage. Tau is considered 

as the product between the membrane resistance (Rm), and the membrane capacitance (Cm).  

Tau is therefore solely predicted based on membrane specific determinants; consequently, 

one would not predict that impermeant anions fluxes alter Tau. 

𝜏 = 𝑅𝑚 × 𝐶𝑚 

 

Lamba (λ), the membrane space constant, is defined as the distance for the membrane voltage 

to reach 2/3 of its initial value. Lambda is determined by the membrane resistance (Rm), and 

internal resistance (Ri).  

λ =  √
𝑅𝑚
𝑅𝑖
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1.4.2. LIMITATIONS OF CABLE THEORY 

Cable Theory typically considers the equilibrium potential of each ionic species as being 

constant along the length of the dendrite (Lopreore et al., 2008). Across large spatial scales 

the reversal potentials are relatively stable, thus the assumption that the transmembrane 

concentration gradient of each ion can be considered constant is relatively sound and provides 

similar predictions as can be gathered from experiment (Markram et al., 2015). In smaller 

Fig. 1.3: Schematic depicting relationship between Cable Theory and equivalent circuit models. Dendrite acting as 

a cable (shown in green), with single electrical compartment modelled as an equivalent circuit (shown in red). Cm 
= Membrane capacitance, Vm = membrane voltage, rm = membrane resistance, ri = internal (axial) resistance, ro = 
outward resistance , ii = inward current, io= outward current, gna = conductance for sodium, gk= conductance for 
potassium, gcl = conductance for chloride, Ena = Sodium reversal potential, Ek = potassium reversal potential, Ecl = 

chloride reversal potential. 
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spaces however, there are rapid ionic fluxes within dendritic compartments, resulting in 

fluctuating ionic reversal potentials and membrane potentials (Brumback and Staley, 2008). 

Given steady state scenarios (where no dynamic ionic fluxes are occurring and reversal 

potentials are stable), cable theory would predict that given uniform, stable ionic 

conductances, neurons would have an equal membrane potential across the entire dendritic 

tree (i.e., be isopotential).  

 

With this in mind a major limitation of cable theory and traditional equivalent circuit models 

is that they do not model impermeant anion concentration, mean charge, or distribution. It is 

not possible to model impermeant anions within a “charge sum” equivalent circuit 

framework, as they are unable to cross the cell membrane or move locally, as other permeant 

ion species can.  

 

For these reasons using traditional computational tools based on equivalent circuits and the 

“charge sum” approach (such as the simulation software NEURON(Hines and Carnevale, 

2001)) would be inappropriate. Studying the influence of impermeant anions on the electrical 

properties of neurons and investigating properties of non-isopotential dendrites, requires 

alternative more detailed electrodiffusion based models (Doyon et al., 2016). 

 

1.4.3. ELECTRODIFFUSION BASED MODELS 

Electrodiffusion, calculated with the Nernst-Plank equation, encompasses ionic movement 

resulting from electric fields (drift), as well as the movement of ions along their concentration 

gradients (diffusion) (Qian and Sejnowski, 1989; Savtchenko et al., 2017; Solbrå et al., 2018; 

Ellingsrud et al., 2020).  Calculating the detailed interaction between the electric field and 

current allows for the simultaneous and precise determination of ionic concentrations at 

discrete moments in space and time - dynamic values not accessible in Cable Theory. 

 

Qian and Sejnowski (1989) developed one of the first electrodiffusion based models and 

compared it to Cable Theory. They found that in settings of rapid ionic flux and thin dendritic 

processes significant errors were made in the predictions of membrane potent ials and ion 

concentrations with Cable Theory relative to their one-dimensional electrodiffusion based 

model. Electrodiffusive phenomena are necessary to explain properties synaptic signalling 

and synaptic plasticity at regions of rapid ionic flux such as dendritic spines (Trappenberg, 

2010). 
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Despite the promises of electrodiffusion based models, modelling in this highly dynamic, 

non-linear, and intricate fashion requires significant computational power. This hurdle 

prevented neuroscientists from adopting electrodiffusion models, however with the 

computational resources now publicly available, the computations involved can be performed 

in a few hours as opposed to days or weeks.  

 

1.5. RATIONALE 

Experimental techniques are currently unable to measure rapid chemical and electrical 

changes in dendrites that may occur with changes to impermeant anions. I propose creating a 

computational electrodiffusion based biophysical model incorporating the pump-leak 

mechanism and impermeant anions to simulate these aspects of neural electrophysiology 

(objective A). Using the biophysical model, I will investigate the role of impermeant anion 

quantity and mean charge (valence) on electrical and osmotic homeostasis in neurons. 

Specifically, I will evaluate whether spatial heterogeneities in impermeant anion distribution 

can influence the isopotentiality of neurons and whether this can explain the phenomenon of 

ionic microdomains (objective B).  I will then compare the passive cable properties of non-

isopotential and isopotential dendrites (objective C), as well as their potential impact on 

excitatory and inhibitory synaptic input (objective D). Lastly, I will probe whether 

impermeant anions influence synaptic integration/action potential generation (objective E). 

This thesis will advance our understanding of the electrical and computational effects 

impermeant anions may play in neurons.   
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1.6. AIMS AND OBJECTIVES 

The overall aim of my thesis is to develope a biophysically accurate computational neuronal 

model incorporating electrodiffusion to investigate the influence of impermeant anions on the 

electrical and information processing properties of neurons. 

The objectives are as follows: 

A. Develope a multicompartmental neuronal model incorporating electrodiffusion to 

dynamically simulate changes in ion homeostasis, volume regulation and electrical 

activity. 

 

B. Describe the effects of impermeant anions concentration, mean charge (valency), and 

distribution on the electrical properties of neurons.   

i. Investigate the isopotential status of dendrites when impermeant anion mean 

charge is changed in different spatial compartments.  

ii. Probe the relationship between impermeant anions and ionic microdomains. 

 

C. Investigate whether impermeant anions alter passive cable properties dendrites  

i. Compare membrane time and length constants between the biophysical 

multicompartmental dendrite and an isopotential dendrite in NEURON  

ii. Assess whether regional changes in impermeant anion mean charge influences 

membrane time and length constants 

 

D. Investigate how excitatory or inhibitory synaptic input is modified by the presence of 

impermeant anions. 

 

E. Investigate how impermeant anions affect synaptic integration and neuronal output . 

i. Compare the influence of impermeant anions and KCC2 conductance on synaptic 

integration. 
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Fig. 2.1: Multicompartment model within an infinite bath. In this bird’s eye view, compartments are 

displayed as rectangles shaded as blue. Nine compartments are linearly arranged to form the 
multicompartment model. The extracellular environment is modelled as an infinite bath with a fixed ion 
concentration. Ionic motion is possible both across the membrane (between the intracellular and 

extracellular space), and between compartments via electrodiffusion.  

 

2. METHODS 

2.1. MULTICOMPARTMENT MORPHOLOGY 

 

I simulated a neuron using a multicompartmental model within an extracellular bath (Fig. 

2.1). The multicompartment model consisted of nine cylindrical compartments linearly 

arranged along the longitudinal axis. Ions were modelled to move between compartments and 

the surrounding extracellular environment (transmembrane), and between adjacent 

compartments (axial electrodiffusion). The extracellular environment was modelled as an 

“infinite bath” with fixed ion concentrations. Each compartment was modelled as a cylinder 

with a diameter of 1µm and length of 20µm. 

 

 

 

 

 

 

 

 

 

 

 

 

I made two assumptions regarding the morphology: firstly, that the compartment swells only 

in the radial dimension (therefore not affecting the electrodiffusion equations that are length 

dependant); secondly; that the surface area of the compartment is fixed i.e., as volume 

changes I consider the cell to wrinkle or become less wrinkled, shown in Fig 2.2 Method A.  

This method is preferred over a scaled surface area (Fig 2.2 Method B) for simplicity as this 

allows membrane capacitance and ion conductances, that are surface area dependant, to 

remain constant. For the final set of experiments, I added a soma (length = 40µm; diameter = 

2µm) onto compartment 1.  
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Fig. 2.2: Single compartment morphology and method of radial volume change with fixed versus scaled 
surface area. Each compartment was modelled as a cylinder with a diameter of 1µm and a length of 20µm. 
Volume change occurred along the radial axis. I employed Method A where the total surface area remains 
constant despite volume changing, this can be imagined as the cell becoming more or less wrinkled with 
volume contraction and expansion. This method was preferred to scaling the surface area (Method B) as the 

membrane capacitance and ion channels/transporters conductance would scale with the surface area thus 

changing the electrical properties of the cell. 
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2.2. TRANSMEMBRANE ION FLUX  

2.2.1. ION CHANNELS 

Ionic flow between the internal and external environment were permitted via leak, sodium-

potassium ATPase, and KCC2 transporters (Fig. 2.3). Hodgkin Huxley channels were added 

in the final set of experiments to model action potential generation occurring in the somatic 

compartment. The direction of ionic flow was determined by respective osmolar and 

electrical gradients.  

 

 

 

  

Fig. 2.3: Methods of transmembrane ion flux in a single compartment. Permeant ions (Na+ ; K+ ; Cl- ) can 
traverse the cell membrane via leak channels which facilitate diffusion ion diffusion between the internal 
and external environments. Impermeant anions (Xz ) are trapped within the intracellular compartment. In all 

compartments the Na+ / K+ ATPase pumps 3 Na+ ions out the compartment in exchange for 2 K+, while the 
KCC2 transporter moves K+ and Cl- out the cell in equal amounts. In the final set of experiments Hodgkin 
Huxley (HH) Na+ and K+ channels were added to facilitate action potential firing in the somatic 

compartment. 
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 Value Description 

Constants   

F 96485.33 C/mol Faraday Constant 

R 8.31446 J/(K·mol) Universal gas constant 

T 310.15 K Absolute temperature (37C) 

Parameters   

dt 10-6 s Simulation time step 

Cm 2x10-4  F/dm2 Membrane capacitance (Qian and Sejnowski, 1989) 

gNa 20 µS/cm2 Na+ leak conductance (Kager et al., 2000) 

gK 70 µS/cm2 K+ leak conductance (Kager et al., 2000) 

gCl 20 µS/cm2 Cl- leak conductance (Kager et al., 2000) 

P 0.1 C/(dm2/s) Na/K-ATPase pump rate (fitted)  

[Na+]o 145mM Extracellular Na+ concentration 

[K+]o 3.5mM Extracellular K+ concentration 

[Cl-]o 119mM Extracellular Cl- concentration 

[X-]o 29.5mM Extracellular Impermeant anion concentration 

(Raimondo et al., 2015) 

vw 0.018 dm3/mol Partial molar volume of water (Hernández and Cristina, 

1998)  

pw 0.018 dm/s Osmotic permeability (Hernández and Cristina, 1998) 

DNa 6.65 x 10-8 dm2/s Na+ diffusion constant, 50% of value used in (Hille, 

2001; Düsterwald et al., 2018) based on comparison of 

passive signalling in NEURON 

DK 9.85 x 10-8  dm2/s K+ diffusion constant, 50% of value used in (Hille, 2001; 

Düsterwald et al., 2018) based on comparison of passive 

signalling in NEURON 

DCl 1.015 x 10-7dm2/s Cl- diffusion constant, 50% of value used in (Hille, 2001; 

Düsterwald et al., 2018) based on comparison of passive 

signalling in NEURON 

Iext 0.1 nA External input current 

αGABA 0.5 ms-1mM Forward rate constant for GABA binding (Destexhe et 

al., 1993) 

βGABA 0.1 ms-1  Reverse rate constant for GABA binding (Destexhe et 

al., 1993) 
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αNMDA 2 ms-1mM Forward rate constant for NMDA binding (Destexhe et 

al., 1993) 

βNMDA 1 ms-1  Reverse rate constant for NMDA binding (Destexhe et 

al., 1993) 

Hodgkin-Huxley (HH) 

parameters 

 All sourced from (H Chiel and Gill, 2022) 

𝑔̅𝑁𝑎  120 mS/cm2 Maximal HH Na+ conductance 

𝑔̅𝐾 36 mS/cm2 Maximal HH K+ conductance 

V1 100 mV·ms HH parameter 1 

V2 -55 mV HH parameter 2 

V3 10 mV HH parameter 3 

V4 0.125 ms-1 HH parameter 4 

V5 -65 mV HH parameter 5 

V6 80 mV HH parameter 6 

V7 10 mV·ms HH parameter 7 

V8 -40 mV HH parameter 8 

V9 10 mV HH parameter 9 

V10 4 ms-1 HH parameter 10 

V11 -65 mV HH parameter 11 

V12 18 mV HH parameter 12 

V13 0.07 ms-1 HH parameter 13 

V14 -65 mV HH parameter 14 

V15 20 mV HH parameter 15 

V16 1 ms HH parameter 16 

V17 -35 mV HH parameter 17 

V18 10 mV HH parameter 18 

Variables   

[Na+]i 14 mM Intracellular Na+ concentration 

[K+]i 122.9 mM Intracellular K+ concentration 

[Cl-]i 5.2 mM Intracellular Cl- concentration 

[X-]i 154.9mM Intracellular impermeant anion concentration 

z  -0.85 Intracellular impermeant anion mean charge (based on 

(Lodish et al., 2009; Raimondo et al., 2015) 

gKCC2 20 µS/cm2 KCC2 conductance (Doyon et al., 2016) 
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Fig. 2.4: Table of constants and parameters 

GABAMax 1 mM Saturating concentration of GABA molecules 

NMDAMax 1 mM Saturating concentration of NMDA molecules 

gGABA 1 nS Conductance of GABAergic synapses 

gNMDA 1 nS Conductance of glutamatergic synapses 

n 0 Proportion of voltage gated HH K+ channels open 

m 0 Proportion of voltage gated HH Na+  m-gates open 

h 1 Proportion of voltage gated HH Na+  m-gates open 

αn 0 Rate of voltage gated HH K+ channels opening 

βn 0 Rate of voltage gated HH K+ channels closing 

αm 0 Rate of voltage gated HH Na+ m-gate opening 

βm 0 Rate of voltage gated HH Na+  m-gate closing 

αh 0 Rate of voltage gated HH N+ h-gate opening 

βh 0 Rate of voltage gated HH Na+  h-gate closing 

 

 

 

 

2.2.2. MEMBRANE POTENTIAL 

Membrane potentials refer to the voltage differences between the inside of a compartment and 

the extracellular environment. All membrane potentials are denoted with a subscript “m”.  

The membrane potential (Vm) was calculated using the ‘Charge Difference’ approach used by 

Fraser and Huang(2004) 

𝑉𝑚  =  
𝐹 × 𝑤([Na+]𝑖 + [𝐾

+]𝑖 − [𝐶𝑙
−]𝑖 +  𝑧[𝑋

𝑧]𝑖 )

𝐶𝑚𝑆𝐴
 

This formula is a derivation of the capacitance equation (V = q/Cm). The numerator of the 

equation sums the difference between intracellular cation and anion concentrations, which is 

multiplied by the volume to get a molar quantity. Multiplication by Faradays constants (F) 

converts the molar quantity to coulombs. The membrane capacitance (Cm) is calculated per  

unit surface area; thus, I multiply by surface area to get the total membrane capacitance. 
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2.2.3. IONIC REVERSAL POTENTIAL AND DRIVING FORCE 

Ionic reversal potential across the membrane (Eion) is defined as the membrane potential at 

which there is no net flux of a particular ion between the internal and the extracellular 

environment. The derivation of this equation is discussed in the introduction. 

𝐸𝑖𝑜𝑛 =  
𝑅𝑇

𝑧𝐹
 ln (

[𝑖𝑜𝑛]𝑜
[𝑖𝑜𝑛]𝑖

) 

At an ion’s resting potential, the electrical forces balance the diffusive forces across the 

membrane and hence there is no net ion flux. In neurons however the membrane potential is 

rarely at ionic reversal potential and thus there is a potential difference for the ionic flux – 

defined as the ionic driving force (DF ion). 

𝐷𝐹ion  =  𝑉𝑚  − 𝐸𝑖𝑜𝑛  

    

2.2.4. LEAK CHANNELS 

Leak channels permit bidirectional motion of ions across the membrane. A cell membrane 

will have multiple leak channels; however, I simplified this by modelling a single leak current 

for each ion. I calculated leak current using a modified form of ohms law, where the channel 

conductance (inverse of resistance) is multiplied by the ionic driving force.   

𝐼𝑙𝑒𝑎𝑘 = 𝑔𝑖𝑜𝑛(𝑣𝑚 −  𝐸𝑖𝑜𝑛)  

Ionic conductances(gna, gk , and gcl) were set to those in Düsterwald et al. (2018) , which were 

obtained from conductances used in the similar models on ModelDB(McDougal et al., 2017) 

and ion channel genealogy (Podlaski et al., 2017).  

 

2.2.5. NA+/K+ ATPASE  

The Na+/K+-ATPase utilizes the energy from the hydrolysis of ATP to shift two potassium 

ions into the cell in exchange for three sodium ions which move extracellularly. This process 

is critical for establishing a negative resting membrane potential and ensuring volume control. 

I modelled the flux through the ATPase (Jp) based on the formula employed by Keener and 

Sneyd (2009): 

𝐽𝑝 =  𝑃 ∙ (
[𝑁𝑎]𝑖
[𝑁𝑎]𝑜

)

3

 

The flux rate (Jp) is a function of the pump constant (P) and the sodium (Na+) concentration 

ratio between the internal and external environment. The pump constant was set to 0.1 
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C/(dm2.s) based on a fitted curve establishing actual values of sodium concentrations and 

membrane potentials(Düsterwald et al., 2018). For all simulations, to model the situation 

where no additional energy was used by the system following any particular manipulation, I 

kept Jp  constant by using the initial sodium concentration (as opposed to updating it at each 

time step).    

 

2.2.6. KCC2 COTRANSPORTERS 

The type 2 K-Cl cotransporter (KCC2) is an essential regulator of chloride ion concentration. 

It utilizes the transmembrane gradient of both potassium and chloride to move these ions 

bidirectionally across the cell membrane. Flux through the KCC2 transporter was modelled 

using the formula suggested by Doyon et al. (2011, 2016), where the conductance of KCC2 

was also provided as a fixed value (20 µS/cm2)  

𝐽𝐾𝐶𝐶2 = 𝑔𝐾𝐶𝐶2 ∙ (𝐸𝑘 −𝐸𝐶𝑙) 

 

2.2.7. NET TRANSMEMBRANE ION FLUX EQUATIONS 

The rates of change for each ion concentration across the membrane was based on the sum of 

the leak, ATPase and KCC2 fluxes for the respective ions. The conductance of each ion 

channel is given as Siemens/dm2 of the cell membrane; therefore, membrane surface area 

(SA) is included in this calculation. This sum is divided by Faraday’s constant to convert the 

charge to moles and is divided by the volume to get a concentration change (d[Ion]) per unit 

time (dt). A forward Euler method was used to update variables at each time step. 

 

𝑑[𝑁𝑎+]𝑖
𝑑𝑡

=
−𝑆𝐴

𝐹 ∙ 𝑤
∙ (𝑔𝑁𝑎(𝑣𝑚 − 𝐸𝑁𝑎) + 3𝐽𝑝)  

𝑑[𝐾+]𝑖
𝑑𝑡

=
−𝑆𝐴

𝐹 ∙ 𝑤
∙ (𝑔𝐾(𝑣𝑚 − 𝐸𝐾) − 2𝐽𝑝 − 𝐽𝐾𝐶𝐶2)  

𝑑[𝐶𝑙−]𝑖
𝑑𝑡

=
𝑆𝐴

𝐹 ∙ 𝑤
∙ (𝑔𝐶𝑙 (𝑣𝑚 − 𝐸𝐶𝑙 ) + 𝐽𝐾𝐶𝐶2)  
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2.3. AXIAL ION FLUX 

2.3.1. ELECTRODIFFUSION 

In addition to transmembrane motion, ionic species can move in the axial plane . For 

simplicity this is regarded as a single dimension along the length of the axon or dendrite. Like 

transmembrane motion, chemical and electrical forces drive ionic movement through the 

cytoplasm; however, unlike movement across the membrane, there are no channels that 

permit ionic movement at discrete spatial points. Instead, ions are assumed to be able to move 

across the entire surface area.  

To model the axial flux of ions the Nernst-Planck Equation (NPE) was used (Qian and 

Sejnowski, 1989). This equation calculates the flux of ions based on diffusion (chemical 

forces) and drift (electrical forces) and has been shown to be more accurate than either of 

these forces alone especially in small structures such as dendrites. The NPE calculates the 

flux density (J) for ion C as follows:  

𝐽 = −𝐷
𝑧𝐹2

𝑅𝑇
[𝐶]
𝑑𝑉𝑚
𝑑𝑥

− 𝐷𝐹
𝑑[𝐶]

𝑑𝑥
 

In the NPE, the first term represents the ionic drift, where the diffusion constant for a 

particular ion (D) is multiplied by the voltage difference (dVm) over the axial length (dx) 

between two regions. The second term based on concentration differences (d[C])represents 

the diffusion of the ion diffusion constant for that ion (D) is multiplied by its mean charge (z).  

The distance between the midpoints between adjacent compartments was used as the dx term. 

The negative sign in both terms indicate that the direction of current flow is opposite to the 

concentration/voltage gradients. 

The flux for each ion was calculated between adjacent compartments i to i + 1, with flux units 

of mol/(s.dm2), using the equation below. To determine the molar concentration of ions the 

flux was multiplied by the shared surface area and divided by the compartment volume to 

determine the flux in terms of molar concentration (M/s). A forward Euler method was used 

to update variables at each timestep. 

𝐶𝑖 → 𝑖 +1 = −
𝑑𝑡

𝑙𝑖
𝐷(
𝑧𝐹

𝑅𝑇

([𝐶]𝑖 + [𝐶]𝑖+1)

2

(𝑉𝑚𝑖 −𝑉𝑚𝑖+1)

𝑑𝑥
+
([𝐶]𝑖 − [𝐶]𝑖+1)

𝑑𝑥
) 
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2.3.2. BOUNDARY POTENTIALS AND AXIAL DRIVING FORCE 

Boundary potentials refers to the voltage differences that occur across the boundary between 

compartments such that the boundary acts as a theoretical membrane. All boundary potentials 

are denoted with a subscript “b”.  

The boundary potential (Vb) between two compartments (compartment A and B) was defined 

as the difference between the membrane potentials of the 2 compartments.  

𝑉𝑏 = 𝑉𝑚 𝑐𝑜𝑚𝑝𝑎𝑟𝑡𝑚𝑒𝑛𝑡 𝐴  −  𝑉𝑚 𝑐𝑜𝑚𝑝𝑎𝑟𝑡𝑚𝑒𝑛𝑡  𝐵 

Boundary reversal potentials for a particular ion (Eb ion) were calculated in a similar way to 

ionic reversal potentials across the membrane however the ionic concentrations between the 

two compartments, rather than the internal and external environments, are used in the 

calculation.  

𝐸𝑏 𝑖𝑜𝑛 =  
𝑅𝑇

𝑧𝐹
 ln (

[𝑖𝑜𝑛]𝑐𝑜𝑚𝑝𝑎𝑟𝑡𝑚𝑒𝑛𝑡  𝐴
[𝑖𝑜𝑛]𝑐𝑜𝑚𝑝𝑎𝑟𝑡𝑚𝑒𝑛𝑡 𝐵

) 

 

The boundary driving force for an ion (DFb ion) is therefore defined as the difference between 

the boundary potential and the boundary ionic reversal potential for that ion.  

𝐷𝐹𝑏 ion  = 𝑉𝑏  − 𝐸𝑏 𝑖𝑜𝑛  
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2.4. IMPERMEANT ANION MANIPULATION  

2.4.1. CHANGING IMPERMEANT ANION QUANTITY 

When altering impermeant anion quantities (“X-flux”) in a compartment I add absolute moles 

of impermeant anions to the compartment (as opposed to adding molar concentration). I used 

a flux rate of 10-15 mol/s which was multiplied by the time step and divided by the volume at 

that timestep to calculate the change in concentration of impermeants in the compartment.  

2.4.2. CHANGING IMPERMEANT ANION CHARGE 

In several simulations I changed the mean charge of impermeant anions (“z-flux”) away from 

the default (z = -0.85). This was performed by calculating the difference between the desired 

final mean charge and the initial default mean charge. This value was divided by the time step 

to get the incremental value by which to change the mean time at each iteration.  

𝑑𝑧

𝑑𝑡
= 
(𝑧𝑓𝑖𝑛𝑎𝑙 − 𝑧𝑖𝑛𝑖𝑡𝑖𝑎𝑙)

𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑓𝑙𝑢𝑥
 

 

2.5. COMPARTMENT VOLUME AND SURFACE AREA  

 

I updated the volume of each compartment at every time step to ensure osmotic balance. Each 

compartment was modelled as a cylinder with volume (w) calculated as: 

𝑤 =  𝜋𝑟2𝑙 

Radius is denoted by r, and cylinder length by l. I imagined the cylinder to have open ends 

(allowing for diffusion) so surface area (SA) was calculated as: 

𝑆𝐴 =  2𝜋𝑟𝑙 

Surface area was assumed to be constant for the duration of the simulation, approximating a 

compartment that wrinkles or unwrinkles as the volume swells. The implication of this 

assumption is that ion channel and pump conductances are not constantly rescaled by 

fluctuating surface areas.  

Compartment volume was updated at each time point as this has significant implications for 

the voltage equations. Volume updates were modelled  using the equation below (Hernández 

and Cristina, 1998): 

𝑑𝑤

𝑑𝑡
 =  𝑣𝑤 ∙ 𝑝𝑤 ∙  𝑆𝐴 ∙ (Π𝑖 −Π𝑜) 
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In this equation, dw is the volume change which is equal to the product of the partial molar 

volume of water (vw), the osmotic permeability of a biological membrane(pw),  and the 

surface area (SA). This factor is then multiplied by the difference between the internal and 

external osmolarities (Π).  

I do not model the volume changes that could result from cytoplasmic matrix constituents 

(impermeant anions) moving between compartments.  

2.5.1. VOLUME NORMALIZATION 

Volume changes occur because of the difference between internal and external osmotic 

composition. Changes to impermeant anion average charge also affect compartment volumes. 

To understand the impact of changing impermeant anion average charges on passive and 

active dendritic signalling properties, separate from induced volume changes, in a subset of 

simulations compartment volumes were “clamped” or normalized.  

 

To normalize the volume of a single compartment, I fixed the osmolarity to the average 

osmolarity of the other compartments (excluding the soma). To do this I firstly calculated the 

average osmolarity of all compartments (Π𝑚𝑒𝑎𝑛 ), and secondly adjusted impermeant anion 

concentration [𝑋]𝑖  at each time step to achieve the desired osmolarity. This procedure is 

based on the findings by Dusterwald et al(2018) showing impermeant anion concentration 

sets compartment volume without influencing steady state ion concentrations for further 

details see Appendix 6.1. 

Π𝑚𝑒𝑎𝑛 = 
∑ Π𝑗
𝑛
𝑗

𝑛
 

[𝑋]𝑖 =  Π𝑚𝑒𝑎𝑛 − [𝑁𝑎
+]𝑖 −  [𝐾

+]𝑖 − [𝐶𝑙
−]𝑖  
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2.6. PASSIVE CABLE PROPERTIES  

2.6.1. COMPARISON WITH NEURON SIMULATION ENVIRONMENT 

I validated our electrodiffusion based model with other models in the field, as well as with an 

equivalent circuit model using the simulation software NEURON(Hines and Carnevale, 

2001), by comparing membrane time and space constants after a current was injected.   

In NEURON I assembled nine compartments (lengths: 20µm; diameter: 1µm) linearly, each 

with identical membrane capacitances (2µF/cm2) and total passive/leak conductances 

(0.00011 S/cm2). Resting membrane potential was set to -72.6mV, and an axial resistance of 

200 Ω-cm was chosen based on values used in similar dendritic models found on ModelDB 

(Zhou, 2005; Eyal et al., 2016, 2018; Deitcher et al., 2017). Data from NEURON was 

extracted and plotted using Matplotlib in an identical manner to the data arising from the 

electrodiffusion model. In both models I pulsed a +0.1nA current into compartment 9. 

 

To simulate excitatory current in the biophysical model I determined the amount of charge 

(coulombs) would be required for a specific duration of time using the formula (I = Q/t). This 

value was converted to moles then divided by the time step (10-6s) and compartment volume 

to achieve the desired concentration to be added to the compartment at every iteration of the 

simulation for the duration of the current pulse. I added this value to intracellular Na+ (for 

excitatory currents) or intracellular Cl- concentration (for inhibitory currents).  

 

2.6.2. MEMBRANE TIME AND SPACE CONSTANTS 

To calculate the membrane time constant (Tau/τ), I fitted a single exponential curve of the 

membrane potential between the end of the current pulse and the end of the simulation. Tau 

was the time taken from the end of the current pulse for the membrane potential to decay to 

63% of the final resting value along the curve.  

 

The length constant (Lambda/λ) was calculated similarly. A single exponential curve was 

fitted for membrane potential versus distance between two points: where the current was 

inputted, and the furthest point along the multicompartment neuron.  Lambda was the 

distance at which the membrane potential had decayed to 63% of the membrane potential at 

the furthest point along the fitted curve. 
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2.7. SYNAPTIC INTEGRATION  

2.7.1. SYNAPTIC MODELLING 

I simulated synapses on our biophysical multicompartment model to assess how impermeant 

anions affect synaptic integration. Excitatory (NMDA/Glutamatergic) and inhibitory 

(GABA/GABAergic) synapses were modelled using the kinetic binding model described by 

Destexhe et al., (1993, n.d.): 

𝑅 + [𝑁𝑇]
𝛼,𝛽
⇔ 𝑅. [𝑁𝑇] 

A synaptic input begins with the release of a neurotransmitter ([NT]) which attach to unbound 

receptors (R), forming a transmitter-receptor complexes (R·[NT]). The rate of the 

neurotransmitter bindings is given as α, and the rate of unbinding as β. The α and  β  values 

vary according to neurotransmitter-receptor type. The strength of the current due to the 

synapse is dependent on the amount of neurotransmitter binding (𝑟 - calculated as a ratio of 

bound to total receptors).  

𝑟 =  
𝐵𝑜𝑢𝑛𝑑 𝑟𝑒𝑐𝑒𝑝𝑡𝑜𝑟𝑠

𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑐𝑒𝑝𝑡𝑜𝑟𝑠
=

𝑅. [𝑁𝑇]

𝑅 + 𝑅. [𝑁𝑇]
 

Before the synaptic event it is assumed that the ratio is equal to zero as there are no bound 

receptors. During the synaptic event 𝑟 can be calculated with the formula below: 

𝑑𝑟

𝑑𝑡
=  𝛼 [𝑇](1 − 𝑟) −  𝛽𝑟 

The bound receptor ratio change is the difference between the number of unbound receptors 

that are being bound minus the number of bound receptors moving to the unbound state.  

Using this formula, I can calculate the ratio of bound neurotransmitter at a given time point 

which is required to determine the current moving through the channel. 

𝐼𝑁𝑀𝐷𝐴 = −𝑔𝑁𝑀𝐷𝐴 . 𝑟𝑡. (𝑉𝑚 − 𝐸𝑁𝑎) 

𝐼𝐺𝐴𝐵𝐴𝐶𝑙  = 𝑔𝐺𝐴𝐵𝐴 . 𝑟𝑡. (𝑉𝑚 −𝐸𝐶𝑙) ∙ (
4

5
) 

Current through the glutamatergic channels (𝐼𝑁𝑀𝐷𝐴 ) is equal to the conductance of the 

channel (𝑔𝑁𝑀𝐷𝐴) multiplied by the amount of receptor bound at a particular time point (𝑟𝑡) 

and the driving force for sodium. The negative sign indicates the inward current due to 

positive ions moving into the cell. Current through GABAergic channels (𝐼𝐺𝐴𝐵𝐴 ) consists of 

Cl- flux (80%) and HCO3
- flux (20%). As only Cl- is modelled in our simulations I multiplied 

𝐼𝐺𝐴𝐵𝐴 by 80% and use ECl  instead of EGABA to derive the proportion of the GABAergic current 

due to Cl-.  
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Using 𝐼𝑁𝑀𝐷𝐴 and 𝐼𝐺𝐴𝐵𝐴 , one can calculate the molar quantity of Na+ or Cl- as current is charge 

divided by time. Charge in Coulombs was converted to mole by dividing through by 

Faraday’s constant. I therefore divided by the compartment volume to determine the 

concentration of Na+ or Cl- that is entered the compartment at a particular time step. 

 

2.7.2. ACTION POTENTIAL MODELLING 

To model action potentials, I used Hodgkin-Huxley equations (Hodgkin and Huxley, 1952) 

with default parameter values (V1 – V18) obtained from NeuroWiki (H Chiel and Gill, 2022). 

Hodgkin & Huxley (HH) accurately model action potentials by plotting the dynamics of 

voltage gated Na+ and K+ channels that are activated once a threshold membrane potential (-

50mV) is reached.  

Current going through HH K+ channels is given by: 

𝐼𝑘𝐻𝐻 = 𝑔𝑘𝐻𝐻(𝑉𝑚 −𝐸𝑘) 

The potassium conductance through the Hodgkin Huxley channel (𝑔𝑘𝐻𝐻) is modelled by: 

𝑔𝑘𝐻𝐻 =  𝑔̅𝐾𝑛
4  

The maximum K+ conductance is represented by 𝑔̅𝐾, while n can be thought of as the 

proportion of voltage gated K+ channels open. The rate of change of n is a function of time, 

voltage, and intrinsic channel properties given by the equation below:  

𝑑𝑛

𝑑𝑡
=  𝛼𝑛(1 − 𝑛) − 𝛽𝑛𝑛 

The rate of n change is the difference between the rate (𝛼𝑛) of closed channels (1-n) that are 

opening and the rate (𝛽𝑛) of open channels that are closing (n). Both 𝛼𝑛 and 𝛽𝑛 are dependent 

on the membrane potential and are given by the equations: 

𝛼𝑛(𝑉𝑚) =  
−(𝑉𝑚 − 𝑉2)

𝑉1 (𝑒
−(𝑉𝑚 −𝑉2)

𝑉3 − 1)

 

𝛽𝑛(𝑉𝑚) = 𝑉4𝑒
−(𝑉𝑚− 𝑉5)

𝑉6  

  

Current through the Na+ - HH channel (𝐼𝑁𝑎𝐻𝐻) is calculated similarly to the K+ HH-channel: 

𝐼𝑁𝑎𝐻𝐻 = 𝑔𝑁𝑎𝐻𝐻(𝑉𝑚 − 𝐸𝑁𝑎) 

Unlike the voltage gated K+ channel, the conductance of the Na+ channel depends on the 

opening of two types of gates (the probability of each being open is symbolised by m and h). 
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The m gate is closed at resting membrane potential and opens rapidly when the threshold 

potential is reached, conversely, the h gate is open at resting potential and is triggered to close 

slowly once the threshold is reached. The interaction between the two gates scales the 

maximal Na conductance (𝑔̅𝑁𝑎) to give the Hodgkin-Huxley Na+ conductance (𝑔𝑁𝑎𝐻𝐻): 

𝑔𝑁𝑎𝐻𝐻 = 𝑔̅𝑁𝑎𝑚
3ℎ 

Both the m and h gate are modelled in the same way the K+ channel was modelled by 

determining the forward (𝛼) and reverse rate (𝛽) of channel opening which is a function of 

both time and membrane potential. The m gate is modelled with the three equations below 

where V7-12  are constants: 

𝑑𝑚

𝑑𝑡
=  𝛼𝑚(1 − 𝑚) − 𝛽𝑚𝑚 

𝛼𝑚(𝑉𝑚) =  
−(𝑉𝑚 − 𝑉8)

𝑉7 (𝑒
−(𝑉𝑚 −𝑉8)

𝑉9 − 1)

 

𝛽𝑚(𝑉𝑚) = 𝑉10𝑒
−(𝑉𝑚− 𝑉11)

𝑉12  

 

 

 

 

The h gate is modelled in a similarly with V13-18 constants reflecting the internal properties of 

the gate. 

𝑑ℎ

𝑑𝑡
= 𝛼ℎ(1 − ℎ) − 𝛽ℎℎ 

𝛼ℎ(𝑉𝑚) = 𝑉13𝑒
−(𝑉𝑚 −𝑉14)

𝑉15  

 

𝛽ℎ(𝑉𝑚) =  
1

𝑉16 (𝑒
−(𝑉𝑚 −𝑉17)

𝑉18 + 1)
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2.8. COMPUTATIONAL STRATEGY  

The simulation code was developed in the Python 3.10 using the PyCharm Integrated 

Development Environment. A forward Euler approach was deployed to solve the various 

differential equations described in the methods above. The broad processes occurring a 

simulation are summarized in Fig 2.6.  

Simulation settings and initialization parameters are saved in a separate settings text file, 

while the state of simulation variables and parameters are saved in an HDF5 (high-density 

file) at specified intervals. Simulation results were plotted in Jupyter Notebooks by reading 

HDF5 file results. Further information regarding the class structure used for the simulation 

code, as well as details about the HDF5 simulation state method can be found in Appendix 

6.1 and 6.2. Simulation code can be accessed from github: 

https://github.com/Eran707/msc_code_repo  

  

Fig. 2.6: Flow chart of operations occurring in a single simulation. TM is the transmembrane ion fluxes (flux 

between the external environment and the compartment). HH is the flux through voltage gated Hodgkin -
Huxley channels.  “X flux” refers to the manipulation of impermeant anion concentration, while “z -change” 

refers to the manipulation of impermeant anion average charge. 

https://github.com/Eran707/msc_code_repo
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Fig. 3.1A: Impermeant anion quantity sets local compartment volume. 

A: Simulation design. Using a 9-compartment model, I increased impermeant anions (rate: 10-15 mol/s; mean charge: -
0.85) into Comp8 between 100 and 150s in a 500s simulation. 

B: Line graphs showing impermeant anion concentration, impermeant anion mean charge and compartment volume in 
Comp8 (orange) and other compartments (grey) for 400s.  
C: Heat maps quantifying impermeant anion concentration (mM), impermeant anion mean charge and compartment 
volume(pl*10-3) at 3 time points: pre-flux (99.99s); intra-flux (125s); post-flux (500s).  

 

3. RESULTS 

3.1. MODIFYING THE ABSOLUTE AMOUNT OF IMPERMEANT ANIONS IN A 

COMPARTMENT 

3.1.1 IMPERMEANT ANION QUANTITY SETS LOCAL COMPARTMENT VOLUME WITHOUT 

AFFECTING MEMBRANE POTENTIAL OR IONIC DRIVING FORCES 

I first set out to determine the effect of increasing the amount of impermeant anions (without 

changing impermeant mean charge) in a single compartment of my nine compartment 

multicompartment model. The quantity of impermeant anions in compartment number 8 

(Comp8) was increased at a fixed rate of 1x10-15 mol/s between 100 and 150s (“X-Flux”), 

whilst the mean charge of impermeant anions was the same as those already in the 

compartment (z = - 0.85) (Fig 3.1A).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A 5x10-14 mol increase in impermeant anions resulted in a temporary impermeant anion 

concentration increase of approximately 2mM during the flux period. The concentration of 
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Fig 3.1B: Altering impermeant anion concentration has no effect on steady state concentrations of other ionic 

species. Using a 9-compartment model, I fluxed impermeant anions (rate: 10-15 mol/s; z: -0.85) into Comp8 between 
100 and 150s in a 500s simulation. 

Left: Line graphs showing concentrations of chloride ([Cl-] - green), sodium ([Na+] – pink/red) and potassium ([K+] – 
blue) in Comp8 vs. other compartments (colourized vs. grey) for the entire duration of the simulation.  
Right: Heat maps quantifying ion concentrations in all compartments at 3 time points: pre-flux (99.99s); intra-flux 
(125s); post-flux (500s). 

 

impermeant anions in Comp8 returned to pre-flux baseline due to the volume of Comp8 more 

than doubling (pre-flux: 15.7 x 10-3 pl; post-flux: 31.8 x 10-3 pl)  to accommodate the increase 

in impermeant anion load. Permanent volume shift occurred only in Comp8 whilst the volume 

in other compartments remained identical.  

  

During the addition of impermeant anions (“X-Flux”) I assessed the changes to other ionic 

species (Cl- ; Na+ ; K+ ) (Fig 3.1B). During the X-Flux, transient changes in ionic composition 

occurred; in all compartments however, ion concentrations returned to their pre-flux baseline 

values at steady state. Considering volume changes in Comp8 occurred (Fig 3.1A), a net 

change in absolute number of mol of other ionic species in that compartment must have 

resulted from the impermeant flux such that the concentration levels remained uniform.  
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Fig 3.1C: Altering the absolute amount of impermeant anions in a compartment had no effect on steady state 

membrane potential or ionic reversal potentials. 

Using a 9-compartment model, I fluxed impermeant anions (rate: 10-15 mol/s; z: -0.85) into Comp8 between 100s and 150s 
in a 500s simulation. 
Line graphs show relationships between membrane potential (Vm : black), chloride reversal potential (E-Cl : green), sodium 
reversal potential (E-Na : pink), and potassium reversal potential (E-K : blue) in Comp8 for the entire duration of the 
simulation. Dashed arrows between membrane potential and reversal potential reflect ionic driving forces (DF). 

Heat maps quantifying membrane potentials, ionic reversal potentials, and ionic driving forces (membrane potential – ion 
reversal potential) for all compartments at 3 time points: pre-flux (99.99s); intra-flux (125s); post-flux (500s). 

 

Lastly, I evaluated the electrical changes that result from impermeant anion addition without 

altering mean impermeant anion charge (Fig 3.1C). The membrane potential (Vm) dropped 

transiently in all compartments during impermeant anion flux into Comp8. This was coupled 

by transient changes in ionic reversal potentials in all compartments. However, at post -flux 

steady state compartment membrane potential, ionic reversal potentials and ionic driving forces 

returned to baseline levels.  

  

  

 

 

 

 

 

 

 

 

 

  

 

  

 

 

 

 

 

 

 

  

  



48 

 

3.2. MODIFYING IMPERMEANT ANION MEAN CHARGE  

3.2.1 LOCAL CHANGES TO IMPERMEANT ANION CHARGE ALTERS LOCAL COMPARTMENT 

VOLUME AND PERMEANT ION CONCENTRATIONS 

Using my multicompartment biophysical model, I next tested the effects of changing mean  

impermeant charge in a single compartment. I decreased impermeant anion mean charge in 

Comp8 from z = - 0.85 to z = -1.05(“ z – change”), gradually between 100s and 200s, while the 

mean charge of impermeant anions in other compartments remained at baseline (Fig. 3.2A).  

 

 

 

 

Fig. 3.2A: Impermeant anion mean charge alters local compartment volume and permeant ion 

concentration.  

A: Experimental design. Using a 9-compartment model, impermeant anion average mean charge (z) was 
reduced from z = -0.85 to z = -1.05 in Comp8 between t=100 to t=200s. Total simulation time = 400s. 
B: Line graphs for period t=50s to t=300s showing the linear relationships between z, compartment volume 
and impermeant anion concentration ([X]) in Comp8.  
C: Corresponding heatmaps for period t=0s to t=400s indicating no impermeant anion mean charge, 
concentration, or volume changes to other compartments during z change into Comp8.  

D: Ion concentration pre-change (t=99s), during change (t=150s), and post-change (t=400s).  
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Fig. 3.2B: Ionic flux via electrodiffusion permits local differences in compartmental ion concentrations 

following alteration of mean impermeant anion charge. Using a 9-compartment model, impermeant anion 
average charge (z) was reduced from z = -0.85 to z = -1.05 in Comp8 between 100 - 200s. Total simulation 
time = 400s. Time step = 10-6 s. TM = Transmembrane; ED = Electrodiffusion. 
Heatmaps show total ion moles, TM mole change per time step and ED mole change per time step in each 
compartment for  Cl- (top row), Na+ (middle row), and K+ (bottom row) between 50s and 400s. 

 

Impermeant anion mean charge reduction resulted in cations entering the cell, which led to a 

local increase in Comp8 volume. Impermeant anion and chloride concentrations subsequently 

decreased. All ion concentrations reached a new equilibrium in Comp8 once the impermeant 

anion charge stabilized at z = -1.05, while no permanent permeant ion concentration changes 

were observed in other compartments.  

 

As I was interested in the ionic concentration differences between compartments, I investigated 

the respective contributions of transmembrane (TM) vs electrodiffusive(ED) ion flux during 

the simulation(Fig. 3.2B).  

 

In Comp8, where z-change occurred, total Na+  and K+ moles increased, while Cl- moles 

decreased; however, in other compartments total moles of ions at the end of the simulation 

remained at starting levels. The difference between Comp8 and other compartments arises from 

electrodiffusive(ED) rather than transmembrane (TM) ion flux (which appears to be similar 

between compartments). 
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Note that in these simulations we observed a permanent increase in intracellular Na+ 

concentration in the compartment, which was manipulated. Since the Na+/ K+ ATPase pump 

rate is dependent on intracellular Na+ concentration (Keener and Sneyd, 2009), this would be 

predicted to increase the Na+/ K+ ATPase pump rate and the consumption of ATP. Unlike in 

our previous modelling work (Düsterwald et al., 2018) here we deliberately wanted to exclude 

the potential consequences of this indirect active process on our results. We therefore clamped 

the Na+/ K+ ATPase pump rate throughout the simulations that follow. 
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3.2.2 LOCAL CHANGES TO MEAN IMPERMEANT ANION CHARGE CREATE A NON-ISOPOTENTIAL 

NEURON WITH NO CHANGES TO IONIC DRIVING FORCE 

I next examined the membrane and ion reversal effect that might occur with a change to 

impermeant anion mean charge (Fig. 3.2C). Reducing mean impermeant anion charge from z = 

-0.85 to z = -1.05 led to a permanent drop in the membrane potential (Vm) of Comp 8. All 

ionic reversal potentials dropped proportionally such that there were no permanent changes to 

ionic driving forces. The membrane potential of other compartments transiently shifted during 

the impermeant charge change but returned to pre-change baseline levels. At the end of the 

simulation, I observe a non-isopotential dendrite at steady state, but with entirely uniform ionic 

reversal potentials.  

 

 

 

 

 

 

 

 

 

 

 

 

  

Fig. 3.2C: Impermeant anion mean charge sets local membrane potential without affecting ionic driving forces. 

Using a 9-compartment model, impermeant anion average charge (z) was reduced from z = -0.85 to z = -1.05 in Comp8 

between t=100 to t=200s. Total simulation time = 400s. 
Line graphs show relationships between membrane potential (Vm : black), chloride reversal potential (E-Cl : green), 
sodium reversal potential (E-Na : pink), and potassium reversal potential (E-K : blue) in Comp8 for entire duration of the 
simulation. Dashed arrows between membrane potential and reversal potential reflect ionic driving forces (DF). Heat maps 
quantifying membrane potentials, ionic reversal potentials, and ionic driving forces (membrane potential – ion reversal 
potential) for all compartments at 3 time points: pre-change (t=99s); during (intra) change (t=150s); post-change (t=400s). 
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Instead of observing the driving forces across the membrane (as in Fig. 3.2C), in Fig. 3.2D I  

considered the “driving forces” occurring axially between compartment boundaries. The 

difference in impermeant anion mean charge between Comp8 and its neighbours resulted in 

equal but opposite boundary potentials between the Comp7/Comp8 boundary and the 

Comp8/Comp9 boundary. Similarly, equal but opposite boundary ionic reversal potentials were 

observed for each ion along these boundaries. The boundary potentials equalled the boundary 

ionic reversal potentials entailing no boundary (axial) driving force throughout the simulation.  

This is why despite both local differences in compartment voltage and concentration there is no 

net flux of any ions at steady state. 

Fig. 3.2D: Differences in impermeant anion mean charge create boundary voltage differences between 

adjacent compartments without affecting boundary driving forces. Using a 9-compartment model, 
impermeant anion average charge (z) was reduced from z = -0.85 to z = -1.05 in Comp8 between 100 - 200s. 
Total simulation time = 400s.  Heatmaps demonstrate boundary voltages, boundary reversal potentials (E-ion), 
and boundary driving forces (DF-ion), for Cl- (top row), Na+ (middle row), and K+ (bottom row) at 3 discrete 

intervals: pre-change (t = 99s), during (intra) change (t=150s) and post-change (t = 400s). 
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3.2. MULTIPLE CHANGES IN IMPERMEANT ANION MEAN CHARGE 

3.3.1 EFFECTS ACROSS A SPECTRUM OF IMPERMEANT ANION MEAN CHARGE 

Using the same 9 compartment model, I evaluated the effects of different impermeant anion 

mean charge changes in Comp8 across a range of values: z =  -0.65;-0.75;-0.85;-0.95;-1.05 

(Fig. 3.3A). Decreasing the mean charge of impermeant anions led to proportional increases in 

compartment volume (and resultant decrease in impermeant anion concentration).    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3.3A: Compartment volume and impermeant anion concentration is proportional to impermeant 

anion mean charge   

A: Experimental design. Using a 9-compartment model, impermeant anion average charge (z) was reduced 
from z = -0.85 to z = [-0.65;-0.75;-0.85;-0.95;-1.05]  in Comp8 between t=100 to t=200s. Total simulation 
time = 400s. 
B: Heatmap showing z changes occurring only in Comp8 across the various simulations. 
C: Heatmap showing terminal (t=400s) impermeant anion concentration ([X]) across the mean charge 
spectrum with corresponding line graph displaying near linear relationship between z and [X].  

D: Heatmap showing terminal (t=400s) compartment volume across the mean charge spectrum with 

corresponding line graph displaying near linear relationship between z and volume. 



54 

 

Local changes to impermeant anion mean charge establish ionic microdomains (compartments 

with differing ionic concentrations relative to its neighbours) (Fig. 3.3B). Chloride 

microdomain concentrations are non-linearly proportional to impermeant anion mean charge.  

 

 

 

 

 

 

 

 

 

 

 

Fig. 3.3B: Local differences in impermeant anion mean charge establish ionic microdomains. Using our 

multicompartment model five separate simulations were run each with unique impermeant anions mean charge (z) 
in Comp8:  z = -0.65 ; -0.75 ; -0.85; -0.95; -1.05. Heatmaps demonstrate the steady state (terminal) values for ionic 
concentrations with complimentary line graphs showing relationship between impermeant anion mean charge and 

[Cl-] (A), [Na+] (B), and [K+] (C) microdomains. 
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Despite the non-linear relationship between chloride microdomain concentrations and 

impermeant anion mean charge, the transmembrane driving force for chloride remains 

consistent at 11.2mV across the range of impermeant mean charges (Fig. 3.3C). The same 

phenomenon is observed with Na+ (DF = 135mV) and K+ (DF = -22.5mV). This occurs as the 

membrane potential shifts exactly in tandem with the ionic reversal potentials.  

 

  

Fig. 3.3C: Conserved transmembrane ionic driving forces irrespective of impermeant anion mean charge. 

Using our multicompartment model five separate simulations were run each with unique impermeant anions mean 
charge (z) in Comp8:  z = -0.65 ; -0.75 ; -0.85; -0.95; -1.05. Heatmaps demonstrate the steady state (terminal) 
membrane potentials (Vm), ionic reversal potentials (Eion), and ionic driving forces (DFion).   
A&B: Heatmap and complementary line graphs showing linear relationship shown between Vm  and ECl in Comp8 
such that DFCl remains identical in all compartments across range of impermeant anion mean charges. 

C&D: Heatmaps showing although reversal potentials shift, DFK and DFNa remain consistent across impermeant 
anion mean charges. 
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Like transmembrane potentials, boundary potentials also have a relationship with impermeant 

anion mean charge (Fig. 3.3D). However, unlike transmembrane potentials, the relationship 

between impermeant anion mean charge and boundary potential is non-linear as higher 

impermeant anion mean charge created greater boundary potentials (z = -0.65; Vb = 3.9mV) 

relative to lower impermeant anion mean charge (z = -1.05; Vb = 2.8mV). However, as 

boundary ionic reversal potentials vary precisely with boundary voltages there is no boundary 

driving force irrespective of impermeant anion mean charge. 

 

 

 

 

 

 

 

 

Fig. 3.3D: Zero boundary driving force irrespective of impermeant anion mean charge. Using our 

multicompartment model five separate simulations were run each with unique impermeant anions mean charge (z) in 
Comp8:  z = -0.65 ; -0.75 ; -0.85; -0.95; -1.05. Heatmaps above demonstrate the steady state (terminal) boundary 
potentials (Vb), boundary ionic reversal potentials (Eion), and boundary ionic driving forces (DFion).   
A&B: Heatmaps and corresponding line graphs showing equal but opposite relationship between Vb  and Boundary - 
ECl across the Comp7-Comp8 boundary and Comp8-Comp9 boundary.  Boundary DFCl  remains at 0mV across all 
impermeant anion mean charges. 

C&D: Heatmaps demonstrate boundary ENa and  EK are identical to boundary ECl.  Boundary driving forces for all 
permeant ions are 0mv.  
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3.3.2 MULTIPLE IMPERMEANT ANION MEAN CHARGE CHANGES WITHIN THE SAME DENDRITE 

CREATE IONIC MICRODOMAINS WITHOUT AFFECTING IONIC DRIVING FORCES 

I next explored whether the above results above could be repeated but in the case of multiple 

impermeant anion mean charge changes in adjacent compartments within a single dendrite 

(Fig. 3.3E).  In Comp4 impermeant anion mean charge was raised from z = -0.85 to z = -0.65, 

and in Comp5 impermeant anion mean charge was reduced from z = -0.85 to z = -1.05. 

 

I found that the dendrite could reach a physiological steady state with these parameters. At 

steady state the simulated dendrite had compartments of differing volumes adjacent to each 

other: Comp3: 15.7 x 10-3 pl; Comp4:14.1 x 10-3 pl ,Comp5: 17.3 x 10-3 pl. Ionic 

microdomains occurred in the compartments with altered impermeant anion mean charges that 

have identical concentrations to the microdomains in the single z change simulations above.   

Fig. 3.3E: Multiple ionic microdomains can occur within a dendrite  

A: Experimental design. Using a 9-compartment model, impermeant anion average charge (z) was reduced from z = -
0.85 to z = -0.65 in Comp4 and to z = -1.05 in Comp5 between t=100 to t=130s. Total simulation time = 450s. 

B: Impermeant anion mean charge change occurred only in Comp4 and Comp5, while other compartments remained at 
baseline mean charge (z = -0.85). 
C: Changes to impermeant anion mean charge in Comp4 and Comp5 resulted in a dendrite with altering volumes and 
impermeant anion concentrations. Heatmaps quantify changes at the end of the simulation (t=450s).  
D: Changes to compartment impermeant anion mean charges in Comp4 and Comp5 resulted in a dendrite with adjacent 
ionic microdomains that arose post impermeant mean charge manipulation. Heatmaps quantify ionic concentrations pre-

change (t=99s), during (intra) change (t=115s) and post-change (t=450s). 
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The dendrite was non-isopotential (Fig. 3.3F) at rest with adjacent areas of heterogenous 

membrane potentials: Comp3: -72.6mV; Comp4: -68.7mV; Comp5: -75.4mV. As expected 

from the simulations above, there was no impact on the transmembrane driving force and the 

boundary ionic driving forces were 0mV across the entire dendrite. 

  

Fig. 3.3F: Non-isopotential dendrites have identical ionic driving forces 

Using a 9-compartment model, impermeant anion mean charge (z) was reduced from z = -0.85 to z = -0.65 in Comp4 
and to z = -1.05 in Comp5 between t=100 to t=130s. Total simulation time = 450s. 
A: Heatmaps above demonstrate the steady state (terminal: t=450s) membrane potentials (Vm), ionic reversal potentials 
(Eion), and ionic driving forces (DFion).   

B: Heatmaps above demonstrate the steady state (terminal: t=450s) boundary potentials (Vb), boundary ionic reversal 
potentials (Eion), and boundary ionic driving forces (DFion).  Note the constant membrane potential and compartment 
driving forces across the entire model. 
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3.3. IMPERMEANT ANIONS AND PASSIVE CABLE PROPERTIES  

3.4.1.COMPARISON BETWEEN THE ELECTRODIFFUSION BASED MODEL AND EQUIVALENT 

CIRCUIT MODEL 

I next compared the passive electrical properties of my multicompartment electrodiffusion 

model based on the pump-leak mechanism and which uses the “charge difference” approach to 

calculating the membrane voltage, to an equivalent circuit-based model (using the “charge 

sum” approach to calculating membrane voltage) constructed in NEURON1,2, the standard 

simulation package in the field of neuronal biophysics. In each simulation environment I 

pulsed a step current of  +0.1nA with a 1ms duration into Compartment 9 and compared the 

voltage traces that were elicited(Fig. 3.4A).   

 

     

 

   

 

 

 

  

 

 

 

 

 

 

 

  

  

Fig. 3.4A: Comparing the electrodiffusion based biophysical neuronal model to an equivalent circuit -

based NEURON model.  In a 9-compartment linear model a +0.1nA current was passed into Comp9 for a 
duration of 1ms. A1: Experimental design for biophysical model. B1:  Cell builder feature in NEURON 
showing a linearly arranged 9 compartment topology, with external current pulsed via a clamp (“IClamp”) 

occurring on Comp9. A2 & B2:  Resultant membrane potential traces for Comp9, Comp8 and Comp1 shown 
for respective models. Amplitude of depolarization in Comp9: -52.46 mV (biophysical model); -52.71mV 
(NEURON model). A3 & B3: Heatmaps below show voltage attenuation across space (y -axis) and time (x -
axis) for the first 10ms of the simulation (shaded regions in A2 and B2). 
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The voltage wave morphology and passive signalling properties of both models are comparable 

(Fig. 3.4B). There was a sharp rise in membrane potential, reaching a maximum amplitude of 

depolarization in Comp 9 of -52.46mV in the biophysical model, and -52.71mV in the 

NEURON model.  There was also similar current attenuation: in the electrodiffusion-based 

biophysical model (τ = 16.57ms; λ = 49.04µm) relative to the NEURON model (τ = 18.4ms; λ 

= 48.57µm). 

 

 

 

 

 

Fig. 3.4B: Minimal difference in the passive signalling properties of the biophysical and NEURON 

models. In a 9-compartment linear model a +0.1nA current was passed into Comp9 for a duration of 1ms 
and allowed to decay until 100ms. This setup was performed in the electrodiffusion based biophysical model 
(left) and equivalent circuit-based NEURON model (right). Top row: Time constants (Tau = τ) for each 
simulation calculated on Comp9: 16.57ms (biophysical model); 18.4ms (NEURON model) . Bottom row: 

Length constants (Lambda = λ ) for each of the simulation: 49.04µm (biophysical model) ; 48.57µm 

(NEURON model)    
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3.4.2 DENDRITIC CABLE PROPERTIES ARE LARGELY UNCHARGED WHEN IMPERMEANT ANION 

MEAN CHARGE IS VARIED IN A SINGLE COMPARTMENT  

In my electrodiffusion based model, I examined the influence a local change in impermeant 

anion mean charge could have on the passive cable properties of dendrites (Fig. 3.4C). 

Impermeant anion mean charges of z=-0.65;-0.85 and -1.05 were set in Comp8, with volume 

normalization performed on Comp8 to ensure all that compartment volumes were similar (see 

Methods). A +0.1nA current for 1ms was pulsed into Comp9 in each simulation. Time and 

length constants were similar regardless of the mean charge. 

Figure 3.4C: Impermeant anion mean charge changes negligibly affect passive signalling 

properties.  

A: Experimental design. In 3 separate simulations, each with altered impermeant anion mean charge in 
Comp8 (z=-0.65 ; = -0.85; =-1.05), a +0.1nA current was pulsed into Comp9 for a duration of 1ms.  B: 

Voltage tracing for the 3 simulations. Each showing the tracing in Comp9, Comp8, and Comp1. 
Maximum voltage deflection in Comp9: -52.06mV (z = -0.65 ); -52.46mV (z= -0.85); -52.76 (z = -
1.05). C: Time constants (Tau = τ) for each of the simulations: 16.45ms (z = -0.65); 16.57ms (z= -0.85); 
16.66 (z = -1.05). D: Length constants (Lambda = λ ) for each of the simulations: 47.88µm (z = -0.65); 

49.05µm (z= -0.85); 49.97µm (z = -1.05).    
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3.4. IMPERMEANT ANIONS AND SYNAPTIC TRANSMISSION  

I next extended my electrodiffusion, pump-leak based biophysical model by joining a soma 

(length: 40µm; diameter 2µm) with Hodgkin-Huxley channels onto Comp1 to investigate the 

impact of changing the mean charge of impermeant anions on synaptic integration and action 

potential generation. Since I use the charge difference method for calculating membrane 

potential, any changes in compartment volume affect the voltage changes elicited by a given 

influx of charge. To exclude this effect, I  normalized compartment volume when changing 

impermeant anion mean charge (by adjusting the absolute amount of impermeant anions in a 

compartment – see methods) thereby ensuring any possible differences in synaptic transmission 

were due purely to the potential electrical effects of impermeant anions. 

3.5.1 IMPERMEANT ANION MEAN CHARGE DOES NOT AFFECT SUBTHRESHOLD EXCITATORY AND 

INHIBITORY SYNAPTIC INPUT  

In compartment 8 (C8) of our extended multicompartment model I altered impermeant anion 

mean charge by substantial amounts(z = -0.65; z = -0.85; z = -1.05) and allowed the simulation 

to reach steady state. I then simulated a subthreshold excitatory synaptic input on C8 (gNMDA = 

1nS; max neurotransmitter concentration = 1mM) starting at 20ms with a 5ms (Fig. 3.5A - A). 

The shape of the synaptic input was non-linear (described in Methods section 2.7.1). Although 

there were differences in C8 resting membrane potential across impermeant anion mean 

charges as expected, no changes were seen at the soma irrespective of upstream impermeant 

anion change.   
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I then repeated the model setup with an inhibitory synapse instead of an excitatory synapse 

onto Comp8 (gGABA = 3nS; maximum neurotransmitter concentration = 1mM) Fig.5A - B).  

Similarly, despite the altered baseline membrane potential in Comp8 across impermeant anion 

mean charges, there was no change to the extent of hyperpolarization. 

 

 

 

 

 

 

 

 

 

Fig. 3.5A: Subthreshold excitatory and inhibitory inputs onto compartments with altered impermeant 

anion mean charge show no differential impact at the soma.  

Using the extended multicompartment model I altered the impermeant anion mean charge in Comp8 (z = -
0.65 shown in yellow ; z = -0.85 shown in orange; z = -1.05 shown in red) and allowed the model to reach a 
steady state. A1: Experimental setup. Subthreshold excitatory glutamatergic input (gNMDA = 1ns; maximum 
neurotransmitter concentration = 1mM, duration = 5ms) directed on Comp8 occurring at 20ms in a 200ms 

simulation. A2: Membrane potential changes in Comp8, Comp4 and the Soma across simulation time. A3: 
Superimposed membrane potential changes occurring at the soma for each of the different mean charges of 
impermeant anions. 
B1: Experimental setup. Inhibitory GABAergic inputs (gGABA = 3ns; maximum neurotransmitter concentration 
= 3mM; duration= 5ms) directed on Comp8 occurring at 20ms in a 200ms simulation. B2: Membrane 
potential changes in Comp8, Comp4 and the Soma across simulation time. B3: Superimposed membrane 

potential changes occurring at the soma for each of the different impermeant anion mean charge values. 
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3.5.2 IMPERMEANT ANION MEAN CHARGE DOES NOT AFFECT ACTION POTENTIAL DYNAMICS 

In compartment 8 (C8) of our extended multicompartment model I altered impermeant anion 

mean charge (z = -0.65; z = -0.85; z = -1.05) and allowed the simulation to reach steady state 

including ensuring all compartments have the same volume (see Methods). In each of these 

simulations C8 then received a suprathreshold excitatory synapse (gNMDA = 3nS; max 

neurotransmitter concentration = 3mM) starting at 20ms with a 5ms synapse duration (Fig. 

3.5B - A). As expected from the results of subthreshold excitation to Comp8, there is no 

change in the action potential amplitude or morphology despite the impermeant anion mean 

charge change in the compartment which received the synaptic input.  

Using the same simulation setup, I tested whether differences in impermeant anion mean 

charge along the dendrite (Comp4) (Fig. 3.5B - B), or at Soma (Fig. 3.5B - C), would influence 

the effect of the synaptic input at Comp8.  Impermeant anion mean charge differences along 

the dendrite or soma did not impact action potential generation, amplitude, or morphology. 
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Fig. 3.5B:The mean charge of impermeant anions have no effect on action potential dynamics. Using the extended 

multicompartment model we altered impermeant anion mean charge (z = -0.65 shown in yellow; z = -0.85 shown in 
orange ; z = -1.05 shown in red) at the synapse origin (Comp8, A1), along the dendrite (Comp4, B1) and at the Soma 
(C1). Volume normalization protocol was performed, and the simulation allowed to reach a steady state before adding 
synaptic input. On Comp8 we directed suprathreshold excitatory glutamatergic inputs (gNMDA = 3ns; maximum 
neurotransmitter concentration = 3mM, duration = 5ms) occurring at 20ms in a 200ms simulation. A2, B2, C2: 
Membrane potential changes for 100ms of the simulation are shown in Comp8, Comp4 and Soma (top to bottom) for 

each impermeant anion mean charge change (left to right). Compartments with altered z are colorized.  
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3.5. KCC2 CONDUCTANCE,  AND NOT IMPERMEANT ANION MEAN CHARGE,  

AFFECTS SYNAPTIC INTEGRATION  

3.6.1 SYNAPTIC INTEGRATION IN THE MULTICOMPARTMENTAL NEURON 

I evaluated the relationship between excitation and inhibition to better understand synaptic 

integration in the extended multicompartmental model. An excitatory glutamatergic NMDA 

synapse (α rate constant = 2x106  s-1M-1 ; β rate constant = 1x103 s-1; maximum neurotransmitter 

concentration = 3mM) was modelled on Comp8, while an inhibitory GABAergic synapse (α 

rate constant= 0.5x106  s-1M-1 ; β rate constant = 0.1x103 s-1 ; maximum neurotransmitter 

concentration = 3mM) was modelled on Comp4. Using this setup, I probed what degree of 

excitation at Comp8 would overcome inhibition at Comp4 and trigger an action potential at the 

soma (Fig. 3.6A).   

I varied excitatory and inhibitory conductances (gNMDA & gGABA) to increase the relative 

strength of excitation and inhibition. At gGABA = 6nS, action potentials occurred when gNMDA > 

4nS;  At gGABA = 10nS, action potentials occurred when gNMDA > 6nS;   At  gGABA = 14nS, 

action potentials only occurred when gNMDA > 10nS.  
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Fig. 6A: Outputs from combined excitatory and inhibitory inputs across varied synaptic conductances. 

A: Experimental setup. Extended multicompartment model including HH channels on the soma with default 
impermeant anion mean charge (z = -0.85) in all compartments. Excitatory glutamatergic inputs (α rate 
constant = 2x106  s-1M-1 ; β rate constant = 1x103 s-1; maximum neurotransmitter concentration = 3mM) with 
varied gNMDA of 2nS; 4nS; 6ns; 8ns; 10nS; directed on Comp8 occurring at 50ms in 200ms simulation. At 
50.01ms an inhibitory GABAergic input (α rate constant= 0.5x106  s-1M-1 ; β rate constant = 0.1x103 s-1 ; 

maximum neurotransmitter concentration = 3mM) with varied gGABA of 6nS; 10nS; 14ns was directed on 
Comp4.  Both synapses had a duration of 5ms. 
B: Top: heatmaps showing dynamics of gNMDA (red) and gGABA (green).  Bottom: change in peak somatic 
potential (mV) for each gNMDA step. gGABA changes are shown in different shades of green. High and low 
somatic potentials reflect all-or-nothing action potentials occurring if threshold voltage (-50mV) is reached. 
C: Example tracings of membrane potentials in Comp8, Comp4 and Soma where threshold voltage is not 

reached (gNMDA = 4nS; gGABA = 10nS).  D: Example tracings of membrane potentials in Comp8, Comp4 and 
Soma where threshold voltage is reached (gNMDA = 6nS; gGABA = 10nS).   
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3.6.2 RELATIVE EFFECTS OF IMPERMEANT ANION MEAN CHARGE AND KCC2 CONDUCTANCE 

ON SYNAPTIC INTEGRATION  

I utilised the same multicompartmental setup with an excitatory synapse on Comp8 and an 

inhibitory synapse on Comp4 to compare the effect of impermeant anion mean charge and 

KCC2 conductance on synaptic integration. A fixed gGABA of 10nS was used; while gNMDA was 

varied between 4  and 6.5nS (these values were based on gNMDA conductances on either side of 

the transition between subthreshold and suprathreshold excitation).  

I performed the same set of simulations with 3 different values for impermeant anion mean 

charge (z =-0.65; z=-0.85; and z = -1.05) in Comp4 (Fig.3.6B – A1:A4). Despite differences in 

membrane potentials along the neuron, the gNDMA transition point to action potential generation 

for all impermeant anion mean charges was 6nS. 

Similarly, I then performed the same set of simulations with 3 different KCC2 strengths in 

Comp4 (gKCC2 = 2µS/cm2  ; gKCC2 = 20µS/cm2 ; gKCC2 = 80µS/cm2 )  (Fig.3.6B – B1:B4). 

Compared to the altered impermeant anion mean charge experiments above, there were fewer 

differences in the membrane potentials of Comp4, but larger differences in Cl - driving forces 

across the multicompartment model – affecting synaptic integration. At gKCC2 = 2µS/cm2  
, 

action potentials were triggered with gNMDA >5.5nS; at gKCC2 = 20µS/cm2  
, action potentials 

were triggered at gNMDA >6nS, and at gKCC2 = 80µS/cm2  action potentials were triggered at 

gNMDA >6.5nS. 

I then further directly compared two simulations from the set above (Fig.3.6B – C): (1) 

synaptic integration with z = -1.05 and (2) with gKCC2 = 80µS/cm2
.  Although the ECl is more 

hyperpolarized in Comp4 in simulation (1), ECl = -86.6 mV, relative to simulation (2), ECl = -

85.2mV, action potential is triggered at the same gNMDA  = 6nS in simulation (1), but not in 

simulation (2). This “uncoupling” of ECl from action potential generation, is a direct 

demonstration that it is the driving force for Cl - not the absolute ECl, that is the important 

variable for determining the effectiveness of synaptic inhibition 
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Fig. 3.6B: KCC2 conductance, and not impermeant anion mean charge affect synaptic integration. 

A1: Experimental setup. Extended multicompartment model including HH channels on the soma. Comp4 
impermeant anion mean charge varied (z = -0.65: yellow; z = -0.85: orange; z = -1.05: red). Excitatory input 
with varied gNMDA of 4nS; 4.5nS; 5ns; 5.5ns; 6nS; and 6.5nS were directed on Comp8 occurring at 50ms in 
200ms simulation. At 50.01ms an inhibitory GABAergic input with gGABA of 10nS was directed on Comp4.  
Both synapses had identical maximum neurotransmitter concentration (3mM) and duration (5ms). B1: Similar 

experimental setup, however with varied gKCC2 (2µS/cm2: light pink  ; 20µS/cm2: dark pink ; 80µS/cm2: 
purple) in Comp4 instead of differences in impermeant anion mean charge. 
A2 & B2:  heatmaps showing membrane potential, ECl and Cl- DF at baseline (t=25s) for each impermeant 
anion mean charge and gKCC2 tested.  A3 & B3:  Example membrane potential tracings of Comp4 for gNMDA = 
6nS across impermeant anion mean charges and KCC2 conductances A4 & B4:  Result of synaptic 
integration (action potential - AP- or no AP) for each gNMDA step, reflect all-or-nothing action potentials 

occurring if threshold voltage (-50mV) is reached. C: Comparing action potential generation, and relative ECl 
values, in 3 simulations where changes were made in Comp4: grey: gKCC2 = 20µS/cm2 , z = - 0.85; red: gKCC2 = 

20µS/cm2 , z = -1.05; purple: gKCC2 = 80µS/cm2 , z = -1.05. Note that despite the simulation in red having a 
more hyperpolarized ECl at the GABAergic synapse than the purple simulation, an actional potential was 

generated. 
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4. DISCUSSION 

Impermeant anions refer to negatively charged ions which are unable to traverse the cell 

membrane. Impermeant anion quantities and mean charge are likely to vary with metabolism 

as well as protein and nucleic acid synthesis/turnover; these processes are also predicted to 

occur at discrete spatial locations along a neuron. I developed a biophysically realistic 

electrodiffusion based multi-compartment neuronal model using the pump-leak framework to 

investigate the impact of changing impermeant anion properties at differing spatial locations 

(Objective A).  

4.1. IMPERMEANT ANION CONCENTRATION AND CHARGE SET COMPARTMENT 

VOLUME 

I found that either increasing the absolute quantity of impermeant anions or decreasing mean 

charge of impermeant anions (from z = -0.85 to z = -1.05 without changing their absolute 

quantity) in a single compartment resulted in local compartment swelling. Both findings agree 

with similar biophysical models showing that cell volume is determined by both impermeant 

anion concentration and mean charge(Fraser and Huang, 2004; Düsterwald et al., 2018).  

In our neuronal model a relatively small change in impermeant anion concentration (± 2mM, 

<2% increase from baseline) resulted in a substantial increase in the cell volume (± 50% 

increase from baseline). This large increase in volume is partly due to our method of 

modelling the Na/K-ATPase pump rate as constant. As the Na/K-ATPase pump rate is a 

crucial contributor to cell volume in addition to the Donnan Equilibrium(Kay, 2017), utilizing 

dynamic Na/K-ATPase pump rates would offset the large increases in volume seen with 

impermeant anion changes in our model (Düsterwald et al., 2018). 

The relationship between impermeant anions and cell volume may help explain aspects of 

neuronal morphology. Considering that the machinery that constitute and produces 

impermeant anions occurs predominantly in regions closer to the soma, the cone-shaped 

morphology (large cell body with tapering dendrites) of many neurons may be due partly to a 

gradient of impermeant anions emanating from the soma. 
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4.2. LOCAL DIFFERENCES IN IMPERMEANT ANION MEAN CHARGE CAN CAUSE A 

PHYSIOLOGICALLY STABLE NON - ISOPOTENTIAL DENDRITE  

Objective B of this thesis was to investigate the electrical effects of impermeant anions on 

neurons. Result 3.1 shows that modifying the absolute quantity of impermeant anions without 

altering mean charge  (“X-flux”) in a single compartment did not change steady state 

membrane potential or ionic reversal potential in that compartment. Increased impermeant 

anion quantity only resulted in increased compartment volumes, which ensured that steady 

state ion concentrations, including that of impermeant anions remained stable. Unlike in 

Fig.4.1 proposed by (Delpire and Staley, 2014), as permeant ion concentrations were 

unaffected by increases in impermeant anion quantity there were no alterations to membrane 

potential or ionic reversal potentials. Hence EGABA (which is predominantly based on ECl) did 

not change.  

Fig. 4.1: Effect of local changes to impermeant anion concentration on neuronal physiology 

according to Delpire & Staley (2014) 
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When altering impermeant anion mean charge, the membrane potential and ionic reversal 

potentials of the compartment were affected (Result 3.2). Decreasing impermeant mean 

charge in a single compartment, resulted in a local drop in membrane potential, and new 

steady state ion concentrations. In other compartments, membrane potential and ion 

concentrations remained the same. Therefore, non-uniform impermeant anion mean charge 

across compartments resulted in a non-isopotential dendrite.  

Ionic reversal potentials shifted simultaneously, and in equal magnitude, to decreases in 

membrane potential. Drops in both ionic reversal potential and membrane potential meant 

that ionic driving forces were unaffected.  Fig4.2. demonstrates these findings and compares 

the conclusions reached in this thesis with that postulated by Delpire & Staley (Fig 4.1). 

Differences in impermeant anion mean charge between compartments resulted in equal but 

opposite boundary potentials and boundary ionic reversal potentials, which meant that no 

boundary driving force was established.   

This means that at steady state, without any input of energy dendrites can maintain different 

local membrane potentials and ionic reversals potentials. However, this does not result in a 

constant net flux of ions between compartments as boundary driving forces are zero. 

Fig 4.2: Electrical effects of spatial differences in impermeant anion charge (z) and concentration 
(X) along a dendrite. No changes to Cl- driving forces (DFCl)  occurred due to identical shifts in ECl 

and Vm  accompanying modifications in impermeant anion mean charge. Constant DFCl resulted in 

equal inhibition at each region along the dendrite.  
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I then looked to compare these effects across a range of impermeant anion mean charges (z = 

-0.65 to z = -1.05) (Result 3.3). I found that impermeant anion mean charge is inversely 

proportional to compartment volume and directly proportional to impermeant anion 

concentration (decreasing impermeant mean charge without changing the absolute number of 

molecules results in compartment swelling, thereby decreasing impermeant anion 

concentration). I observed non-linear relationships between impermeant anion mean charge 

and permeant ion concentration, most prominently with Cl-.  

Despite non-linear changes in ion concentrations, transmembrane ionic driving forces across 

the range of impermeant anion mean charge values were identical. The greater the absolute 

difference between impermeant mean charge in one compartment compared to its 

neighbouring compartments, the greater the axial boundary potentials were. However, across 

the spectrum of impermeant anion mean charge investigated, no boundary driving forces were 

established. These results were replicated when multiple impermeant anion mean charge 

changes were established within a dendrite. 
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4.3. IONIC MICRODOMAINS IN NON- ISOPOTENTIAL DENDRITES  

I demonstrated that ionic microdomains (local areas within cells that have differing ion 

concentrations to neighbouring regions) can occur due to spatial differences in impermeant 

anion mean charge. This is possible without active ion transport using energy to maintain ion 

gradients because a balance of chemical and electrical forces is maintained. To simplify this 

finding, consider a hypothetical scenario of a dendrite with three compartments (A, B and C), 

where in compartment B impermeant anion mean charge has been reduced to z = -1.05 

resulting in a ionic microdomain with reduced Cl- (Fig4.3).  

 

In this scenario, examining the boundaries between compartments is a useful way to 

understand the forces involved. Across boundary A-B and boundary B-C, there is a Cl- 

concentration gradient,  reflected as a boundary reversal potential (EClB) that differs in 

direction at each boundary. Although considered as a ‘force’, diffusion down concentration 

gradients reflects the stochastic process of increasing entropy (Einstein, 1905), hence no free 

energy per mole is required (Hille, 2001).  

In the opposite direction, an electrostatic force occurs due to the charge separation between 

impermeant anions of different mean charge –  referred to as the boundary potential (VB).  

Fig. 4.3: Boundary interactions maintaining chloride microdomains. Impermeant anion mean charge 

discrepancy in Compartment B, leads to compartment swelling and a Cl - microdomain. Equal but opposite 
boundary potentials (VB) and boundary chloride reversal potentials (EClB) develop such that there is no 

boundary Cl- driving force (DF ClB) at either boundary. 
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At steady state these opposing potentials are equal such that the boundary driving force for Cl- 

(DF ClB) is zero; therefore, I suggest that a non-isopotential neuron with ionic microdomains 

can be physiologically stable as there is no change in the energy expenditure of the cell . 

Although no experimental work has yet proven that altering impermeant anion mean charge 

can result in an ionic microdomains, (Rahmati et al., 2021) demonstrate that Cl- microdomains 

(and corresponding variances in EGABA) occur in murine dendrites, while further suggesting 

that impermeant anion differences, rather than CCCs, are responsible. The multicompartment 

model developed in this thesis (with fixed KCC2 conductances) supports this experimental 

finding by demonstrating that maintenance of Cl- microdomains can be independent of chloride 

cotransporter activity.  

This thesis however disagrees with (Rahmati et al., 2021) regarding the relationship between 

impermeant anions and dendritic morphology. In (Rahmati et al., 2021) actin depolymerization 

(i.e., a disturbance to impermeant anions) was sufficient to cause a change in Cl - microdomains 

yet dendritic morphology was unaffected. Our multicompartmental model predicts that altering 

either impermeant anion concentration or mean charge would impact dendritic morphology (as 

shown by the swollen compartment in Fig4.3). Possible reasons for this discrepancy include: 1) 

my model did not consider axial volume changes, and 2) the compartments defined in our 

model were on a larger spatial scale (20µm X 1 µm) than the spatial scale used in the 

experimental setup (± 0.1 µm X 0.1 µm), where experimentally measuring changes to 

compartment volumes would be challenging. This is not the only contention this thesis makes 

with the current literature. 

(Rahmati et al., 2021) also claim that impermeant anions not only establish Cl- microdomains 

but can also shift the effect of GABAergic signalling i.e., modify Cl- driving force as 

demonstrated in Fig4.1. My biophysical modelling framework contends that this is unlikely to 

be the case. Altering impermeant anions cannot directly alter Cl - driving force or the 

effectiveness of inhibition. 
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4.4. PASSIVE CABLE PROPERTIES OF NON - ISOPOTENTIAL DENDRITES  

Objective C of this thesis entailed investigating the passive cable properties of non-

isopotential dendrites. I firstly validated my electrodiffusion based biophysical 

multicompartment model based on the pump-leak mechanism created in this thesis to a 

similar equivalent circuit based isopotential model created in NEURON (Hines and 

Carnevale, 2001) (Result 3.4). To achieve comparatively similar membrane length and time 

constants to the NEURON based model I halved the electrodiffusion constants used in other 

studies (Qian and Sejnowski, 1989; Düsterwald et al., 2018).  

An incidental additional finding from this thesis may be the improved approximation of ionic 

electrodiffusion constants. The electrodiffusion constants by (Hille, 2001) are based upon 

ionic diffusion in water however diffusion through neuronal cytoplasm is likely different. 

Further research, perhaps using a similar comparative method as used in this thesis, is needed 

to predict these constants more accurately.  

As I have shown that impermeant anions do not affect ionic driving forces in the 

transmembrane or axial planes, I would not expect impermeant anions in non-isopotential 

dendrites to alter the passive signalling properties of neurons. Indeed, simulations with 

modified impermeant anion mean charge at a single location only modestly affected the time 

and length constants (1-4% change). These slight differences may be related to the curve 

fitting procedures, or due to the artificial volume normalization procedure I employed.  

4.5. IMPERMEANT ANIONS DO NOT ALTER SYNAPTIC TRANSMISSION AND 

INTEGRATION  

Objective D of this thesis was to investigate how altering the properties of impermeant 

anions could modify the effect of synaptic input. To this end, no differences to the somatic 

potential were observed when subthreshold excitatory inputs were directed onto 

compartments with altered impermeant anion mean charge  (Result 3.5). Impermeant anions 

modified between the synaptic origin and the soma, and at the soma itself, did not alter 

synaptic potentials. Similarly, inhibitory synaptic potentials were unaffected by  altering the 

properties of impermeant anions.   
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I next investigated the influence of impermeant anions on synaptic integration (Objective E) 

or the effectiveness of synaptic inhibition to prevent action potential generation. In Result 

3.6, excitatory and inhibitory inputs were both incorporated in simulations with modified 

impermeant anion mean charge. Altering impermeant anion mean charge had no impact on 

synaptic integration, irrespective of the strength of inhibitory and excitatory synapses. That is, 

despite differing mean charges of impermeant anions altering the local Cl - reversal potentials 

in dendritic compartments that received GABAergic synaptic input, there was no effect on the 

ability of synaptic inhibition to prevent action potential generation. Therefore, in my model 

altering impermeant anion mean charge had no impact on synaptic integration.  

Lastly a comparison between varying impermeant anions and altering the activity of the 

cation-chloride cotransporter KCC2 was made. By decreasing impermeant anion mean 

charge, ECl was reduced to -86.6mV, whilst in as separate simulation increasing KCC2 

activity in the same compartment caused a reduction of ECl to -85.2 mV. Despite a more 

depolarized ECl, the increase to KCC2 activity was able to suppress an action potential at 

gNMDA = 6nS, whilst the simulation with decreased impermeant anion mean charge could not. 

This phenomenon is explained by the fact that changes to KCC2 impacted Cl - driving force 

which was not the case when impermeant anion mean charge was modified. In summary, Cl- 

driving force – not ECl – underpins the function of inhibitory signalling.  

 

4.6. MODEL LIMITATIONS  

To isolate the direct potential effects of impermeant anions on membrane potential, ion 

concentrations, ion reversal potentials and driving force my model was simplified in four 

ways: keeping surface area constant (and hence not scaling transmembrane ion channel 

conductances); utilizing a static ATPase rate; normalizing compartment volume in a non-

physiological manner (in the later results); and assuming a fixed extracellular ionic bath. I 

don’t believe these simplifications are likely to have had a bearing on the broad conclusions 

of this thesis.  

One aspect not explored was the impact of impermeant anions on voltage dependant 

conductances. Alterations to impermeant anion average charge affects membrane potential 

but ionic driving forces remain the same. Therefore, I believe that the likelihood of voltage 

dependent channel opening would be impacted by altered impermeant anion average charge, 
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however the effect of channel opening (magnitude and direction of ion flux) would remain 

the same. Further simulations should be performed to investigate this hypothesis.  

Another limitation to maintain model simplicity and efficiency of computational time was the 

omittance of HCO3- ions both in general neuronal ion dynamics and in relation to modelling 

GABAergic synapses. Moreover, I did not directly model the changes that occur to the pH of 

a cell when impermeant anions changed, nor how changes in pH might alter the mean charge 

of impermeant anions. 

Another limitation could be the method of modelling electrodiffusion I used. I employed a 1-

dimensional electrodiffusion based model (Qian and Sejnowski, 1989), however in reality 

electrodiffusion occurs in 3-dimensions across multiple electrical fields in neurons 

(Savtchenko et al., 2017). Furthermore, precise ion diffusion coefficients through cytoplasm 

are unknown, and approximations were used based on ionic movement through water.  

Using the multicompartment model I reach the conclusion that neurons can be non-

isopotential at steady state. This conclusion is contingent on modelling all impermeant anions 

as fixed constituents within a compartment. In living neurons this is not the case as proteins 

and other impermeant anions display cytosolic motion. However, it is still likely that there are 

larger molecules which cannot move and are relatively fixed in space.  There are no 

mathematical models of axial macromolecular flux present in the literature. Moreover, 

impermeant macromolecules likely contribute to the axial resistance of the neuron and this 

was not explicitly modelled.  

4.7. CLINICAL IMPLICATIONS OF IMPERMEANT ANION PHYSIOLOGY  

Impermeant anions accumulate in several neurodegenerative disorders such as Alzheimer’s, 

and Parkinson’s disease (Goedert et al., 2017; Schaffert and Carter, 2020). These disorders 

are associated with a host of aberrant neuronal signalling patterns. I show that differences to 

impermeant anion concentration and charge do not impact synaptic integration and action 

potential generation, I therefore hypothesize that neuronal dysfunction in these disorders are 

likely from cytotoxic effects of the abnormal proteins rather than direct electrical effects on 

the neurons.  

Impermeant anions and the Na/K-ATPase play an important role in regulating neuronal 

volume. In ischaemic conditions (such as stroke), ATP depletion occurs due to cessation of 

aerobic metabolism. Under these conditions, impermeant anions left unchecked result in 
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further cell swelling, raised intracranial pressure, and cell death in a self-perpetuating cycle 

(Pasantes-Morales et al., 2000; Elkin et al., 2010). Speculatively, alternative methods of 

reducing intracranial pressure, perhaps by modifying impermeant anion mean charge could 

reduce the reliance on invasive treatments such as decompressive craniotomies.   

4.8. FUTURE DIRECTIONS  

To validate findings of my computational model, experimental work should be performed. 

The recent development of genetically encoded voltage indicators (Yang and St-Pierre, 2016) 

may be useful in providing experimental evidence that subcellular non-isopotential voltage 

compartments occur in resting neurons. Perhaps this could be combined with other techniques 

used to localize proteins such as Multiplexed Protein Maps (Gut et al., 2018) to investigate 

whether there is a colocalization between protein distribution and non-isopotential voltage 

compartments. This suggestion would still be limited by the fact that there are currently no 

experimental techniques to determine impermeant anion mean charge in dendritic 

compartments. Furthermore, currently available genetically encoded voltage indicators are 

not ratiometric and cannot report absolute membrane potential. 

To build on our model, I could include changes occurring to the extracellular matrix (ECM) 

which has been shown to play a role in both cell volume regulation and Cl - homeostasis 

(Glykys et al., 2017). Degradation of ECM occurs in many pathological states (Cui et al., 

2013), however the effects of ECM degradation on the signalling properties of neurons are 

unclear. Moreover, altered pH that occurs in several pathologies relating to acidosis may 

affect extracellular protein mean charge. How this affects signalling is also unknown, though 

could be computationally simulated by better incorporating HCO3
- and H+ into the model. 

Adding greater complexity to how CCCs are modelled would be another way to represent 

neural physiology more accurately.  Some studies have shown that in addition to ion 

transport, CCCs may be involved in water flux and the response to osmotic challenges 

(Boettger, 2003; Bergeron et al., 2006; Blaesse et al., 2009). Although whether CCCs are 

themselves permeable to water, or that water itself is involved in the energetics of ion 

transport is disputed (Kaila et al., 2014). Incorporating another major CCC in neurons,  

NKCC1 (Na-K-Cl cotransporter),  may better resolve the function of CCCs in Cl- homeostasis 

and neural inhibition. 
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Improvements could also be made to the method of modelling electrodiffusion. The model by 

(Mori, 2015) is more comprehensive than the model used in this thesis by simulating osmotic 

fluxes as well as ion fluxes between neurons, glial cells and the extracellular fluid in a series 

of partial differential equations. This model may be more useful for studying disease states 

(such as cortical spreading depression that has known glial and extracellular changes), 

however in the case of this thesis I look at inhibition more broadly and thus my simplified 

model is likely more appropriate 

Future studies could also consider adapting the Poisson-Nernst-Plank (PNP) electrodiffusion 

approach of modelling axons (Pods et al., 2013; Boahen and Doyon, 2020), to a dendritic 

model. This would prevent any assumptions in the model by calculating the electric field 

from first principles at each time step. The PNP technique is however highly computationally 

expensive and would require greater improvements in computing power than that currently 

available. Moreover the PNP technique does not account for water fluxes. 

Models with increased morphological and synaptic complexity would also provide better 

approximations to real neurons. In this thesis I placed a singular synaptic input at the distal 

portion of a linear dendrite and vary the spatial location of impermeant anions; in reality, 

neurons have multiple dendrites receiving several inputs (Adrian and Zotterman, 1926). The 

spatial location of inhibitory synapses is known to affect firing rates of neurons and Cl- 

concentrations along dendrites (Currin et al., 2020), however, whether impermeant anions 

alter these properties is unknown and would require more complex models. 
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4.9. CONCLUSION  

Both the absolute quantity of impermeant anions and their mean charge are principal 

components in setting neuronal volume. Non-uniform distributions of impermeant anion 

mean charge (but not absolute quantity) result in physiologically stable non-isopotential 

neurons with ionic microdomains.  At steady state these discrepancies in local membrane 

potentials and ion concentrations do not impact the passive or active electrical properties of 

neurons. Neural signalling is a function of ionic driving forces, which are maintained at 

irrespective of impermeant anion mean charge by active or secondary active transport 

mechanisms. These findings explain how electrical signalling remains consistent in the face 

of an ever-changing impermeant anion milieu with implications related to our understanding 

of both normal and pathological neuronal physiology. 
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6. APPENDIX 

6.1.  VOLUME NORMALIZATION PROCEDURE  

To isolate the potential effects of impermeant anions independent of volume change I 

normalized the volume of compartments were impermeant anions were manipulated in 

simulation from Results section 3.4 onwards.  

Step 1: Calculate the average osmolarity of all compartments 

Compartment volume is a function of the difference between internal and external 

osmolarities. As external osmolarities are fixed the internal determine the compartment 

volumes. Therefore, by averaging the osmolarities of all the compartments (bar the 

soma), we can approximate the average compartment volume.  

Step 2: Adjust internal impermeant anion concentration based on average osmolarity. 

 Düsterwald et al., (2018) showed that impermeant anion concentration can alter the cell 

 volume without affecting the concentration of other ionic species. Therefore, to achieve 

 the desired average osmolarity we modify the impermeant anion concentration in the 

 compartment.     
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6.2.  CLASS STRUCTURE FOR PYTHON SIMULATION SOFTWARE  

 

 

  

Controller/Controller 
from HDF

User interface with the simulation software in python.

Defines a new object from the simulation class.

Provides user with ability to define multicompartmental 
morphology as well as all simulation parameters. 

Simulator/Simulator 
from HDF

Class which acts to coordinate a single simulation 
and interacts with various other classes.

On initialization a new HDF5 File is created.

Compartment

Initializes the compartment starting 
parameters and temporarily stores 
these variables while they change 
during the simulation

Electrodiffusion
Provides the basis to make 
electrodiffusion calculations between 
2 compartments. Does not store any 
variables for the entire simulation

Common

Constants and fixed parameters. No 
new variables are added during the 

simualtion
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6.3.  HDF5 FILE STRUCTURE 

 

 

Sequential results at each simulation interval are saved in an HDF5 (Hierarchical Data Format 

version 5) which uses a directory like structure.  Integration between python and HDF5 files is 

performed via methods contained in the h5py library. The HDF5 file for a simulation is saved 

in the root directory under the specified simulation name.  

HDF5 files can be read and written to using python or similar language. Alternatively, HDF5 

files can be opened using an open-source online reader, such as NeXus-HDF5 file viewer 

accessible at: https://ncnr.nist.gov/ncnrdata/view/nexus-hdf-viewer.html  

Each HDF5 file will have fixed groups: 

1) “COMPARTMENTS” 

• Contains a folder for each compartment label by the compartment name (e.g., 

“Comp1”). 

• Inside each compartment folder there is a dataset for every time interval, 

labelled by the step number. Importantly these are not labelled sequentially as 

values are stored based on ASCII value order as opposed to numerical order.  

• The array stored in each compartment dataset is ordered as follows: 

Item 

number 
Parameter Unit 

0 Time  s 

1 Radius dm 

2 Length  dm 

3 Volume  l 

4 [Na+]i   Mol/l 

5 [K+]i   Mol/l 

6 [Cl-]i   Mol/l 

7 [X]i   Mol/l 

8 z Unitless 

9 Δ[Na+]i Mol/l 

10 Δ[Na+]leak Mol/l 

11 Δ[Na+]ATPase Mol/l 
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12 Δ[K+]i Mol/l 

13 Δ[K+]leak Mol/l 

14 Δ[K+]ATPase Mol/l 

15 Δ[K+]KCC2 Mol/l 

16 Δ[Cl-]i Mol/l 

17 Δ[Cl-]leak Mol/l 

18 Δ[Cl-]KCC2 Mol/l 

19 Vm V 

20 Ek V 

21 ECl V 

 

2) “CURRENT-SETTINGS” 

• Empty if no external current is added 

• If there is a current added there will be a subfolder with its name (e.g., 

“CURRENT-1” 

• Inside there will be a dataset containing the values below: 

Item 

number 
Parameter Unit 

0 Compartment number Unitless 

1 Current type: 

0 = inhibitory  

1 = excitatory 

Unitless 

2 Current start time s 

3 Current duration s 

4 Current amplitude A 

5  Current frequency Hz 

 

 

3) “ELECTRODIFFUSION” 

• Contains a folder for each compartment boundary label by the electrodiffusion 

name (e.g., “Comp1->Comp2”) . 
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• Inside each compartment folder there is a dataset for every time interval, 

labelled by the step number. Importantly these are not labelled sequentially as 

values are stored based on ASCII value order as opposed to numerical order.  

Item 

number 
Parameter Unit 

0 Δ[Na+]ED Mol/L 

1 Δ[K+]ED Mol/L 

2 Δ[Cl-]ED Mol/L 

3 Δ[Xz]ED Mol/L 

• Values are in relation to the first compartment  

o E.g.  a value of +1 in item number # represents 1 Mol/L entering 

compartment 1 from compartment 2 

 

 

 

4) “SYNAPSE-SETTINGS” 

• Empty if there are no synapses 

• If there is a synapse added there will be a subfolder with its name (e.g., 

“SYNAPSE-1” 

• Inside there will be a dataset containing the values below: 

Item 

number 
Parameter Unit 

0 Compartment number unitless 

1 Synapse type: 

 = 0 (“Excitatory”) 

 = 1 (“Inhibitory”) 

unitless 

2 Forward rate constant (α) s-1·mol-1 

3 Reverse rate constant (β) s-1 

4 Synapse start time s 

5 Synapse duration s  

6 Synapse end time s 

7 Maximum neurotransmitter 

concentration 

Mol/L 
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8 Synaptic conductance Siemens 

5) “TIMING”

• Contains 3 folders:

o “DT” : time step (seconds)

o “INTERVALS” : number of intervals save to HDF5 file

o “TOTAL_T” : total simulation time (seconds)

6) “X-FLUX-SETTINGS”

• Empty if there is no impermeant anion flux (X-flux)

• If there is an X-flux added there will be a subfolder with its name (e.g., “X-

FLUX-1”

• Inside there will be a dataset containing 4 values

Item 

number 
Parameter Unit 

0 Flux rate Mol/s 

1 z unitless 

2 Flux start time s 

3 Flux end time s 


