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1.  Introduction 

Ion channels are the fundamental building blocks of cellular excitability. Embedded 

within the lipid bilayer, they open and close in response to various stimuli (voltage, 

ligands, temperature, etc.) to control the flow of ions across the membrane. Although the 

vast majority of electrical signaling between excitable cells can be reduced to just a few 

ions (Na+, K+, Ca2+, Cl-), a superfamily of ion channels, each with unique and finely-

tuned properties, is necessary to produce the complex patterns of excitability that underlie 

cellular, network, and animal behavior. Thus, understanding the intrinsic properties of the 

channel molecule (e.g., voltage-sensitivity, kinetics of conformational state transitions, 

etc.), together with the effect of modulatory subunits and pharmacological agents on the 

channel, is crucial for understanding neuronal excitability in both physiological and 

pathological conditions.  

1.1 Voltage-sensing mechanisms of voltage-gated ion channels 

Voltage-gated ion channels are transmembrane proteins comprised of a central pore 

domain (PD), that forms the ion permeation pathway, and four peripheral voltage-sensing 

domains (VSDs) that move in response to changes in membrane potential to open and 

close the pore. X-ray crystal structures of the voltage-gated potassium channel reveal a 

homotetramer, with each subunit containing six transmembrane helices (S1-S4 forms the 

voltage-sensing domain and S5-S6 forms the pore domain) and a helix-turn-helix motif 

within the VSDs that is coupled to the pore via an S4-S5 linker [1, 2]. The helix-turn-

helix motif (“paddle motif”) containing highly conserved arginines and lysines on the S4 

segment, is necessary and sufficient for voltage-sensing [3]. Movement of the four 
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positively charged voltage-sensors in response to depolarizing changes in membrane 

potential results in small gating currents, followed by opening of the pore and the flow of 

ionic current.  

Although all major voltage-gated ion channels share an overall similar structure [4-6], 

eukaryotic voltage-gated sodium (Nav) and calcium (Cav) channels, in contrast to the 

homotetrameric Kv channels, consist of four covalently linked homologous domains (DI-

DIV) within a single polypeptide chain. The four different VSDs of Nav channels have 

been demonstrated to contribute differently to the overall function of the channel (DI-

DIII required for activation and DIV required for inactivation) [7-9], and the four paddle 

motifs are sufficient for conferring voltage-sensitivity [10]. Whether a homologous 

paddle motif exists for Cav channels and operates along the same principles is unknown. 

Nonetheless, by optically tracking conformational changes of the four Cav1.1 VSDs, a 

similar division of labor has been reported: DII and DIII are necessary for activation of 

the channel, whereas DIV has a more likely role in channel inactivation [11]. However, 

as the voltage-gated calcium channels are diverse in their voltage-dependent activation 

(high-voltage- vs. low-voltage-activation) and inactivation properties (calcium-dependent 

vs. voltage-dependent inactivation), the role of the four voltage-sensors may vary for 

each Cav channel isoform.  

For the major voltage-gated ion channel types (Kv, Nav, Cav), the consensus model for 

channel activation requires membrane depolarization. As the voltage changes to more 

positive values, the four positively charged S4 helices are displaced towards the 

extracellular solution and assume “activated” conformations, resulting in a final closed to 

open transition of the channel pore [12, 13]. When the voltage returns to more negative 
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values, the voltage sensors resume their “resting” conformation and the channel closes. 

Interestingly, though structurally very similar to Kv channels, the hyperpolarization-

activated channel (HCN) follows a noncanonical pathway of activation that requires 

changes in membrane potential to more negative values. Hyperpolarization causes inward 

movement of the S4 helices and opening of the channel, while depolarization closes the 

channel [14]. Nevertheless, all voltage-gated ion channels can be functionally 

investigated electrophysiologically at either single-channel or whole-cell levels, and a 

wide variety of experimental setups in native or heterologous systems (e.g. in vivo 

recordings, brain slices, cell culture, Xenopus laevis oocytes, liposomes, etc.) can be 

used.  

1.2 Pharmacology of ion channels 

In conjunction with electrophysiology, elucidating ion channel structure and function has 

historically relied heavily on toxins isolated from venomous animals [15-18]. Within the 

venom of a given animal is rich  cocktail of small molecules and peptides that have been 

used to address questions as fundamental as whether ions travel through holes in the lipid 

bilayer or through dedicated proteins with pore-forming structures [19], to questions as 

complex as how individual voltage-sensors contribute to channel-specific properties [16]. 

The large reservoir of natural toxins has led to identifying highly specific toxins for 

different channel isoforms, which has allowed for the convenient isolation of a current of 

interest within a given experimental preparation. In more recent years, toxins have been 

further exploited as therapeutic agents for ion channel associated diseases [20, 21].  

Ion channel toxins are categorized into two groups, pore blockers and gating-modifiers, 

which are distinct in both their binding site and effect on the channel. As suggested by 
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their name, pore blockers bind to the channel pore and render the channel nonconductive 

by physically occluding the permeation pathway [22]. Generally, these toxins can access 

the pore from the extracellular solution and have a relatively simple mechanism of action. 

In contrast, gating-modifier toxins target the voltage-sensors, thereby modulating the 

voltage-dependence of activation or inactivation of the channel, and act via an initial lipid 

bilayer partitioning mechanism [23-27]. All gating-modifier toxins known to date share a 

common inhibitory cysteine knot (ICK) motif that stabilizes the overall structure and 

enables the formation of the binding site. The binding site contains a large hydrophobic 

surface surrounded by charged amino acids, which together are involved in toxin binding 

to the channel through the lipid bilayer [28-31]. Studies of Kv and Nav channels have 

shown that gating-modifier toxins bind to the S3-S4 “paddle motif” and alter its 

movement in response to voltage [3, 10, 24]. Therefore, as opposed to an all-or-nothing 

effect characteristic of pore blockers, gating modifier toxins display modulatory effects; 

shifting the voltage dependence of activation to either more positive or negative voltages. 

These properties make gating-modifier toxins ideal candidates for drug discovery. 

Although many gating-modifiers have been identified for Kv and Nav channels, very few 

are known for Cav channels, particularly for the low-voltage-activated Cav3 channels. 

This has long prevented a detailed understanding of these channels, as well as the 

development of effective therapeutic agents.  

Although the majority of pharmacological studies focus on the principal pore-forming 

subunit (α subunit) of a channel, ion channels form dynamic, multi-subunit complexes 

that are comprised of the α subunit along with one or more auxiliary subunits. Auxiliary 

subunits are known to regulate various channel properties including surface expression, 
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voltage-dependence and kinetics of activation or inactivation, and pharmacology [32]. 

For example, the β4 auxiliary subunit that promotes resurgent Na+ current drastically 

reduces the effect of the tarantula gating-modifier toxin, ProTx-II, on neuronal Nav1.2 

channels [33]. Thus, for both medicinal and experimental purposes, it is critical to 

understand how the presence of various auxiliary subunits can alter the pharmacological 

properties of a given channel.  

1.3 Kinetic modeling of ion channels 

A complete understanding of ion channels at the molecular, cellular, and network levels 

requires integration of structural and functional information that together can describe the 

dynamic behavior of channels. Crucial components within the functional data of voltage-

gated ion channels are the kinetic properties that dictate the transitions between different 

conformational states and thereby determine the overall functional contribution of a 

channel under various conditions. For example, voltage-gated sodium channels undergo 

transitions between closed, opened, and inactivated states with extraordinarily fine-tuned 

kinetic properties to generate and maintain various spiking patterns [34-37]. Small 

deviations in the kinetics can dramatically alter spiking patterns, resulting in suboptimal 

if not pathological cellular outputs. These kinetic parameters that describe ion channel 

state transitions, along with the number and connectivity of states define the overall 

kinetic mechanism of an ion channel.  

Depending on the scientific question at hand, ion channel models can range from simple, 

phenomenological models [38] to more complex, biophysically realistic models [39]. 

Regardless of the approach, kinetic modeling of ion channels is a powerful quantitative 

tool for understanding ion channel function. The seminal work of Hodgkin and Huxley 
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continues to impact the field of computational neuroscience over 60 years later and is a 

clear example of the value of ion channel modeling [40, 41]. In addition to Hodgkin and 

Huxley models, Markov models of ion channels are beautiful summaries of the 

mathematical properties that govern ion channel dynamics [42]. As opposed to Hodgkin 

and Huxley models where rate constants can be arbitrary functions of voltage, Markov 

models follow the Eyring rate theory [43] and therefore provide a more biophysically 

realistic representation of ion channel kinetic properties. Moreover, the Markov 

formalism incorporates all properties of the kinetic mechanism within a few matrices and 

vectors and can be used to model at both the single-channel and macroscopic level [44-

49].  

When generating a kinetic model of an ion channel, recording protocols are optimized to 

provide meaningful data on as many ion channel state transitions as possible. Each 

functionally verified or hypothesized state can then be mapped as a state within the 

Markov model. The goal is to then build a model that is formulated on the basis of 

existing knowledge (theoretical and experimental), and then tested and updated by fitting 

new experimental data. At its simplest, introducing existing knowledge can be done at the 

level of the model topology. For example, the four voltage sensors of Kv channels that 

each need to activate prior to opening of the channel can be reflected in a model with five 

closed states prior to an open state. The first closed state represents all voltage sensors in 

“resting” conformations and the consecutive closed states describe the activation of an 

individual voltage sensor, where the fifth closed state signifies all voltage sensors in 

“activated” conformations. This precedes a final transition to an open pore state. In 

addition to topologically embedding prior channel knowledge, mathematical relationships 
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between rate constants and other model parameters can be enforced to reflect more 

detailed knowledge [46, 48, 50]. Furthermore, the behavior of the model under certain 

conditions can be constrained to satisfy previously determined properties of the channel 

(e.g. open probability, voltage-activation curve, etc.). Such model constraints provide the 

advantage of simultaneously reducing the number of free parameters that must be 

optimized and thus minimizing computation, and increasing the likelihood of generating 

a more biophysically realistic model.   

1.4 Ion channels as tools 

A detailed understanding of ion channels has implications that extend beyond defining 

their role in physiological and pathological states. Arguably, the most influential example 

is the use of light-activated channelrhodoposins as optogenetic tools [51]. Since the first 

discovery of microbial opsins, many more have been identified or engineered with 

varying light-activation properties and ion selectivities [52, 53]. Thus, upon expression in 

a given cell type and activation with light, either an excitatory or inhibitory signal via Na+ 

or Cl- ions, respectively, can be generated. This unprecedented combination of genetic 

and optical control of specific cells and neural networks with millisecond time precision 

resulted in extraordinary scientific breakthroughs. The foundation of optogenetics paved 

the way for the development of similar molecular research tools used to probe cells, 

circuits, and animal behavior [54].  

Although control of cellular excitability via optical stimulation has significant 

advantages, several disadvantages exist. For example, due to light scattering within the 

brain, only a depth of a few micrometers can be light activated. Therefore, delivering 

light to large areas of the brain without the use of invasive surgical implants is 
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challenging [55]. An alternative approach to optical control of cellular excitability is 

temperature control. Thermosensation is vital to all animals and dedicated proteins that 

activate in response to changes in temperature have been identified in a wide variety of 

animals from fruit flies to humans [56, 57]. Among these are the transient receptor 

potential (TRP) channels that constitute the most well studied family of temperature-

sensitive proteins [58]. As in the case of channelrhodopsins, the temperature regulated 

activity of “thermoTRPs” has been cleverly exploited to develop the field of 

thermogenetics [59]. Although thermoTRPs with varying temperature sensitivities have 

been identified, expanding the range of possible temperatures that can be used to trigger 

excitability would be extremely valuable. Furthermore, activation of all known 

thermoTRPs results in excitatory signals and thus identifying or engineering temperature 

sensitive proteins that lead to hyperpolarization of cells is desirable.    

A recent study in Drosophila melanogaster provided the first example of a gustatory 

receptor involved in thermosensation [60]. These receptors have been extensively studied 

in taste and odor perception, but have never previously been investigated for temperature-

sensitive properties. Importantly, gustatory receptors in fruit flies form a large family of 

proteins, raising the possibility that more members within this family or closely related 

families (e.g. odor receptors) also play critical roles in thermosensation. Even more 

interesting is the heterogeneity of gustatory receptor types, where some function as G-

protein coupled receptors (GPCRs), while others as ion channels [61, 62]. This opens the 

door for thermally controlling cellular activity with different kinetics and downstream 

signaling effects, as GPCRs and ion channels generally operate on different timescales 

and each have the potential to produce either excitatory or inhibitory signals. Moreover, 
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with a large family of proteins, it is possible to engineer chimaeric proteins with 

discretely defined ranges of temperature activation. In addition to its value as a potential 

thermogenetic tool, it is important to note that a detailed understanding of 

thermosensation falls behind the remaining four senses and therefore in-depth biophysical 

investigation of the fruit fly gustatory receptor and other potentially related receptors 

would provide significant insight into the overall mechanism of action of temperature 

sensitive proteins.   
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Chapter 1  
 

Molecular Interactions between Tarantula Toxins and Low-Voltage-Activated 
Calcium channels 

 
Adapted from: Salari A, Vega BS, Milescu LS, Milescu M (2016). Sci Rep. 6, 23894 
 

Abstract 

Few gating-modifier toxins have been reported to target low-voltage-activated (LVA) 

calcium channels, and the structural basis of toxin sensitivity remains incompletely 

understood. Studies of voltage-gated potassium [63] channels have identified the S3b-S4 

“paddle motif,” which moves at the protein-lipid interface to drive channel opening, as 

the target for these amphipathic neurotoxins. Voltage-gated calcium (Cav) channels 

contain four homologous voltage sensor domains, suggesting multiple toxin binding sites. 

We show here that the S3-S4 segments within Cav3.1 can be transplanted into Kv2.1 to 

examine their individual contributions to voltage sensing and pharmacology. With these 

results, we now have a more complete picture of the conserved nature of the paddle motif 

in all three major voltage-gated ion channel types (Kv, Nav, and Cav). When screened 

with tarantula toxins, the four paddle sequences display distinct toxin binding properties, 

demonstrating that gating-modifier toxins can bind to Cav channels in a domain specific 

fashion. Domain III was the most commonly and strongly targeted, and mutagenesis 

revealed an acidic residue that is important for toxin binding. We also measured the lipid 

partitioning strength of all toxins tested and observed a positive correlation with their 

inhibition of Cav3.1, suggesting a key role for membrane partitioning. 
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Introduction 

Voltage-gated calcium (Cav) channels are membrane proteins that facilitate 

communication via electrical and chemical signaling in a wide variety of cells and 

organisms. Importantly, Ca2+ is not only the permeant ion for Cav channels but is also a 

second messenger in cellular processes. Thus, by coupling an electrogenic role with a 

regulatory function, Cav channels orchestrate many physiological processes, such as 

muscle contraction, hormone secretion, neurotransmitter release, and regulation of gene 

expression [64]. Topologically, Cav channels are made of four covalently linked 

homologous domains (DI-DIV), each containing six transmembrane helices (S1-S6) that 

form the pore (S5-S6) and the four voltage-sensing domains (S1-S4). Although the four 

channel domains (DI-DIV) have similar sequences, there is significant variability within 

each channel and across channel types [65]. This variability may render the four voltage 

sensors functionally and pharmacologically distinct. For example, a recent study has 

characterized the unique voltage- and time-dependent properties of each voltage sensing 

domain in Cav1.2 channels, using optical and electrical recordings [11]. The evidence 

clarifies the role played by each domain in channel opening: domains II and III are the 

key players and they must activate for the channel to open, domain I has a minor 

contribution, whereas domain IV plays no role, as it activates on voltage and time scales 

incompatible with the overall channel opening. For low-voltage-activated (LVA) Cav3.1 

channels, this heterogeneity within the voltage sensors has yet to be explored.   

In the related homotetrameric Kv channels, a structural correlate (S3b-S4) for voltage 

sensing [1, 2, 66] and pharmacology [3, 23-27] has been identified. This S3b-S4 segment 
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(“paddle motif”) moves at the protein-lipid interface in response to changes in voltage 

and causes the channel to open [2, 66-69]. Given its central role in voltage sensing, it is 

not surprising that the paddle is targeted by amphipathic gating-modifier neurotoxins that 

modulate the voltage-dependent activation of the channel [23, 24, 26, 27]. All gating-

modifier toxins known to date share an inhibitory cysteine knot (ICK) motif that 

stabilizes the overall structure and enables the formation of the binding site [70, 71]. The 

binding site contains a large hydrophobic surface surrounded by charged amino acids 

[28-31], which together are involved in toxin binding to the channel through the lipid 

bilayer [31, 72-75]. For Kv channels, this tri-partite interaction between channel, toxin, 

and lipids has been well studied [73, 76, 77] and utilized to shed light on channel 

function. However, much less is known about Cav channels, particularly LVA, for which 

the pharmacological repertoire is limited.  

Kurtoxin and ProTx-II are among the few known LVA calcium channel gating-modifier 

toxins [71, 78-80]. However, the molecular interactions between the toxins, target Cav3 

channels, and lipid membranes are still unknown. In this study, we focus on ProTx-II, a 

toxin isolated from the Thrixopelma pruriens tarantula, which targets both Cav3.1 and 

Nav channels [81]. Like other gating-modifier toxins, ProTx-II slows activation kinetics, 

accelerates deactivation, decreases the macroscopic current, and shifts the activation 

curve [82] to more positive potentials in both channel types, with no significant effect on 

steady-state availability or recovery from inactivation [79, 83]. The shift in the activation 

curve is dependent on both the toxin concentration and the divalent cation concentration 

in the extracellular recording solution. Thus, it has been shown that ProTx-II decreases 

current amplitude to a similar extent in both 2 mM Ca2+ and 5 mM Ba2+ solutions, but the 
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shift in the I-V curve is three times smaller in the presence of Ba2+ vs. Ca2+, which was 

explained by a surface-charge screening mechanism of the toxin [79]. The decrease 

observed in macroscopic conductance is not caused by changes in single-channel 

conductance or by changes in the total gating charge. However, the voltage-dependent 

movement of gating charges (Q-V) is shifted towards more depolarizing voltages, 

suggesting interactions between the voltage sensors and the toxin. Overall, it has been 

proposed that the toxin interacts with multiple voltage sensors to modify several 

transitions along the activation pathway [79]. However, the voltage sensor structures 

involved in binding have yet to be identified. ProTx-II has also been shown to interact 

with lipids [84], but the strength of lipid partitioning has not been tested. 

Using chimaeric constructs of Cav voltage sensors embedded within a Kv2.1 host 

channel, we identified the paddle motif of each Cav3.1 domain and examined the 

domain-specific interactions with ProTx-II. In addition, we discovered that three other 

tarantula toxins, previously reported to inhibit Nav and Kv channels, are also gating-

modifiers of Cav3.1 channels. Lastly, we probed the lipid partitioning strength of all four 

toxins by measuring intrinsic tryptophan fluorescence. Our results demonstrate that 

sequence differences across the four voltage-sensors cause functional heterogeneity in the 

voltage-sensing and pharmacological properties of LVA channels. In addition, only a few 

differences in the amino acid sequence of the toxins studied here can cause differences in 

channel inhibition and lipid partitioning. These two aspects, channel inhibition and lipid 

partitioning, seem to be positively correlated.   

Results 

Cav3.1 paddle motifs 
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It has been proposed that Cav channels, like their Kv and Nav relatives, also have 

functional paddle motif substructures within each voltage sensor [85, 86]. However, it 

has not been confirmed yet whether they operate by the same structure/function 

principles as in Kv channels. To define structural and functional motifs in Cav3 voltage 

sensors, we transferred putative paddle-forming sequences from Cav3.1 into Kv2.1 

channels, separately for each of the four domains. This approach has been used 

previously for potassium and sodium channels [3, 10]. The rationale is that it is easier to 

study an unknown functional unit when embedded into the known structure of the Kv 

channel [87]. Furthermore, since the Kv host channel is homomeric, each chimaera is 

also a homomer and thus the four Cav S3-S4 segments can be analyzed individually.  

Although the sequences of the S3-S4 regions vary substantially between Cav3.1 and 

Kv2.1 channels (Fig.1A), we were able to define individual paddle motifs within each of 

the Cav3.1 domains and show that they can result in fully functional chimaeric channels 

that display robust, voltage-activated potassium currents (Fig. 1B). Interestingly, the four 

chimaeras display distinct gating properties (Fig. 1C). Relative to the host Kv2.1 channel, 

the half-activation voltage of domain II paddle chimaera is shifted to more positive 

values (ΔV1/2 = 31 mV), while the domain IV paddle chimaera exhibits a negative shift 

(ΔV1/2 = -81 mV). Domain I and III paddle chimaeras have half-activation voltages 

similar to Kv2.1 (Table 1). The four paddle chimaeras also exhibit distinct activation and 

deactivation kinetics (Fig. 1D). 

The observed differences in the voltage-sensing properties of the Cav3.1/Kv2.1 paddle 

chimaeras suggest that they could also have distinct pharmacological profiles. It has been 

proposed that ProTx-II inhibits Cav3.1 by modifying multiple gating transitions along the 



15	  
	  

activation pathway of the channel, and thus it may be able to bind to more than one 

voltage sensor [79]. However, the exact target within each of the four voltage-sensors is 

not known. We screened each paddle chimaera for interactions with ProTx-II and 

measured the voltage-dependent activation [82] of the channel in the presence and 

absence of toxin. In the presence of toxin, domain III chimaera exhibits the largest 

decrease in the ionic current, followed by domain I chimaera. Because of ambiguity in 

the sigmoidal activation profile, it is difficult to interpret how much of the observed 

inhibition results from a positive shift in the activation V1/2 and how much results from a 

reduction in the maximum current (Fig. 2A). In agreement with previous reports [10, 81], 

we also found little inhibition of the background Kv2.1 channel by ProTx-II (Fig. 2A). 

Our results demonstrate, for the first time, that paddle motifs exist within the Cav3.1 

channel and that they have distinct voltage-sensing and pharmacological properties.  

An acidic residue in domain III of Cav3.1 is important for ProTx-II activity 

The large inhibitory effect exerted by ProTx-II on the domain III chimaera (Fig. 2A) 

suggests that the toxin binds with highest affinity to the domain III voltage sensor paddle 

of Cav3.1. To identify the residues within this domain that are critical for the interaction 

with ProTx-II, we performed alanine-scanning mutagenesis within the chimaeric 

construct. Previous studies have identified binding sites for gating-modifier toxins within 

the S3 regions of related voltage-gated channels [23, 85, 88-91]. For example, in the case 

of hanatoxin (HaTx), the hydrophobic (isoleucine and phenylalanine) and acidic 

(glutamate) residues in the S3b region of the Kv2.1 channel are the most important for 

toxin activity [23]. Thus, we created alanine mutants (S3 region V1370 to L1389) in the 

chimaeric constructs, and recorded potassium currents in the presence and absence of 



16	  
	  

toxin. The gating properties of the mutant channels are shown in Table 1. When 

compared with the parent domain III chimaera, the alanine mutants show similar 

inhibition by toxin (Fig. 2B). The only one exception is D1372A, which is significantly 

less inhibited by toxin (8 fold increase in Kd, Table 1). This mutant exhibits a measurable 

toxin-induced shift in the I-V curve (ΔV1/2 = +5 mV, data not shown). Interestingly, an 

acidic residue exists at the equivalent location in domains I (E198) and II (E855) (Fig. 

1A). We changed these residues to alanine within the domain I and II chimaeric 

constructs and observed only a 3-fold decrease in inhibition by ProTx-II (Table 1), and 

toxin-induced shifts in the I-V curve of +10 mV and +3 mV, respectively (data not 

shown). It is also interesting that domain IV, which is arguably the least affected by 

ProTx-II, lacks an acidic residue at this position.  

Next, we tested whether the D1372A mutation has a similar effect in the native Cav3.1 

channel as well. For the wild type Cav3.1 channel, we find that 1.33 µM ProTx-II 

produces a +7 mV shift in the voltage-activation curve and a 75% decrease in the peak 

current (Fig. 2C and 2D, solid circles). To accurately determine the dose-dependence of 

channel inhibition, we measured the fraction of uninhibited current at negative voltages, 

across a range of ProTx-II concentrations (Fig. 2E and 2F). Assuming equal and 

independent binding sites, the best fit parameters (n = 2.11+0.8, Kd = 1.3+0.6 µM, Fig. 

2F) suggest a 2:1 stoichiometry between toxin and channel. This is consistent with our 

chimaeric experiments and favors a scenario where ProTx-II binds with highest affinity 

to domains I and III of Cav3.1. To help the reader understand the statistical significance 

of the estimated n values, we provide additional fits where n was constrained to 1 or 3, 

and Kd was estimated (Fig. 2F). 
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In contrast, for the Cav3.1 D1372A domain III mutant, while 1.33 µM ProTx-II produces 

a similar shift in the voltage activation (+6 mV), the decrease in peak current is only 50% 

(Fig. 2C and 2d, open circles). Moreover, the dose-response curve is best described with 

n = 1.45+0.25 and Kd = 1.4+0.3 µM, which is less consistent with the existence of two 

binding sites (Fig. 2F). As such, this acidic residue in the S3 segment has a stronger 

effect on ProTx-II binding when mutated in the chimaera versus Cav3.1. However, this 

can be explained by the presence of four potential binding sites within the Cav3.1/Kv2.1 

chimaera, as opposed to only one in Cav3.1. Similar results have been observed for 

Nav/Kv chimaeras [10]. We also examined the acidic residue in domains I and II. The 

E198A domain I Cav3.1 mutant exhibits ProTx-II sensitivity similar to the wild type 

Cav3.1 channel (data not shown). We were not able to obtain functional channels with 

the domain II E855A Cav3.1 mutant. Overall, these results suggest that D1372 in domain 

III of Cav3.1 is an important residue for ProTx-II binding.  

PaTx-1, GsAF-I, and GsAF-II modulate Cav3.1 

ProTx-II is a promiscuous toxin that was first reported to bind to Nav channels only [81]. 

In an effort to expand the limited pharmacological profile of Cav channels, we asked 

whether other toxins known to bind to Nav or Kv channels could also bind to Cav 

channels. Through a sequence search using ProTx-II as reference, we found three 

tarantula toxins, PaTx-1, GsAF-I, and GsAF-II, that share high sequence homology with 

ProTx-II (Fig. 3A). PaTx-1, isolated from Phrixotrichus auratus, is a potent inhibitor of 

Kv4.3 and Kv4.2 [92], while GsAF-I and GsAF-II, isolated from Grammostola spatulata, 

are described as “analgesic peptides” that target several Nav channel isoforms [93, 94]. 

All four toxins share six cysteines that form the inhibitory cysteine knot (ICK) motif, and 
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differ from ProTx-II by only one or two amino acids within three small regions, referred 

to as sites 1-3 (Fig. 3A). Although the NMR structures for GsAF-I and GsAF-II have not 

yet been solved, 3D modeling using PaTx-1 as the template suggests that they share 

similar structures [95, 96] (Fig. 5B and 5C).  

To study the effects of PaTx-1, GsAF-I, and GsAF-II on Cav channels and to identify the 

possible binding sites, we screened these toxins on Cav3.1, Cav/Kv chimaeras, and 

alanine mutant channels (Fig. 3 and Table 1). PaTx-1, similarly to ProTx-II, causes a 

positive shift (+6 mV) in the half-activation voltage of wild type Cav3.1 (Fig. 3D), 

inhibits domains I and III of Cav/Kv chimaeras, though with less potency than ProTx-II 

(Fig. 3B), and has a reduced effect on the D1372A domain III chimaera (Fig. 3C). When 

tested on the D1372A Cav3.1 mutant, however, no shift was observed for PaTx-1, despite 

a 50% decrease in peak current (Fig. 3D). For GsAF-I, we also found that the half-

activation voltage of wild type Cav3.1 channel is shifted by +6 mV (Fig. 3D), that 

domains I and III Cav/Kv chimaeras are most inhibited (Fig. 3B), and again with less 

potency than ProTx-II, and that the D1372A mutation in the domain III chimaera 

weakens its inhibitory effect (Fig. 3C). In addition, the peak current of the D1372A 

Cav3.1 channel is only decreased by 15-20% in the presence of GsAF-I, though the half-

activation voltage is shifted by +6 mV (Fig. 3D).  

Finally, we found that GsAF-II displays noticeably different effects on the tested 

channels, when compared to the other toxins. When tested on the wild type Cav3.1 

channel, GsAF-II shifts the half-activation voltage by only +3 mV and decreases the peak 

current by 25% (Fig. 3D). Although GsAF-II does show some inhibition of the domain I 

and III chimaeras, it is significantly less, particularly for domain III (15-fold), when 
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compared to ProTx-II (Fig. 3B, GsAF-II vs ProTx-II). Moreover, the D1372A domain III 

chimaeric mutant does not decrease GsAF-II inhibition. In fact, a minor increase in 

inhibition (≈2-fold) is observed (Fig. 3C, Fu
mut/Fu

control ≈ 0.5). The half-activation voltage 

of the D1372A Cav3.1 mutant is shifted by +6 mV, similar to ProTx-II and GsAF-I (Fig. 

3D). Overall, we find that PaTx-1, GsAF-I, and GsAF-II modulate Cav3.1 channels, and 

that PaTx-1 and GsAF-I appear to behave most similarly to ProTx-II. Altogether, these 

experiments show that all these toxins bind to Cav3.1 channels, although they do not 

produce identical effects. None of them caused changes in the Cav3.1 channel steady-

state inactivation or recovery from inactivation (data not shown). 

Membrane Partitioning  

Previous studies have shown that several gating-modifier toxins act through a lipid 

bilayer pathway [72, 73, 75, 76, 84, 97]. This mechanism requires an initial partitioning 

of the toxin in the membrane, prior to binding to the channel. Although depletion of 

ProTx-II from solution when incubated with lipid vesicles has been demonstrated [84], 

the strength of this partitioning is unknown. Moreover, nothing is known about the 

potential partitioning of the three other toxins studied here. To address these questions, 

we used intrinsic tryptophan  fluorescence (Fig. 3A and Fig. 4) to follow the movement 

of toxins from an aqueous to a lipid environment [98].   

In solution, all toxins display virtually identical tryptophan fluorescence emission spectra 

that peak at ≈355 nm. The spectra exhibit a shift (≈8 nm) to lower wavelengths (blue 

shift) upon incubation with saturating concentrations of a 1:1 mixture of neutral (PC) and 

anionic (PG) phospholipids (Fig. 4A). A blue shift is indicative of the toxin moving from 

an aqueous environment to a more restrictive lipid environment [98]. To quantify the 
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strength of lipid partitioning, we calculated the mole fraction partition coefficient [99] by 

measuring the changes in tryptophan fluorescence at 320 nm across a range of lipid 

concentrations (Fig. 4B) [72, 98]. ProTx-II, PaTx-1, and GsAF-I have Kx values of 

10+3×106, 6.1+2×106, 7.6+2×106, respectively, all of which indicate strong lipid 

partitioning [100]. In contrast, a twice-higher lipid concentration is needed to induce the 

same blue shift in the emission spectrum of GsAF-II (Fig. 4A and 4B). This corresponds 

to a Kx of 9.8+3×105, and therefore a 10-fold decrease in lipid partitioning strength 

compared to ProTx-II. Interestingly, GsAF-II inhibits Cav3.1 channels less than the other 

toxins, by a factor of two. This correlation between lipid partitioning strength and 

channel inhibition (Fig. 5A) has also been shown for gating-modifier toxins targeting Kv 

channels [72]. We also tested partitioning of these toxins in neutral lipids (PC) and 

observed no significant changes in tryptophan fluorescence (Fig. 4A). Despite high 

sequence homology among all four toxins, these data demonstrate that only a few 

changes in the amino acid sequence can significantly alter lipid partitioning properties, 

and thereby influence how toxins interact with the channel within the membrane.  

Discussion 

In this study, we investigated the molecular interactions of tarantula toxins with the 

Cav3.1 channel and lipid vesicles. By constructing chimaeric Cav3.1/Kv2.1 channels, we 

showed that the four homologous S3-S4 segments of Cav3.1 can act as independent, 

functional motifs of voltage sensing and toxin binding. With these results, we now have a 

more complete picture of the conserved nature of the paddle motif in all three major 

voltage-gated ion channel types (Kv, Nav, and Cav). Furthermore, we showed that the 

differences in amino acid residues across the four Cav3.1 paddle sequences translate to 
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distinct voltage-sensing properties, kinetics, and pharmacological profiles. Obviously, 

understanding how each paddle motif works in its own chimaera is not the same as 

understanding the function of four different and potentially interacting paddles within the 

wild type Cav3.1 channel. However, it is a necessary step towards identifying structural 

determinants of Cav3.1 gating and pharmacology.  Using chimaeras is a straightforward 

and powerful approach for dissecting out the function of individual paddles and for 

identifying new pharmacological agents that could be used individually or in 

combination. 

Few gating-modifier toxins have been identified for Cav3 channels. Moreover, the 

binding sites for these toxins have been unknown so far. Here, we focused on ProTx-II 

and found that it binds with highest affinity to domain I and III paddle chimaeras and that 

a 2:1 toxin-channel stoichiometry describes well the concentration-dependent inhibition 

of Cav3.1. ProTx-II was proposed to affect multiple steps along the activation pathway 

[79], and this may be explained by the toxin binding to the voltage-sensors of domains I 

and III. Moreover, since no effect on Cav3.1 steady-state availability or recovery from 

inactivation was observed in the presence of ProTx-II [79], we suggest that domains I and 

III do not contribute significantly to this channel property, but rather to channel 

activation. Our observations are consistent with what is known about Nav channels: 

domains I, II, and III are important for activation, whereas domain IV is involved in 

inactivation [7-9]. The picture derived so far from other studies in Cav channels is less 

complete, but suggests a similar division of labor between domains involved in activation 

vs. inactivation [11]. Interestingly, for the closely related Cav3.2 channel, a shift in the 

steady-state inactivation curve was observed in the presence of ProTx-II [80], whereas no 
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such effect was observed by us and others [79] on Cav3.1 channels. This might seem 

puzzling, considering the high sequence homology between Cav3.1 and Cav3.2 with 

respect to the four S3-S4 sequences [101]. Nevertheless, these two channels display 

unique gating properties. For example, whereas the kinetics and voltage-dependency of 

activation and inactivation are very similar, the recovery from inactivation is more than 

3-fold slower in Cav3.2 [101]. Thus, it is possible that the increased time that Cav3.2 

channels reside in an inactivated state facilitates a distinct, state-dependent binding of 

ProTx-II that explains the apparent differences in toxin effects between the two channel 

types. Similar chimaera and mutagenesis experiments between Cav3.2 and Kv2.1 would 

prove useful in comparing the structural correlates of inactivation between the two Cav3 

isoforms.   

To expand our understanding of the binding site of ProTx-II on Cav3.1, we alanine-

scanned domain III, which was the most inhibited of all four chimaeras. For other toxin-

channel pairs, multiple residues on the channel have been identified to be critically 

important for toxin binding, causing a strong, ≈10-25 fold decrease in inhibition when 

individually mutated to alanine [27].  This is not the case for the ProTx-II interaction with 

Cav3.1, where one single residue (D1372) causes an 8-fold decrease in inhibition upon 

mutation, with several additional residues making only small contributions. The 

analogous mutation in domain I (E198A) caused a similar effect, raising the possibility 

that acidic residues are important for ProTx-II binding [10, 102]. Future studies could 

potentially derive more information from double or multiple mutants across the four Cav 

domains. Altogether, binding studies on Nav and Cav channels suggest that ProTx-II may 

require multiple, but individually weak interactions with the channel. A stronger 
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dependence on lipid interactions for stabilizing the toxin-channel complex, and/or regions 

outside of the paddle contributing to toxin binding, could also explain these observations.  

Since many gating-modifier toxins are promiscuous, we examined whether other known 

Nav or Kv channel toxins could inhibit Cav3 channels. A sequence homology search 

against ProTx-II yielded three tarantula toxins PaTx-1, GsAF-I, and GsAF-II. Here, we 

show that these three previously reported gating-modifier toxins of Nav and Kv channels 

also target Cav3.1 channels and shift the half-activation voltage to more positive values. 

Although these toxins are almost identical in sequence, their effects are not the same. 

When comparing the effects of all four tarantula toxins, GsAF-II is an obvious outlier. 

The extent of Cav3.1 inhibition is roughly half of what is observed for the other toxins. 

Moreover, GsAF-II only very modestly inhibits the domain III paddle chimaera. 

Interestingly, when looking at a sequence alignment of all toxins against ProTx-II, it is 

clear that GsAF-II is the most different. Whereas ProTx-II, PaTx-1, and GsAF-I contain 

polar and hydrophobic residues at sites 1 and 3, respectively, GsAF-II has negatively 

charged glutamates at both sites. These residues may cause weaker binding to Cav3.1, 

considering that an acidic residue on the channel (D1372) is important for binding ProTx-

II-like toxins.  

A recent structural and functional study that used chimaeras of ProTx-II and other related 

gating-modifiers also suggests that residues at sites 1 and 3 are particularly important for 

Nav channel interactions [95]. A chimaera made from the “tail” of ProTx-II and the 

“body” of VsTx-II was found to produce a 172-fold decrease in potency for Nav1.7 and a 

285-fold decrease for Nav1.2. Interestingly, the body of VsTx-II is identical to that of 

GsAF-II, differing from the ProTx-II body at positions 11 and 19. The residue at position 
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19 was shown to be partially buried in a hydrophobic core in the NMR solution structure 

and is therefore unlikely to be directly involved in channel binding. This leaves the S to E 

variant at position 11 within site 1 as the most likely cause for the dramatic reduction in 

Nav1.7 and Nav1.2 binding. This is consistent with our predictions of E11 of GsAF-II 

contributing to the weaker inhibition of Cav3.1. Furthermore, a “PaTx1 body - ProTxII 

tail” chimaera was found to retain similar potency for Nav1.7 as ProTx-II, demonstrating 

the significant role of the C-terminus (site 3) in determining the potency for Nav1.7. 

Again, these experiments support our prediction that the differences between the tails of 

GsAF-II and ProTx-II contribute to a weaker Cav3.1 inhibition. Altogether, these 

experiments demonstrate that important information about the regions or residues critical 

for channel inhibition for a given toxin can be obtained from other toxins that differ in 

sequence by only a few amino acids. Although not as exhaustive as alanine-scanning 

mutagenesis of a given toxin, our approach can serve as an initial screening for 

identifying key interaction sites, without the challenges that accompany toxin 

mutagenesis.   

Lastly, we investigated the interactions of the four tarantula toxins with lipid vesicles, 

and tested whether the few differences in amino acid sequence between these toxins 

could change the strength of lipid partitioning. We showed that three of these toxins, 

ProTx-II, PaTx-1, and GsAF-I, partition into lipid vesicles with equally high partitioning 

coefficients, while GsAF-II partitions with a 10-fold smaller Kx. The cause for the poorer 

partitioning of GsAF-II may be the glutamate present within the tail domain. In contrast, 

only hydrophobic residues are found within the tail domain of the other three toxins. 

Considering that the tail domain of ProTx-II has been shown to be critical for potent 
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inhibition of Nav channels [95, 103], it is possible that this region is significant for both 

channel binding and lipid partitioning. As discussed above, GsAF-II is not only the least 

potent inhibitor of Cav3.1, but also partitions the least, suggesting a correlation between 

lipid partitioning strength and Cav3.1 channel inhibition. 

Overall, we have identified domains I and III in Cav3.1 channels as targets for ProTx-II, 

with the sites 1 and 3 in ProTx-II being the likely interaction sites. We have also 

identified three novel gating-modifier toxins for Cav3.1, expanding the pharmacological 

profile of these channels. Additionally, we have found that lipid partitioning strength is a 

potential predictor for how well a toxin inhibits Cav3.1 channels. Historically, 

understanding how toxins and channels interact has played a significant role in 

elucidating key biophysical and pharmacological properties of ion channels [7, 15-18]. 

However, many questions remain unanswered. For example, why are certain toxins more 

promiscuous than others? What determines channel selectivity and potency? How do 

various channel and cellular components affect toxin action? Expanding the existing 

knowledge on toxin – channel interactions is crucial for answering these questions. In 

recent years, the key information brought by toxins has been cleverly exploited to 

engineer chimaeric and multimeric toxins to increase toxin potency or selectivity for a 

given channel [95, 104]. This has clear implications on advancing the use of toxins as 

experimental tools and as therapeutic agents. Thus, investigating the complex effects that 

different toxins have on different channel types can provide valuable information to 

further expand both the traditional and novel uses of toxins.    
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Figure 1. Paddle motifs in Cav3.1 voltage-sensor domains. (A) Sequence alignment of 

the paddle region of Kv2.1 and S3-S4 regions of the four Cav3.1 domains (DI-DIV) [65]. 

The conserved charged residues involved in voltage-sensing are shown in blue. Grey 

regions and arrows indicate the sequences that were swapped between the two channels 

to create paddle chimaeras. The numbers correspond to the amino acid residues within 

the parent channel. (B) Potassium currents for Cav3.1/Kv2.1 chimaeras. (C) Voltage-

activation data and Boltzmann fits for Kv2.1 and Cav3.1/Kv2.1 paddle chimaeras. 

Conductance was determined from normalized tail currents. V1/2 values are, mV: 4.4+0.9 

(DI), 25.5+0.7 DII , -1.3+1 (DIII), -87.1+1 (DIV), and -5.8+1 (Kv2.1). (D) Time 

constants (τ) of activation and deactivation determined from single exponential fits at 

each voltage. Data shown in b-d were obtained with the following voltage-step protocol: 

A 

B 

C D 
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holding voltage -100 mV (Kv2.1 and DI - DIII) or -120 mV (DIV); test pulse duration 

500 ms;  tail voltage -60 mV (Kv2.1, DI and DIII), -10 mV , or -120 mV (DIV). I/Imax (c) 

is the normalized tail current amplitude. In all panels, data points are mean ± SEM (n = 

6). 
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Figure 2. ProTx-II binding sites on Cav3.1 voltage-sensors. (A) Voltage-activation 

data and Boltzmann fits in the absence (black) and presence (red) of 1.33 µΜ ProTx-II 

for Kv2.1 and Cav3.1/Kv2.1 chimaeras. I/Imax is the normalized tail current amplitude. In 

the presence of toxin, the V1/2 values are, mV : 17.7+1.8 (DI), 38.8+0.7 DII, -75.4+1.4 

(DIV), 6.3+1 (Kv2.1). A meaningful fit could not be obtained for DIII. (B) Alanine scan 

of DIII chimaera. Fraction of uninhibited current in the presence of 1.33 µΜ ProTx-II for 

alanine mutants (Fu
mut) normalized to DIII construct (Fu

control). (C) Barium currents for 

wild type and D1372A Cav3.1 channels in the absence (left) and presence (right) of 1.33 

µΜ ProTx-II. Current elicited at -40 mV is highlighted in green. (D) Voltage-activation 

relationships for wild type (solid circles) and D1372A Cav3.1 (open circles) in the 

absence (black) and presence (red) of 1.33 µM ProTx-II. Curves are Boltzmann fits with 

V1/2 values of -41+0.4 mV and -31+0.3 mV for wild type and D1372A channels, 

respectively, in the absence of toxin; and -34+1 mV and -25+1 mV, in the presence of 

toxin. (E) Fraction of uninhibited current of wild type (solid circles) and D1372 (open 

circles) Cav3.1 channels in the presence of two ProTx-II concentrations. (F) Dose-

response data and fit curves for wild type (solid circles) and D1372A (open circles) 

channels. Data were fit with both n and Kd as free parameters (solid lines), or with Kd as 

free parameter and n constrained to 1 (dashed lines), 2, or 3 (dotted lines). With two free 

parameters, the best fit values are Kd = 1.30+0.6 µM and n = 2.11+0.8 for wild type, and 

Kd = 1.44+0.3 µM and n = 1.45+0.25 for D1372A. Fu was calculated at -40 mV for the 

wild type and -30 mV for the mutant channel. In all panels, data points are mean ± SEM 

(n = 6).  
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Figure 3. Tarantula toxins effects on Cav3.1 and Cav3.1/Kv2.1 chimaeras. (A) 

Sequence alignment of ProTx-II and three tarantula gating-modifier toxins. Regions of 

amino acid differences (sites 1-3) are highlighted in grey. Acidic residues are shown in 

A 

B 

C 

D 
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red and hydrophobic residues in green. (B) Relative affinity of toxins for Kv2.1 and 

Cav3.1/Kv2.1 chimaeras. Data points are mean ± SEM (n = 6-9).  (C) Alanine scan of 

DIII chimaera. Fraction of uninhibited current in the presence of ProTx-II, PaTx-1, 

GsAF-I, and GsAF-II for alanine mutants (Fu
mut) normalized to DIII construct (Fu

control). 

Data points are mean ± SEM (n = 3-6).   (D) Voltage-activation data and Boltzmann fits 

for wild type (solid circles) and D1372A (open circles) Cav3.1 channels, in the absence 

(black, same data as in Fig. 2D) and presence (red) of PaTx-1, GsAF-I, and GsAF-II. V1/2 

values are -35+0.7 mV, -34+0.6 mV, and -38+0.5 mV for the wild type channel, and  -

31+0.6 mV,  -25+0.8 mV, and -25+0.8 mV for the D1372A channel. Toxin concentration 

was 1.33 µM. Data points are mean ± SEM (n = 6).  
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Figure 4. Interaction of tarantula toxins with lipid vesicles. (A) Intrinsic tryptophan 

fluorescence emission spectra of toxins in the absence (black) and presence of lipid 

vesicles composed of 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (PC; pink) or a 

1:1 ratio of 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine and 1-palmitoyl-2oleoyl-

sn-glycero-3-[phosphor-rac-(1-glycerol) (PC:PG; blue). The lipid concentration was 1.5 

mM. (B) Fluorescence intensity at 320 nm plotted vs. available lipid concentration (60% 

of total lipids). Curves are partition function fits with Kx=10±3×106 and 

Flipids/Fsolution=1.65±0.02 for ProTx-II; Kx=6.1±2×106 and Flipids/Fsolution=1.32±0.02 for 

PaTx-I; Kx=9.8±3×105 and Flipids/Fsolution =1.53±0.05 for GsAF-II, Kx=7.6±2×106 and 

Flipids/Fsolution=1.27±0.02 for GsAF-I. In all panels, data points are mean ± SEM (n = 3). 
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Figure 5. Comparison of related toxins on Cav3.1 inhibition and membrane 

partitioning strength. (A) Cav3.1 inhibition vs. strength of membrane partitioning. (B) 

ProTx-II, PaTx-1, GsAF-I, and GsAF-II structures superimposed based on their backbone 

fold. Side chains of residues within sites 1-3 are colored red (acidic), green 

(hydrophobic), purple (serine), and yellow (glycine and alanine). (C) Toxin surface 

profiles, colored based on the normalized Eisenberg hydrophobicity scale [105]. The 
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most hydrophobic residues are in red, following a color gradient to the most hydrophilic 

residues in white. 
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Table	  1.	  Gating	  properties	  and	  toxin	  inhibition	  of	  Kv2.1	  and	  Cav3.1/Kv2.1	  

chimaeric	  constructs	   
Construct   Kd (mM) 

V1/2, mV  z ProTx-II PaTx-1 GsAF-I GsAF-II 

Kv2.1 -5.8 ± 1 2.6 ± 0.3 7.4 ± 0.2 17 ± 0.3 36 ± 0.7 23 ± 0.5 

DI 4.4 ± 0.9 3.06 ± 0.4 2.2 ± 0.07 2.3 ± 0.2 6.6 ± 0.3 8.5 ± 0.3 

E198A 23 ± 2 2.8 ± 0.1 7.7 ± 0.2 5.4 ± 0.2 19 ± 0.6 >50  

DII 25 ± 0.7 2.9 ± 0.1 9.2 ± 0.3 16 ± 0.5 11 ± 1 >50 

E855A 8 ± 0.5 2.4 ± 0.1 30 ± 0.7 >50 >50 >50 

DIII -1.3 ± 1 2.6 ± 0.1 1.2 ± 0.2 2.1 ± 0.01 2.7 ± 0.2 20 ± 0.2 

V1370 -4 ± 1 1.7 ± 0.1 1.3 ± 0.09 2 ± 0.1 2.4 ± 0.2 16 ± 0.6 

I1371 21 ± 1 1.3 ± 0.1 1.6 ± 0.2 1.8 ± 0.3 1.6 ± 0.1 7.6 ± 0.1 

D1372 11 ± 1 2.1 ± 0.2 9.1 ± 0.4 47 ± 1.1 7.2 ± 0.3 6.4 ± 0.7 

I1373 -12 ± 1 2.2 ± 0.1 1.07 ± 0.1 2.1 ± 0.1 2 ± 0.4 7.7 ± 1 

L1374 -9 ± 1 1.7 ± 0.1 0.9 ± 0.2 0.9 ± 0.07 2.3 ± 0.03 7.2 ± 0.5 

V1375 -14 ± 1 1.7 ± 0.1 1.1 ± 0.1 1.4 ± 0.2 2 ± 0.5 8.8 ± 0.5 

S1376 13 ± 1 1.1 ± 0.1 1.1 ± 0.1 0.9 ± 0.06 1.2 ± 0.1 5.4 ± 0.5 

M1377 28 ± 1 1.2 ± 0.1 2 ± 0.1 ND 2.8 ± 0.2 11 ± 0.4 

V1378 8 ± 2 1.1 ± 0.1 1.3 ± 0.2 1.8 ± 0.1 1.7 ± 0.1 4.7 ± 0.4 

S1379 -4 ± 1 1.1 ± 0.1 1.2 ± 0.7 1.3 ± 0.1 2.4 ± 0.2 7.1 ± 0.4 

D1380 13 ± 2 1.0 ± 0.1 1.9 ± 0.3 1.8 ± 0.2 2.8 ± 0.2 13 ± 0.5 

S1381 25 ± 1 1.1 ± 0.1 1.8 ± 0.1 1.3 ± 0.1 1.3 ± 0.3 7.6 ± 0.2 

G1382 26 ± 1 1.5 ± 0.1 1.5 ± 0.3 1.7 ± 0.08 2.2 ± 0.1 8.4 ± 0.4 

T1383 7 ± 1 1.3 ± 0.1 1.2 ± 0.02 2.9 ± 0.1 1.9 ± 0.2 6.5 ± 0.4 

K1384 5 ± 2 0.9 ± 0.05 1.2 ± 0.1 0.8 ± 0.07 1.3 ± .02 5 ± 0.07 

I1385 -7 ± 2 1.1 ± 0.1 1 ± 0.2 2.3 ± 0.1 2.2 ± 0.1 13 ± 0.3 

L1386 4 ± 2 0.8 ± 0.05 1.2 ± 0.1 3 ± 0.2 2.4 ± 0.3 19 ± 0.7 

G1387 -9 ± 1 1.9 ± 0.1 1.1 ± 0.1 1.7 ± 0.1 2 ± 0.1 11 ± 0.1 

M1388 -4 ± 1 1.3 ± 0.1 2.3 ± 0.1 3.2 ± 0.1 2.1 ± 0.1 15 ± 0.5 

L1389 -28 ± 2 1.4 ± 0.1 1.8 ± 0.3 3.1 ± 0.07 3.5 ± 0.1 8.6 ± 0.4 

DIV -87 ± 1 3.4 ± 0.3 > 50 28 ± 1.2 >50 >50 

All data points are mean ± SEM (n = 3) 
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Chapter 2 

The Effect of Auxiliary Subunits on Kv2.1 Pharmacology 

Abstract 

Auxiliary subunits associated with the pore-forming subunit of voltage-gated ion 

channels have long been known to modify various channel properties, including cell-

surface expression, voltage-dependent activation or inactivation, and pharmacology. 

AMIGO-1 is the first and only known auxiliary subunit of Kv2.1, shifting the voltage-

dependent activation of the channel to more hyperpolarizing potentials. Although the 

binding site of AMIGO-1 on Kv2.1 is unknown, the effect on channel activation suggests 

an interaction at the level of the voltage-sensors. Here, we use gating-modifier and pore-

blocking toxins known to target the Kv2.1 voltage-sensors and pore, respectively, to 

address the interaction site(s) of AMIGO-1 with Kv2.1, as well as whether the 

pharmacological profile of the channel is influenced by the presence of this auxiliary 

subunit. We show that AMIGO-1 does not alter pore block of Kv2.1, but does interfere 

with gating-modifier toxin inhibition, confirming the voltage-sensor as a site for direct or 

allosteric interactions with Kv2.1. These results also demonstrate that AMIGO-1 alters 

Kv2.1 pharmacology. We extended our experiments to the voltage-sensor-only protein, 

Ci-VSP, and observed a similar shift in the voltage-dependent activation when co-

expressed with AMIGO-1, emphasizing the voltage-sensor as an important interaction 

site for AMIGO-1. Future mutagenesis experiments of Kv2.1 and AMIGO-1 will provide 

a more detailed understanding of this channel-auxiliary subunit complex.  
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Introduction 

The pore-forming α-subunit of voltage-gated ion channels often forms dynamic 

complexes with one or more auxiliary subunits that can alter properties such as 

membrane trafficking, voltage-dependence and kinetics of activation, and pharmacology 

[32, 106]. For Nav and Cav channels, several auxiliary proteins found either in the 

cytoplasm, membrane, or extracellular solution are known, and their effects on the 

channels are well characterized. For example, the cytoplasmic β subunits of Cav1 and 

Cav2 channels interact with 18 residues within the I-II linker, called the α-interaction 

domain (AID) and increase cell surface expression and maximum single channel open 

probability [107], while the Nav β subunits are single-transmembrane proteins that alter 

the activation and inactivation of the channel, in addition to regulating expression levels 

[32]. Although mammalian Nav and Cav channels exist within a family of nine and ten 

functionally distinct isoforms, respectively, these auxiliary subunits generate an even 

greater diversity of channel properties, resulting in highly-specific channel functions 

within a given cell type.  

Interestingly, for Kv channels, relatively few auxiliary subunits are known to date. For 

the delayed-rectifier Kv2.1 channel, the first and only known auxiliary subunit was 

identified as a neuronal adhesion protein [108], AMIGO-1 (amphoterin-induced gene and 

open reading frame), that shifts the voltage-dependence of activation to more negative 

values [109]. Extensive colocalization of AMIGO-1 and Kv2.1 was shown throughout 

the mouse brain, in neuronal cultures, and in HEK293 cells, and co-immunoprecipitation 

was observed for both phosphorylated and dephosphorylated forms of Kv2.1 [109]. 
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Structurally, AMIGO-1 is a single-transmembrane protein, with a small cytoplasmic 

domain, and large extracellular domain containing immunoglobulin (Ig) and leucine-rich 

repeat (LRR) domains (Fig. 1) [110]. Replacement of the AMIGO-1 transmembrane 

domain with that from a non-related membrane protein abolishes the hyperpolarizing 

shift in the voltage-dependent activation of Kv2.1 [109], suggesting critical interaction 

sites between Kv2.1 and AMIGO-1 within membrane-embedded regions of the two 

proteins.  

Kv2.1 forms a homotetramer with a central pore-forming domain and four, identical 

voltage-sensing domains that move within the lipid bilayer in response to membrane 

depolarization to activate the channel [87]. The resulting current from the channel as a 

function of voltage can be characterized by a sigmoidal curve that defines the voltage-

dependent activation of the channel. A shift in this curve to more positive or negative 

potentials is a hallmark of gating-modifier toxins that target the S3-S4 segment within the 

voltage-sensing domains of the channel [111]. This is in contrast to pore-blocking toxins 

that occlude the permeation pathway of K+ ions and render the channel nonconductive at 

all voltages. Here, using different Kv2.1 pharmacological agents, we address if the 

previously reported effects of AMIGO-1 on Kv2.1 are indeed induced via a voltage-

sensor interaction mechanism, and if these effects can be extended to the voltage-sensor-

only protein, Ci-VSP.  

Results 

To investigate the mechanism by which AMIGO-1 alters Kv2.1 activation, we recorded 

ionic currents from Xenopus laevis oocytes expressing either Kv2.1 alone or in 

combination with AMIGO-1. When co-expressed with AMIGO-1, the voltage-dependent 
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activation of Kv2.1 is shift to more hyperpolarized voltages (Fig. 2A), consistent with a 

previous study in HEK293 cells [109]. To determine whether the observed shift in 

activation is due to interactions of AMIGO-1 with the channel voltage-sensors, we 

probed whether the presence of AMIGO-1 could alter the known voltage-sensor 

pharmacology of Kv2.1. SNX-482, isolated from the Hysterocrates giga tarantula, is a 

gating-modifier toxin of Cav [112] and Kv channels [113]. All known gating-modifier 

toxins known to date bind to the voltage-sensing domains of the target channel and 

thereby modify the voltage-dependent activation or inactivation properties of the channel 

[18, 85, 111].  

In the presence of 1.33 µM SNX-482, the voltage-dependent activation of Kv2.1 is 

shifted to more positive voltages (Fig. 3B, left), along with a ~70% decrease in current, at 

voltages that are too weak to fully open toxin-bound channels (Fig. 3A, left). In contrast, 

the toxin-induced inhibition and shift in the voltage-dependent activation of Kv2.1 is 

largely reduced in oocytes expressing both Kv2.1 and AMIGO-1 (Fig. 3A and B, right), 

suggesting overlapping binding sites for SNX-482 and AMIGO-1. Furthermore, the time 

course of channel inhibition by SNX-482 is appreciably slower in Kv2.1/AMIGO-1 

expressing oocytes in comparison with oocytes expressing Kv2.1 alone (Fig. 3A). These 

results strongly support a voltage-sensor mediated mechanism of action for AMIGO-1 on 

Kv2.1. In addition, the weakened effect of SNX-482 on Kv2.1 when co-expressed with 

AMIGO-1 demonstrates that both the activation and pharmacological properties of Kv2.1 

are altered when associated with this auxiliary subunit.  

Although the effects of AMIGO-1 on Kv2.1 activation are unlikely due to interactions 

with the channel pore, the large extracellular domain of AMIGO-1 may interfere with 
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pore-blocking toxins, nonetheless. To test this we performed similar experiments as 

described above, but with a pore blocker, Agitoxin2 (AgTx2), isolated from scorpion 

venom [22]. Although AgTx2 is not a natural pore blocker of Kv2.1 channels, seven 

amino acid mutations within the pore of Kv2.1 transfers high toxin sensitivity [85], and 

results in complete current inhibition at all voltages.  This inhibition is unaffected in 

AMIGO-1/Kv2.1 expressing oocytes (Fig. 3C), indicating that AMIGO-1 does not 

interfere with pore-blocking toxins of Kv2.1 and is therefore unlikely to form molecular 

interactions with the channel pore. To address this further, we tested whether AMIGO-1 

can have similar effects on the activation of Ci-VSP, a voltage-sensing phosphatase that 

lacks a pore domain. Remarkably, when expressed with AMIGO-1, the voltage-

dependent activation of Ci-VSP is shifted to more negative voltages (Fig. 2B), indicating 

the AMIGO-1 does not require interaction with a pore domain to induce a shift in 

activation, and can recognize and bind to multiple voltage-sensing proteins.      

Discussion  

Auxiliary subunits of voltage-gated ion channels play a key role in modifying various 

properties of the primary pore-forming subunit. Here, we investigated the recently 

discovered Kv2.1 auxiliary subunit, AMIGO-1. By using known Kv2.1 toxins, we probed 

the binding site of AMIGO-1 on Kv2.1 and addressed whether AMIGO-1 alters the 

overall pharmacology of the channel, in addition to shifting the voltage-dependent 

activation. We demonstrate that AMIGO-1 interferes with the binding of gating-modifier 

toxin SNX-482 to Kv2.1, highly suggestive of either a direct or allosteric interaction 

between AMIGO-1 and Kv2.1 voltage-sensors. Moreover, the virtually identical pore 

block of Kv2.1 by AgTx2, when expressed alone or with AMIGO-1, suggests that the 
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pore is an unlikely binding site for AMIGO-1. Of the three major domains of AMIGO-1 

(cytosolic, membrane, and extracellular), removal of the transmembrane domain was 

previously shown to abolish the hyperpolarizing shift in Kv2.1 activation, in HEK293 

cells [109]. These results, along with our own, shed light on the possible interaction 

surface of both proteins. Future mutagenesis studies of Kv2.1 and AMIGO-1 will be 

necessary to determine this in more detail. 

In addition to identifying the critical domains and residues involved in association of 

AMIGO-1 with Kv2.1, several other important questions remain unanswered. For 

example, what is the stoichiometry of AMIGO-1 with Kv2.1? Given, the homotetrameric 

structure of Kv2.1, it would not be surprising if four AMIGO-1 peptides could bind to the 

channel, should the voltage-sensor be the only binding site. However, if so, would four 

fully-occupied voltage sensors be required to produce the hyperpolarizing shift of Kv2.1 

activation or could fewer AMIGO-1-bound voltage-sensors be sufficient? One possible 

approach to address this question is by using TIRF microscopy on oocytes expressing 

fluorescently-labeled protein constructs [114], following initial electrophysiology 

recordings. Another question is whether the shift in Kv2.1 activation to more negative 

voltages is due to AMIGO-1 stabilizing the activated state of the channel. Should this 

indeed be the case, one would expect to see a similar shift in the currents generated by the 

movement of the four voltage-sensors (e.g. gating currents) of Kv2.1 when associated 

with AMIGO-1. This would be particularly interesting as it would suggest that AMIGO-1 

and SNX-482 may target the same general structural motif of Kv2.1 channels, but have 

unique molecular interactions within that motif to stabilize the activated state of the 

channel in one case (AMIGO-1) or the resting state of the channel in another case (SNX-
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482). Lastly, can AMIGO-1 function as an auxiliary subunit for other voltage-gated ion 

channels? Our results on Ci-VSP suggest that AMIGO-1 can recognize and bind to 

multiple voltage-sensor containing proteins. Interestingly, AMIGO-1 shares high 

sequence homology with a single transmembrane auxiliary subunit of Nav channels (β  

subunit) (Fig. 1). It would therefore be of interest to investigate whether AMIGO-1 can 

alter Nav and perhaps Cav channel properties, as well.  

Finally, our results demonstrate that AMIGO-1 modifies the pharmacological profile of 

Kv2.1. Changes in drug or toxin sensitivity of a channel has been shown for other 

channel/auxiliary subunit pairs [33] and has important implications. Medicinally, such 

changes are clearly significant when developing effective drugs for ion channel 

associated diseases. Experimentally, knowledge of a given channel’s pharmacological 

profile in the absence and presence of auxiliary subunits may aid in determining 

differences in auxiliary subunit expression across various cell types. Although the pore-

forming subunit of ion channels is often the target for drug development, many 

debilitating diseases have been associated with mutations in auxiliary subunits 

themselves [115-118], and thus a detailed understanding of the entire channel complex is 

critical for designing novel therapeutic agents.  
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Figure 1. Cartoon schematic of AMIGO-1 and Kv2.1. Putative interactions of Kv2.1 

with AMIGO-1 within the lipid bilayer. AMIGO-1 is illustrated as a single 

transmembrane protein with an extracellular C-terminus containing immunoglobulin 

(grey hexagon) and leucine rich repeats (purple cylinders) domains (top). Topology of 

other known auxiliary subunits for voltage-gated sodium channels and BK potassium 

channels (bottom). 
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Kv2.1
Kv2.1+ AMIGO-1

Ci-VSP
Ci-VSP+ AMIGO-1

 
Figure 2. AMIGO-1 on Kv2.1 and Ci-VSP activation. (A) Voltage-activation 

relationships for Kv2.1 in the absence and presence of AMIGO-1 (green). Smooth curves 

correspond to Boltzmann functions with V1/2 = 6.5+1.1mV and V1/2 =1.3+1mV, 

respectively. I/Imax is the normalized tail current amplitude. The external recording 

solution contained (in mM): 20 KCl, 80 NaCl, 5 HEPES, 1 MgCl2, and 0.3 CaCl2, pH 7.6 

with NaOH. Data points are mean ± SEM (n = 9). (B) Voltage-activation relationships for 

Ci-VSP in the absence  and presence of AMIGO-1 (green). Smooth curves correspond to 

Boltzmann functions with V1/2 = 29+1.2mV and V1/2 = 22+0.8mV respectively. Q/Qmax is 

the normalized maximal charge. The external recording solution contained (in mM): 100 

NaCl, 10 HEPES, 1 MgCl2, and 0.3 CaCl2, pH 7.6 with NaOH. Data points are mean ± 

SEM (n = 3). 
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Figure 3. Effect of AMIGO-1 on Kv2.1 pharmacology. (A) Time course of current 

inhibition (at 0 mV) by SNX482 gating modifier toxin for Kv2.1 (left panel) or 

Kv2.1/AMIGO-1 injected oocytes (right panel). (B) Voltage-activation curves for Kv2.1 

(blue- left panel) and Kv2.1/AMIGO-1 oocytes (green- right panel) in the absence of 
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toxin. Voltage-activation curves in the presence of 1.33 µM SNX-482 are shown in red 

for both Kv2.1 and Kv2.1/AMIGO-1 oocytes. I/Imax is the normalized tail current 

amplitude. Toxin concentration was 1.33 µM. (C) Current traces for Kv2.1 (left) and 

Kv2.1/AMIGO-1 (right) oocytes in the absence (black) and presence (red) of 100 nM 

AgTx2 at -10 mV. The external recording solution contained (in mM): 20 KCl, 80 NaCl, 

5 HEPES, 1 MgCl2, and 0.3 CaCl2, pH 7.6 with NaOH. Data points are mean ± SEM (n 

= 4).  
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Chapter 3 

Modeling the Kinetic Mechanism of Voltage-Gated Ion Channels 

Adapted from: Salari A, Navarro MA, Milescu LS (2016) Advanced Patch-Clamp 
Analysis for Neuroscientists, Neuromethods, vol. 113 
 
Abstract 

From neurons to networks, the kinetic properties of voltage-gated ion channels determine 

specific patterns of activity. In this chapter, we discuss how experimental data can be 

obtained and analyzed to formulate kinetic mechanisms and estimate parameters, and 

how these kinetic models can be tested in live neurons using dynamic-clamp. First, we 

introduce the Markov formalism, as applied to modeling ion channel mechanisms, and 

the quantitative properties of single-channel and macroscopic currents obtained in whole-

cell voltage-clamp experiments. Then, we discuss how to design optimal voltage-clamp 

protocols and how to handle experimental artifacts. Next, we review the theoretical and 

practical aspects of data fitting, explaining how to define and calculate the goodness of 

fit, how to formulate model parameters and constraints, and how to search for optimal 

parameters. Finally, we discuss the technical requirements for dynamic-clamp 

experiments, and illustrate the power of this experimental-computational approach with 

an example.  

1. Introduction 

Ion channels are the molecular building blocks of cellular excitability, forming highly 

specific and efficient pores in the membrane. Gated by various types of stimuli (chemical 

ligands, electricity, mechanical force, temperature, or light), ion channels form a 

superfamily of transmembrane proteins that underlie a vast number of physiological and 
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pathological events [119]. Within this superfamily, voltage-gated ion channels [120] play 

a uniquely important role: they detect changes in membrane potential using specialized 

voltage-sensing structures [121], and further modify the membrane potential by allowing 

ions to flow through the lipid bilayer. To perform this function, the channel molecule 

undergoes conformational transitions within a set of conducting and non-conducting 

states, governed by specific kinetic mechanisms [122-124].  

The relationship between membrane voltage and ionic current is simple and can be 

derived from basic principles [125]. Electrically, a patch of membrane is equivalent to a 

capacitor (the lipid bilayer) connected in parallel with a variable conductance (the ion 

channels, swinging between closed and open states), which is connected in series with a 

battery (the electrochemical potential of permeant ions). If no external current is injected 

in this circuit, the current flowing through the conductance and the current charging the 

capacitor sum to zero. Thus, ignoring spatial effects, the change in the membrane 

potential vs. time is proportional to the net ionic current flowing through the membrane, 

as described by the differential equation: 

   (1) I
t
VC −=
d
d , 

where C is membrane capacitance, V is membrane potential, tVC dd× is the capacitive 

current that charges the membrane, I is the ionic current flowing through the membrane, 

and t is time.  

All the ion channels within the membrane contribute to I, which is the algebraic sum of 

all the single-channel currents. Thus, any individual ion channel that opens or closes will 
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cause an immediate and finite change in the net current I, unless V happens to be equal to 

the reversal potential for that channel. From this perspective, a closing of a channel is as 

significant as an opening. In turn, this change in the current modifies the rate at which the 

membrane potential changes over time. Then, as V evolves in time, the driving forces for 

the permeating ions and the kinetic properties of voltage-gated channels will also change. 

These changes will again modify I, closing the causal loop between membrane potential 

and ionic current.  

Because they both sense and control membrane potential, voltage-gated ion channels play 

a key role in action potential generation and propagation, in neurons and other excitable 

cells [126]. Neurons, in particular, spend considerable amounts of chemical energy to 

create and maintain the electrochemical gradients necessary for action potentials to work 

[104], and thus to establish communication within the nervous system. Different types of 

neurons display unique patterns of cellular excitability [68], and assemble into brain 

circuits with distinct network properties [72]. The firing properties of individual neurons 

and neuronal circuits, and ultimately the function of the entire nervous system, are largely 

determined by the kinetic properties of voltage-gated ion channels [66, 127-129]. 

Considering the rich variety of excitable behavior at cellular and system levels, it's not 

surprising that voltage-gated ion channels have their own impressive repertoire of 

molecular properties [111]. Understanding these properties, particularly the dynamics of 

state transitions and their voltage sensitivity, is key to understanding how neurons and 

circuits work.   

1.1 Target audience and expectations 
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The aim of this chapter is to guide the reader through the most important aspects of 

modeling and testing the kinetic mechanisms of voltage-gated ion channels. We are 

focused on deriving biophysically realistic models from macroscopic currents obtained in 

whole-cell voltage-clamp experiments [80], and testing these models in live neurons 

using dynamic-clamp [130]. The reader is expected to have a basic understanding of ion 

channel and membrane biophysics, and some experience with electrophysiology 

experiments. We tried to keep the discussion general, without relying on a specific 

computer program, hoping that the readers will be able to take the basic principles 

learned here and implement them in their preferred software. Nevertheless, for some of 

the examples presented here we have used a version of the QuB software 

(www.qub.buffalo.edu), as developed and maintained by our lab 

(www.milesculabs.biology.missouri.edu/QuB).  

2. Ion channel models  

Modeling ion channel kinetics is fun. However, when taken beyond exponential curve 

fitting for time constants, or sigmoid fitting of conductance curves, modeling becomes 

quite challenging. More experimental data and more sophisticated computational 

algorithms are necessary, and results are not so easy to interpret. Whether this effort is 

worthwhile depends on the specific goals of the investigator. For example, one may want 

to find a model that can be used as a computational building block in large-scale 

simulations of neuronal networks. For this application, simplified phenomenological 

models will compute faster and would probably work just as well [38]. However, one 

could set a more mechanistically-oriented goal, where the biophysical knowledge 

available on a particular ion channel is assembled into a detailed computational model 
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[39], which is then tested and refined against new experimental data, and then further 

used to quantitatively test various hypotheses.  

Starting with the seminal work of Hodgkin and Huxley [41, 131], most ion channel 

models fall somewhere in the range defined by these two examples. Although 

phenomenological models that simply describe the data are useful, the ultimate goal 

would be to quantitatively understand how the ion channel works at the molecular level 

and how it interacts with its environment at the cellular level. A biophysically realistic 

model must agree with existing theory and experimental data [29, 87, 132-137], but it 

should also remain computationally tractable. Above all, keep in mind that “all models 

are wrong but some are useful” [138].  

2.1 Kinetic mechanisms  

First, a kinetic mechanism is defined by a set of possible conformational states. Although 

in principle a protein can assume a continuum of structural conformations, statistically, 

the molecule will reside most of the time in a relatively small subset of high-occupancy 

states. The time spent continuously in a given state – the "lifetime" – is a random quantity 

with an exponential probability distribution [139]. For voltage-gated ion channels, the 

high-occupancy states are the various conformations that correspond to functional and 

structural elements, such as resting or activated voltage sensors, closed or open pore, 

inactivated or non-inactivated channel, etc. [121]. Other states may be characterized by 

more subtle or less understood conformational changes. A state can be identified 

experimentally if it is associated with a measurable change in properties (e.g., 

conductance, fluorescence), or it can be inferred statistically from the data.  
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A kinetic mechanism is further defined by a set of allowed transitions between states. 

Powered by thermal energy or other sources, the channel undergoes conformational 

changes at random times. Which state is next is also a random event, with the average 

frequency of a given transition being inversely related to the energy barrier separating the 

two states. Transition frequencies are quantified by rate constants. According to rate 

theory [140], a voltage-dependent rate constant, kij, corresponding to the transition from 

state i to state j, has the following expression: 

   (2) Vkkk ××=
1
ije0

ijij , 

where V is the membrane potential and 0
ijk  is the rate at zero membrane depolarization. 

1
ijk  is a factor that indicates how sensitive the rate constant is to the membrane potential, 

as follows: 

   (3) ( ) ( )TRFzk ×××= /ij
0
ij

1
ij δ , 

where zij is the electrical charge moving over the fraction δij of the electric field, F is 

Faraday’s constant, R is the gas constant, and T is the absolute temperature [141]. 1
ijk  is 

zero for voltage-insensitive rates, while 0
ijk  is zero for non-allowed transitions. Together, 

the set of possible states and the set of possible transitions describe the topology of a 

kinetic mechanism. The rate constants and their voltage dependence define the kinetic 

parameters of the mechanism.  

2.2 Markov formalism 
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The mathematical properties of a kinetic mechanism − finite set of discrete 

conformations, exponentially distributed lifetimes, random conformational changes − are 

beautifully captured by Markov models. Originally developed for stochastic processes, 

the Markov formalism can be directly applied to ion channels [42], by mapping each 

known or hypothesized conformation of the channel into a state of the Markov model. 

The rate constants associated with a Markov model can be compactly expressed as a rate 

matrix Q, of dimension NS × NS, where NS is the total number of states. The Q matrix has 

each off-diagonal element, qij, equal to the rate constant kij, and each diagonal element, 

qii, equal to the negative sum of the off-diagonal elements of row i, so that the sum of 

each row of Q is zero. If a transition is not allowed between states i and j, qij is zero.  

The state of the model as a function of time can be conveniently expressed as a 

probability vector, P. At any time t, each element of P represents the occupancy of that 

state, or the fraction of channels that reside in that state. Under stationary conditions, the 

average fraction of the total time spent by the channel in each state can be calculated as 

an equilibrium state occupancy. For an ensemble of channels, the average number of 

channels residing in state i at equilibrium is equal to pi × NC, where pi is the equilibrium 

occupancy of state i and NC is the total channel count. 

When conditions change (e.g., when a voltage step is applied in a voltage-clamp 

experiment), the energy landscape of the channel changes as well. All the voltage-

sensitive rate constants take different values, and thus the rate matrix Q will change as 

well. As a result, the equilibrium state occupancies will also be different. For an 

ensemble of channels, if a state becomes less likely to be occupied under the new 

conditions, the fraction of channels residing in that state will decrease over time, at a rate 



54	  
	  

that depends on the average lifetime of that state. The same behavior would be observed 

from repeated trials of a single channel. However, in a single trial, the channel will 

simply continue its stochastic behavior, just with different transition frequencies.  

The process of relaxation towards a new state of equilibrium is described by the ordinary 

differential equation (ODE): 

   (4) QPP
×=

td
d . 

The state occupancies corresponding to equilibrium, PEq, can be obtained by setting the 

time derivative of P equal to zero and solving the resulting algebraic equation: 

   (5) 0
d
d

eq
eq =×= QP
P
t

. 

When conditions are stationary and the rate matrix Q is constant, the differential equation 

has a simple analytical solution: 

   (6) te ××= QPP 0t , 

where Pt and P0 are the state occupancies at an arbitrary time t and at time zero, 

respectively. The exponential of t×Q  is another matrix, A, that contains the conditional 

state transition probabilities. Each element of A, aij, is the conditional probability that the 

channel will be in state j at time t, given that it was in state i at time zero. No assumption 

is made about what other transitions would have occurred in that time interval. The 

transition probability matrix A for a given time t can be calculated numerically using the 

spectral expansion method [42], as follows: 
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   (7) ∑ ×× ×==
k

kt
k tt ee λBA Q , 

where the Bk values are the spectral matrices derived from the eigenvectors of Q, and the 

λk values are the eigenvalues of Q, with λ0 always equal to zero.  

The Bk and λk values can be calculated easily with a numerical library or with specialized 

software, such as Matlab or QuB. For analysis of macroscopic currents, it is convenient 

to calculate the transition probability matrix Aδt that corresponds to the data sampling 

interval, δt. Then, the state occupancies can be calculated recursively, starting with some 

initial solution, using a simple vector − matrix multiplication: 

   (8) tttt δδ APP ×=+ . 

In summary, the Markov formalism has the outstanding convenience of encapsulating all 

the properties of a kinetic mechanism, as well as the state of the channel, in a few 

matrices and vectors. The same mathematical and computational operations will apply to 

any ion channel model, regardless of its topology (how many states, which transitions are 

allowed) and kinetic properties (rate constant values). Furthermore, Markov models can 

be used at both single molecule [44, 142-147] and macroscopic levels [46, 47, 49, 98, 

148, 149].  

2.3 Hodgkin-Huxley-type models 

The ion channel models originally proposed by Hodgkin and Huxley [41] can also be 

formulated as Markov models, as they explicitly represent the closed, open, or inactivated 

states of the channel. While they were empirical at the time of their discovery, HH 
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models remain to this day reasonably realistic. Their main limitation – but also their 

power, depending on the application – resides in making some strongly simplifying 

assumptions about the channel, which are simply outdated now (e.g., equal and 

independent "activation particles", or independent activation and inactivation processes). 

However, one should keep in mind that HH models are in disagreement with biophysical 

theory when their rate constants do not follow the Eyring rate theory [140], but instead 

are formulated as arbitrary functions of voltage. While their limited number of states and 

transitions would inherently reduce their ability to explain experimental data, HH models 

can gain more flexibility through these arbitrary rate functions.  

3. Experimental data 

3.1 What is in the data? 

A good way to understand the experimental data is to run simulations. Let’s consider the 

simple ion channel model shown in Fig. 1A. For illustration purposes, this model is a 

very crude approximation of a voltage-gated sodium (Nav) channel, featuring closed, 

open, and inactivated states. A single-channel stochastic simulation of a voltage-clamp 

recording is shown in Fig. 1B, where a noisy signal randomly jumps between zero and a 

tiny negative current. The noise in the trace is mostly caused by instrumentation, though 

the open state has its own intrinsic fluctuation in current [150]. The average single 

channel current corresponding to the open state can be calculated as follows: 

(9)  ( )RVVgi −×= , 
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where g is the single channel conductance, V is the membrane potential, and VR is the 

reversal potential for the permeant ion. Note that Eq. 9 is an approximation: the current is 

a nonlinear function of voltage when the permeant ion has unequal intra- and 

extracellular concentrations, as described by the Goldman-Hodgkin-Katz current 

equation [119]. 

For channels that have several conducting states, we can make the unitary current 

equation more general by introducing a conductance vector g, with each element gi equal 

to the conductance of state i, or equal to zero for non-conducting states. The dot product 

between the state occupancy vector P and the conductance vector g can be used to 

calculate the unitary current for an arbitrary set of state occupancies, as a function of 

time: 

(10)  ( ) ( )Rtt VVi −×⋅= gP . 

When a single channel trace is simulated, at any given time only one element of P is 

equal to one, and the rest are zero. As the channel changes state during the simulation, a 

different element of P becomes equal to one, and thus a different conductance is 

"selected" by the dot product P · g.  

To calculate the total ionic current, It, given by an ensemble of identical channels, we 

simply multiply the unitary current by the total number of channels, NC: 

(11)  ( ) ( ) CRtt NVVI ×−×⋅= gP . 

Computationally, It can be efficiently calculated in two steps: first, calculate the state 

occupancies Pt, using the recursive Eq. 8; then, calculate It as a function of Pt, using Eq. 



58	  
	  

11. The time-invariant vector g × (V − VR) × NC needs to be recalculated only when the 

voltage changes.  

As shown earlier in Eq. 6, for a time interval where conditions are constant (e.g., during a 

voltage step), Pt can be calculated as a function of some initial state occupancies, P0. For 

a typical voltage-clamp protocol, the P0 at the beginning of a sweep can be calculated as 

the equilibrium occupancies corresponding to the holding membrane potential. For this 

calculation to be accurate, the holding voltage should be maintained long enough to allow 

channels to reach equilibrium. If the protocol consists of a sequence of voltage step 

commands, the P0 of one step can be calculated as being equal to the Pt at the end of the 

previous step. This idea could also be applied to protocols where the command voltage 

varies continuously (e.g., during a "ramp"). In this case, a continuously-varying episode 

can be approximated with a sequence of discrete steps of constant voltage. At the limit, 

each of these steps is as short as one acquisition sample.  

Although very compact, Eq. 11 is not easy to interpret. To clarify its properties, we first 

replace Pt with its solution as a function of P0: 

(12)  ( )( ) ( ) CR0t NVVeI t ×−×⋅×= × gP Q . 

Then, we replace eQ×t with its spectral expansion: 

(13)  ( ) CR
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We rearrange the terms and obtain: 
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(14)  ( )( ) ( )( )∑
−

=
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1
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N

k

teNVVI λgBP . 

In the sum above, the term corresponding to k = 0 is a constant, because λ0 is always 

equal to zero. That term is actually the current that would be generated when channels 

reached equilibrium under those conditions. The explanation is that all eigenvalues are 

negative, except λ0, which makes all terms in Eq. 14 become vanishingly small when t is 

sufficiently large, with the exception of the λ0 term, which remains constant:  

(15)  ( )( ) ( ) CR00t NVVI ×−×⋅×=∞→ gBP . 

Since channels are at equilibrium when t is sufficiently large, one can recognize that the 

vector (P0 × B0) must be equal to PEq. Therefore, the current flowing at equilibrium has 

the expression: 

(16)  ( ) ( ) CREqEq NVVI ×−×⋅= gP , 

where: 

(17)  00Eq BPP ⋅= . 

In the equation above, P0 can be any arbitrary probability vector. With these results, the 

macroscopic current can be written as: 

(18)  ( )∑
−
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××+=
1

1
kEqt
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k

N

k

teIII λ , 

where Ik is a scalar quantity with dimension of current: 
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(19)  ( )( ) ( ) CRk0k NVVI ×−×⋅×= gBP . 

The eigenvalues, λk, can be replaced with time constants, τk, obtaining the final current 

equation:  

(20)  ( )∑
−

=

−×+=
1

1

/
kEqt

S
k

N

k

teIII τ , 

where τk = −1 / λk. The macroscopic current described by Eq. 20 as a function of time is a 

sum of NS − 1 exponentials, plus a constant term. Each exponential component is 

parameterized by a time constant τk and an amplitude Ik.  

These results are general: any voltage-gated ion channel that has NS high-occupancy 

conformations will in principle generate a macroscopic current with NS − 1 exponentials, 

when subjected to a step change in membrane potential. This is illustrated in Fig. 1C for 

the simple three-state model: It (the red trace) has the expected profile of rise (activation) 

followed by decay (inactivation). This time course is a sum of two simple exponential 

components that vanish to zero with different time constants. In this particular case, IEq is 

almost zero.  

In the above equations, the macroscopic current It was calculated as a deterministic 

function of some initial conditions P0. However, one should keep in mind that It is the 

sum of many unitary currents, each generated by an individual ion channel that makes 

random transitions between states. These stochastic events at the single channel level will 

make the macroscopic current a stochastic process as well. Therefore, the state occupancy 

at time t is a random quantity, characterized by a probability distribution [46, 47, 149, 
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151]. The state at time t can be statistically predicted from some known previous state, 

but the uncertainty of the prediction increases with the time from the reference point. In 

contrast, the initial state of a deterministic process can predict any future state with equal 

precision. The difference between stochastic and deterministic processes is illustrated in 

Fig. 1C, where the trajectory of the stochastically simulated macroscopic current (black 

trace) consistently diverges from the deterministically calculated current (red trace).  

3.2 Protocol design 

As discussed above, an ion channel kinetic mechanism is fully characterized by its 

number of states, connectivity matrix of allowed state transitions, and rate constants 

quantifying transition frequency and voltage-dependence. This information is encoded in 

single channel or macroscopic voltage-clamp recordings as a stochastically fluctuating 

current, mixed with noise and artifacts. In single channel recordings, the mean value of 

the current randomly jumps between two (or more) levels, corresponding to molecular 

transitions between conducting and non-conducting channel conformations. For example, 

in the single channel trace shown in Fig. 1B, there happens to be four conductance 

changes over 50 ms. A channel with faster kinetics would result in more transitions per 

second, or, equivalently, in shorter average lifetimes in each state. Furthermore, a channel 

with greater voltage sensitivity would exhibit transition frequencies that change more 

substantially with voltage. Overall, the statistical properties of single-channel data can be 

analyzed with a variety of mathematical methods and computational algorithms, to 

extract the kinetic mechanism of the underlying ion channel [44, 142-147, 152] 
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A macroscopic current is also a stochastic sequence of events, where individual channels 

randomly change state. Thus, stochastic fluctuations in the macroscopic current [30, 153] 

are also a potential source of information that could be used to extract the kinetic 

mechanism [46, 47, 149, 151]. However, these fluctuations are more difficult to separate 

from experimental noise and artifacts. First, depending on the recording technique, the 

experimental preparation, and the noise levels of the recording system, a change in the 

conductance state of a single channel may be very difficult or impossible to detect 

experimentally. Second, the frequency of transitions in the overall state of the ensemble 

is proportional to the total number of channels, and it may exceed the bandwidth of the 

recording system. For example, if the average single channel transition frequency is 10 

s−1, an ensemble of 10,000 channels would exhibit 100,000 transitions per second, while 

the recording bandwidth may be smaller by an order of magnitude. Thus, information 

encoded in the magnitude and frequency of stochastic current fluctuations may be lost.  

A generally more reliable source of information is the mean value of the macroscopic 

current, as a function of time and voltage. Even in this case, although the mean value can 

be easily extracted from noisy data, decoding the kinetic mechanism is far from being 

trivial. The main difficulty lies in the ambiguous relationship between the exponential 

parameters describing the macroscopic current (time constants τk and amplitudes Ik) and 

the kinetic parameters of the channel (rate constant factors 0
ijk  and	   1

ijk ). Following a step 

change in conditions, the overall state of the ensemble relaxes exponentially towards a 

new equilibrium. For a channel with NS states, this relaxation process is quantified by a 

set of 2×NS − 1 parameters, as described by Eq. 20: NS − 1 time constants τk, NS − 1 

amplitudes Ik, and the equilibrium current IEq. Every one of these exponential parameters, 
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including IEq, is a mathematical function of all the rate constant parameters, and 

implicitly a function of membrane potential. Thus, while calculating the exponential 

parameters from the kinetic mechanism is straightforward, the inverse calculation is not. 

Furthermore, this also implies that no more than a maximum of 2×NS − 1 kinetic 

parameters can be extracted from a macroscopic current generated in response to a single 

voltage step. In reality, kinetic mechanisms may have more parameters than that. For 

example, the three-state model in Fig. 1A has eight kinetic parameters but only five 

exponential parameters. Even with this unrealistically simple model, it is clear that the 

kinetic parameters of the model cannot be unequivocally determined from the mean value 

of the macroscopic current, unless the voltage clamp protocol is expanded to more than 

one voltage step. 

A second difficulty is related to the theoretical and experimental observability of all the 

exponential components, given the limited resolution of the recording system. The idea is 

that, although each pair of exponential parameters (τk, Ik) depends on all the rate 

constants, fast or slow exponential components will be influenced most by similarly fast 

or slow rates, respectively. Then, if a certain exponential component is weakly 

represented in the data, some of the kinetic parameters will also be weakly determined. 

The contribution of an exponential component to the data, given a set of kinetic and 

conductance properties, depends on two factors. First, the amplitudes Ik depend on the 

initial state occupancies P0. Thus, depending on the voltage-clamp protocol, some 

components may have very small, or even zero, amplitude, and can be undetectable 

relative to the experimental resolution. Overall, a change in state occupancy is 

accompanied by a change in current only if the total occupancy of the conducting states 
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changes. If this fraction doesn't change, or if the change is small relative to the resolution 

of the recording system, the mean current value will remain approximately constant, even 

though the properties of the stochastic fluctuations may change. Second, an exponential 

component can be observed experimentally only if the bandwidth of the recording system 

is adequate. Thus, very fast exponentials may be distorted or filtered out, while very slow 

components may not be detected in short protocols. A property worth remembering is 

that these exponential components vanish in order, from the smallest to the largest time 

constant. As a result, the fastest components will be affected the most by experimental 

artifacts associated with abrupt changes in the command voltage.  

In conclusion, voltage-clamp protocols must be designed carefully and optimized to 

minimize these issues. Overall, the most important practical recommendation we can 

make is to design and apply as many types of stimuli as feasible, to force the channel to 

visit as many states as possible, which should result in well-observed exponential 

components and well-determined kinetic parameters. Ultimately, designing a good set of 

stimulation protocols is an iterative process, without a priori solutions. It may well 

happen that applying yet another protocol exposes a new behavior of the channel, which 

then needs to be investigated with new or refined stimuli.  

An example of a typical set of voltage-clamp protocols is given in Fig. 2, as applied to 

recording whole-cell Nav currents from mammalian neurons in brain slices [154]. A 

minimum of four protocols is necessary to investigate the kinetic properties of Nav 

channels, as illustrated in panels A, B, C, and D. Each of these voltage-clamp protocols 

forces the channel on a different state trajectory, thus exposing a different set of kinetic 

properties. For example, the protocol in panel A starts the channel in a state of 
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deactivation, and takes it through activation, opening, and inactivation. Several 

exponential components are well defined in the data, particularly the two time constants 

of inactivation. In contrast, the protocol in panel C starts the channel in a state of 

deactivation as well, but the channel is taken directly into inactivation, without opening. 

Two time constants of inactivation can also be detected in the data, but the exponential 

components have lower amplitude and thus are slightly less well defined.  

With some of these protocols, the raw data can be used directly to determine the kinetic 

parameters (e.g., the time course of activation and inactivation in panel A). With others, 

the raw data are first processed to extract some empirical measure of state occupancy, 

which is then used to estimate kinetic parameters. Examples are the (pseudo) steady-state 

activation and inactivation in panel E, and the time course of recovery from inactivation 

and the sub-threshold inactivation in panel F. Generally, the raw data are used directly 

when an exponential time course is experimentally observable in the macroscopic 

current. For example, when the channel activates, opens, and then inactivates (panel A). 

When state changes are not associated with changes in conductance, information is 

obtained from two-pulse protocols. For example, when the channel inactivates at 

membrane potentials where it cannot activate and open (panel C). In this case, the peak of 

the current is used as an empirical measure for the total occupancy of non-inactivated 

states, available to generate current upon activation.  

3.3 Experimental artifacts 

The data recorded in voltage-clamp experiments do not contain just the current of 

interest, but are contaminated by a variety of artifacts, including other currents active in 
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the preparation, experimental noise, voltage-clamp errors, etc. [80]. All of these artifacts 

will negatively affect fitting algorithms and can result in a distorted model. Although 

artifacts cannot be eliminated, they can be reduced to acceptable levels. Thus, the effects 

of random measurement noise, which lowers the precision of parameter estimates, can 

always be reduced by collecting more data, and generally are not an issue. Deterministic 

power line interference (50 or 60 Hz, or harmonics) can be easily removed online or 

offline. Uncompensated brief transients that occur when the command voltage changes 

abruptly can simply be excluded from the fit, provided that they don’t overlap with 

significant channel activity. However, longer transients must be somehow separated from 

the signal. Voltage-clamp errors caused by incomplete compensation of the series 

resistance could be significant. However, the actual voltage at the membrane can be 

either measured directly in some techniques (e.g., two-electrode voltage-clamp) or 

calculated from the measured series resistance and the recorded current. Then, a corrected 

version of the command voltage protocol can be constructed and used in the data fitting 

procedure. As explained above, an arbitrary voltage waveform can be approximated with 

a sequence of constant voltage steps. Another artifact is imperfect space-clamp, which 

can occur when recording from neurons in vivo or in brain slices [155]. In this case, the 

current recorded from the soma can be contaminated with action potentials back-

propagating from the axon [156], which usually escapes voltage-clamp control. Space-

clamp errors can be reduced with a simple technique that selectively inactivates axonal 

sodium channels and thus makes the axon a passive compartment [157]. Finally, the 

bandwidth of the recording system should be sufficiently wide for the kinetics of the ion 

channel investigated. Initially, the cutoff frequency of the low-pass filter and the 



67	  
	  

sampling rate of the digitizer should be set as high as possible to identify the fastest time 

constant present in the data. Then, acquisition parameters can be set to the values 

recommended by Nyquist's sampling theorem [158]. In many cases, the fastest time 

constant corresponds to channel activation or deactivation. 

Even when these artifacts cannot be eliminated, in principle they can be parameterized 

and included into the fitting algorithm. Unfortunately, contamination with other ionic 

currents that are active in the preparation cannot be easily encoded in the algorithm. 

These currents are generally unknown quantities and cannot be compensated 

computationally. The ideal solution is to isolate the current of interest pharmacologically, 

with a very specific blocker. If this is available, the same protocols can be repeated under 

control conditions and with the blocker applied, and the two sets of data can be subtracted 

from each other, giving the current of interest. This subtraction not only eliminates all 

other currents, including leak, but will also remove capacitive transients. However, not all 

channels can be completely isolated by pharmacological subtraction. The solution is to 

reduce all other currents as much as possible. Some currents can be blocked 

pharmacologically, while others can be rendered inactive by exploiting their kinetic 

properties, particularly voltage-dependence. Furthermore, the background leak currents 

and possibly other currents left unblocked can be subtracted using the P/n technique 

[159], which will also remove capacitive transients. However, one should be aware that 

the P/n method relies on the assumption that leak currents are linear with voltage, and 

thus cannot subtract voltage-sensitive currents.  

When designing protocols to isolate the current of interest, pharmacologically or via the 

P/n technique, one should keep in mind that these procedures will extend the total 
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acquisition time, and recording parameters may change over time. For example, the seal 

resistance may deteriorate, causing an increase in leak, the level of solution in the bath 

may change and alter pipette capacitance and transients, and series resistance may 

fluctuate and change the amplitude of recorded currents. Generally, currents may run 

down over time. All these changes will distort the subtracted current. One other problem 

with subtraction methods is that uncompensated series resistance errors depend on the 

total current flowing. Then, if the total current takes significantly different values under 

control versus pharmacological block or P/n conditions, the actual voltage at the 

membrane will also differ. As a result, the subtracted current will be contaminated with 

some leftover current. Thus, even if a good blocker is available for the channel of 

interest, reducing all the other currents pharmacologically is still recommended. A similar 

artifact occurs when the current of interest is functionally coupled with other currents 

(e.g., Ca++ − activated K+ currents). These would no longer be activated when the current 

of interest is blocked. Finally, one should keep in mind that when two random variables 

are subtracted from each other, their mean values subtract but their variances add. Thus, 

subtracting two sets of currents will result in a signal with greater noise, which would 

make it difficult to apply fitting methods that rely on the properties of current 

fluctuations.  

4. Fitting the data 

The objective is to find the kinetic mechanism that best explains the experimental data, 

but also agrees with prior knowledge. As discussed, a kinetic mechanism is fully defined 

by its topology, given by the number of states and the connectivity matrix of possible 

transitions, and by the parameters quantifying rate constants and voltage dependence. 
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Finding the topology and finding the parameters are generally approached as separate 

problems, and our focus here is on estimating parameters for a given topology. A 

computational procedure for finding the best parameters combines a parameter 

optimization engine (the optimizer) and an algorithm that calculates how well the model 

explains the data (the cost function, or the goodness of fit). The optimizer starts with a set 

of initial values and iteratively explores the parameter space, according to a defined 

search strategy, until it finds a set of parameters that maximizes the goodness of fit. For 

each point sampled in the parameter space, the optimizer calls the estimation algorithm to 

evaluate the goodness of fit. Typically, the optimizer is data- and model-blind, although it 

can be tweaked for a particular problem. A variety of general optimization algorithms 

that have been described in the literature [160] and are available in numerical libraries 

can be applied to ion channels. In contrast, the function that calculates the goodness of fit 

is very specialized and can be quite complicated.  

4.1 Goodness of fit 

In general, how well the model explains the data can be defined in different ways, 

depending on the data and the model. For a deterministic time series contaminated by 

measurement noise, the goodness of fit is typically given by the sum of squared errors, S, 

between the experimental data points and the fit curve: 

(21)  ( )∑ −=
t

2
tt ),( KMfyS , 



70	  
	  

where yt is the data point measured at time t and ft (M, K) is the calculated value at time t, 

given a structural model M and a set of parameters K. The best fit parameters are those 

that correspond to the lowest S value that could be reached. 

Curve fitting is not the ideal method for data generated by ion channels or other 

stochastic processes. These data are not defined by a deterministic function that can be 

calculated for every time point. Instead, they are a stochastic sequence of channel states, 

contaminated with random measurement noise. Nevertheless, this stochastic sequence is 

generated by the ion channel according to a probability distribution, which is determined 

by the kinetic mechanism [139]. For single-channel data, this probability distribution can 

be used to calculate the likelihood of the data, L [142]: 

 (22)  ( )KMY ,|pL = , 

where p is the conditional probability of the data sequence Y, given a model topology M 

and a set of parameters K. The best fit parameters correspond to the highest L value that 

could be reached. In practice, the logarithm of the likelihood function is used instead of 

the likelihood itself, because L may reach intractably small or large vales.    

Ideally, macroscopic currents should also be approached as a stochastic process, using a 

likelihood-based goodness of fit. A variety of mathematical and computational 

algorithms have been designed to calculate the likelihood of a macroscopic current [46, 

47, 149, 151], all making various approximations to speed up the computation. 

Ultimately, the fastest but theoretically the least accurate approximation that can be made 

is to completely ignore the stochastic nature of the macroscopic current. Essentially, the 
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goodness of fit in this case is calculated as the sum of squared errors between the 

experimental data and the calculated macroscopic current, It: 

(23)  ( )∑ −=
t

2
tt IyS . 

This approximation is most suitable when the analyzed current is generated by many 

channels, when stochastic fluctuations are small relative to the mean value and 

comparable to the measurement noise. All other methods that make more accurate 

assumptions exploit in some way the fluctuations of the current, and theoretically should 

produce more accurate or more precise parameter estimates. However, as discussed 

above, many experimental data are not clean enough for noise analysis and the mean of 

the current may be the only reliable source of information. This condition describes well 

the macroscopic currents generated by voltage-gated ion channels in whole-cell patch-

clamp experiments. In the following section, we assume that the goodness of fit is 

calculated as the sum of squared errors, S.  

4.2 Computing the cost function 

A variety of voltage-clamp protocols can be applied to determine the kinetic mechanism, 

as illustrated in Fig. 2. For each data set that is included in the fitting procedure, the 

estimation algorithm must calculate the goodness of fit. When the cost function is the 

sum of squared errors, S, then the mean current It must be calculated for every point in 

the data. Essentially, the algorithm must simulate a macroscopic current in response to 

the same voltage-clamp protocol as was used to record the data, given the set of 

parameters proposed by the optimizer in that iteration. For two-pulse protocols, such as 
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those shown in Fig. 2, the simulated current sequence must also be processed in the same 

way as the experimental data. For example, the experimental recovery from inactivation 

(Fig. 2D) is calculated, as a function of time and recovery potential, as the ratio between 

the peak current obtained with the test pulse and the peak current obtained with the 

conditioning pulse. Although it might be tempting, it is a bad idea to calculate the 

theoretical recovery from inactivation using the sum of non-inactivated state occupancies. 

Instead, it should be calculated as for the experimental curve: first, simulate the response 

of the model to the two-pulse protocol, then, from this simulation, calculate the ratio of 

the two peaks. 

It is most efficiently computed recursively, using Eq. 8 to calculate Pt+1 from Pt, where t 

and t + 1 refer to consecutive samples. The computation is initialized with P0, which is 

calculated as the equilibrium state occupancies that correspond to the holding voltage. 

The entire sequence of operations can be summarized as follows: 

(24)  
HV,0Eq 1 BP ⋅= , 

 Eq0 PP = , 

  
1Vt,01 δAPP ×= , 

  … 

  
tVt,1-tt δAPP ×= , 

  
tVtt IP ×=I , 

  ( )2t tt IyS −= , 
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where 1 is the normalized unity vector, with each element equal to 1 / NS; 
HV,0

B  is the 

spectral matrix corresponding to λ0 and calculated for a voltage equal to the holding 

potential, VH; 
tVt,δ

A  is the transition probability matrix calculated for δt and a voltage 

equal to the command potential at time t, Vt; St is the squared error at time t. Finally, 
tV

I  

is a vector with dimension of current, with each element equal to the maximum current 

that would be generated if all the channels resided in that state: 

(25) ( ) CRtVt
NVV ×−×= gI . 

When the command voltage changes during a protocol sequence, the spectral matrix B0 

and the transition probability matrix Aδt are replaced with the matrices calculated for that 

voltage value. As discussed, instead of the command voltage, one could use the actual 

voltage measured at the membrane, when available, or a voltage corrected for errors 

caused by the uncompensated series resistance.  

The total sum of squared errors, S, is the sum of squared errors for all data points used in 

the analysis. S could be divided in components corresponding to individual data sets, 

each multiplied by a weighing factor: 

(26) ∑ ×=
i

SwS ii . 

These weighing factors can be chosen empirically, to establish the relative contribution of 

each data component to the cost function.  

4.3 Model parameters 
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For a given model topology, the unknown parameters to be determined are the rate 

constant factors 0
ijk and 1

ijk . However, the macroscopic current depends on additional 

quantities: the unitary conductance, g, and the total number of channels, NC. Calculating 

It in the cost function requires these quantities. Normally, for a given ion channel type, 

the unitary conductance has the same value in every recording and can be estimated 

directly from single channel data, or via noise analysis from macroscopic currents [30, 

161]. Although NC can also be determined through noise analysis, it takes a different 

value in each experimental preparation and it cannot always be known. One possibility is 

to make NC a parameter to be estimated [46]. If the data used in the fit were obtained 

from multiple experiments, then there will be multiple NC parameters, one for each 

preparation. The downside with this approach is a potentially large increase in the 

dimensionality of the parameter space, which would slow down the optimizer. Another 

possibility is to normalize the current in each data set to the local maximum value. The 

disadvantage in this case is a greater ambiguity in the estimated kinetic parameters. 

Furthermore, it can be problematic to analyze fluctuations. With some models, distinct 

combinations of rate constants and channel count values can generate the same 

macroscopic current in response to a voltage-clamp protocol [46]. However, in principle 

this ambiguity could be resolved by adding more protocols to the fit.   

4.4 Prior knowledge 

Including prior knowledge in the model is necessary: although it restricts the freedom of 

the optimizer to search for parameters, it ensures that the parameters that best explain the 

new data are also in agreement with previous experiments and theory. Prior knowledge 
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can be encoded in the topology of the model, but also in the kinetic parameter values. For 

example, the number and sequence of distinct conformational states that can be assumed 

by voltage sensors is defined by topology, while their degree of cooperativity is defined 

by rate constants. One could also encode in the model a hypothesis about the kinetic 

mechanism, and test it by fitting the data with this model. If the optimizer can find 

parameters that explain the data well, then the hypothesis is potentially correct, and vice 

versa.  

A good example of including prior knowledge in the model is the study of inactivation in 

Nav channels by Kuo and Bean [162]. Phenomenologically, the steady-state and transient 

inactivation properties of Nav currents appear to be strongly voltage-sensitive, as initially 

determined and modeled by Hodgkin and Huxley [41]. Yet, in more recent studies, very 

little electrical charge was detected to move during inactivation [134, 159, 163-166]. 

While Hodgkin and Huxley postulated that activation and inactivation are independent 

processes in Nav currents, Kuo and Bean proposed instead an allosteric coupling of 

inactivation to activation, which makes inactivation apparently but not intrinsically 

voltage-dependent. Their model is shown in Fig. 3.  

4.5 Model constraints and free parameters 

Knowledge – or hypotheses – about rate constants can be implemented either as a set of 

mathematical constraints or as a penalty term added to the cost function. Generally, 

constraints are defined as an invertible transformation, c, between a set of model 

parameters K and a set of free parameters F: 

(27) ( )KF c= , 
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(28) ( )FK 1−= c . 

The model is defined by the K parameters, which are subject to the constraints 

implemented by c. In contrast, the optimizer is model-blind and operates with the F 

parameters, which are “free” to take any value in the (–∞, +∞) range. The optimizer 

searches in the free parameter space, and finds a set F* that is converted, via the c–1 

transformation, into a set K* that best explains the data. The search is initialized with a 

set of free parameters F0, obtained via the c transformation from an initial set of model 

parameters K0.  

If no constraints are formulated, c is the identity transformation. In this case, the number 

of free parameters is equal to the number of model parameters. However, at least one 

type of constraint has to be applied, which is to keep the rate constant factors 0
ijk greater 

than zero. This constraint can be implemented easily by using 0
ijlnk  as the free variable, 

which can take any value in the (–∞, +∞) range, but restricts 0
ijk to (0, +∞). This 

transformation keeps the numbers of free and model parameters equal. However, any 

other type of constraint reduces the number of free parameters by one. A variety of useful 

model constraints can be implemented with c as a simple linear transformation. For 

example, one can constrain a rate to have a constant value, or two rates to have a constant 

product, or one can enforce microscopic reversibility. Detailed explanations of how to 

implement linear constraints are available in the literature [46, 144, 167].  

Sometimes, a model parameter is allowed to take any value in a defined range, as 

implemented via the c transformation, but some of these values may be considered 
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“better” than others. For example, a rate constant estimated at 100,000 s–1 by the (model-

blind) optimizer, although physically acceptable, could be considered quite unlikely when 

obtained from data sampled at 1 kHz. In this case, a penalty term can be factored into the 

cost function S*: 

(29) ( )KpSS ×=* , 

where the penalty p(K) is a function of model parameters K. In principle, constraints 

implemented via the c transformation can also be formulated as a penalty, by making 

p(K) equal to one when K satisfies the constraints, or equal to a very large number when 

not. However, the advantage of having a reduced number of free parameters would be 

lost, and defining p(K) is not trivial. 

Fundamentally, any assumption about the kinetic mechanism results in adding one or 

more computational constraints to the model, and thus reduces the number of free 

parameters. While having fewer parameters makes the fitting easier, the model will also 

have less flexibility in explaining the data. For example, the model proposed by Kuo and 

Bean [162], although making a radical departure from the classical dogma, makes the 

simplifying assumption that the channel has identical and independent voltage sensors, 

which dramatically limits the number of free parameters. However, this assumption has 

later been invalidated by clever biophysical experiments [168]. Another study relaxed the 

constraint that the inactivation rates in the Kuo and Bean model are voltage-independent, 

and found that a small but finite charge can explain their data better [154]. Ideally, one 

should always start with a well-constrained model that has relatively few free parameters, 

and gradually remove the constraints until the fit no longer improves.   
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4.6 Searching for best parameters 

Let’s take an intuitive look at how the optimizer searches for parameters. If we had a 

model that has only two parameters, we could imagine a 2D surface that represents on the 

z axis the error of the model relative to the data, as a function of the two parameter values 

represented on the x and y axes. The greater the error, the greater the z value. Hopefully, 

somewhere on this surface there is a single point where the error is the lowest. That is the 

solution that the optimizer has to find, corresponding to the set of best parameters. If we 

could apply a grid over the parameter space and calculate the error at every node, we 

could simply identify the parameter values where the error is lowest. As a further 

refinement, we could apply a smaller and finer grid on that point and improve the 

estimate.  

Unfortunately, a grid search is prohibitive, because the number of free parameters can be 

large and the cost function can be computationally expensive. For example, for only two 

parameters, a 100 × 100 search grid requires 10,000 evaluations of the cost function. For 

some of these parameter values, the cost function may even be impossible to calculate, 

due to numerical instability, particularly for large 1
ijk  values. For ten free parameters, 

which is not an unusually large number, we would need 10010 evaluations. Assuming an 

optimistic 1 ms computation time per cost function evaluation, this search would take a 

long, long, long time. Essentially, the optimizer is in the situation of a tourist trapped in a 

multidimensional universe, having to find the best restaurant in the city, in complete 

darkness and without map or smart phone, just guided by smell.  
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Clearly, the optimizer must use a clever and more efficient strategy. A solution is to 

mimic the effects of gravity. If we place a ball on our error surface, the ball will start 

rolling downhill, eventually settling at the bottom. Like our tourist, the ball is in 

darkness: it does not see the whole map, but it's simply taken by gravity down the local 

gradient. An optimization algorithm can use the same search strategy, following the error 

function down its gradient in the multidimensional parameter space. Because of noise, the 

error is never zero at the bottom of the surface. Instead, the search is terminated when the 

gradient is zero for all parameters.   

We had good experience with the Davidon-Fletcher-Powell method [169], implemented 

in code as dfpmin [170]. Compared to other search strategies, such as simplex [171], 

dfpmin is very quick and efficient. As with any gradient-based method, dfpmin requires 

the gradients of the cost function with respect to each parameter. In some cases, the 

gradients can be calculated analytically [46]. When not, the gradients could be 

approximated numerically by evaluating the cost function at two points in the parameter 

space that are separated by a very small distance, for each parameter. Due to potential 

numerical errors in the calculation, this distance must be chosen carefully, to be sure that 

the cost function does actually change over that small distance. 

4.7 Interpreting fitting results 

An example of fitting macroscopic currents with an ion channel kinetic mechanism is 

shown in Fig. 4. Although the fit is clearly very good, the best parameters found by the 

optimizer should be taken with a grain of salt. First, it's possible that the parameters are 

not the very best, but only a local solution. Following the smell of food, our tourist will 
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eventually find a restaurant, yet a much better one may be just around the corner. How 

does he find the very best place to eat, without trying them all? Indeed, finding the global 

minimum is a difficult problem in optimization [75]. A poor man’s global search strategy 

is simply to restart the optimizer at different points in the parameter space, and take the 

overall best. While there is no theoretical guarantee, the more restarting points tried, the 

more likely it is that the solution is truly global. Alternatively, one could use algorithms 

specifically designed for global search, which are slower but more exhaustively explore 

the parameter space, and can even search across model topologies [172, 173]. 

A second issue to consider is the theoretical (a priori) identifiability of the model, which 

has two related aspects [174]. First, there may be distinct model topologies that explain 

the data equally well [175, 176]. Second, for a given model structure, there may be 

multiple parameter sets that are equally good [46], either as a continuum or as discrete 

points in the parameter space. As a result, even when the optimizer finds the global best, 

there may be other solutions that are just as good (although the corresponding physical 

models may not be equally plausible). The theoretical identifiability of a model does not 

depend on the quality of experimental data. Instead, it depends on the voltage-clamp 

protocols that were included in the analysis, and on the mathematical criteria that were 

used to calculate the goodness of fit. Essentially, both of these narrow the range of 

equivalent solutions in the parameter space, which can lead to unique solutions. For 

example, if we tried to fit a stationary macroscopic current using the sum of square errors 

as the goodness of fit, there would be a large continuum of solutions that could all 

explain equally well the data. However, if we then switched to a maximum likelihood 

method, the range of equivalent solutions in the parameter space would be narrower, 



81	  
	  

because a solution must explain not only the mean value of the current but also the 

properties of fluctuations. If we further add a voltage step protocol, the range of 

equivalent parameters would narrow even more. Finally, including prior knowledge 

implemented as model constraints or as penalty would further restrict parameter space 

and increase model identifiability.  

How do we know when a parameter solution is unique? A simple empirical technique can 

be used to determine whether a continuum of equivalent solutions exists. Starting from 

the solution found by the optimizer, one parameter can be slightly perturbed, and then 

constrained to a constant value. The resulting parameter set should give a higher error. 

Then, we restart the optimizer and test whether it is able to reach the same goodness of fit 

as before, by adjusting the other parameters to compensate for the change in the one that 

was constrained. If the optimizer returns to the same goodness of fit, though with a 

different set of parameters, we have proof that a continuum of solutions exists around that 

point. In this case, one could either add constraints to make the model simpler, or add 

stimulation protocols to make the data more informative.  

Another important issue is the practical (a posteriori) identifiability of the model, which 

depends on the properties of the data used in analysis [177]. Each time a new data set is 

recorded and analyzed, the parameter estimates and the cost function will be different. 

Because of stochastic fluctuations and experimental noise and artifacts, these quantities 

are not deterministic, but vary from trial to trial. Moreover, even a good model would 

never give a perfect fit. The variance of a parameter estimate depends on how much 

information is contained in the data about that parameter, relative to noise and fluctuation 

levels. A parameter that has large variance can take a broad range of values without 
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changing the fit significantly, and thus cannot be trusted much. Ultimately, it comes 

down to how many times the channel visits a state, and how long-lived that state is. For 

states that are rarely visited or are very long-lived, there will be little information in the 

data about the transitions connecting that state to others. For example, in the limit case of 

a single channel recording, a state simply cannot be identified if it is never visited in a 

data set. In general, certain features of the model that are theoretically observable, in 

practice may be buried in the noise and hidden or distorted by artifacts. To reduce 

parameter variance, one can include more data in the analysis, but can also optimize the 

voltage-clamp protocols. The variance in the cost function is a factor to consider when 

different models are tested. If two models are comparable, their cost function probability 

distributions may overlap, which means that, statistically, the wrong model will 

sometimes give a better fit than the correct model [143, 178].  

What if the best fit is still bad? This could be an indication that the topology of the model 

is wrong or that the optimization starting point was not appropriate and the optimizer has 

been trapped in a local minimum. As a solution, the optimization can be restarted with 

different initial values. If this doesn't improve the fit, one could try different model 

topologies. One should be aware, however, that when the data included in the fit are 

collected with multiple voltage-clamp protocols, it becomes more difficult for the 

optimizer to explain all the data collectively. To improve the fit, there are simple changes 

that can be made to a model, such as inserting a state, or connecting or disconnecting two 

states. Parameter estimates should always be inspected. For example, if the optimizer 

estimates a rate constant at 1 million per second, that could indicate something wrong 

with the model or with the data. Or, if rate constants that lead to an end state are very 
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small while the opposite rates are very large, this could indicate a lack of evidence in the 

data for that state. Another example is when the rate constants connecting two states have 

very large values, which could indicate that the two states are in fact just one. 

5. Testing models in live neurons 

As shown in the previous section, it is possible to find an ion channel model that explains 

voltage-clamp data well and gives insight into the biophysical mechanism of the channel. 

However, in an excitable cell, there are many ion channel types that work together to 

generate specific patterns of firing activity. A cell is a complex system where multiple 

components interact nonlinearly [179]. In contrast, voltage-clamp experiments isolate the 

channel of interest from this system and test it with predefined voltage waveforms. It is 

quite possible that some features of the kinetic mechanism that are critically important to 

the function of the cell may not be revealed in the voltage-clamp data and may not be 

captured by the model. Ideally, the model should also be tested functionally, in a cellular 

context.  

A powerful tool for studying the function of voltage-gated ion channels in live neurons is 

dynamic-clamp [180-182]. The principle is to pharmacologically block the channel of 

interest, and then functionally replace it with an injected current, dynamically calculated 

on the basis of a kinetic model [130]. As a first-order approximation, where we ignore the 

potential regulatory function of the permeant ions, Ca++ in particular [183], the neuron 

makes no distinction between the native current and the model-based current, which are 

not necessarily carried by the same ions. Then, if the model is accurate, the neuron would 

exhibit the same firing pattern as with the actual channel. The sensitivity of the firing 
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pattern to channel properties and the contribution of that particular current to spiking can 

be easily studied by varying the properties of the model and manipulating the model-

based current in real-time. The major advantage of this hybrid experimental-

computational approach is that a channel can be investigated within a live cell without 

any knowledge about other conductances or cell properties.  

5.1 Solving the model in real-time 

Dynamic-clamp can be understood within the context of a cellular model. To make it 

easier to explain the concepts, we make several simplifying assumptions: i), besides 

voltage-independent leak channels, the neuron contains only Nav and Kv channels, with 

kinetic mechanisms described by Markov models;  ii), the neuron has a single 

compartment and the membrane is isopotential; and iii), the model corresponds to an 

ideal whole-cell recording (zero access resistance, no pipette capacitance, etc.) [80]. The 

state of the model as a function of time is completely described by three variables: the 

membrane potential V, and the state occupancies of the Nav and Kv channels, PNa and 

PK. These state variables evolve in time according to the following ordinary differential 

equations: 

(30) ( ) appleakKNad
d IIII
t
VC +++−= , 

(31) KK
K

d
d QPP

×=
t

, 

(32) NaNa
Na

d
d QPP

×=
t

, 
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where Iapp is the current injected into the neuron through the patch-clamp pipette. To run 

a computer simulation of our model neuron, we would have to integrate these equations 

with an ODE solver. A real neuron "integrates" a similar set of differential equations, just 

more complex, to account for multiple cellular compartments, ion channel stochasticity, 

etc.  

In voltage-clamp, Iapp is in principle equal to the sum of all ionic currents, so as to keep V 

equal to the command voltage and dV/dt equal to a predefined value (e.g., zero for a 

constant voltage step, or a finite value for a voltage ramp). In this sense, Iapp becomes a 

measure of the total ionic currents active in the cell. In current-clamp, Iapp is typically 

used to test the firing properties of a neuron under a range of conditions. For example, 

Iapp can be a constant value to bias the membrane potential, or it can be a predefined 

waveform that mimics excitatory or inhibitory synaptic input. In dynamic-clamp, Iapp is 

not predefined. Instead, Iapp is calculated in real-time, as a function of the membrane 

potential V and some other quantities.  

How can dynamic-clamp be used to test a voltage-gated ion channel model in a live 

neuron? Let’s consider the case of Nav channels. First, we pharmacologically block the 

channel, with TTX in this case. As the Nav current was eliminated, the equations 

"integrated" by the cell simplify to just two: 

(33) ( ) appleakKd
d III
t
VC ++−= , 

(34) KK
K

d
d QPP

×=
t

. 
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Next, we replace the blocked current with a current generated by a Nav model that is 

solved on the computer. Effectively, we now have a hybrid biological-computational 

model that has the same set of ODEs, but two equations are "integrated" by the cell, and 

one is integrated on the computer:  

(35) ( ) appleakKd
d III
t
VC ++−= , "integrated" by the neuron 

(36) KK
K

d
d QPP

×=
t

,  "integrated" by the neuron 

(37) NaNa
Na

d
d QPP

×=
t

,  integrated on the computer 

where the injected current, Iapp, is now equal to the negative current generated by the Nav 

model, C
NaI− , plus a constant component, Iinj, that can be used to apply current steps or 

for other functions:  

(38) inj
C
Naapp III +−= . 

The channel model is solved on the computer over discrete time steps, using the recursive 

method:  

(39) VNa,tNa, tNa, APP ×=+ tδ , 

where ANa,V is the transition probability matrix calculated for a given membrane potential 

V. ANa,V can be pre-calculated over a voltage range (e.g., –100 to +100 mV, every 0.1 

mV) and stored in a look-up table. As illustrated in Fig. 5, the model is solved in a real-

time computational loop, where every iteration corresponds to one integration step. For 
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each iteration, V is read from the amplifier through the digital acquisition card (DAQ). 

Depending on V, the appropriate A matrix is selected from the look-up table and used to 

update NaP . Then, C
NaI is recalculated and injected into the neuron via Iapp. This loop must 

execute fast enough so that the voltage at the membrane does not change significantly 

within one iteration, which would invalidate both the selected ANa,V and the injected 

current C
NaI . The update rate should match the maximum rate of voltage change, which is 

typically the rising phase of the action potential. An update every 20 µs (50 kHz), or 

faster, is generally adequate. Once an update interval is chosen, every iteration of the 

loop should be completed precisely within that time. To ensure predictable time steps 

with minimum variability, the code should run with real-time priority on the computer.  

5.2 Equipment and software 

While dynamic-clamp can be performed under a variety of electrophysiology paradigms, 

we focus here on whole-cell patch-clamp experiments in neurons [80]. Thus, in addition 

to the equipment and software used for patch-clamp, one also needs a digital acquisition 

card, a dedicated computer, and specialized software for real-time computation. Ideally, 

the patch-clamp amplifier should feature "true" current clamp. We had good results with 

HEKA's EPC 9 and 10 amplifiers, as well as with Molecular Devices' Multiclamp 700B. 

EPC 10 is more convenient, because it allows summation of external and internal current 

in current-clamp mode. In contrast, the Multiclamp amplifier has only one input 

connection for applied current, which is normally used by the external DigiData digitizer. 

A solution in this case is to use an electronic summation circuit or a mechanical switch 

box. Although we don't have first-hand experience with other instruments, there are 
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several commercially available patch-clamp amplifiers that feature true current clamp, 

e.g., those made by A-M Systems, NPI, Warner Instruments, etc. 

Although some patch-clamp amplifiers already include an internal (EPC 10) or external 

(Multiclamp 700B) digitizer, these are not necessarily optimized for real-time feedback 

acquisition, where, in a very short time (tens of microseconds), a sample is read from the 

analog input, processed on the CPU, and another sample is written to the analog output. 

With a few exceptions (e.g., the hardware-based dynamic-clamp device commercialized 

by Cambridge Electronic Design), all dynamic-clamp applications use digitizers made by 

National Instruments. At the time of writing, we recommend the NI PCIe-6351 or NI 

PCIe-6361 (slightly faster) boards, which have been optimized for very low latency. One 

should be aware that the manufacturer typically specifies the maximum rate for buffered 

acquisition, not for real-time applications. Transferring one single sample across the PCIe 

bus has a finite latency that limits dramatically the throughput rate in real-time 

acquisition. For example, the maximum rate that we could obtain with a NI PCIe-6361 

card is ~220,000 computational cycles per second, even though the board can acquire 2 

million samples per second in buffered mode. Nevertheless, a throughput rate like this is 

excellent, being comparable with the bandwidth of the patch-clamp amplifier in current-

clamp. 

Historically, the first dynamic-clamp programs were coded in some flavor of real-time 

Linux [184-186]. At the time, obtaining acceptable real-time performance under the MS 

Windows operating system − or any other non-real-time OS − was simply not possible. 

On such a system, user programs can be interrupted at random by other programs, or by 

the operating system itself. Another limitation at the time was the driver provided by 
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National Instruments for programming their boards, which was incredibly slow for real-

time applications (~1,000 cycles per second, according to our tests). However, the 

situation has completely changed over the last ten years, with the development by 

National Instruments of new digitizers and optimized drivers, with the advent of multi-

core processors and an improved PCIe bus, and with the general increase in CPU speeds. 

Today, dynamic-clamp software can be run in MS Windows with excellent real-time 

performance, on par with what is achieved under real-time Linux.  

Dynamic-clamp programs are available for both real-time Linux [80] and MS Windows 

[28, 74, 130, 187]. For the more biophysically-inclined user, we recommend our own 

implementation of dynamic-clamp in the QuB software, which runs under MS Windows 

(www.milesculabs.biology.missouri.edu/QuB). The major advantages are integration 

with a variety of ion channel modeling algorithms, a powerful scripting language for 

customized models and protocols, and sophisticated methods for solving Markov models 

of ion channels, deterministically or stochastically. The only method that can be used to 

solve large Markov models accurately is the matrix method described in this chapter, 

which is available in our software. Once a few quantities are pre-calculated and stored in 

look-up tables, very large Markov models can be solved using only vector − matrix 

multiplications, which can be executed very quickly on modern CPUs or on graphics 

processors (GPUs). For example, we were able to run models with as many as 26 states at 

50 kHz or faster [130]. The matrix method is also very stable and accurate, even with 

long sampling intervals, which is generally not the case with methods that rely 

exclusively on ODE solvers to advance the state probabilities. In particular, integration 
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with the Euler method, which is practically the only one that is fast enough for real-time 

applications, is bound to fail with even small Markov models [130].  

In principle, any desktop computer can be used for dynamic-clamp. However, for high-

performance applications (large models and high throughput rates), we recommend a fast 

computer that is used exclusively to run the dynamic-clamp engine. We had the best 

results with multicore Intel Xeon CPUs, installed in dual-processor server-grade systems. 

For example, the computer that we currently use in the lab has two Intel Xeon E5-2667 

v2 8-core processors, clocking at 3.3 GHz, and runs Windows 7 Pro 64-bit. Our system 

was built by ASL, Inc., but many other computer integrators sell configurable systems. 

Of all the components, the most critical are the CPU and the motherboard.  

5.3 Preparing and running a dynamic-clamp experiment 

Setting up a dynamic-clamp experiment involves a few steps. First, the voltage monitor 

output of the patch-clamp amplifier should be connected to one of the analog inputs of 

the National Instruments digitizer, while the external current input of the amplifier should 

be connected to one of the analog outputs of the digitizer. Next, one needs to zero the 

offsets and calibrate the scaling factors between the amplifier and digitizer, for both input 

and output.  The calibration procedure depends on the specific dynamic-clamp software 

but the idea is to make sure that the membrane voltage value read into the dynamic-clamp 

software is the same as the value reported by the patch-clamp amplifier. Likewise, the 

external current reported by the amplifier should match the current sent by the dynamic-

clamp software. In our experience, there are always slight offsets of a few mV in 

membrane potential and a few pA in injected current, between the amplifier and the 
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digitizer. These offsets must be compensated for in the software. In particular, one should 

be careful that the amplifier receives no unwanted external current when Iapp is equal to 

zero, as even a small current of a few pA can alter the firing pattern of a neuron. Most 

amplifiers have adjustable gain in current-clamp (e.g., 1 pA / mV). The smallest gain 

should be selected that still allows the injection of the largest current that might be 

predicted by the model. For example, a model-based Nav current ranges from a few pA 

in the interspike interval, small but sufficient to influence neuronal firing properties, to 

several nA during an action potential.  

The pipette capacitance should be reduced as much as possible by coating with Sylgard 

or other agents. In our experience, the residual capacitance should be no more than 5 − 6 

pF, otherwise ringing may occur in dynamic-clamp when large currents are injected, 

particularly with Nav currents during action potentials. Once a patch is obtained, the 

typical artifact estimation and compensation procedures should be applied for series 

resistance and pipette capacitance, as well as for membrane capacitance. Then, upon 

switching to current-clamp, the pipette capacitance compensation should be slightly 

reduced (10 − 20 %) to avoid ringing, while series resistance should be compensated 100 

%. 

An example of a dynamic-clamp experiment is shown in Fig. 6, adapted from a previous 

study on serotonergic Raphé neurons in the brainstem [154]. In that study, the voltage-

gated sodium current was investigated with voltage-clamp to determine its kinetic 

mechanism, and tested with dynamic-clamp to determine its contribution to the neuronal 

firing. These neurons exhibit a pattern of spontaneous spiking with low frequency (1 – 5 

Hz) and broad action potentials (4 – 5 ms), as shown in panel A, top traces. Other 
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properties that are visible during a current step injection are a slow reduction in spiking 

frequency, a broadening of the action potential shape, and a reduction in spike height. A 

slow kinetic process was also observed in the voltage-clamp data  [15, 16, 154, 188], 

which has been explained by adding an inactivated state to the Kuo and Bean Nav model, 

as shown in Fig. 7. After blocking Nav channels with TTX and injecting this model into 

the cell, a firing pattern was obtained that exhibited the same spike frequency and shape 

as the control, maintained under a range of injected current values (panels A and B, lower 

traces). For this experiment, a unitary conductance of 10 pS was used and the total 

number of Nav channels, NC, was chosen so as to match the maximum slope of the action 

potential rising phase between control and dynamic-clamp experiments. In most of the 

examined cells, NC was ≈ 20,000.  

The model with an additional inactivated state also reproduced the slow adaptation in 

frequency and action potential shape. A logical follow-up question is whether the 

adaptation in firing properties is caused by the slow inactivation detected within the 

kinetic mechanism. If true, then a dynamic clamp-injected current based on a model that 

lacks slow inactivation should not result in adaptation. Indeed, as shown in Fig. 6C, this 

model generates a spiking pattern that clearly differs from the control: the spike height 

remains constant and only the falling phase of the action potential is slowed down. One 

should remember that the slope of the rising phase is proportional to the total number of 

Nav channels that are available to generate current, whereas the falling phase depends 

mostly on Kv channels. The explanation for the observed spike shape adaptation is that 

more and more Nav channels enter the slow inactivated state after each action potential, 

leaving progressively fewer channels available to contribute current to the rising phase.  
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Clearly, in this case the kinetic model obtained from voltage-clamp data was well 

validated by the dynamic-clamp experiment. However, the keen observer will have 

noticed a small but important difference: the action potential starts more abruptly in 

control than with the model (Fig. 6A2 and B2). In fact, this is not a shortcoming of the 

kinetic model but a technical limitation of the brain slice preparation, where neurons 

maintain their processes intact. Although Nav channels are distributed throughout the cell 

in the soma, dendrites, and axon [189, 190], the axonal initial segment [191] has special 

properties that make it the site of action potential initiation [192-194]. From the axonal 

initial segment, the action potential back-propagates to the soma, causing the abrupt onset 

[188, 195-197]. In contrast, the model-based current is injected strictly in the soma, 

which becomes the site of action potential initiation. This configuration resembles the 

case of dissociated neurons that have lost their axon and exhibit similarly smoothly-rising 

action potentials. Nevertheless, this abrupt action potential onset can be reproduced in a 

dynamic clamp experiment by adding a virtual axonal compartment that generates its 

own spike and thus contributes additional current to the rising phase of the somatic action 

potential [130]. Overall, it is quite remarkable that basic spiking properties are 

reproduced so well by a soma-injected model-based current.  
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Figure 1. From model to data. A simple ion channel model (A) was used to simulate 

single-channel (B) and macroscopic (C) currents in response to a voltage step (D). The 

macroscopic current was simulated with an ensemble of 1000 channels, either 

deterministically (black trace) or stochastically (red trace). The inset shows a fit of the 

stochastic macroscopic current (red) with a two-exponential function. The individual 

exponential components of the fit line are also shown (green and blue). 	  
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Figure 2. Designing voltage-clamp protocols for Na+ currents. To gather information 

about the kinetic mechanism, the channels are forced to make transitions between 

different sets of states, as follows: deactivated to open to inactivated (A), deactivated to 

inactivated to open (B), non-inactivated to inactivated (C), and inactivated to non-
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inactivated (D). Raw data are further processed to extract state occupancies as a function 

of time and voltage (E and F). Adapted from [154].   
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Figure 3. Representing ion channel kinetic mechanisms with state models. This 

model has been formulated for Nav channels [162]. States C1...C5 and O6 represent the 

non-inactivated channel, whereas I7...I12 are inactivated states. O6 is the only conducting 

(open) state. The pathway from either C1 to C5, or from I7 to I12, corresponds to the 

activation of the four voltage sensors, assumed to be equal and independent. This 

assumption is denoted by the 4:3:2:1 or 1:2:3:4 ratios in the factors multiplying the αm or 

βm rates. The C5 to O6 transition corresponds to the opening of the channel. The model 

allows the channel to inactivate without opening, from any of the closed states C1...C5. 

However, the channel is most likely to inactivate from the open state O6, or when more 

voltage sensors are activated (e.g., from C5). This property is implemented via the 

allosteric factors a and b, which control the equilibrium and transition frequency between 

closed and inactivated states. The I7...I11 transition rates also include the allosteric factors 

a and b, to satisfy microscopic reversibility. When the channel reaches the open state O6 

upon membrane depolarization, it is quickly and completely absorbed into the inactivated 

states I12 and I11. Inactivation from closed states happens more slowly, which gives the 

channel a chance to open before it inactivates during an action potential [154]. The only 

rates with significant voltage-sensitivity are αm and βm. The allosteric coupling between 

activation and inactivation can explain the apparent voltage sensitivity of inactivation but 
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also the minimal electrical charge detected to move within the channel during 

inactivation. 
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Figure 4. Fitting the data. An example where macroscopic data obtained with several 

voltage-clamp protocols, as discussed in Fig. 2, were pooled together and fitted with the 

kinetic mechanism shown in Fig. 3, using a computational algorithm that minimized the 

sum of squared errors. The response of the model to the same voltage-clamp protocols as 

used to record the data is represented by the red trace, which corresponds to the best 

parameters found by the optimizer. Adapted from [154].   
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Figure 5. Testing ion channel models in live neurons with dynamic-clamp. As 

illustrated here, a Nav current is blocked with TTX and replaced with a model-based 

current, which is calculated in real-time on the basis of a model and injected into the 

neuron via the patch-clamp pipette [130]. 	  
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Figure 6. Validating the kinetic mechanism in a live neuron. The figure compares the 

spiking patterns of a neuron under control conditions and with the Nav current blocked 

with TTX and replaced with a model-based current injected with dynamic-clamp. A Nav 

model based on the kinetic mechanism shown in Fig. 7 was able to explain well the firing 

properties, including the slow adaptation in action potential shape and frequency (A and 

A1 

B1 

A2 

C1 

B2 

C2 
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B, lower traces, and C, upper traces). In contrast, the Nav model shown in Fig. 3 could 

not reproduce the slow adaptation (C, lower traces). Adapted from  [154].	  
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Figure 7. A Nav channel kinetic mechanism obtained from voltage-clamp data and 

validated in live neurons. An inactivated state (I13) with special properties was added to 

the Kuo and Bean model [162] to explain voltage-clamp data and neuronal firing 

behavior [154]. 	  
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Chapter 4 

Estimating kinetic mechanisms with prior knowledge 

Abstract 

Ion channel gating mechanisms can be complex and difficult to extract from experimental 

data. A solution is to apply parameter constraints, which reflect prior knowledge or tested 

hypotheses and reduce model complexity and speed up computation. Here we discuss 

two types of constraints: (i) constraints that enforce an explicit mathematical relationship 

involving one or more parameters of the model and (ii) constraints that do not explicitly 

refer to model parameters but quantify a model behavior. These constraints can be 

formulated as an invertible transformation between a set of model parameters and a set of 

“free” parameters. Linear constraints, such as microscopic reversibility or scaling 

between sequential transitions, can be conveniently obtained with the singular value 

decomposition. We show how this method can be generalized to implement arbitrary 

linear constraints between model parameters, such as allosteric factors. Furthermore, we 

explore some useful ways for implementing inequality constraints, where the parameter 

search engine is limited to a smaller space of more acceptable values, and how to enforce 

behavioral constraints.   

Introduction 

Ion channels and other proteins are highly adapted to perform specific functions in the 

cell. To give just one example, the pacemaker serotonergic neurons in the ventral raphé 

rely in part on voltage-gated sodium (Nav) channels with finely tuned kinetic properties 

[154]. To enable action potentials of specific shape and frequency in these neurons, Nav 

channels must leak a tiny current at sub-threshold potentials to depolarize the membrane 
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and cause it to spontaneously fire. To ensure maximum inward current and sharp action 

potentials, Nav channels should not inactivate too quickly at membrane potentials just 

below the spike onset (10-20 ms time constant). However, once the spike has been 

initiated, they must inactivate immediately (sub-millisecond time constant), to limit Na+ 

influx for good energetic efficiency [198]. Then, as soon as the spike has terminated, Nav 

channels must recover quickly from inactivation (in milliseconds), to be able to sustain 

the next action potential. Finally, the overall channel availability is regulated by a 

feedback mechanism that involves auxiliary factors [199], to maintain spiking at the 

relatively low rates that are specific to these neurons [154]. 

The properties that allow Nav channels to perform such complex and well calibrated 

behavior are encoded in the kinetic mechanism, defined as a set of conformational and 

functional states, interconnected by a network of state transitions that may depend on 

membrane potential, tension, or other physical variables [42]. Understanding ion channel 

function requires a good decryption of the kinetic mechanism. The same is true for all 

proteins, from ion channels and receptors, to enzymes and molecular motors. However, 

building accurate, biophysically realistic models that describe well the channel at the 

molecular level but also have good predictive power for its cellular function is not trivial. 

In principle, a good model should be formulated on the basis of existing knowledge, 

theoretical and experimental, and then tested and updated by fitting new experimental 

data [134, 200-206]. For example, when we have whole-cell voltage-clamp records 

available for modeling, we would still want to take advantage of other results obtained 

through single channel experiments or via patch-clamp fluorometry, and obtain a model 

that also explains those data.  
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How do we introduce prior knowledge into the model? We present here some strategies 

towards answering this question. At the most basic level, structural assumptions about the 

kinetic mechanism are implicitly stated by choosing a specific topology (number of states 

and connectivity) [162], as we explain here with an example from the literature. Even 

more detailed knowledge can be introduced by defining a set of constraints that the model 

has to satisfy, while also explaining new data. Constraints can be formulated as explicit 

mathematical relationships between rate constants or other model parameters, or can 

specify the behavior of the model. We build upon a method for enforcing linear 

constraints between rate constants [46, 48] and extend it to cover arbitrary linear 

constraints between model parameters, including allosteric factors. Furthermore, we 

provide a new formalism for handling inequality relationships. Finally, we test a method 

for implementing behavioral constraints and any other nonlinear relationships. The theory 

and the algorithms described here can be coupled to any of the existing methods for 

solving molecular kinetics.  

Theory and algorithms 

Kinetic mechanisms 

Ion channel kinetic mechanisms are well described by state models, which simplify the 

continuum of conformations that can be assumed by the molecule to a small set of 

discrete states that can be detected experimentally or inferred statistically. These states 

correspond to various conformations of functional and structural elements, such as resting 

or activated voltage sensors, bound or unbound ligand, closed or open pore, inactivated or 

non-inactivated channel, etc. Direct transitions are permitted between certain states, and 

the frequency of these transitions is quantified by rate constants, which can be functions 
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of membrane potential or ligand concentration [207]. Here, we assume that all rate 

constants follow the Eyring formalism (Eq. 1) [43], with the implication that complexity 

in kinetic behavior should be explained with more elaborate state models, rather than 

through over-parameterized and ad-hoc rate constant expressions. 

Accordingly, voltage-dependent rate constants are simple exponential functions of 

voltage: 

 (1) Vkkk ××=
1
ije0

ijij , 

where ijk  is the rate constant of the transition from state i to state j, and V is the 

membrane potential. The 0
ijk  value is the rate constant at zero membrane depolarization, 

while the 1
ijk  value is the voltage sensitivity factor, described as follows: 

 (2) ( ) ( )TRFzk ×××= /ij
0
ij

1
ij δ , 

where zij is the electrical charge moving over the fraction δij of the electric field, F is 

Faraday’s constant, R is the gas constant, and T is the absolute temperature. For voltage-

insensitive rates, 1
ijk  is zero. Rate constants for state transitions that represent the binding 

of a ligand have the following expression: 

 (3) [ ]Lkk ×= 0
ijij , 

where 0
ijk  is the rate constant at unitary ligand concentration and [L] is the concentration 

of the ligand.  
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The set of 0
ijk  and 1

ijk  values are the main parameters of the kinetic mechanism. These 

parameters, together with the topology of the model (the set of states and the transition 

connectivity), fully specify the kinetic mechanism [42]. Markov models, computational 

algorithms, and software have been adapted and developed to extract the kinetic 

mechanism from the experimental data [44, 45, 48, 143, 208-211]. A computational 

procedure for finding the "best" parameters for a proposed model topology combines an 

algorithm that measures how well a given model explains the data with an optimization 

engine that searches the parameter space for a solution [160]. The optimal solution 

minimizes a cost function (e.g., the sum of square errors between experimental data and 

model prediction) or maximizes a probability function (e.g., the likelihood that the 

experimental data were generated by the model, or the Bayesian posterior probability) 

[45-47, 149, 151, 212]. As model parameters are estimated from experimental data, they 

must also satisfy all the assumptions built in the model. 

Constraints 

We classify constraints in two groups (Fig. 1): in the first group, a constraint is 

formulated as an explicit mathematical relationship that involves rate constants or other 

model parameters. An example is the scaling of one rate constant to another, or restricting 

the range of a parameter to positive values. The second group represents constraints that 

quantify the behavior of the model under certain conditions, without explicitly referring 

to model parameters. An example is constraining the maximum open probability of a 

channel to be equal to a numerical value. 

1. Parameter constraints 
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To better explain what parameter constraints are, we will illustrate with the kinetic 

mechanism shown in Fig. 2, adapted from the model proposed by Kuo and Bean [162] 

for voltage-gated sodium (Nav) channels (Fig. 2B).  

1.1 Model assumptions 

The model in Fig. 2B was originally formulated with a number of mechanistic 

assumptions in mind, which are reflected in the number of states and connections, and in 

the mathematical relationships between various kinetic parameters. The first assumption 

is that channel activation involves four identical and independent voltage sensors, and all 

four must be activated to open the pore. Thus, to simplify the kinetic mechanism, all 

closed states with the same number n of activated (or resting) sensors are lumped into a 

single compound state. The result is the five-state activation pathway C1...C5. The 

frequency of activation or deactivation transitions for any of the compound states C1...C5 

is n times the frequency of the corresponding transition for a single sensor [213-215]. For 

example, when the channel resides in a closed state that has one activated and three 

resting voltage sensors (C2), the compound activation rate ( 3,2k ) is three times the 

activation rate of a single sensor ( 5,4k ). If 5,4k  and 1,2k  are the transition rates of a single 

sensor activating or deactivating, respectively, the assumption of identical and 

independent voltage sensors is expressed by the following mathematical relationships, 

where a rate is scaled to another rate by a constant factor:  

 (4) 5,44,3 2 kk ×= , 

 (5) 5,43,2 3 kk ×= , 
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 (6) 5,42,1 4 kk ×= , 

 (7) 1,22,3 2 kk ×= , 

 (8) 1,23,4 3 kk ×= , 

 (9) 1,24,5 4 kk ×= .  

Any deviation from the condition of identical and independent voltage sensors will 

require a model with a different number of states, connections, and multiplication factors 

for the activation pathway. In fact, these constant multiplication factors (2, 3, 4) could be 

replaced with unknown cooperativity factors, to be determined from the experimental 

data, similar to the inactivation allosteric factors introduced next. 

Another assumption is that the channel can inactivate not only from the open state O6, but 

also from any of the C1...C5 closed states [213]. However, the transition into inactivation 

from the closed states depends on the state of activation: as more voltage sensors are 

activated, inactivation becomes faster and more profound [162, 163, 216, 217]. This 

property is implemented with the allosteric factors a and b, which are unknown and need 

to be determined from the data.  Taking 7,1k  and 1,7k  as references, this assumption is 

expressed by the following mathematical relationships, where a rate is scaled to another 

rate by a variable factor: 

 (10) 7,18,2 kak ×= , 

 (11) 7,1
2

9,3 kak ×= , 

 (12) 7,1
3

10,4 kak ×= , 
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 (13) 7,1
4

11,5 kak ×= , 

 (14) 1,7
1

2,8 kbk ×= − , 

 (15) 1,7
2

3,9 kbk ×= − , 

 (16) 1,7
3

4,10 kbk ×= − , 

 (17) 1,7
4

5,11 kbk ×= − .  

Furthermore, the voltage sensors can also activate while the channel is inactivated, along 

the I7...I11 pathway, but with different kinetics, also encoded by the allosteric factors a 

and b. Thus, we have another set of similar mathematical relationships: 

 (18) 5,411,10 kak ×= , 

 (19) 4,310,9 kak ×= , 

 (20) 3,29,8 kak ×= , 

 (21) 2,18,7 kak ×= , 

 (22) 1,2
1

7,8 kbk ×= − , 

 (23) 2,3
1

8,9 kbk ×= − , 

 (24) 3,4
1

9,10 kbk ×= − , 

 (25) 4,5
1

10,11 kbk ×= − . 

Overall, this allosteric coupling between activation and inactivation can explain the 

apparently contradictory findings that inactivation is strongly voltage-sensitive but only 

minimal electrical charge is detected to move within the channel during inactivation 

[166].  
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Finally, the last assumption is that the channel satisfies the condition of microscopic 

reversibility (no energy input is required for gating). Under this condition, for any 

reaction loop in the model, the clockwise product of rates around the loop must equal the 

counterclockwise product [50, 218-220]. As the model in Fig. 2A has five independent 

loops, the following mathematical relationships must hold true: 

 (26) 7,18,72,81,21,77,88,22,1 kkkkkkkk ×××=×××  (for the C1-C2-I8-I7-C1 loop), 

 (27) 8,29,83,92,32,88,99,33,2 kkkkkkkk ×××=×××  (C2-C3-I9-I8-C2), 

 (28) 9,310,94,103,43,99,1010,44,3 kkkkkkkk ×××=×××  (C3-C4-I10-I9-C3), 

 (29) 10,411,105,114,54,1010,1111,55,4 kkkkkkkk ×××=×××  (C4-C5-I11-I10-C4), 

 (30) 11,512,116,125,65,1111,1212,66,5 kkkkkkkk ×××=×××  (C5-O6-I12-I11-C5). 

1.2 Voltage-dependent and ligand-dependent rate constants 

Some of the mathematical relationships used to express parameter constraints may 

involve rate constants that are functions of membrane potential. Unless otherwise 

specified, all these mathematical relationships must be true for any membrane potential 

value. For example, the scaling relationship 5,44,3 2 kk ×=  (Eq. 4) can be expanded as 

follows: 

 (31) ( ) ( )VkkVkk ×××=×× 1
5,4

0
5,4

1
4,3

0
4,3 exp2exp . 

A logarithm transformation can be applied to convert products into sums: 

 (32) ( ) ( ) ( ) VkkVkk ×++=×+ 1
5,4

0
5,4

1
4,3

0
4,3 ln2lnln . 
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Rearranging the terms gives: 

 (33) ( ) ( ) ( ) ( )2lnlnln 1
5,4

1
4,3

0
5,4

0
4,3 =−×+− kkVkk . 

This relationship must be true when V = 0, in which case it simplifies to: 

 (34) ( ) ( ) ( )2lnlnln 0
5,4

0
4,3 =− kk . 

Using this result in Eq.34, we obtain:  

 (35) 01
5,4

1
4,3 =− kk . 

Thus, to enforce a scaling relationship between two voltage-dependent rate constants, the 

two mathematical relationships above (Eqs. 34 and 35) must be simultaneously satisfied. 

The same reasoning can be applied to other types of constraints. For example, after taking 

the logarithm and rearranging the terms, the loop balance constraint 

7,18,72,81,21,77,88,22,1 kkkkkkkk ×××=×××  (Eq. 26) becomes:  

 (36) 
( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )
( ) 0

lnlnlnlnlnlnlnln
1
7,1

1
1,7

1
8,7

1
7,8

1
2,8

1
8,2

1
1,2

1
2,1

0
7,1

0
1,7

0
8,7

0
7,8

0
2,8

0
8,2

0
1,2

0
2,1

=−+−+−+−+

−+−+−+−

kkkkkkkkV

kkkkkkkk
. 

For the above equation to be true, two mathematical relationships must be simultaneously 

satisfied:  

 (37) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) 0lnlnlnlnlnlnlnln 0
7,1

0
1,7

0
8,7

0
7,8

0
2,8

0
8,2

0
1,2

0
2,1 =−+−+−+− kkkkkkkk  and 

 (38) 01
7,1

1
1,7

1
8,7

1
7,8

1
2,8

1
8,2

1
1,2

1
2,1 =−+−+−+− kkkkkkkk . 
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Some kinetic mechanisms involve state transitions associated with the binding of a 

ligand. For example, a relationship where one ligand-dependent rate constant ijk  is scaled 

by a constant factor c to another ligand-dependent rate constant klk  can be expanded as 

follows: 

 (39) [ ] [ ]LkcLk ××=× 0
kl

0
ij , 

 (40) ( ) [ ]( ) ( ) ( ) [ ]( )LkcLk lnlnlnlnln 0
kl

0
ij ++=+ , 

with the final solution: 

 (41) ( ) ( ) ( )ckk lnlnln 0
kl

0
ij =− . 

Relationships involving voltage-dependent or ligand-dependent rate constants have some 

special restrictions: i) if a rate is scaled to another rate, their voltage sensitivities must be 

equal (or trivially zero). Thus, a voltage-dependent rate cannot be scaled to a non-

voltage-dependent rate, (only for a single voltage value); ii) if a loop involves only one 

voltage-dependent transition, then the forward and backward voltage sensitivity factors 

must be equal (or zero). A more typical and useful scenario would require at least two 

voltage-dependent transitions in the loop; and iii) a mathematical relationship that 

involves ligand-dependent transitions cannot be satisfied for all ligand concentrations, 

unless the algebraic sum of all the ln([L]) terms is equal to zero. Thus, a ligand-dependent 

rate cannot be scaled to a non-ligand-dependent rate (only for a single ligand 

concentration value). In the case of microscopic reversibility, this condition requires that 

the clockwise and counterclockwise transitions around the loop involve the same number 

of ligand-dependent steps. When the channel binds multiple types of ligands, each type 
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must satisfy these conditions. Models formulated without taking these precautions are, in 

principle, physically unrealistic.  

1.3 Inequality constraints 

So far, we have only considered parameter constraints that are formulated as 

mathematical equalities. However, prior knowledge may also be expressed through 

inequality parameter constraints. First, there is a physical requirement that all pre-

exponential rate parameters 0
ijk  must be greater than zero. Likewise, the ka  quantities 

must also be restricted to positive values when they represent allosteric factors that 

multiply rate constants. Both these constraints are automatically handled by the logarithm 

transformation of variable, as explained further down. In contrast, the exponential factors 

1
ijk  are in principle free to take any value in the (–∞, +∞) range. Nevertheless, one could 

think of a variety of inequality constraints. For example, we may want the voltage 

sensitivity parameter to be greater than zero for voltage sensor activation, and smaller 

than zero for deactivation: 

 (42) 01
ij ≥k   activation, 

 (43) 01
ji ≤k   deactivation. 

In reality, these values can both have the same sign: as long as the activation value is 

more positive than the deactivation value, the channel will be more activated at more 

positive membrane potentials. Nevertheless, this constraint could be a useful working 

hypothesis, which could be later relaxed.  
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As another example, we may want a ratio between two rate constants at a certain 

membrane potential V0 to be smaller than a numerical constant c: 

 (44) ckk ≤klij / , 

 (45) ( )( ) ( )( ) cVkkVkk ≤×××× 0
1
kl

0
kl0

1
ij

0
ij exp/exp , 

 (46) ( ) ( ) ( ) ( )ckkVkk lnlnln 1
kl

1
ij0

0
kl

0
ij ≤−×+− . 

These “≤ ” or “≥” inequalities can be converted to equality relationships by subtracting 

or adding, respectively, a positive quantity to the right hand side. For example, in Eq. 46 

we can subtract z2, a quantity that by definition is positive: 

 (47) ( ) ( ) ( ) ( ) 21
kl

1
ij0

0
kl

0
ij lnlnln zckkVkk −≤−×+− . 

As long as the inequality condition in Eq. 47 above is satisfied, we can find a value for z 

that converts the inequality into an equality: 

 (48) ( ) ( ) ( ) ( ) 21
kl

1
ij0

0
kl

0
ij lnlnln zckkVkk −=−×+− . 

If we want the above ratio between two rate constants to be smaller than a numerical 

constant at any voltage V, not just V0, then we have: 

 (49) ( ) ( ) ( ) ( ) 21
kl

1
ij

0
kl

0
ij lnlnln zckkVkk −=−×+− . 

Since this is an equality, we follow the same reasoning as for equality constraints: the 

above relationship must also be true when V = 0, and thus we obtain two simultaneous 

relationships: 
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 (50) ( ) ( ) ( ) 20
kl

0
ij lnlnln zckk −=− , 

 (51) 01
kl

1
ij =− kk . 

In the jargon of optimization theory, z is called a "slack" variable [221]. With equality 

constraints, one has to find a set of model parameters that satisfy a set of relationships. 

When inequalities are added to the model and transformed into equalities using slack 

variables, one has to find both a set of model parameters and a set of slack variables that 

together satisfy the constraint relationships. A slack variable is not a true parameter of the 

model, but is temporarily used to handle inequality constraints during the search for 

optimum parameters. Very importantly, the quantity added or subtracted via slack 

variables must take positive values, which is why we use z2 and not z.  

1.4 A general equation for linear parameter constraints 

All the mathematical relationships that were used to implement the assumptions made for 

the Nav model in Fig. 2B have something in common: regardless of type (scaling, 

microscopic reversibility, etc.), each of the above equality and inequality parameter 

constraints results in one or two equations involving ( )0ijln k , 1
ijk , ( )kk af , and z2, each 

multiplied by a constant. Thus, a general form that covers all these examples can be 

written as follows: 

 (52) ( )[ ] [ ] ( )[ ] CafCkCkC =×+×+× ∑∑∑
k

kkk
ji,

1
ij

1
ij

ji,

0
ij

0
ij ln ,  

 (equality) 
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 (53) ( )[ ] [ ] ( )[ ] 2

k
kkk

ji,

1
ij

1
ij

ji,

0
ij

0
ij ln zCCafCkCkC z ×+=×+×+× ∑∑∑ ,

 (inequality) 

where 0
ijk  and 1

ijk  are the kinetic parameters of rate constant ijk , ka is a model parameter 

that describes allosteric coupling, cooperativity, or other kinetic properties, kf  is an 

invertible function of ka  (e.g., the logarithm ( ) ( )kkk ln aaf = , or the identity ( ) kkk aaf = ), 

and 0
ijC , 1

ijC , kC , C, and Cz are numerical constants. Cz is equal to 1 for a “≥ ” inequality, 

and equal to -1 for a “≤” inequality.   

Specific parameter constraints (e.g., scaling a rate constant to another) can be obtained 

from the general equation by selecting a subset of ( )0ijln k , 1
ijk , and ( )kk af  via non-zero 

multiplication constants. As shown in the above examples, a variety of useful constraints 

can be implemented using this mechanism: making a rate equal to a constant, scaling two 

rates by a constant factor, scaling two rates by a variable factor, constraining the total 

charge for a set of transitions, enforcing microscopic reversibility, constraining a reaction 

loop out of microscopic balance by an unknown factor, restricting a model parameter to a 

range, etc. (see Appendix). 

1.5 Converting model parameters to free parameters 

One can easily verify that Model B in Fig. 2 is parameterized in such a way as to 

implicitly satisfy most assumptions: identical and independent voltage sensors, allosteric 

coupling of inactivation to activation, and microscopic reversibility. For example, the 

condition of identical and independent voltage sensors is enforced by the 4, 3, 2, 1, or 1, 
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2, 3, 4 factors multiplying the αm or βm quantities, respectively. In other words, any 

values can be assigned to the model parameters (i.e., 0
mα , 1

mα , a, b, etc.), and the 

assumptions will be automatically satisfied. There is only one exception: the C5-O6-I12-

I11-C5 reaction loop is not implicitly balanced. In this case, we have: 

homhhmohmhhomo ab ααββαββα ××××=×××× − 44 . This relationship is not inherently 

true. Instead, it must be enforced by choosing an appropriate set of numerical values for 

all the parameters involved.   

To formulate a parameterization that implicitly satisfies all parameter constraints, one 

must be able to identify a subset of independent model parameters that can be estimated 

from data, and a subset of dependent parameters that can be simply derived from the 

independent ones (as it is the case with Model B). In some cases, finding this 

parameterization is not trivial [50]. Moreover, it's not clear how to handle constraints 

defined by inequality relationships. A potentially easier and more flexible strategy is to 

define the constraints as an invertible transformation fC between a set of model 

parameters K and a set of independent parameters X: 

(54) ( )KX Cf= , 

(55) ( )XK 1
C
−= f . 

The model is defined by the K parameters, which are interdependent and cannot take 

arbitrary values, but only those values that satisfy the user-defined parameter constraints. 

In contrast, the X parameters are independent of each other and are “free” to take any 

value in the (–∞, +∞) range. To fit the data, a model-blind optimizer can search without 
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any constraint in the parameter space defined by X, where it finds a solution X* that is 

converted, via the fC
–1 transformation, into a solution K* that best explains the data. The 

search is initialized with a set of free parameters X0, obtained via the fC transformation 

from an initial set of model parameters K0. If no constraints are formulated, fC is the 

identity transformation (X = K). In this case, the number of free parameters X is equal to 

the number of model parameters K. However, adding constraints will reduce the number 

of free parameters by one for each mathematical relationship, though it will add one slack 

variable z for each inequality constraint. This strategy can be applied to any model, no 

matter how many states and connections. Very conveniently, constraints can be easily 

reformulated to test different hypotheses, without the need to re-parameterize the model.  

If we want to implement the types of parameter constraints listed in the above examples, 

how do we define the fC transformation between model parameters K and free parameters 

X? In preparation for this, we need to recognize that the left-hand side of the generalized 

equation 52 is nonlinear with respect to 0
ijk  and ka . However, we can make the following 

invertible transformations of variable: 

 (56) ( )0ij0
ij ln kv = , 

 (57) ( )0ij0
ij exp vk = , 

 (58) ( )kkk afw = , 

 (59) ( )k
1

kk wfa −= . 

If ka  is an allosteric factor or a similar quantity that multiplies a rate constant ijk , then 

( )kk af  is ( )kln a , which is invertible. If ka  is a factor that multiplies a voltage sensitivity 
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parameter 1
ijk , then ( )kk af  is the identity function ( kk aw = ), which is obviously 

invertible as well. In all cases, the logarithm transformation has two desirable effects: it 

restricts the variables to positive values, and it scales the parameters to more similar 

values, making the optimization engine's job easier.  

We can rewrite the generalized equations 52 and 53 with these transformations of 

variable: 

 (60) [ ] [ ] [ ] CwCkCvC =×+×+× ∑∑∑
k

kk
ji,

1
ij

1
ij

ji,

0
ij

0
ij ,   (equality) 

 (61) [ ] [ ] [ ] 2

k
kk

ji,

1
ij

1
ij

ji,

0
ij

0
ij zCCwCkCvC z ×+=×+×+× ∑∑∑ . (inequality) 

The left-hand side of these equations is linear with respect to 0
ijv , 1

ijk , and kw . Next, we 

define a vector R, of dimension NR, that includes the sets of 0
ijv , 1

ijk , and kw . Thus, a 

parameter constraint is expressed as a linear relationship between the elements ri of R, as 

follows: 

 (62) CrC =×∑
i

ii
,   (equality) 

 (63) 2

i
ii zCCrC z ×+=×∑ , (inequality) 

where ri is equal to one of the 0
ijv , 1

ijk , or kw  variables, and Ci is equal to one of the 

numerical constants 0
ijC , 1

ijC , or kC , respectively. Then, assuming that we have NC 

constraint relationships, we can write the generalized constraint equations 62 and 63 

above in a more compact matrix form [48], as follows: 
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 (64) VRM =× , 

where M is a matrix of dimension NC x NR and V is a vector of dimension NC. Each row 

of M corresponds to the numerical constants on the left-hand side of the generalized Eq. 

60, while each element of V represents the right-hand side of Eq. 60 or 61: 

(65)

 

( ) ( ) ( )

( ) ( ) ( )
( )

( )

( ) ( )

( ) ( )
( )V

R

M

⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡

×+
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Thus, each linear relationship between the 0
ijv , 1

ijk , and kw  variables is encoded by row c 

of matrix M and element c of vector V. 

Equation 64 encapsulates in matrix form all the linear parameter constraints imposed on 

the model, including both equality and inequality relationships. Ignoring for now that V 

is not a constant vector because it depends (nonlinearly) on the slack variables z2, we can 

take advantage of the linear form of the matrix equation VRM =×  and express the 

transformed model parameters R as a linear function of free parameters X [208], and vice 

versa: 

 (66) BXAR +×= , 

 (67) RAX ×= −1 , 
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where the vector X, of dimension NX = NR - NC, contains the independent parameters. 

The matrix A, of dimension NR x NX, and the vector B, of dimension NR, can be 

determined from M and V using the singular value decomposition [208], as follows: 

 (68) T
MMM VSUM ××= , 

Where UM is an orthogonal matrix of dimension NC x NC, VM is an orthogonal matrix of 

dimension NR x NR, and SM is a diagonal matrix of dimension NC x NR that contains the 

singular values of matrix M. Then, A can be calculated as follows: 

 (69) 
RCRXR j,1i M1j,1i NNNNN ………… ==== =VA . 

The inverse of the A matrix, A-1, is similarly obtained from VM
-1. Since VM is orthogonal, 

VM
-1 is simply equal to VM transposed (VM

T). B can be calculated as follows: 

 (70) VMB ×= + , 

where the matrix +M , of dimension NR x NC, is the pseudo-inverse of M and can be 

calculated as follows: 

 (71) T
MMM USVM ××= ++ , 

where SM
+ is obtained from S by replacing all non-zero diagonal elements (the singular 

values) with their inverse. Note that Eq. 67 above is obtained from ( )BRAX −×= −1 , 

because A-1 multiplied by B is equal to a zero vector. 

How do we deal with inequality constraints and slack variables? The solution is actually 

quite simple. First, we define a vector Z, of dimension NZ, where NZ is equal to the 
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number of inequality constraints. This vector contains all the slack variables, one for each 

inequality constraint. Then, we define another vector X , which is the union of X and Z: 

 (72) ZXX ∪= . 

The elements of X  are independent of each other, and represent the free parameters 

given to the optimizer to find a solution *X : 

 (73) *** ZXX ∪= .  

Then, *Z  is used to recalculate V, which in turn is used to recalculate B. The A matrix 

remains the same, because the coefficient matrix M contains only constants. Thus, we 

can calculate the solution R* as follows: 

 (74) ( )*** ZBXAR +×= , 

 (75) ( ) ( )** ZVMZB ×= + . 

1.6 Redundant constraints 

One should take care to prevent redundancy and use only the minimum number of 

mathematical relationships that are necessary to implement the assumptions of the model. 

Mathematically, redundant constraints will reduce the rank of the M matrix. Intuitively, a 

constraint relationship is redundant if its intended consequence is already enforced by 

other relationships. For example, one could use either the scaling 2,18,7 kak ×= , or the 

scaling 5,48,7 4 kak ××= , but not both, because it would create an additional relationship 

between 2,1k  and 5,4k . Similarly, the condition that the algebraic sum of voltage 
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sensitivities around a reaction loop is equal to zero may be already enforced by some rate 

scaling relationships. In Appendix 1, we give a list of non-redundant constraints that can 

be applied to Model A in Fig. 2.  

1.7 Analytical gradients of the cost function 

When fitting a model to the data, the optimization algorithm may need the gradients of 

the cost function F with respect to the free parameters X . These gradients can be 

calculated by numerical approximation, but in some cases analytical calculation may be 

faster and more accurate. Regardless of the particular type of cost function (e.g., log-

likelihood, sum of square errors, etc.), F is an explicit function of the rate constants kij of 

the kinetic mechanism, and potentially a few other quantities (e.g., the number of 

channels in the preparation [46]. In turn, a rate constant kij is a function of the pre-

exponential and exponential parameters 0
ijk  and 1

ijk , which are part of the K set of kinetic 

parameters. Furthermore, these K parameters are functions of their corresponding 

parameters in the R set: 

 (76) ( ) ( )m0
ij

0
ij expexp rvk == , 

 (77) n
1
ij rk = , 

where rm and rn are the elements of R that correspond to 0
ijk  and 1

ijk  (see Eq. 65). Finally, 

the R parameters rm and rn are functions of the free parameter kx . Thus, the derivative of 

F with respect to a free parameter kx  can be calculated using the chain differentiation 

rule, as follows [46]: 
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 (78) ∑ ⎟
⎟
⎠

⎞
⎜
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⎝

⎛

∂
∂
⋅

∂

∂
⋅

∂
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∂
⋅

∂

∂
⋅

∂
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⋅
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∂
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∂
∂
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n

n

1
ij

1
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k

m

m

0
ij

0
ij

ij
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r

r
k

k
k

x
r

r
k

k
k

k
F

x
F . 

These partial derivatives can be calculated as follows: 

 (79) 0
ij

ij
0
ij

ij

k
k

k
k

=
∂

∂
, 

 (80) 0
ij

m

0
ij k
r
k

=
∂

∂
, 

 (81) Vk
k
k

×=
∂

∂
ij1

ij

ij , 

 (82) 1
n

1
ij =

∂

∂

r
k

, 

 (83) lk
k

l a
x
r
=

∂
∂   if X∈kx , 

 (84) klc

k

l 2 xm
x
r

××=
∂
∂ +   if Z∈kx , inequality constraint is "≥ " 

 (85) klc

k

l 2 xm
x
r

××−=
∂
∂ +   if Z∈kx , inequality constraint is "≤ ". 

where alk and m+
lc are elements in the A and M+ matrices, respectively. In the last two 

equations, the c index refers to the inequality constraint relationship that uses kx  as the 

slack variable. Using these quantities, the analytical derivative becomes: 

 (86) ( )∑ ×+××
∂
∂

=
∂
∂

ij
nkmkij

ijk

aVak
k
F

x
F    if X∈kx , 
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 (87) ( )∑ ++ ×+××
∂
∂

××=
∂
∂

ij
ncmcij

ij
k

k

2 mVmk
k
Fx

x
F   if Z∈kx , "≥ ", 

 (88) ( )∑ ++ ×+××
∂
∂

××−=
∂
∂

ij
ncmcij

ij
k

k

2 mVmk
k
Fx

x
F  if Z∈kx , "≤ ". 

1.8 Extension to other model parameters 

The core kinetic parameters of a model are 0
ijk , 1

ijk , and ka . However, other parameters 

may be added to the modeling framework, depending on the particular application. For 

example, when fitting macroscopic currents, one could also estimate the number of 

channels in the record, or the unitary current amplitude [46]. These parameters could be 

added to the K set of model parameters, together with the appropriate transformations 

into the R vector (logarithm, identity function, etc.). If the cost function F explicitly 

depends on these parameters, the gradient expression must be expanded as well [46].  

2. Behavioral constraints 

As shown above, a great amount of prior knowledge can be expressed as linear 

relationships between model parameters, resulting in constraints that can be handled with 

relatively straightforward linear algebra methods. However, some channel behaviors and 

properties cannot be easily formulated as explicit functions of model parameters, or they 

need nonlinear functions that are not so easily tractable. In principle, any piece of 

information about the channel that is not utilized as raw data in the fit could be 

considered a behavioral constraint. Estimating the kinetic mechanism by fitting the raw 

data must also satisfy this behavior. For voltage-gated channels, examples of important 

functional behavior include the open probability (Po), the voltage-dependent activation 
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(or inactivation), or the use-dependent availability. These behaviors cannot be easily 

formulated as functions of rate constants, except for very simple kinetic mechanisms, and 

must be specified together with a stimulation protocol (e.g., voltage-clamp).  

Why use behavioral constraints and not simply treat everything as data and fit it together? 

First, some model properties may be just theoretical or hypothesized, rather than 

observed. Second, and more importantly, constructing models that satisfy a broad variety 

of channel behaviors is critical, but not trivial. One difficulty is that it may require 

combining different methods for calculating the cost function for data sets of different 

type (e.g., maximum likelihood methods for single channel data and curve fitting for 

macroscopic data). For example, one may perform whole-cell experiments to investigate 

voltage-dependent activation and inactivation, but also record single channel data to more 

reliably determine Po. Furthermore, all these data sets, regardless of type, must be 

balanced by the model. This is also a nontrivial problem, known in the optimization 

literature as multi-objective fitting [222]. Some of these difficulties may be eliminated if 

we restrict the fitting to only one type of data and enforce model behavior via constraints.  

2.1 Formulating behavioral constraints 

Behavioral constraints can be formulated as either equality or inequality relationships. 

For example, we may want to constrain the Po of a model in different ways, such as:  

 (89) 5.0o =P , or 

 (90) 5.0o ≤P , or 



129	  
	  

 (91) 7.03.0 o ≤≤ P . 

Mathematically, any equality or inequality constraint could be converted to “ 0= ” or to 

“ 0≥ ”. Thus, the above constraints could be rewritten as follows:  

 (92) 05.0o =−P ,  

 (93) 05.0 o ≥− P ,  

 (94) 
⎭
⎬
⎫

⎩
⎨
⎧

≥−

≥−

07.0
03.0

o

o

P
P

. 

PO is a simple model behavior that can be described by a single numeric value and, 

therefore, implementing the constraint is straightforward. For example, one could 

calculate PO as an equilibrium value at a certain voltage or ligand concentration, or as the 

value reached at a certain time during a specific stimulation protocol.  

What about a more complex behavior, such as voltage-dependent activation or 

inactivation? To describe a behavior like this, one must simulate the model in response to 

the same experimental protocol as was used to generate the original data (for example, 

voltage steps). Then, one possibility is to simply calculate the error (or the likelihood) 

between the simulated and the experimental data sets (the current response to voltage 

steps). This approach is essentially the same as fitting multiple types of data together 

(multi-objective fitting). A potentially better strategy is to extract some features from the 

data (experimental or simulated) and reduce the behavior to just a few numbers. In the 

case of voltage-gated channels, typical features would be the V1/2 and the slope of the 
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activation (or inactivation) curve. Then, these numbers could be used to formulate 

constraints.  

The main advantage of formulating model behavior as a reduced set of features is that it 

captures what is important about the function of the channel. Then, if the model satisfies 

these features, it would also reproduce the function. One caveat, though, is that extracting 

these features may require some extra computational steps. For example, to obtain V1/2 

and the slope, one must find the peak of the current for each voltage step, and then fit the 

current-voltage or conductance-voltage curve with a Boltzmann equation. As many of us 

have experienced, Boltzmann and nonlinear fitting in general may require some user 

supervision, and embedding it into the automated parameter search procedure may be 

ineffective. Instead, one could simply use the entire current-voltage curve as the 

constraint, which is still better than using the entire raw data.  For an entire I/V curve, for 

example, a constraint could be formulated as follows: 

 (95) ( ) V
*

max fIVI =  21 VVV …= , 

where V is membrane potential, ( )VImax  is the peak current for each voltage step, *I  is 

the maximum peak current across all voltage steps, and Vf  is the experimentally 

determined fraction of activated (or non-inactivated) channels.  

One issue to consider is that the original data are contaminated with noise and artifacts. 

Therefore, it makes more sense to enforce model behavior as a range constraint, defined 

by two inequalities. Furthermore, this would allow for more flexibility to find a solution, 

in the case when multiple, exact constraints cannot be simultaneously satisfied. We note 
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that, instead of enforcing a range constraint, one could use a function to define how close 

the model is to the expected behavior (e.g., a Gaussian function). However, this approach 

would also be similar to multi-objective fitting. Obviously, enforcing a range constraint 

when the model behavior is described by an entire curve is more complicated than for a 

single number. Nevertheless, a possible solution would be the following: 

 (96) ( ) )()( V
*

maxV εε +≤≤− fIVIf ,  

where ε is a small positive number. This is equivalent to formulating an inequality 

constraint where the sum of squared errors between the two data sets is smaller than a 

constant: 

 (97) ( )( ) CfIVI
N

≤−∑
V

2
V

*
max

V

1 . 

where Nv is the number of voltage steps and C is a constant that can be determined 

empirically. Obtaining a model that satisfies this constraint is not the same as including 

the curve into a multi-data set fitting. As long as the model fits the curve within an 

acceptable error, the constraint is considered to be exactly satisfied. In other words, this 

constraint will not pull the model to fit the curve exactly, but only bring it into the 

acceptable range.  

2.2 Solving behavioral constraints 

We presented above some examples of behavioral constraints. In general, the problem we 

must solve is to find a model that best explains the experimental data but also satisfies a 
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set of equality or inequality constraints. Mathematically, the problem can be formulated 

as the minimization of a function subject to a set of nonlinear constraints: 

(98) 
( )

( )
( ) Ij

Ei

1,0
1,0:thatsuch

minimize

Njg
Nih

F

…

…

=≥

==

X
X

X
, 

where X  is the vector of free parameters, as defined above, ( )XF  is the cost function, 

and ( )Xih  and ( )Xjg  are equality and inequality constraints, respectively. If the cost 

function is the log-likelihood [46], which must be maximized rather than minimized, one 

can simply think of it as minimizing the negative of the log-likelihood.  

One possible solution to this constrained minimization is the method of penalties, which 

reformulates the problem as an unconstrained optimization, by adding a penalty term to 

the cost function ( )XF . Thus, the objective becomes minimizing a penalized cost 

function ( )α,' XF : 

(99) ( ) ( ) ( ) ( )∑∑ ×+×+=
j

2
jj

i

2
i,'minimize XXXX ghFF βαα , 

(100) 0>>α , 

(101) ( )
( ) ⎭

⎬
⎫

⎩
⎨
⎧

<

≥
=

0if
0if0

j

j
j X

X
g
g

α
β , 

where α is the penalty parameter.  

The main advantage of the penalty method is that it can be used with any optimization 

algorithm for non-constrained problems. The main issue, however, is the choice of the 
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penalty parameter α. On the one hand, if α is too small, the solution found by the 

optimizer will be pulled towards ( )XF , and the constraints defined by ( )Xih  and ( )Xjg  

may not be exactly satisfied. On the other hand, if α is very large, the solution will, in 

principle, satisfy the constraints, but the optimizer engine will have a hard time finding 

that solution, because the penalized cost function ( )α,' XF  will change very abruptly in 

the n-dimensional parameter space.  

A possible strategy is to find the solution iteratively, starting with a relatively small α, 

and increasing it until some convergence criteria are satisfied [223]. This is the approach 

we are taking here, as explained in Figure 3. 

2.3 Analytical gradients of the penalized cost function  

The gradients of the penalized cost function might be required by the parameter search 

engine. These could be calculated analytically as follows: 

 (102) ( ) ( ) ( ) ( ) ( ) ( )
k

j

j
jj

k

i

i
i

kk

2,'
x
g

g
x
hh

x
F

x
F

∂

∂
××+

∂
∂

×××+
∂
∂

=
∂

∂
∑∑

X
XXXXX

βα
α . 

The derivatives of hi and gj with respect kx  depend on the specific constraints used. 

However they will likely be implicit functions of kx , via model parameters in the K set, 

and thus will need to be calculated using the chain differentiation rule, as shown in the 

case of linear constraints. Ultimately, if the constraint functions are too complicated, the 

gradients can be approximated numerically. Whether the gradients are calculated 

analytically or numerically, one should keep in mind that inequality penalties are semi-
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differentiable and may throw off the optimizer. If this is the case, one possibility is to 

approximate the penalty into a differentiable function [224].  

Discussion 

In this article we describe methods for formulating and implementing parameter 

constraints for a given ion channel kinetic mechanism. We build upon an existing method 

[46, 48] and provide a generalized form for enforcing linear constraints between rate 

constants, and illustrate a new formalism for handling inequality constraints and 

nonlinear relationships that we call behavioral constraints. The objective of enforcing 

parameter constraints is to both minimize the parameter search space to reduce 

computational load, and find parameter solutions that reflect well any prior knowledge of 

the channel of interest. Fundamentally, any assumption made about the kinetic 

mechanism results in adding one or more computational constraints to the model. 

A consequence of constraints, however, is that the model will have less flexibility in 

explaining the data. This is clear for examples where two rates are linearly scaled, and the 

scaling constraint must be exactly satisfied. This may be difficult to satisfy when multiple 

such constraints are enforced. One approach to allow for more model flexibility, while 

simultaneously enforcing a constraint, is to use two inequality constraints where 

parameter solutions are acceptable within a range of values. Although this type of 

constraint will still generate a less flexible model with respect to an unconstrained model, 

it provides a middle ground between equality constraints and no constraints. In addition, 

inequality constraints are likely to result in more physically realistic solutions, as the data 

used for fitting will be contaminated by noise and artifacts. In contrast, however, with 
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equality constraints, the number of free parameters is not reduced by one for each 

inequality constraint, due to the temporary addition of the slack variable, z, used during 

parameter optimization.  

Generally, parameter constraints are formulated as explicit, linear mathematical 

relationships between rate constants or other model parameters, and a great amount of 

prior knowledge can be incorporated via these constraints. However, not all channel 

behavior that one may want to embed within the model as prior knowledge can be 

formulated as such, and thus establishing a method for implementing behavioral 

constraints is useful. Although, theoretically, one could include the behavioral data in the 

fit and eliminate the need for constraints, this approach would require multi-objective 

fitting where all data sets must be balanced by the model. In other words, one would have 

the nontrivial challenge of defining weights to each data set. Instead, we propose here a 

method for incorporating behavioral knowledge as either an inequality or equality 

constraint, by minimizing a penalized cost function. Although one would still need to 

choose the strength of the penalty factor, this can be done iteratively, and conveniently 

the penalty method can be used with any optimization algorithm. Ideally, behavioral 

constraints should refer to a condensed set of features from the data and formulated as an 

acceptable range rather than an equality. 

Importantly, in ongoing work, the theory and algorithms we describe here are being 

tested with an example, where we show how parameter and behavioral constraints can be 

introduced into a relatively complex model, such as the one shown in Fig. 2. The model 

has 16 state connections and two allosteric parameters (a and b), corresponding to a total 
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of 66 kinetic parameters: 64 0
, jik and 1

, jik , and 2 for a and b (NK = NR = 66). The linear 

parameter constraints that are being applied to the model are given in Appendix 2. There 

are 53 mathematical equations expressing equality constraints, and thus we have 66 - 53 

= 13 free parameters (NX = 13). We also formulated several inequality constraints, which 

do not change the number of free parameters: 

(103) 01
5,4 ≥k , 

(104) 01
1,2 ≤k , 

(105) 01
7,1 ≥k , 

(106) 01
1,7 ≤k , 

(107) 01
6,5 ≥k , 

(108) 01
5,6 ≤k . 

The data will be first fit enforcing only the linear parameter constraints and then fit with 

both the linear and behavioral constraints. The methods described here will provide the 

first demonstration of how behavioral channel data can be incorporated as a 

computational constraint to improve data fitting and most importantly, build a more 

biophysically relevant kinetic mechanism.  
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Appendix 1  

We give here the mathematical relationships for some useful linear parameter constraints: 

1) Constraining a voltage-dependent rate to be equal to a constant, at V = V0: 

 (A1) ( ) ⇒== CVVk 0ij  
 (A2) ( ) ( )CkVk lnln 1

ij0
0
ij =×+ . 

2) Constraining a ligand-dependent rate to be equal to a constant, at [L] = [L]0: 

 (A3) ( ) ⇒== CLLk 0ij ][][  
 (A4) ( ) ( ) [ ]( )00

ij lnlnln LCk −= . 

3) Constraining the voltage sensitivity of a rate to be equal to a constant: 

 (A5) Ck =1ij . 

4) Scaling two voltage-dependent rates: 

 (A6) ⇒×= klij kCk  
 (A7) ( ) ( ) ( )Ckk lnlnln 0

kl
0
ij =−  and 

 (A8) 01
kl

1
ij =− kk . 

5) Scaling two ligand-dependent rates: 

 (A9) ⇒×= klij kCk  
 (A10) ( ) ( ) ( )Ckk lnlnln 0

kl
0
ij =− . 

6) Scaling the voltage sensitivities of two rates: 

 (A11) ⇒×= 1
kl

1
ij kCk  

 (A12) 01
kl

1
ij =×− kCk . 

7) Scaling two voltage-dependent rates by an unknown factor: 

 (A13) ⇒×= kl
c
mij
m kak  

 (A14) ( ) ( ) ( ) 0lnlnln mm
0
kl

0
ij =×−− ackk  and 

 (A15) 01
kl

1
ij =− kk . 

8) Microscopic reversibility: 
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 (A16) ⇒=∏∏
ij,

ji
ji,

ij kk  

 (A17) ( ) ( )[ ] 0lnln
ji,

0
ji

0
ij =−∑ kk  and 

 (A18) ( ) 0
ji,

1
ji

1
ij =−∑ kk . 

9) Microscopic reversibility with unknown out-of-balance: 

 (A19) ⇒×= ∏∏
ij

ji
ji

ij kak
,,

 

 (A20) ( ) ( )[ ] ( ) 0lnlnln
ji,

0
ji

0
ij =−−∑ akk  and 

 (A21) ( ) 0
ji,

1
ji

1
ij =−∑ kk . 

Appendix 2  

We give here the list of mathematical relationships that correspond to the linear 
parameter constraints applied to the model in Fig. 2. The a and b values are allosteric 
parameters. 

(A22) Scaling activation rates: 

  ( ) ( ) ( )2lnlnln 0
5,4

0
4,3 =− kk ,  01

5,4
1
4,3 =− kk , 

  ( ) ( ) ( )3lnlnln 0
5,4

0
3,2 =− kk ,  01

5,4
1
3,2 =− kk , 

  ( ) ( ) ( )4lnlnln 0
5,4

0
2,1 =− kk ,  01

5,4
1
2,1 =− kk , 

  ( ) ( ) ( )2lnlnln 0
1,2

0
2,3 =− kk ,  01

2,1
1
2,3 =− kk , 

  ( ) ( ) ( )3lnlnln 0
1,2

0
3,4 =− kk ,  01

2,1
1
3,4 =− kk , 

  ( ) ( ) ( )4lnlnln 0
1,2

0
4,5 =− kk ,  01

2,1
1
4,5 =− kk . 

(A23) Scaling inactivation rates: 

  ( ) ( ) ( ) 0lnlnln 0
7,1

0
8,2 =−− akk ,  01

7,1
1
8,2 =− kk , 

  ( ) ( ) ( ) 0ln2lnln 0
7,1

0
9,3 =×−− akk , 01

7,1
1
9,3 =− kk , 

  ( ) ( ) ( ) 0ln3lnln 0
7,1

0
10,4 =×−− akk , 01

7,1
1
10,4 =− kk , 

  ( ) ( ) ( ) 0ln4lnln 0
7,1

0
11,5 =×−− akk , 01

7,1
1
11,5 =− kk , 

  01
7,1

1
12,6 =− kk , 

  ( ) ( ) ( ) 0lnlnln 0
1,7

0
2,8 =+− bkk ,  01

1,7
1
2,8 =− kk , 

  ( ) ( ) ( ) 0ln2lnln 0
1,7

0
3,9 =×+− bkk , 01

1,7
1
3,9 =− kk , 

  ( ) ( ) ( ) 0ln3lnln 0
1,7

0
4,10 =×+− bkk , 01

1,7
1
4,10 =− kk , 
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  ( ) ( ) ( ) 0ln4lnln 0
1,7

0
5,11 =×+− bkk , 01

1,7
1
5,11 =− kk , 

  01
1,7

1
6,12 =− kk . 

(A24) Scaling inactivated state activation rates: 

  ( ) ( ) ( ) 0lnlnln 0
5,4

0
11,10 =−− akk ,  01

5,4
1
11,10 =− kk , 

  ( ) ( ) ( ) 0lnlnln 0
4,3

0
10,9 =−− akk ,  01

4,3
1
10,9 =− kk , 

  ( ) ( ) ( ) 0lnlnln 0
3,2

0
9,8 =−− akk ,  01

3,2
1
9,8 =− kk , 

  ( ) ( ) ( ) 0lnlnln 0
2,1

0
8,7 =−− akk ,  01

2,1
1
8,7 =− kk , 

  ( ) ( ) ( ) 0lnlnln 0
1,2

0
7,8 =+− bkk ,  01

1,2
1
7,8 =− kk , 

  ( ) ( ) ( ) 0lnlnln 0
2,3

0
8,9 =+− bkk ,  01

2,3
1
8,9 =− kk , 

  ( ) ( ) ( ) 0lnlnln 0
3,4

0
9,10 =+− bkk ,  01

3,4
1
9,10 =− kk , 

  ( ) ( ) ( ) 0lnlnln 0
4,5

0
10,11 =+− bkk ,  01

4,5
1
10,11 =− kk . 

(A25) Microscopic reversibility: 

 ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) 0lnlnlnlnlnlnlnln 0
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be redundant, given the other scaling constraints.  
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Figure 1. Schematic of parameter search space. The original parameter space 

illustrates a scenario where no computational constraints are enforced and the 

optimization engine must search the entire space to find the best fit parameters. Equality 

and inequality constraints are shown as subspaces of the original parameter space. The 

equality constraint depicted (right) reflects a scaling constraint between two model 

parameters, where F1 = 1 x F2. The inequality constraint (left) shows a range of possible 

values that the model parameters can take. An example of a behavioral constraint 

(bottom) is shown as a voltage-activation curve that is obtained from the data. Key 

features such as the half activation voltage (V1/2) can be used to assign a behavioral 

constraint.  



141	  
	  

 
	  

βmo
αh/b2

βh×a4
αh/b3αh/b

αmh

C2 C3 C4 C5 O6

I7 I8 I9 I10 I11 I12

4αm 3αm 2αm αm

βm 2βm 3βm 4βm

βh

αh
βh×a βh×a2 βh×a3

αh/b4

βho

αho

4αm×a 3αm×a 2αm×a αm×a

βm/b 2βm/b 3βm/b 4βm/b

αmo

βmh

C1

C2 C3 C4 C5 O6

I7 I8 I9 I10 I11 I12

k12
C1

A

B

k21

k23

k32

k34

k43

k45

k54

k56

k65

k78

k87

k89

k98

k910

k109

k1011

k1110

k1112

k1211

k71
k17

k82
k28

k93
k39

k104
k410

k115
k511

k126
k612

 

Figure 2. Parameterization of a Nav channel kinetic mechanism. The model in A is 

based on the mechanism proposed by Kuo and Bean for Nav channels [162]. The original 

model assumptions are reflected in the parameterization of rate constants shown in B. 

Closed (C1...C5), open (O6), and inactivated (I7...I12) states in the model correspond to 

kinetically distinct channel conformations. Transitions are permitted between certain 

states, with transition frequency quantified by forward and backward rate constants. For 

example, the transition between C1 and C2 has rate constants equal to 2,1k  and 1,2k  in 

Model A, and equal to m4 α×  and mβ  in Model B. All the rate constants have the usual 

Eyring expression [43], with ( )Vkkk ××= 1
ij

0
ijij exp , where 0

ijk  and 1
ijk  are parameters  and 

V is the membrane potential. Each of the α and β quantities has the same type of 

exponential expression as a rate constant ijk , e.g., ( )V××= 1
m

0
mm expααα . The a and b 

values are allosteric factors. 
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Figure 3. Algorithm flowchart for model optimization with constraints. The 

convergence criteria could be defined, for example, as 1
*
1-k

*
k ε<−XX , and 

( ) ( ) 21-k
*
1-kk

*
k ,',' εαα <− XX FF , where ε1 and ε2 are some small numbers (e.g., 10-5). 

Arrows indicate which step to go back to should convergence not be reached. 
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Chapter 5 

Temperature Sensitivity of Fruit Fly Receptors 

Abstract 

Gustatory receptors are a family of transmembrane proteins that have been extensively 

studied in the context of insect taste and odor sensory systems. A recent study has 

identified a Drosophila gustatory receptor, Gr28b(D), as a thermosensor expressed in 

peripheral hot cell neurons responsible for rapid heat avoidance. Gr28b(D) is the first 

gustatory receptor shown to be involved in thermosensation, however little is known 

mechanistically about the protein, and previous attempts at heterologous expression were 

reported unsuccessful.  Although proposed to have a seven-transmembrane topology, it is 

unknown whether Gr28b(D) functions as a G-protein coupled receptor (GPCR) or ion 

channel and fundamental questions about the biophysical properties of the protein remain 

completely unanswered . In this study, we provide the first demonstration of heterologous 

expression of Gr28b(D) and establish the necessary framework for the biophysical 

dissection of this novel thermoreceptor.  

Introduction 

Thermosensation is critical for survival in all animals. From innocuous warmth or 

cooling to noxious heat or cold, animals must integrate and respond to various 

temperature stimuli in order to maintain body temperatures appropriate for physiological 

processes but also avoid temperatures that cause tissue damage. Despite its importance, 

the underlying mechanisms of thermosensation have only begun to surface and remain to 

be the least understood of all five senses. In both invertebrates and mammals, specialized 
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thermoreceptors have been identified that respond to distinct temperatures and convert 

sensory information into electrical signals [56]. The large majority of the known 

thermoreceptors belong to the family of transient receptor potential (TRP) channels [225-

227]. These “thermoTRPs” contain six transmembrane segments, similar to other ion 

channels, and form temperature-activated cationic channels [228]. They represent the 

most well studied group of thermosensors and have also become valuable experimental 

tools for controlling cellular excitability [59, 229].  

More recently, a novel thermosensor Gr28b(D), was identified in Drosophila that does 

not belong to the TRP channel family, but rather to the large family of gustatory receptors 

[60]. Gustatory receptors in flies have been extensively studied in the context of taste and 

odor perception. Topologically, they are predicated to have seven-transmembrane 

segments with an intracellular N-terminus and extracellular C-terminus [230]. Although 

gustatory and odorant receptors are generally considered to be unrelated to G-protein 

coupled receptors (GPCR’s), some members have been shown to act via G-protein 

signaling pathways, while others as ligand-gated ion channels [61, 62]. Gr28b(D) is the 

first gustatory receptor known to date to be involved in thermosensation. Genetic and 

behavioral experiments in Drosophila showed that Gr28b(D) expression in the peripheral 

hot cell (HC) neurons is required for rapid heat avoidance, whereas TrpA1 channels in 

the anterior cell (AC) neurons mediate an independent, slowly developing behavior of 

thermal preference over shallow gradients [60]. Furthermore, ectopic expression of 

Gr28b(D) renders multiple cell types temperature sensitive [60]. Gr28b(D) is one of five 

Gr28b isoforms (A-E), and despite 100% sequence identity with all other isoforms within 
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the C-terminal half of the protein, it is the only isoform involved in rapid heat avoidance 

in flies [60].  

Biophysically, little is known about Gr28b(D). Ectopic expression of the protein in 

Drosophila motor neurons produces warmth-activated inward currents with strong 

thermosensitivity, and replacement of Na+ with NMDG+ ions in the recording solution 

eliminates currents [60]. A detailed biophysical and mechanistic understanding of 

Gr28b(D) beyond this has been greatly limited due to unsuccessful expression in 

heterologous systems. Thus, fundamental questions regarding ion selectivity, structural 

identification of a pore and thermo-sensing domains, voltage-sensitivity, 

heteromerization, etc., remain unanswered. In this study, we begin to address such 

questions by providing the first successful demonstration of heterologous expression of 

Gr28b(D) in Xenopus laevis oocytes.  

Results 

Although other related gustatory and olfactory receptors have been studied in various 

artificial expression systems [62], previous attempts to heterologously express Gr28b(D) 

were reported unsuccessful [60]. Nevertheless, as functional isolation of Gr28b(D) would 

open the door to a wealth of biophysical information, we sought to achieve expression of 

Gr28b(D) in Xenopus laevis oocytes. To determine whether oocytes produce any 

significant intrinsic temperature-sensitive currents, we injected oocytes with RNAse-free 

water and recorded currents under two-electrode voltage-clamp while increasing the 

temperature of the bath. While water-injected oocytes produced no significant changes in 

current (Fig. 1A and B), remarkably, oocytes injected with Gr28b(D) cRNA resulted in 

sustained, temperature-activated inward currents (Fig. 1). Currents are warmth-activated, 
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do not display inactivation over a 100 second time course, and return to zero upon 

cooling. A temperature pulse to 16 °C from a holding temperature of 10°C is sufficient to 

produce small currents, and increasing steps of temperature results in more robust 

currents (Fig. 1B). Saturating levels of current were not obtained, as the temperature of 

the recording solution was limited to a maximum of 30 °C to avoid damage to the oocyte 

and unreliable recordings.  

Initial currents were obtained using ND96 (96 mM NaCl) extracellular recording 

solution, however, to probe the ion selectivity of Gr28b(D) we varied the ionic 

concentrations of the recording solution. As activation of Gr28b(D) resulted in inward 

currents in oocytes, and ectopic expression in Drosophila motor neurons causes 

excitatory junction potentials [60], we first investigated the permeability of Na+ ions.  

Consistent with a previous study [60], currents were completely eliminated when Na+ 

ions were replaced with NMDG+ (Fig. 1C), indicating cation permeability of Gr28b(D). 

To more quantitatively address ion selectivity, we measured the reversal potential of 

Gr28b(D) currents in multiple recording solutions with differences in Na+, K+, Ca2+, and 

Cl- ion concentrations and compared these values with the equilibrium potential for each 

ion, given by the Nernst equation. From these initial experiments, it is clear that 

Gr28b(D) is not selective for Cl- ions, as the reversal potential did not change (-15.2 + 1 

mV vs. -14.7 + 1 mV) when recorded in a 96 mM NaCl and 4 mM KCl versus a 96 mM 

NaC6H11O7 and 4mM KC6H11O7 solution. In contrast, elucidating the cation selectivity of 

Gr28b(D) is less clear as the measured reversal potentials in solutions with different Na+, 

K+, and Ca2+ concentrations did not match the calculated equilibrium potentials for any 

single ion. These preliminary results suggests that Gr28b(D) is permeable to multiple ion 



147	  
	  

types and thus conducts a nonselective cation current, similar to several TRP channels. 

Rigorous analysis of reversal potentials using more recording solutions will be needed to 

dissect the relative fraction of permeability for individual cation types.  

To better understand the subtle nuances of ion selectivity, mutagenesis of the pore-lining 

residues of a channel is a common approach. However, as it is unknown whether 

Gr28b(D) is in fact an ion channel containing a pore domain, defining a starting point for 

individual amino acid mutagenesis is not trivial. Nevertheless, we used the four other 

Gr28b isoforms (A, B, C, and E) as a guide for Gr28b(D) mutagenesis (Fig. 2). In flies, 

Gr28b(D) loss-of-function gene mutations results in a loss of heat avoidance phenotype 

that can only be rescued by expression of Gr28b(D) or Gr28b(E) cDNA [60]. Consistent 

with these results, when injected separately into oocytes, no temperature-sensitive 

currents are observed for any of the other four isoforms (Fig. 3). Although one might 

expect Gr28b(E) injected oocytes to produce currents, this isoform is not endogenously 

expressed in fly hot cells, suggesting that other cell-specific cofactors may be necessary 

for the Gr28b(E)-mediated rescue previously reported.  

Despite the lack of current observed for the four other isoforms, when aligning the amino 

acid sequences, all five isoforms are 100% identical in the C-terminal half of the protein 

(residues 218 - 447), corresponding to the last three transmembrane domains (Fig. 2B). 

Thus, we designed Gr28b(D) mutants based on this alignment. As most known ion 

channels contain functional modular motifs (e.g., the pore domain and voltage-sensing 

domains of voltage-gated ion channels), we first asked whether a functional subdomain 

of Gr28b(D) could be identified. To do this, we generated truncated versions of 

Gr28b(D), that were either N-terminally truncated and contained the last three conserved 
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transmembrane domains or C-terminally truncated and contained only the first four 

transmembrane domains (Fig. 2A). When expressed either alone, or in combination, no 

temperature-dependent currents were observed (Fig. 4A). Although this may suggest the 

lack of functional subdomains, more constructs with varying start and stop sites need to 

be tested to confirm this.  

In addition to the Gr28b(D) truncated proteins, we generated several site-directed amino 

acid mutant constructs. We focused our mutagenesis within the first half of the protein 

where alignment with the other four isoforms shows little sequence homology. To 

identify residues that may be involved in ion selectivity, we searched for common 

sequence motifs that confer sodium selectivity in other channels. Of these sodium 

selective sequences is a GxS, SxS, and GxxxG motif, for which we found 3 candidate 

motifs within the first half of Gr28b(D) that do not exist in the other isoforms (Fig. 2B). 

We have replaced the corresponding glycines or serines with alanine. In addition to these, 

we generated several other mutants where a single polar residue was replaced with either 

alanine or the corresponding residue of the other isoforms (Fig. 2B). The rationale for this 

was that the pore of cation-conducting channels are often lined with polar or negatively-

charged residues [5, 6, 231]. Thus far, all tested mutants produced inward currents in 

response to temperature (Fig. 4B) and therefore, residues at these locations are unlikely to 

play a central role in ion permeation. Extensive mutagenesis will be required to elucidate 

key residues involved in both ion selectivity and thermosensing.  

Another fundamental property we sought to address was whether Gr28b proteins form 

heteromers. Although no current was observed for oocytes injected with Gr28b(A), -(B), 

-(C), or -(E) alone, it may be possible that the co-expression of multiple isoforms results 
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in the formation of conducting proteins. Thus, we injected oocytes with combinations of 

Gr28b isoforms and still observed no temperature-elicited currents for the following 

combinations: A + B, C + E, B + E (data not shown). The possibility of functional Gr28b 

heteromers, however, cannot be ruled out as not all combinations have been tested.  

Discussion 

The goal of the present study was to biophysically dissect the novel Drosophila 

thermosensor Gr28b(D) by establishing heterologous expression in Xenopus laevis 

oocytes. Previous attempts at this were reported unsuccessful, which may indicate that 

cell-specific cofactors are necessary for the proper protein function. However, as 

Gr28b(D) can be ectopically expressed in multiple Drosophila cell types, we 

hypothesized that heterologous expression could be possible. We successfully obtained 

temperature-activated inward currents for Gr28b(D)-injected oocytes and confirm 

temperature-sensitivity as an intrinsic property of this otherwise known gustatory 

receptor. As little is known about Gr28b(D) at the protein level, outside of a predicted 

seven-transmembrane topology, isolation of Gr28b(D) currents in oocytes provides an 

important and necessary step towards elucidating the biophysical properties of the 

protein.  

In a cellular context, the permeant ion of a given receptor is integral to its overall effect 

on the cell, with Na+ and Ca2+ ions driving cellular excitability and K+ and Cl- generally 

dampening excitability. When overexpressed in fly motor neurons, heat induced 

Gr28b(D) activation causes excitatory junction potentials at the neuromuscular junction 

[60], suggesting that Gr28b(D) mediates an inward, positive current. This is in agreement 

with our results of Gr28b(D) currents in different extracellular recording solutions. 
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However, the observed changes in current when recorded in different extracellular ionic 

concentrations do not point to high selectivity for a given ion, but rather to a nonspecific 

cationic current. This is the case for most TRP channels [58]. Whether a nonselective ion 

permeation pathway provides any particular advantage for thermosensation is unknown 

but insight into the possible kinetic differences between selective and nonselective cation 

channels may prove interesting in this context. 

The selectivity of a given channel is dictated by specific amino acid sequences within the 

pore that discriminate ions based on various properties such as size, hydration, and 

charge. These residues interact with the permeating ions either through their backbone 

carbonyl groups or their side groups. For example, voltage-gated potassium channels 

contain a conserved TVGYG sequence within the selectivity filter that shuffles K+ ions 

through the pore by interactions with the amino acid carbonyl groups [232]. Voltage-

gated sodium channels, on the other hand, form interactions with Na+ ions via the side 

groups of a conserved DEKA motif [233]. Several other motifs are found in different 

channel types that confer various selectivity properties. Among these are the GxS, SxS, 

and GxxxG motifs found in the sodium-selective acid-sensing ion channels (ASIC), 

epithelial sodium channels (ENaCs) and mechanosensitive (MEC) channels [234, 235]. 

Although Gr28b(D) does not contain any of the conserved voltage-gated potassium or 

sodium channel selectivity filter sequence motifs, it does contain three sites with the 

ASIC, ENaC, and MEC channel sequence motifs that are not found in the sequences of 

the other four isoforms. Mutation of the GxS motif within the first putative 

transmembrane domain to AxA did not eliminate Gr28b(D) currents and testing the 

effects of the GxS and GxxxG motif mutants are in progress.  
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The 100% sequence identity of the last three putative transmembrane domains between 

Gr28b(D) and all other Gr28b isoforms is striking given that Gr28b(D) is the only 

isoform to produce temperature-activated currents. Several possibilities come to mind to 

explain this. Should Gr28b(D) be an ion channel, one possibility is that the last three TM 

domains of all isoforms form a pore domain and the first four TM domains of Gr28b(D), 

that is unique in sequence, contains a thermo-sensing domain coupled to the pore. In this 

scenario, the four other isoforms would have a pore domain that is rendered 

nonconductive due to either the lack of a functional thermosensor or functional coupling 

between the thermosensor and the pore. Nonetheless, should this be the case, one would 

expect to perhaps observe stochastic events of channel opening in single channel 

recordings. Another possibility could be that the last three TM domains contain a thermo-

sensing domain and the first four transmembrane domains form the pore. In this case, 

though all isoforms would contain a thermosensor, only Gr28b(D) would contain a pore 

to allow for temperature-sensitive currents. A final possibility could be that both thermo-

sensing and pore-forming domains are found within the first four, unique transmembrane 

domains of Gr28b(D) and the last three conserved transmembrane domains do not play 

any functional role for thermosensing. We generated truncated protein constructs where 

the first four and last three transmembrane domains are isolated from each other, to 

determine whether such functional subdomains exist. Neither construct resulted in 

functional proteins, and thus it is unlikely that both a pore and thermo-sensing domain 

exists within just the first four transmembrane domains of Gr28b(D). However, more 

mutagenesis needs to be done to distinguish between the first two scenarios.    
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Although the four other Gr28b isoforms do not produce temperature-sensitive currents 

when injected alone into oocytes, it may be possible that heteromerization with other 

isoforms results in functional thermosensors. Of particular interest was co-expression of 

Gr28b(E) and Gr28b(B). As previously mentioned, Gr28b(E) rescued the Gr28b(D) loss-

of-function mutation, however this isoform alone does not result in currents when 

injected into oocytes. Interestingly, aside from Gr28b(D), only Gr28b(B) is endogenously 

expressed in Drosophila hot cells [60]. Thus, the observed rescue upon overexpression of 

Gr28b(E) in Drosophila hot cells may have been due to heteromerization with Gr28b(B) 

and formation of a thermosensitive protein. When co-injected in oocytes, however, we 

still did not observe any temperature-activated currents. Therefore, the mechanism 

underlying Gr28b(E) rescue of rapid heat avoidance behavior in flies is unclear and may 

require more factors outside of Gr28b(B).  

Despite the significant progress that has been made in understanding the biophysical 

properties of Gr28b(D), one major question still remains: is Gr28b(D) a bona fide ion 

channel or a GPCR? Although a predicted seven-transmembrane topology is suggestive 

of a GPCR, gustatory receptors and the related odorant receptors are considered to be 

unrelated to GPCR’s [236]. In particular, analysis of odorant receptors has shown an 

intracellular N-terminus [230], which diverges from the canonical extracelluar N-

terminus of all known GPCR’s. An intracellular N-terminus is thought to also be a shared 

feature of gustatory receptors. In addition, as several odorant receptors have been 

demonstrated to be ligand-gated ion channels [62], the possibility of gustatory receptors 

also being ion channels is not far-fetched given their homology. To provide more 

concrete evidence for whether Gr28b(D) is an ion channel or GPCR, experiments using 
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G-protein pathway blockers must be performed as well as detailed kinetic experiments. 

Should Gr28b(D) currents activate on very fast timescales (several milleseconds or less), 

this would strongly support an ion channel mechanism, as most GPCR pathways have 

response latencies of ~20 – 100 ms [237]. 

The discovery of Gr28b(D) as a temperature-sensitive protein opens an exciting new door 

for not only deepening our knowledge of thermosensation but also expanding the 

repertoire of molecular research tools needed to understand and manipulate neural 

systems and behavior. Much in the same way that channelrhodopsins provided the 

foundations for optogenetics, temperature-sensitive channels have paved the way for the 

field of thermogenetics. Although the thermoTRPs have been valuable tools for 

controlling cellular excitability, thermosensors with distinct, finely-tuned temperature-

sensitivities would greatly enhance the range of experimental manipulation. The 

Drosophila gustatory receptors form a family of 68 members, and it is therefore possible 

that members outside of Gr28b(D) also function as thermosensitive proteins. Moreover, 

as temperature sensing is critical for a wide variety of insects, many molecular 

temperature controllers may be waiting to be identified. In fact, a sequence homology 

search with Gr28b(D) yields proteins from various flies, bees, ants, and mosquitos, 

including the disease carrying yellow fever mosquito, Aedes aegypti. Thus, investigation 

of Gr28b(D) and related proteins may have significant contributions within the context of 

sensory physiology, protein biophysics, molecular tool development, and disease.  
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Figure 1. Temperature activation of Gr28b(D). (A) Oocytes injected with Gr28b(D) 

cRNA display inward current in response to increasing temperature, and a decrease in 

current following a temperature decrease. Control oocytes injected with RNAse-free 

water show no current in response to temperature change. (B) Current elicited from 

Gr28b(D) injected and RNAse-free water injected oocytes in response to increasing 

temperature ramps. (C) Gr28b(D) and control currents measured at a constant 

temperature of 27 °C in the absence and presence of NMDG+ ions. The initial external 

recording solution contained in (mM): 96 NaCl, 2 KCl, 1 MgCl2, 1.8 CaCl2, 5 Hepes, pH 

7.6 with NaOH. A second recording solution in which all Na+ ions were replaced with 

NMDG+ ions was subsequently washed in. Gr28b(D) current recovered upon return to 

the original Na+ containing ND96 recording solution.   

 

B A C 
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Figure 2. Sequence alignment of Gr28b proteins. (A) Gr28b splicing schematic and 

predicted topology of the five isoforms A-E. Grey arrows indicate separate, isoform-

specific transcription start sites. The full length protein has a seven transmembrane 

predicted topology with intracellular N terminus and extracellular C terminus. The green 

represents the first four transmembrane domains that are unique for each isoform and the 

purple represents the last three transmembrane domains identical across all isoforms. C-

truncation and N-truncation cartoons illustrate Gr28b(D) mutants that were generated. 

(B) Sequence alignment of Gr28b isoforms A-E. Green and purple bars indicate predicted 

A 

B 
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transmembrane domains, as shown in (A). Red boxes highlight residues that were 

mutated to investigate ion selectivity. The forward grey arrow indicates the start of the N-

truncated version of Gr28b(D) and the backward arrow indicates the end of the C-

truncated version of Gr28b(D).  
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Figure 3. Non-temperature sensitive Gr28b isoforms. Currents measured for oocytes 

injected with Gr28b isoforms A, B, C, and E in response to an increasing temperature 

ramp. No current is observed for the four Gr28b isoforms. The external recording 

solution contained (in mM): 96 NaCl, 2 KCl, 1 MgCl2, 1.8 CaCl2, 5 Hepes, pH 7.6 with 

NaOH.  

Gr28b(A) 

Gr28b(B) 

Gr28b(C) 

Gr28b(E) 
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Figure 4. Gr28b(D) mutagenesis. (A) Currents measured from Gr28b(D) truncated 

proteins in response to an increasing temperature ramp. N- and C-truncated versions of 

Gr28b(D) do not elicit observable currents when injected alone or together in a 1:1 ratio 

in oocytes. (B). Currents measured from single amino acid mutants (see figure 4) of 

Gr28b(D), where a glutamine was replaced with alanine or lysine. The external recording 

solution contained (in mM): 96 NaCl, 2 KCl, 1 MgCl2, 1.8 CaCl2, 5 Hepes, pH 7.6 with 

NaOH. 
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N-truncation 
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Q217/A 
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Chapter 6 

Methods 

1. Mutagenesis and Expression 

A. Cav3.1/Kv2.1 Chimaeras: Chimaeric channels were constructed using sequential 

polymerase chain reaction (PCR) with Kv2.1 Δ7 and rat α1G calcium channel Cav3.1 

(XP_008766223.1). Using specifically designed primers (IDT- see sequence below), the 

sequence to be transplanted (S3-S4) of each Cav3.1 domain, flanked by short regions of 

the Kv2.1 Δ7 channel adjacent to the insertion site were amplified. Second, the sequences 

upstream and downstream of the insertion site in Kv2.1 Δ7 were each synthesized to 

include a short region complementary to the S3-S4 sequence to be inserted. Lastly, all 

three products generated from the previous steps served as the template to generate the 

final PCR product that was inserted into Kv2.1 Δ7. After gel purification of the insert 

(QIAquick Gel Extraction), both the insert and Kv2.1 Δ7 PGEM-HEA vector were 

digested with the appropriate restriction enzymes (NsiI and SpeI-HF). A final ligation 

step (Promega- Ligafast Rapid DNA Ligation System) was performed to generate the 

Cav3.1/Kv2.1 paddle chimaera cDNA. The mutated cDNA plasmid was then transformed 

in E. Coli DH5α cells using heat shock, cells were grown on lysogeny broth with 

ampicillin (LBA) agar plates, and the cDNA was purified (QIAprep Spin Miniprep) after 

~16 hours of incubation at 37°C. Purified cDNA was linearized using Not-I to form 

template DNA. cRNA was synthesized using T7 Polymerase (Ambion- mMESSAGE 

mMACHINE Kit) and purified (QIAGEN- RNeasy Mini Kit) to inject into Xenopus 

laevis oocytes.  
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B. Site-directed mutagenesis: To introduce single alanine mutations in the 

Cav3.1/Kv2.1 chimaeras, sequential PCR was used. The sequence to be mutated along 

with the flanking upstream and downstream sequences were amplified in two separate 

PCR reactions using complimentary primers containing the desired mutation. The two 

PCR products served as the template to generate the final PCR product that was inserted 

into the Cav3.1/Kv2.1 chimaera of interest. All subsequent steps were formed as in 

Section A.  

Single amino acid mutations made in Gr28b proteins were generated using the 

QuickChange II XL site-directed mutagenesis kit (Agilent Technologies).  

Complimentary primers containing the single mutation were designed and used in the 

PCR reaction. Resulting DNA was treated with endonuclease Dpn1 to digest and separate 

the methylated template DNA strand from the mutated synthesized strand. The remaining 

PCR product was transformed in E.Coli ultracompetent gold cells (Agilent Technologies) 

and incubated in NZY+ broth. All subsequent steps were performed as in Section A, with 

the exception of XmaI used as the restriction enzymes for linearizing the Gr28b plasmid.   

Single amino acid mutations made in the Cav3.1 channel were generated in several steps. 

The QuickChange II XL site-directed mutagenesis kit was again used, however the 

Cav3.1 region of interest was first transferred to a separate, smaller plasmid. This was 

done to avoid random mutations, as the Cav3.1 plasmid is large (~12 kb). The 6 kb 

plasmid containing the AMIGO-1 gene was used instead. For mutations within domains I 

and II of Cav3.1, restriction enzymes NsiI and SacII were used to cut both Cav3.1 and 
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AMIGO-1 plasmids. For mutations within domain III of Cav3.1, restriction enzymes NsiI 

and Bgl-II were used. The Cav3.1 DI-DII region or DIII-containing segment was ligated 

into the AMIGO-1 plasmid, and the ligation reaction was transformed into E. Coli DH5α 

cells. All subsequent steps were performed as in Section A to isolate the Cav3.1/AMIGO-

1 DNA. Complimentary primers designed to contain the single amino acid mutation to be 

introduced in either domain I, II, or III were then used for a single PCR reaction. All 

subsequent steps were performed as described above for Gr28b mutants. Purified 

Cav3.1/AMIGO-1 cDNA that contained single amino acid mutations was cut with NsiI 

and SacII (for DI and DII mutants) or NsiI and BglII (for DIII mutants) and the resulting 

mutant fragments were ligated back into the original Cav3.1 plasmid. All subsequent 

steps were performed as in Section A, with the exception of restriction enzyme AflII used 

to linearize all Cav3.1 mutant cDNA constructs.  

C. AMIGO1 Cloning: To increase expression efficiency of AMIGO1 in X.laevis 

oocytes, AMIGO1 was transferred to the Kv2.1Δ7 PGEM-HEA plasmid that contains the 

5’UTR, 3’UTR, and poly-A tail of the X. laevis hemoglobin gene. This was performed in 

multiple steps. The 3’UTR and poly-A tail of the Kv2.1Δ7 plasmid was PCR amplified, 

purified, and digested with restriction enzymes (NdeI and SpeI-HF). The digested 

product was ligated into the AMIGO1 pGEM-T plasmid, and purified DNA (renamed 

ΔAMIGO1) was obtained after E. coli transformation. A second PCR was performed 

using ΔAMIGO1 as the template DNA to include an EcoRI-HF restriction site and the 

5’UTR sequence of the Kv2.1Δ7 plasmid. The purified PCR product was digested with 

EcoRI and NotI and ligated into the Kv2.1Δ7 plasmid. After propagation in E. coli cells, 
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the DNA was purified and the final construct was renamed ΔΔAMIGO1. Not-I was used 

to linearize the plasmid before synthesizing RNA.   

D. Gr28b(D) Truncations: N-terminal and C-terminal truncations of Gr28b(D) were 

each generated in a single PCR reaction using primers that included the HindIII-HF and 

EcoRI-HF restriction enzyme recognition sequences. The N-terminally truncated protein 

was designed to include a methionine as the first residue of sequence. PCR products were 

purified, digested, and ligated back into the Gr28b(D) vector and all subsequent steps 

were performed as in Section A. XmaI was used to linearize the plasmid before RNA 

synthesis.  

All cDNA sequences were confirmed by DNA Sequencing (MU DNA Core). Cloned 

PFU DNA Polymerase (Agilent Technologies) was used for all sequential PCR’s. PFU 

Ultra DNA Polymerase was used for all site-directed mutagenesis PCR’s. A complete list 

of all primers used for mutagenesis and of PCR protocols are provided in the Appendix.  

2. Electrophysiology of voltage-gated channels 

All channel constructs were expressed in X. laevis oocytes and studied 1-5 days after 

cRNA injection (incubated at 17°C in (mM): 96 NaCl, 2 KCl, 5 HEPES, 1 MgCl2, 1.8 

CaCl2, and 50 µg/ml gentamicin, pH 7.6 with NaOH) using the two-electrode voltage-

clamp recording technique (OC-725C amplifier, Warner Instruments, USA) with a 150 µl 

recording chamber. Data were filtered at 5 kHz and digitized at 10 kHz using pClamp 10 

software (Molecular Devices, USA). Microelectrode resistance was 0.3-1 MΩ when 

filled with 3 M KCl. For recording potassium currents, the external recording solution 

contained (in mM): 20 KCl, 80 NaCl, 10 HEPES, 1 MgCl2, and 0.3 CaCl2, pH 7.6 

adjusted with NaOH. For recording Cav3.1 channel currents, the external recording 
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solution contained (in mM): 5 Ba(OH)2, 100 NaCH3SO3, 10 HEPES, pH 7.6 adjusted 

with HCl. All experiments were performed at room temperature (~22°C). Currents were 

corrected for leak and endogenous currents by subtracting the calculated linear leak at 

negative potentials, and by subtracting the residual current measured after blocking the 

Kv channels with 1 µM agitoxin-2, and Cav channels with 1 mM CdCl2.  

Voltage–activation relationships were obtained by measuring tail currents for Kv 

channels and steady-state currents for Cav channels. For Kv data, we used 

I/Imax=[1+exp(-zF(V-V1/2)/RT)]-1, where I/Imax is the normalized tail-current amplitude, z 

is electrical charge, V1/2 is the half-activation voltage, F is Faraday's constant, R is the gas 

constant, and T is the absolute temperature. For Cav channels, we used I/Imax=((V-

Vrev)Gmax)/(1+exp(-zF(V-V1/2)/RT)), where I/Imax is the normalized peak current 

amplitude, Vrev is the current reversal voltage, Gmax is the maximum conductance, and 

V1/2 is the half-activation voltage. For Ci-VSP, gating current experiments were 

performed using an external recording solution containing (in mM): 100 NaCl, 10 

HEPES, 1 MgCl2, and 0.3 CaCl2, pH 7.6 with NaOH. Q-V relationships were obtained by 

integrating gating currents measured at each voltage and normalizing to the maximal 

charge (Q/Qmax). Curves were Boltzmann fit: .  

3. Electrophysiology of thermosensitive proteins 

All Gr28b constructs were expressed in X. laevis oocytes and studied 1-3 days after 

cRNA injection (incubated at 15°C in (mM): 96 NaCl, 2 KCl, 5 HEPES, 1 MgCl2, 1.8 

CaCl2, and 50 µg/ml gentamicin, pH 7.6 with NaOH) using the two-electrode voltage-

clamp recording technique (OC-725C amplifier, Warner Instruments, USA) with a 150 µl 

recording chamber. Data were filtered at 5 kHz and digitized at 10 kHz using pClamp 10 
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software (Molecular Devices, USA). Microelectrode resistance was 0.3-1 MΩ when 

filled with 3 M KCl. Several external recording solutions were used. ND96 in (mM): 96 

NaCl, 2 KCl, 5 HEPES, 1 MgCl2, 1.8 CaCl2, pH 7.6 with NaOH; Ca2+ Free in (mM): 

82.5 NaCl, 2.5 KCl, 1 MgCl2, 5 HEPES, pH 7.6 with NaOH; ND96 low Cl- in (mM): 96 

C6H11O7Na, 2 KC6H11O7, 5 HEPES 1 MgCl2, 1.8 CaCl2, pH 7.6 with NaOH; 100K in 

(mM): 100 KCl, 1 MgCl2, 0.3 CaCl2, 10 HEPES pH 7.6 with NaOH; and NMDG in 

(mM): 96 NMDGCl, 2 KCl, 5 HEPES, 1 MgCl2, 1.8 CaCl2, pH 7.6 with NaOH. All 

experiments were performed between 13°C - 40°C and temperature was regulated using a 

Bipolar Temperature Controller (CL-100, Harvard Apparatus, USA). To calculate 

equilibrium potentials, the Nernst equation was used: , where 

Eion is the equilibrium potential for a given ion and [ion]o/[ion]i is the ratio of the ionic 

concentrations outside and inside of the cell, respectively. 

4. Estimating Toxin Occupancy of channels 

The occupancy of closed or resting channels by toxins was examined at negative holding 

voltages where the open probability is low. The fraction of unbound channels (Fu) was 

estimated using depolarizations that are too weak to open toxin-bound channels, as 

previously described [23, 25-28, 85, 111, 238]. We recorded voltage-activation 

relationships in the absence and presence of different concentrations of toxins. We 

calculated the ratio of currents (I/I0) recorded in the presence (I) and absence (I0) of toxin 

for various depolarizing voltages, and the value of I/I0 measured in the plateau phase at 

voltages where toxin-bound channels do not open was taken as Fu (Fig. 2e). For all the 

experiments, voltage protocols were adjusted appropriately, in order to have a well-

defined plateau phase in the I/I0-voltage relationship. The apparent Kd was calculated 
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assuming n equal independent toxin-binding sites per channel, where n can take values 

from 1 to 4, with single occupancy (n=1) being sufficient to inhibit opening in response 

to weak depolarizations: Kd=((1/(1–Fu
1/n))–1)x[Toxin]. Four toxin-binding sites were 

used for all potassium conducting channels. Toxins were purchased from Alomone Labs, 

Israel. 

5. Fluorescence spectroscopy 

Large unilamellar vesicles (LUVs) were prepared from a mix of 1:1 molar ratios of PC 

(1-palmitoyl-2oleoyl-sn-glycero-3-phosphocholine) and PG (1-palmitoyl-2oleoyl-sn-

glycero-3-[phosphor-rac-(1-glycerol)]) (Avanti Polar Lipids, USA), dried from a 

chloroform solution under a nitrogen stream. The lipid film was rehydrated in a buffer 

containing (in mM): 10 HEPES, 1 EDTA, pH 7.6 adjusted with NaOH, and then extruded 

through polycarbonate filters with a 100 nm pore size (Millipore, Bedford, MA, USA). 

LUVs were added to a solution of toxin (2 µM final concentration), maintained at 25°C 

with continuous stirring in a quartz cuvette with 1 cm path length (2 ml  total volume). 

Fluorescence spectra (averaging two spectra) were recorded between 300 and 400 nm (5 

nm band pass, 0° polarizer) using an excitation wavelength of 280 nm (5 nm band pass, 

90° polarizer) (SPEX FluoroMax 3 spectrofluorometer, HORIBA) and corrected for 

vesicle scattering. For calculating mole-fraction partitioning coefficients [99], 

fluorescence intensity (F) at 320 nm was measured and normalized to the zero lipid 

fluorescence intensity (F0) [72, 98]. Kx was calculated using the equation: 

F⁄F0(L)=1+(F⁄F0
max-1)Kx[L]/([W]+Kx[L]), where F⁄F0(L) is the change in fluorescence 

intensity for a given concentration of lipid, F⁄(F0
max )  is the maximum fluorescence 



166	  
	  

increase at high lipid concentrations, [L] is the average available lipid concentration 

(60% of total lipid concentration), and [W] is the molar concentration of water (55.3 M).  

6. Molecular Modeling 

Molecular models of toxins were created based on the NMR structure of PaTx-1 (PDB 

1v7f) by aligning and minimizing RMSD between the cysteine α-carbons of the toxins 

(PyMOL, DeLano Scientific). 

7. Kinetic Modeling Software and Simulations 

For all kinetic modeling work, a version of the QuB software (www.qub.buffalo.edu), as 

developed and maintained by our lab (www.milesculabs.biology.missouri.edu/QuB) was 

used.  

8. Animal Care 

Xenopus laevis were used for harvesting oocytes. Survival surgeries and euthanasia were 

performed following animal protocols approved by the Animal Use and Care Committee 

at the University of Missouri.  
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Concluding Remarks 

 
Ion channels are magnificent molecular machines with dynamic and exquisitely fine-

tuned properties that are essential for a wide variety of functions in many cell types, and 

that are cleverly exploited by scientists for the development of state-of-the-art research 

tools. Their complex behavior is influenced by a plethora of factors such as various 

activation stimuli, auxiliary subunits, membrane composition, ionic concentration 

transients, exogenous toxic small molecules and peptides, and even other channel types. 

The research presented here is an investigation of several ion channel properties and 

functions including pharmacology, auxiliary subunits, kinetic mechanisms, and 

biophysics, with the multipurpose objective of expanding our understanding and 

appreciation of ion channels as excitable elements, therapeutic targets, and molecular 

research tools. 

The experimental work presented in the thesis spans multiple channel types (voltage-

gated calcium and potassium channels, and temperature sensitive gustatory receptors), 

and addresses unique questions about each. The results from the voltage-gated calcium 

channel study shed light on the voltage-sensing mechanisms of low-voltage-activated 

calcium channels, as well as the potential prerequisites for pharmacologically targeting 

these channels. These data, along with those that have not been included in the thesis, 

also demonstrate the potential for using gating-modifier toxins as domain-specific tools 

for dissecting Cav channel function. A second study on voltage-gated potassium channels 

highlights the importance of investigating an entire channel complex by demonstrating 

changes in the pharmacology of the channel with and without auxiliary subunits present. 

Lastly, the investigation of temperature sensitive fruit fly receptors provides the first 
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demonstration of heterologous expression of this protein in Xenopus laevis oocytes and a 

promising outlet for engineering and testing future thermogenetic tools. The theoretical 

work described here demonstrates a method for bridging experimental and computational 

research, in the context of modeling ion channel kinetic mechanisms. This is illustrated 

by the incorporation of prior experimental ion channel knowledge into a computational 

model via parameter constraints.  
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Appendix 

 
I. Primer sequences for mutagenesis 
 
A. Cav3.1/Kv2.1 Chimaeras: 
 
DI:  
5’-CCTCAACGCCATTGACTTTTTCATTGTCATTGCAGGGATGCTGG-3’ 
5’-CCGAAGGATTCGCAGCACACGGACTGTCCTGACTGC-3’ 
5’-
GCAATGACAATGAAAAAGTCAATGGCGTTGAGGGGGCCCTTGAAGAACTTCC
-3’ 
5’-CCGTGTGCTGCGAATCCTTCGGATCCTGAAGCTGGCCCGTCACTCC-3’  
 
DII:  
5’-GGCCATCCTGCCCGTGTGGGAGATTGTGGGCCAGCAGGGAGGTGGC- 3’ 
5’-
GCCAGTGGAGTGACGGGCCAGCTTCAGCACCCGCATCAGGCGGAAGGTCCG-
3’ 
5’GCCCACAATCTCCCACACGGGCAGGATGGCCAGTAGGTCAATGGCGTTGAG
GGGGCC-3’ 
5’-CGGGTGCTGAAGCTGGCCCGTCACTCCACTGGCCTGCAGTCCTTGGGC-3’ 
 
DIII:  
5’CCTCAACGCCATTGACGGCTTGCTGGTGCTCATCTCCGTCATCGACATCCTG       
GTCTCC-3’ 
5’GGCCAGCTTCAGGATACGCAGGGTCCGCAGCAGCCGCAGCACCCTCAGCAT
GCC-3’ 
5’-GCACCAGCAAGCCGTCAATGGCGTTGAGGGGGCCCTTGAAGAACTTCC-3’ 
5’-CGGACCCTGCGTATCCTGAAGCTGGCCCGTCACTCCACTGGC-3’ 
 
DIV 
5’-CCCTCAACGCCATTGACCTGGCATTTGTGCTTCTGTCCATCATGGGC-3’ 
5’GGAGTGACGGGCCAGCTTCAGAACTCGAGCAATGCGGAGCACCCTCATGA
TACG-3’ 
5’-GCACAATAGCCAGGTCAATGGCGTTGAGGGGCCCCTTGAAGAACTTCC-3’ 
5’-CGAGTTCTGAAGCTGGCCCGTCACTCCACTGGCCTGCAGTCC-3’ 
 
B. Cav3.1/Kv2.1 alanine mutants 
 
DI - E855 
 
5'-GCAGGGATGCTGGCGTATTCGCTGG-3'- sense 
5'-CCAGCGAATACGCCAGCATCCCTGC-3'- antisense 
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DII - E855 
 
5'-TCAGTGTGTGGGCGATTGTGGGC-3'-sense 
5'-GCCCACAATCGCCCACACACTGA-3' - antisense 
 
DIII  
 
V1370 5’-GCTCATCTCCGCCATCGACATCC-3’-sense 
 5’GGATGTCGATGGCGGAGATGAGC-3’-antisense 
 
I1371 5’-CATCTCCGTCGCCGACATCCTGG-3’-sense 
          5’-CCAGGATGTCGGCGACGGAGATG-3’-antisense 
 
D1372 5’-

GGTGCTCATCTCCGTCATCGCCATCCTGGTCTCCATGGTCTCCGACAGC
GG-3’-sense 
5’-
CCGCTGTCGGAGACCATGGAGACCAGGATGGCGATGACGGAGATGAG
CACC-3’-antisense 

 
I1373 5’-CGTCATCGACGCCCTGGTCTCC-3’-sense 
 5’-GGAGACCAGGGCGTCGATGACG-3’-antisense 
 
L1374 5’-

GCTCATCTCCGTCATCGACATCGCGGTCTCCATGGTCTCCGACAGCGG
C-3’-sense 

 5’-
GCCGCTGTCGGAGACCATGGAGACCGCGATGTCGATGACGGAGATGA
GC-3’-antisense 

 
V1375 5’-CGACATCCTGGCCTCCATGGTC-3’-sense 
 5’-GACCATGGAGGCCAGGATGTCG-3’-antisense 
 
S1376 5’-CCGTCATCGACATCCTGGTCGCCATGGTCTCCGACAGCGGCACC’-3-

sense 
 5’-GGTGCCGCTGTCGGAGACCATGGCGACCAGGATGTCGATGACGG-

3’-antisense 
 
M1377 5’-CGACATCCTGGTCTCCGCGGTCTCCGACAGC-3’sense 
 5’-GCTGTCGGAGACCGCGGAGACCAGGATGTCG-3’-antisense 
 
V1378 5'- GGTCTCCATGGCCTCCGACAGCG -3'- sense 
 5'- CGCTGTCGGAGGCCATGGAGACC -3'- antisense 
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S1379 5’-
CGACATCCTGGTCTCCATGGTCGCGGACAGCGGCACCAAGATCCTTGG
C-3’-sense 
5’-
GCCAAGGATCTTGGTGCCGCTGTCCGCGACCATGGAGACCAGGATGTC
G-3’-antisense 

 
D1380 5’-

CGACATCCTGGTCTCCATGGTCTCCGCTAGCGGCACCAAGATCCTTGG
C -3’-sense 

 5’-
GCCAAGGATCTTGGTGCCGCTAGCGGAGACCATGGAGACCAGGATGT
CG-3’-antisennse 

 
S1381 5’-GGTCTCCGACGCGGGCACCAAGATCC-3’-sense 
 5’-GGATCTTGGTGCCCGCGTCGGAGACC-3’antisense 
 
G1382 5’-CTCCGACAGCGCCACCAAGATCC-3’-sense 
 5’- GGATCTTGGTGGCGCTGTCGGAG-3’-antisense 
 
T1383 5’-CCGACAGCGGCGCCAAGATCCTTGGC-3’-sense 
 5’-GCCAAGGATCTTGGCGCCGCTGTCGG-3’-antisense 
 
K1384 5’-CAGCGGCACCGCGATCCTTGGC-3’-sense 
 5’-GCCAAGGATCGCGGTGCCGCTG-3’-antisense 
 
I1385 5’-CGGCACCAAGGCCCTTGGCATGC-3’-sense 
 5’-GCATGCCAAGGGCCTTGGTGCCG-3’-antisense 
 
L1386 5’-GCACAAAGATCGCTGGCATGCTG-3’-sense 
 5’-CAGCATGCCAGCGATCTTGGTGC-3’-antisense 
 
G1387 5’-CCAAGATCCTTGCCATGCTGAGG-3’-sense 
 5’-CCTCAGCATGCCAAGGATCTTGG-3’-antisense 
 
M1388 5’-CCAAGATCCTTGGCGCGCTGAGGGTGCTGCGG-3’-sense 
 5’-CCGCAGCACCCTCAGCGCGCCAAGGATCTTGG-3’-antisense 
 
L1389 5’-CCTTGGCATGGCGAGGGTGCTGC-3’-sense 
 5’-GCAGCACCCTCGCCATGCCAAGG-3’-antisense 
 
C. AMIGO-1 cloning: 
 
3’UTR+poly-A tail of the Kv2.1Δ7: 
 
Spe-delta7-s: 5'-CTGAACTAGTGCTCCCTACCACAGAGGGCATCTGC-3' 
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Nde-delta7-a: 5'-GCTCCCATATGGGAGCTCCACCGCGGTGGCGGCCGCTCC-3’ 
 
Adding 5'UTR to ΔAmigo: 
 
EcoRI-5UTR-Amigo-s: 5'-
CTATAGGGCGAATTCCGGTCGCTGGTCTGGCATGCACCCCCACCGTGACCCG
AGAGGCC-3' 
Nde-Amigo-a: 5'-GCCGCCTGCATATGCGCC-3' 
 
D. Gr28b(D) mutants 
 
N-terminal truncation  
 
HindIIINtermtrunc: 5’-TTCATTTTCCAAGCTTATGTACACCATTGTAACC-3’sense 
EcoRiNtermtrunc:   5’-GGATATCTGCAGAATTCTTATCAAAGC-3’-antisense 
 
C-terminal truncation 
 
HindIIICtermtrunc: 5’-GTTTAAACTTAAGCTTGCCACCATG-3’-sense 
EcoRICtermtrunc: 5’-GGTGTACATGAATTCGGAAAATGAATCG-3’-antisense 
 
Single residue mutants 
 
Q211E: 5’-CACTGTACTGAATGAGGTGTTGAAGAACCTAGCCC-3’-sense 
  5’-GGGCTAGGTTCTTCAACACCTCATTCAGTACAGTG-3’-antisense 
 
Q211K: 5’-CACTGTACTGAATAAGGTGTTGAAGAACCTAGCCC-3’-sense  
   5’-GGGCTAGGTTCTTCAACACCTTATTCAGTACAGTG -3’-antisense 
 
Q211A: 5’-CACTGTACTGAATGCCGTGTTGAAGAACCTAGCCC-3’-sense 
   5’-GGGCTAGGTTCTTCAACACGGCATTCAGTACAGTG-3’-antisense 
GVQLG/AVQLA: 5’- CTTCCTCATTAATGCCGTGCAATTGGCCTATTTGATAAG-  
   3’-sense 

5’CTTATCAAATAGGCCAATTGCACGGCATTAATGAGGAAG- 3’-
antisense 

 
GMS/AMA: 5’-CATCGGCATGACTGCAATGGCCATACTGTTCCTCTGC-3’-sense 

5’-GCAGAGGAACAGTATGGCCATTGCAGTCATGCCGATG-3’- 
antisense 

 
GDS/ADA: 5’-CGGAAATTTCTCAAATGGCAGACGCACTGCAAAAATTC-3’-sense 

5’-GAATTTTTGCAGTGCGTCTGCCATTTGAGAAATTTCCG-3’- 
antisense 

 
II. PCR Protocols: 
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A. Sequential PCR: 25 cycles of amplification; 1 minute at 95°C, 2 minutes at 50°C, and 
2 minutes at 72°C.  
 
B. QuickChange site-directed mutagenesis PCR: 18 cycles; 50 seconds at 95°C, 50 
seconds at 60°C, 8 minutes at 68°C 
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