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Miles Austin Creasy 
 

ABSTRACT 
 

 
This dissertation presents the development of a modeling scheme that is developed to model 

the membrane potentials and ion currents through a bilayer network system.  The modeling 

platform builds off of work performed by Hodgkin and Huxley in modeling cell membrane 

potentials and ion currents with electrical circuits.  This modeling platform is built specifically 

for cell mimics where individual aqueous volumes are separated by single bilayers like the 

droplet-interface-bilayer.  Applied potentials in one of the aqueous volumes will propagate 

through the system creating membrane potentials across the bilayers of the system and ion 

currents through the membranes when proteins are incorporated to form pores or channels within 

the bilayers.  The model design allows the system to be divided into individual nodes of single 

bilayers.  The conductance properties of the proteins embedded within these bilayers are 

modeled and a finite element analysis scheme is used to form the system equations for all of the 

nodes.  The system equation can be solved for the membrane potentials through the network and 

then solve for the ion currents through individual membranes in the system. 

A major part of this work is modeling the conductance of the proteins embedded within the 

bilayers.  Some proteins embedded in bilayers open pores and channels through the bilayer in 

response to specific stimuli and allow ion currents to flow from one aqueous volume to an 

adjacent volume.  Modeling examples of the conductance behavior of specific proteins are 

presented.  The examples demonstrate aggregate conductance behavior of multiple embedded 

proteins in a single bilayer, and at examples where few proteins are embedded in the bilayer and 

the conductance comes from a single-channel or pore.  The effect of ion gradients on the single 
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channel conductance example is explored and those effects are included in the single-channel 

conductance model.  Ultimately these conductance models are used with the system model to 

predict ion currents through a bilayer or through part of a bilayer network system.  These 

modeling efforts provide a modeling tool that will assist engineers in designing bilayer network 

systems.   
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Chapter 1 
 
 
 
 

Introduction and Literature Review 
 
 
 
 

Living organisms have been, are, and will continue to be an inspiration for the development 

and implementation of engineered devices.  The devices range in size and application as 

engineers and scientists have looked to nature for insight to overcome specific challenges that are 

varied in size from small to large scale applications.  Materials research including vaccine design 

[1], biocompatible prosthetics [2], and flying vehicles [3-5] cover a fraction of the instances 

where engineered devices are inspired by nature and living organisms.  Most engineered devices 

are component based, in that individual components are used to form the device and ultimately 

the entire device’s functionality.  Potential sources, diodes, capacitors, resistors, and transistors 

have limited individual functionality, but form the basis for most circuits that control and operate 

many engineered devices [6].  These individual elements are building blocks used to build larger 
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devices.  This logic leads one to question, what are the basic building blocks that can be obtained 

from living organisms to use in engineered devices? 

Using the concept of building blocks, nature and living organisms provide different length 

scales that can be used as the building blocks.  One definition of the pillars of life [7] is that 

living organisms are compartmentalized or limited in volume.  This definition provides a length 

scale for building blocks [8] on the size order of the cell and cell components.  The cell is a very 

diverse system that can communicate, replicate, use energy sources, and adapt to the 

environment depending on the organism and cell type [9-10].  The basic organic molecules 

found within the cell are nucleic acids, carbohydrates, amino acids, and lipids and can be viewed 

as the building blocks of these compartmentalized volumes.  These molecules are used to form 

subsystems of the cell including deoxyribonucleic acid (DNA) and ribonucleic acid (RNA) from 

nucleic acids; proteins, enzymes, and peptides from amino acids; membranes from lipids and 

proteins; and other cellular structures from carbohydrates [9-10].  Some of these subsystems of a 

cell respond to stimuli applied to the cell.  Sources of this stimuli include the environment, other 

subsystems within the cell, and adjacent cells [9-10].  Figure 1 shows a schematic of the interior 

of a eukaryote animal cell.  Understanding how these cellular building blocks interact and form 

the components of a cell provides engineers a mold for designing novel devices on this scale and 

understanding how these cellular subsystems respond to stimuli provides engineers with a means 

of designing novel devices based on those responses. 
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Figure 1. Schematic of a eukaryote cell showing the sub-cellular components within the cell. 

The focus of this work is to take the knowledge gained from studying these cellular building 

blocks and presently designed cellular mimics to form a model to simulate the ion flows between 

the volumes.  Ion flow is an example of a cells response to specific stimuli and can allow the cell 

to function in a specific manner.  Being able to model these ion flows from the subsystems that 

produce them will allow engineers to predict the response of these subsystems included in 

cellular mimics.  Efforts are devoted to formulating a model to understand potential across 

compartmentalized volume boundaries and ion currents through these boundaries.  Specifically 

the boundary between these compartmentalized volumes is made of natural or synthetic 

membrane material.  The overall model is generic to accommodate systems of varying 

organization (in terms of the number of volumes and connections), to accommodate varying 

types of membrane material, and to accommodate membrane molecules modeled for the 

aggregate and single unit effects.  But, before the model is presented, a basic understanding of 

the principles and interactions of the membrane molecules and the present cellular mimics is 

presented. 

 

endoplasmic reticulum

nucleus
ribosomes

mitochondria

cell membrane
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1.1 Cell Membrane Overview 

Cell membranes form the boundaries between the internal and external portions of natural 

compartmentalized volumes or organisms.  The structural components of a cell membrane 

consist of carbohydrates, proteins, and lipids and the membrane is only 5 to 10 nm thick [10].  

Lipids create the barrier of the membrane that is impermeable to most molecules and charged 

ions.  Proteins embedded in the lipids transport specific molecules and ions through the 

membrane by forming channels and pumps that selectively allow the passage of the molecules.  

The carbohydrates associated with the membrane are usually connected in some form to a lipid 

or protein.  The mass proportion of lipids in a membrane ranges from 20 to 80 percent [10] 

depending on the organism and the specific cell with a majority of the remaining proportion 

consisting of proteins.  The structure of each of these components provides insight into the 

function and organization of the membrane.  The modeling work focuses principally on the 

interaction of the lipids and proteins to ion flow and will be further addressed. 

 

1.1.1 Lipids 

The type of lipids that forms most biological membranes is phospholipids.  These types of 

lipids have four distinct sections; two fatty acids, a phosphate, some connection between the fatty 

acids and phosphate, and an alcohol attached to the phosphate [11].  A fatty acid is a 

hydrophobic hydrocarbon chain and is considered the “tail” of the lipid.  Both chains of the lipid 

for most organisms are between 14 and 24 carbon atoms in length where the carbon bonds can be 

saturated, monounsaturated, or polyunsaturated and the two chains do not need to be symmetric.  

The alcohol/phosphate is a hydrophilic moiety of the lipid considered the “head.”  A glycerol 
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molecule is an example of a molecule that can connect the fatty acids to the phosphate.  Glycerol 

is a three carbon alcohol where the first two carbon atoms are attached to the fatty acids and the 

third carbon atom is attached to the phosphate.  Figure 2a shows a schematic of the lipid 

molecule 1-stearoyl-2-oleoyl-sn-glycero-3-phosphocholine (SOPC) [12-17] made of hydrogen 

(white), carbon (light blue), oxygen (red), phosphorus (purple), and nitrogen (blue) atoms.  One 

of the fatty acid chains is monounsaturated and the double bond causes a bend in that specific 

chain.  Figure 2b shows the short hand notation that is used to represent the head (the circle) and 

tail (wavy lines) of a lipid molecule in the majority of membrane schematics. 

 

Figure 2. a) Schematic of SOPC made of hydrogen (white), carbon (light blue), oxygen (red), phosphorus 
(purple), and nitrogen (blue) atoms and b) an example of the short hand notation of a lipid molecule. 

In the presence of water, lipids self assemble into organized structures where the head is 

oriented toward the water and the tail is oriented away from the water.  This orientation is caused 

by the amphiphilic forces acting between the lipids and water molecules.  Organized structures 

formed from lipids include planar bilayers, liposomes, micelles, or some combination of each 

depending on the system [10, 18-19].  A cell membrane is in the configuration of a planar bilayer 

similar to the schematic shown in Figure 3 that is two molecules thick.  This structure is called a 

bilayer lipid membrane (BLM), sometimes referred to as just a bilayer.  Each monolayer of the 

neutral

polar

ba
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bilayer is fluid [20-21] in nature and motion in this plane is limited by molecular motion and 

individual molecular attraction caused by weak van der Waals forces [10].  The BLM of a cell 

membrane is usually asymmetric where the lipids that constitutes each layer or sheet is made of 

different types of lipids [10]. 

 

Figure 3. Schematic of a planar bilayer where the color difference of the short hand notation of the lipids 
indicate different lipid types. 

 

1.1.2 Proteins 

Proteins are the active components of cells that facilitate nearly all cellular processes.  

Proteins are linear polymers ranging in size from a combination of twenty amino acids linked by 

peptide bonds.  Nineteen of the amino acids are structured with a central α-carbon atom 

connected to an amino group, a carboxyl group, and another side chain.  The lone exception is 

proline that has a rigid ring on the amino group.  For some of these amino acids the side chains 

are either hydrophobic or hydrophilic making the polymers amphiphilic where the amphilicity 

may change depending on the pH of the aqueous solution.  The linear polymers form complex 

3D structures that is determined by the amphiphilic forces of these side chains in the presence of 

water [10, 22-25] and the shape ultimately determines the function of the protein [9-10, 25].  

water molecules

phospholipids
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Proteins embedded in the cell membrane are called integral membrane proteins [26-27].  These 

proteins can span through the bilayer of the membrane or be embedded in one of the monolayers.  

The purpose of the proteins in the membrane is to serve as channels, pumps, enzymes, receptors, 

and energy transducers and to allow molecules, change ions, energy, and waste in and out of the 

cell [10]. 

 

1.2 Literature Review 

One of the pioneering studies that led to the understanding that cell membranes are two 

molecules thick was performed by Gorter and Grendel [28] in 1925.  The surface area of lipids 

extracted from red blood cells was observed to be twice the surface area of the cells indicating 

that the membrane was two molecules thick.  Further work led to understanding the amphiphilic 

nature of lipids and this understanding led to several methods for constructing artificial cell 

membranes and multiple ways of testing the membranes.  Parallel to the cell membrane work, 

was the investigation of integral membrane protein properties.  This work led to models of the 

physical nature of bilayers and mathematical models of the ion potentials and molecule transport 

across a cell membrane.  Ultimately, this work has led to the development of cell mimics that 

mimic the properties of natural cells. 

 

1.2.1 Bilayer Lipid Membranes 

Understanding the properties of BLMs led to several experimentation methods for classifying 

bilayers and provided platforms for studying the physical properties of the bilayer components.  

This understanding also led to physical models and the formation of engineered devices. 
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1.2.1.1 Bilayer Formation Methods 

Several methods have been used to construct artificial bilayers from lipid molecules.  These 

methods include the Montal-Mueller method, the Langmuir-Blodgett/Langmuir-Schaefer 

method, vesicle fusion, the formation of giant vesicles, lipid painting, droplet-interface-bilayers 

(DIB), and the regulated-attachment-method (RAM).  A brief overview of these methods is 

provided with more details included for the DIB and RAM methods which are used in this work.   

The Montal-Mueller method [29-33] of forming bilayers is also known as lipid folding.  This 

method forms bilayers in the aperture of a rigid synthetic hydrophobic substrate.  The substrate is 

positioned above an aqueous volume with the aperture orthogonal and above the surface of the 

aqueous volume.  Lipids are spread across the aqueous volume and self-assemble into a 

monolayer at the water/air interface with the heads oriented toward the water and the tails 

oriented in the air.  The level of the aqueous volume is raised over the substrate aperture.  As the 

aqueous solution rises, the hydrophobic tails will stick to the hydrophobic substrate and form a 

monolayer on the substrate.  As the solution level passes over the aperture, the hydrophobic tails 

on each side of the aperture will stick forming a bilayer in the aperture. 

The Langmuir-Blodgett/Langmuir-Schaefer method [31, 34-39] uses a procedure similar to 

the Montal-Mueller method, but the substrate is hydrophilic.  The lipids are spread across the 

surface of an aqueous volume and self assemble into a monolayer at the water/air interface.  The 

substrate is dipped perpendicular into the aqueous volume and slowly removed.  As the substrate 

is pulled out of the aqueous volume, the heads of the lipids will adhere to the hydrophilic surface 

of the substrate forming a monolayer on the surface.  The substrate is then turned 90 degrees and 

placed on the monolayer on the surface of the aqueous volume, therefore forming a bilayer 

between the substrate and the aqueous volume. 
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Vesicle fusion [31, 40-44] is a technique that uses a multi-step process to form a bilayer.  A 

lipid solution is evaporated to form a dry film.  The film is hydrated, and the lipids self assemble 

into vesicles.  The vesicles are placed on a supporting substrate to induce vesicle rupture and a 

BLM forms on the surface of the substrate.  Numerous variations of this method exist to control 

the size of the vesicles, promote vesicle formation, and insert proteins into existing BLMs.  The 

creating of giant vesicles [12, 14, 45] for bilayer research uses similar methods.  The giant 

vesicles can be extracted with a pipette and the interaction of the vesicle with the pipette is used 

to study the bilayer properties. 

Lipid painting [16-17, 31, 46-49] is a technique where bilayers are formed by physically 

spreading lipids dissolved in an organic solvent across a substrate or aperture of a substrate.  The 

self assembly properties of the lipids will form the bilayer when the lipid solution is in contact 

with an aqueous solution.  The solvent may drain away, evaporate, or stay on parts of the 

substrate used to form the BLM.  This method is the simplest method for forming bilayers on 

solid substrates or across apertures, but maintains uncertainty in the bilayer because of the 

presence of bulk lipid solution and organic solvent. 

Droplet-Interface-Bilayer [50-56].  DIBs were suggested as a way to study bilayers without 

the need of a solid support therefore rendering the bilayer in a liquid supported system.  BLMs 

formed on solid structures have several disadvantages as discussed by Bayley et al. [52] 

including the formation of lenses (bulk lipid solution) and bilayer longevity.  Sundaresan et al. 

[57] showed that a supporting substrate can also effect electrical measurements (used to 

characterize the BLM) of a BLM formed on that substrate.  To overcome these disadvantages, 

David Needham of Duke University [52] suggested using water droplets in oil as a liquid support 
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structure for forming bilayers to eliminate the disadvantages caused by using a supporting 

substrate. 

The formation of a DIB is as follows.  Lipids can be suspended in an aqueous volume to 

form vesicles.  Droplets from the aqueous volume are placed in an organic solvent.  The vesicles 

will form a monolayer of lipids at the oil/water interface similar to the schematic shown in 

Figure 4 on the left.  When two droplets with formed monolayers at the oil/water interface are 

brought into contact, a bilayer is formed between the two droplets.  This DIB technique with the 

lipids in the aqueous volume is called the “lipids in” technique for forming DIBs. Asymmetric 

bilayers can be formed with different lipids in each droplet [50].  A variation to the technique 

with lipids dissolved in the organic solvent instead of the aqueous volume is called the “lipids 

out” technique.  Integral membrane proteins can be inserted into DIBs by including the 

molecules in vesicles of one or both of the droplets and letting the vesicles insert the protein into 

the bilayer [51-53] or the protein can be inserted into the droplet from another aqueous volume 

containing the protein [58].  

 

Figure 4. DIB picture and schematic.  The picture was taken through an inverted microscope showing two water 
droplets with electrodes inserted in each droplet with a bilayer formed between the droplets.  The 
schematics around the picture show the interaction of the lipids at the interfaces between the water and 
oil and the connection of the formed bilayer. 

water 
droplet 
in oil

water

oil



M. Austin Creasy Introduction and Literature Review 11 

11 
 

The DIB technique has also been used in conjunction with hydrogels to form bilayers 

between water droplets and hydrogels.  This technique is called the droplet on hydrogel bilayer 

(DHB) [52, 59-60].  Hydrogels can form a monolayer of lipids using the lipid-out technique 

when placed in the solvent because the hydrogel is hydrophilic and the heads of lipids are 

attracted to it.  A droplet placed in the solvent will form a monolayer and a bilayer can be formed 

between the droplet and the hydrogel. 

Regulated-Attachment-Method [31, 58].  The RAM method was developed to confine 

aqueous volumes and form bilayers in a flexible support structure while maintaining the 

durability of the DIB method.  The flexible support structure confines the aqueous volumes to 

the geometry of the structure.  The surface of the structure can be tailored to maintain a thin film 

of solvent around the aqueous volumes to assist the self assembly characteristics of the lipids.  

With the support being flexible, the fixture can be deformed and split a single volume into 

separate volumes.  Aqueous/lipid volumes within these flexible structures can form monolayer 

encased aqueous volumes into bilayers when the separate volumes are allowed to form a single 

volume.  Figure 5 shows a simple schematic of how this method works.  Figure 5-1 shows the 

structure with a single aqueous/lipid volume surrounded by oil in a flexible structure.  As a force 

deforms the flexible structure, the aqueous volume is separated into the two formed 

compartments as shown in Figure 5-2.  Once the deformation forces are released, the two 

aqueous volumes come into contact and a bilayer will form between the aqueous volumes as 

shown in Figure 5-3.  This method has two major benefits.  The first is that if a bilayer fails and 

the aqueous volumes coalesce, the fixture can be deformed to separate the volumes and reform 

the bilayer.  The second is that the area of the formed bilayer can be controlled by the application 

of force on the flexible substrate [31]. 
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Figure 5. RAM example where 1) is a single aqueous volume in a flexible substrate, 2) is the substrate deformed 
to separate the aqueous volume into two volumes, and 3) is the volumes connected forming a bilayer 
between them. 

1.2.1.2 Bilayer Measurements 

Multiple methods for verifying the existence of bilayers and properties of bilayers exist.  

Three approaches used include microscopy, mechanical stimulation, and electrical stimulation 

where each approach provides information about the bilayer that is not accessible using the other 

approaches.  This section will overview these approaches and gives details on some of the 

information obtained by these approaches. 

Microscopy.  Microscopy methods are used to physically view the bilayer and components 

of the bilayer.  Optical microscopy showed that bilayers were invisible to transmitted light [46, 

61-62] and a black film is viewed over the area of a formed bilayer.  This observation gave 

bilayers the name “black lipid membrane” or “black lipid film.”  The thickness of the membrane 

causes the bilayer to appear black because light reflecting off the front and back of the bilayer 

destructively interferes leaving the area black.  Other areas with bulk lipids or lipid solution will 

not have this destructive interference and estimates of the area of the bilayer can be calculated.  

Optical microscopy is limited by the diffraction index of light to about half the wavelength of 

3

2
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light [63].  The size of lipids and proteins are several orders of magnitude smaller and therefore 

individual molecules in the membrane are not visible. 

One way to circumvent the optical size limitation is the use of fluorescence microscopy.  

Specific molecules in a bilayer can be tagged with a fluorescence dye [64].  Ultraviolet light 

absorbed by the dyed molecules will emit light at wavelengths that can be seen optically [65].  

This method allowed the fluid mosaic model of the bilayer to be verified [66-67] by tagging 

certain lipids and viewing how the lipids moved within the bilayer.  The method still does not 

provide detailed imaging of individual molecules, but does allow the ability to track the location 

of molecules within the bilayer. 

Electron microscopy uses electrons to produce an image of a specimen on a phosphorescent 

screen [68].  The wavelength is much smaller than light and therefore the resolution is much 

higher.  The method was used to show that cell membranes are made of two opposing 

monolayers [69].  Most biological specimens are freeze-fractured [9, 70] before images are taken 

to get a small slice of the sample to image and some researchers think the freezing process may 

change the molecules from the original natural configurations. 

Mechanical Stimulus.  Bilayers are fluid structures and very difficult to mechanically strain.  

Vesicle aspiration and pressurization are two methods that have been used to induce mechanical 

forces on bilayers.  Vesicle aspiration uses micropipettes to deform vesicles [12-15, 71].  Very 

small pressure gradients are used to suck vesicles into a micropipette and the pressure and shape 

allow investigation of thermal transitions, cohesion, elasticity, and surface rigidity of the 

bilayers.  Pressurization tests use bilayers formed over porous substrates to test durability caused 

by pressure gradients [16-17, 72]. 
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Electrical Stimulus.  A cell membrane around a cell acts as a semi-permeable barrier to ions 

and molecules.  Electrically, the lipids appear as an insulator and a capacitor in the presence of 

membrane potentials and ion currents.  Some proteins open conductive pathways through the 

bilayer that allows ion currents and acts as a small conductor.  For this work three types of 

electrical measurements are used to induce and measure ion current across a bilayer and will be 

briefly described.  These methods are voltage clamp measurements (similar to amperometry), 

electrical impedance spectroscopy (EIS), and cyclic voltammetry (CV).  Electrodes placed in the 

aqueous volumes to covert the ion currents into an electrical current that can be measured. 

Voltage clamp measurements use a prescribed potential across a bilayer to record ion 

currents.  This measurement technique has been used extensively to measure ion currents caused 

by protein activities in bilayers [30, 51, 55, 61, 73-74].  An electrode in one of the aqueous 

volumes on one side of a bilayer is used to induce the potential and measure the ion current 

traveling between that electrode and another electrode on the other side of the bilayer.  The 

resistance and capacitance of a bilayer to ion currents is reported at 105-108 Ωcm2 [30] and 0.3-

0.9 µF/cm2 [30, 75] respectively.  The addition of proteins changes some of these properties by 

allowing more ion currents through the bilayer. 

EIS is used to find the impedance caused by an alternating applied potential and the 

associated current.  A sinusoidal potential is used as the stimulus and the ion current is measured 

and compared to the stimulus to provide the magnitude and phase shift [76] of the resistance.  

Repeating this procedure at multiple frequencies provides information about the frequency 

dependency of the bilayer and can be used to estimate the resistance and capacitance values of 

the bilayer [16-17, 29, 31, 58, 73, 77-81]. 
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CV is an electrical measurement technique that compares the voltage and current relationship 

as the voltage is linearly ramped.  The potential is ramped positively with time to a maximum 

potential and then ramped negatively with time at the same rate.  The resulting ion current is 

measured [82-83] and this increase/decrease cycle can be repeated numerous times for a given 

measurement.  This method has been used in bilayer research to show time dependent 

characteristics of some proteins with voltage gating properties [31, 58, 84]. 

1.2.1.3 Membrane Models 

Different membrane models have been proposed to model different properties of a 

membrane.  In 1972 a physical model of the molecules called the fluid mosaic model [20] 

proposed that a bilayer is made of distinct components that are able to move laterally within a 

membrane.  Additional research has added understanding to the nature of these molecular 

interactions [21, 85], but this model stands as the baseline for the physical molecular 

interactions. 

Other models have focused on simulating mathematically the ion currents and membrane 

potential across a membrane.  Membrane potentials are caused by the membrane being 

impermeable to specific ions and the aqueous volumes on each side of the bilayer containing a 

different concentration of the specific ions.  In cases where there is no ion current across the 

bilayer, the membrane potential is called the equilibrium potential [86].  The equilibrium 

potential for each individual ion can be modeled with the Nernst equation, 
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where V is the equilibrium potential, R is the ideal gas constant, T is the temperature, z is the ion 

charge, F is Faraday’s constant, and K is the concentration.  The superscripts describe the side of 

the membrane and for cells the superscripts define the outside and inside of the membrane.  The 
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overall equilibrium potential will be the sum of the individual ion potentials.  For cases where 

the ion current is not in equilibrium, the membrane potential is called the resting potential.  The 

resting potential can be determined from the Goldman-Hodgkin-Katz (GHK) [87-88] equation, 
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where m is the number of monovalent cationic species, n is the number of monovalent anionic 

species, K is the concentration of the cationic species, A is the concentration of the anionic 

species, and P is the permeability for a specific ion.  The ion flux [86] can then be found from 
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where Φ is the ion flux and K,A refer to a single anion or cation and can be converted into an ion 

current.  For instances where the GHK equation is used with divalent ions, the reader is referred 

to Spangler’s derivation [89]. 

Viewing the ion flux across a membrane as an ion current induced by a membrane potential 

has led to modeling a bilayer as an electrical circuit [31, 58, 78-80, 90].  The most basic model of 

this circuit is to model the bilayer as a resistor and capacitor where the bilayer impedance (Z) is 
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where ω is the frequency, R1 is the resistance of the bilayer, C is the capacitance of the bilayer, 

and R2 is the resistance of the water surrounding the bilayer.  Some researchers have expanded 

this approach to include additional elements in the circuit to account for substrate properties [57] 

or the insertion of proteins in the bilayer [53]. 
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1.2.2 Membrane Proteins 

Proteins are active components of cells that contribute in nearly all cellular processes.  The 

purpose of the proteins in the membrane is to serve as channels, pumps, enzymes, receptors, and 

energy transducers and allow molecules, change ions, energy, and waste in and out of the cell 

[10].   

1.2.2.1 Protein Activity 

Some of the first work dealing with membrane proteins and understanding the membrane 

potential and ion current relationship was in conducting experiments with nerve cells.  In 1939, 

Hodgkin and Huxley [91] showed that action potentials are present in the giant axon of Loligo.  

Their work in 1952 [92-96] emphasized these action potentials and looked at modeling the 

conductance through the membrane for individual ions.  The total ion current through the 

membrane was the sum of the individual ion currents.  This work set the foundation for modeling 

ion currents and membrane potentials with an electric circuit approximation.  The individual ion 

currents is dictated by the specific membrane conductance for that ion, but the membrane 

potentials that drive these currents were shown to be dependent on all species of ions in the 

system. 

1.2.2.2 Protein conductance 

The conductance of ions through a bilayer by proteins is varied by the structure of the protein 

and the organization of that protein in the bilayer.  The structure is determined by the sequence 

of the amino acids where the folded structure that ultimately determines the conductance 

properties is mainly dictated from amphiphilic forces [11].  Measured ion currents caused by 

protein conductance can be measured as an aggregate effect of multiple proteins (of a single type 

or multiple types) in the bilayer or as single channel recordings with a single or few proteins in 
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the bilayer.  The conductance levels can also be influenced by stimulus to the bilayer depending 

on the structure of the protein.  Voltage gated ion channels is one class of proteins where the ion 

current is dependent on the membrane potential [11].  These types of channels provide a platform 

for testing and modeling conductance properties for single and aggreate channels. 

Aggregate Conductance.  There are numerous voltage gated ion channels.  Some of these 

channels are ion specific and assist in producing the action potentials as seen in nerve cells by 

Hodgkin and Huxley [91-96].  Others are not ion specific.  The peptide (a molecule made from 

an amino acid polymer with fewer than 50 amino acids) alamethicin is a voltage gated ion 

channel that shows action potentials [97] and has been studied for numerous years.  Therefore for 

this modeling work, the peptide alamethicin will be used as a model protein in many instances in 

this work and specifically here to show some of the aggregate conductance properties of the 

peptide. 

Alamethicin is a peptaibol produced by the fungus Trichoderma viride [98].  The peptide 

consists of 20 residues with two major components (the Rf30 and Rf50) that differ by a single 

residue.  The crystalline structure was determined by Fox and Richards in 1982 [99] and the 

voltage dependent conductance was shown about a decade prior [97, 100-103].  The steady state 

relationship between membrane potential and ion current can be seen in Figure 6 when the 

peptide is inserted in a membrane from both sides.  This figure shows that there is a nonlinear 

relationship between the membrane potential and the ion current.  The conductance has been 

modeled as 

 )exp(0 ess VVGG   5

where V is the voltage potential across the membrane and Ve is the voltage required for an e-fold 

increase in conductance.  Gs0 is 
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where Γ is a constant, Np is the mean number of peptides in a channel, and Cp is the peptide 

concentration.  The variable Ve can be found from 

 pBe NTdkV   7

where kB is the Boltzmann constant, T is temperature, d is the length of the peptide helix, and µ is 

the dipole moment of the helix.  The helix is a physical conformation of the peptide that occurs 

due to the order of the peptide’s amino acids.   

 

Figure 6. A model of the steady state relationship between membrane potential and ion current for a bilayer with 
alamethicin inserted from both directions. 

For instances where the system is not in steady state, the membrane potential and ion current 

relationship does not follow the previously state model.  Figure 7 shows three examples of the 

membrane potential and ion current relationship for the peptide alamethicin in non-steady state 

scenarios.  Figure 7a shows an example where CV is used to find the conductance of the peptide.  

Hysteresis (black) is present in the relationship caused by the rate of the potential ramp.  Figure 

7b shows an example of a membrane potential step and the resulting ion current.  Figure 7c 

shows an example where an ion gradient is present between the aqueous volumes (black) and 

without the presence of an ion gradient (red).  All of these examples show a change in the 
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membrane potential/ion current relationship.  Asami [98] showed that the dynamics of the 

conductance of the peptide alamethicin can be modeled with first order kinetic equations.  This 

modeled is based on assuming that the number of channels in the bilayer changes with time as a 

function of the number of pores and the potential with 

  NN
dt

dN
s 


1

 8

where N is the number of pores in the bilayer, t is time, τ is the time constant, and Ns is the 

number of pores at steady state.  The model is based on the membrane potential because the 

number of pores at steady state varies as 

  eVV
s KeN   9

where K is a constant.  Assuming an average conductance value for each pore provides a model 

that was shown to capture the dynamics of the conductance shown in Figure 7.  This example of 

the peptide alamethicin shows that additional relationships can be included with steady state 

models to capture dynamic responses.  Asami [98] also showed that the ion gradient dynamics 

could be modeled with the GHK equation in conjunction with these first order kinetic equations. 

 

Figure 7. a) Schematic of the CV relationship between ion current and membrane potential at different scan 
rates, b) schematic of the ion current caused by a step membrane potential, and c) schematic of the 
relationship between the ion current and membrane potential with an ion gradient (black) and without 
(red). 

The conductance example shown here for alamethicin shows that the steady state 

conductance is non-linear, shows that ion gradients cause shifts in the membrane potential/ion 

current relationship, and shows that ion currents caused by potential steps show first order 
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kinetic characteristics.  Other proteins have also shown conductance changes with non-linear 

relationships to membrane potentials and other protein stimuli.  Examples include, Maglia et al. 

[51] showing an engineered α-hemolysin pore with diode-like behavior and Bayley et al. [52] 

showing the proton pump, bacteriorhodopsin, producing a decaying ion current from green light 

excitation.  All of these examples are caused by the aggregate effect of numerous proteins or 

peptides in a bilayer.  The measurements of individual reactions of proteins or peptides that 

cause this aggregate effect are called single channel recordings.  These single channel recordings 

are varied depending on the specific protein or peptide, but usually show discrete conductance 

changes over time. 

Single Channel Conductance.  Single channel ion currents are dependent on the type of 

proteins and its gating properties.  Some proteins form channels or pores of specific geometry 

through the bilayer and therefore the conductance would be dependent on that geometry.  One 

example is the peptide gramicidin [73, 104].  Gramicidin is a peptide synthesized by Bacillus 

brevis [105].  Figure 8 shows an example of single channel currents measured from gramicidin 

activity.  The figure shows a single discrete level that the current obtains that is attributed to the 

opening of the channel.  The second level of the current is attributed to the opening of two 

independent channels through the bilayer and the current level is exactly doubled.  The time of 

the channel openings is dependent on the molecular motion of the molecules within the bilayer 

[73, 104-105].   



M. Austin Creasy Introduction and Literature Review 22 

22 
 

 

Figure 8. Schematic of single channel ion currents through a bilayer with gramicidin channels forming 
conductive pathways. 

Other proteins form channels, pores, or pumps that are dependent on some other stimuli for 

the geometry or conformational change of the protein [11].  These changes can occur at the 

molecular level [11] or with the addition of added monomers [106] of the protein to the 

collective pore.  An example of single channel currents where the conductance level changes 

with the addition of added monomers is the peptide alamethicin.  Aggregation of alamethicin is 

assumed to form larger pores within a bilayer and therefore changes the conductance states.  

Figure 9 shows a schematic of single channel current recordings of this peptide.  The 

conductance levels or states are determined by the inclusion of additional monomers in the 

channel aggregate.  The time of the channel openings at the different levels has some 

dependency on the membrane potential [106], but is still governed by the molecular motion of 

the molecules. 
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Figure 9. Schematic of single channel ion currents through a bilayer containing the peptide alamethicin. 

These previous examples show two different ion currents caused by the single channel 

conductance.  For alamethicin, the aggregate effect of multiple channels causes the 

characteristics as seen in Figure 6 and Figure 7.  Deterministic models simulate mathematically 

the aggregate conductance and measured ion currents.  But these single conductance states 

contribute to that aggregate effect.  Therefore, a single channel conductance model may provide 

insight into the aggregate conductance of the system. 

   

1.2.3 Bilayer Devices 

Research has started to focus on designing and implementing engineering devices formed 

from bilayers and proteins that can be used for various functions.  These devices have used both 

traditionally formed bilayers on synthetic substrates and bilayers formed using the DIB method.  

The devices include actuators [78], sensors [52, 107-108], energy production devices [52, 109-

111], artificial cell component synthesis [52, 112-114], and drug development [107].  These 
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devices use the functionality of the proteins for the active part of the system and the bilayer as 

the material to hold the functioning component.  Some of these devices use a single bilayer or an 

array of bilayers with two aqueous volumes.  Other devices use a network approach with 

multiple aqueous volumes separated by different bilayers.  The design of each of these devices 

requires understanding of the membrane components in each bilayer and an understanding of the 

molecules included in each aqueous volume.  As new novel devices are designed with multiple 

aqueous volumes separated by different bilayers, a system model can help designers to 

understand the interactions between aqueous volumes and how ion currents dictate the device 

functionality. 

 

1.3 Motivation and Plan for Modeling Bilayer 

Networks 

The diversity and functionality of living organisms is the motivation for almost all biological 

research.  The cell and cell components have been described as a building block [8] of living 

organisms.  Designers are using phospholipids and proteins made from amino acids to create 

functional devices inspired by nature.  The DIB method for creating artificial cell membranes has 

provided the frame for creating large networks of aqueous volumes with individualized 

compartments that can be used to create functional devices.  The contents of the aqueous 

volumes and the proteins in the bilayers are design parameters that can be used to customize the 

device.  The diversity of membrane proteins provides designers numerous design parameters for 

inclusion in these devices.   
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This work uses finite element analysis (FEA) and circuit modeling as a pattern for modeling 

bilayer networks.  Circuit modeling uses the relationship between potential and current of the 

circuit elements to determine the potential and current through the circuit.  Similar relationships 

exist with these biological components between membrane potential and ion current.  Membrane 

potentials can be induced with potentials between electrodes or with ion gradients across a 

membrane.  The conductance of ions through the membrane is determined by the proteins that 

are present in the membrane.  FEA allows the network to be divided into subunits and modeled.  

The overall system model can be derived from modeling these individual subunits.   

This dissertation documents the development of a generic model to predict the membrane 

potential and ion current through a bilayer network.  The model is developed to be generic for 

accommodating different bilayer networks in terms of geometry and different protein 

conductance models within that geometry.  This dissertation also documents modeling the 

conductance of proteins that can be used in this network model.  Deterministic conductance 

models can be used with the generic network model to simulate ion currents through a bilayer 

network.  But, certain properties of the membrane potential/ion current relationship are not 

captured with type of model.  Figure 7 shows examples where this relationship is not captured by 

the deterministic conductance model for the peptide alamethicin.  Separate models are employed 

to capture the different types of behaviors.  Single channel recordings of individual channels are 

stochastic in nature.  This dissertation also documents that modeling the protein conductance 

with a stochastic model will capture some of these additional membrane potential/ion current 

relationships.  Finally this dissertation documents the inclusion of ion gradients in the 

conductance modeling.  The specific contributions of this work are listed below. 
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 Developing a generic model to predict the membrane potential and ion current 

through a bilayer network with multiple aqueous volumes and bilayer interfaces. 

 Use deterministic protein conductance model with the system model to model 

published data of a bilayer network system 

 Use a probabilistic protein conductance model to capture additional dynamics of the 

membrane potential/ion current relationship 

 Include ion gradients in this probabilistic conductance model to account for 

membrane potentials caused by ion gradients 

 

1.4 Document Overview 

This introductory chapter reviews the motivation and background information that inspired 

this modeling work.  Using cells and cell components as building blocks for developing 

engineered devices was reviewed along with introductory descriptions of the cell components 

used in this work.  The development of a certain classes of bilayer networks was reviewed as 

well as the present modeling schemes used to model cell membranes and formed bilayers.  

Chapter 2 shows bilayer and bilayer network measurements that were used to develop the 

network model.  These measurements are mainly a repeat of measurements done by other 

researchers, but performed to verify those measurements and provide additional data for specific 

modeling parameters not found in the literature. 

Chapter 3 shows the development of the generic bilayer network model.  FEA is used to 

define the matrix definitions of the system equations to simulate the membrane potentials.  

Chapter 4 uses deterministic protein conductance models for specific proteins in conjunction 
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with the generic model to simulate previously published measured data of a bilayer network 

system.  Chapter 5 discusses the difference between deterministic and stochastic conductance 

models for proteins.  A stochastic model is shown to capture additional membrane potential/ion 

current relationships for the peptide alamethicin.  Lastly, Chapter 6 has a summary of the 

contributions and concludes this work. 
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Chapter 2 
 
 
 
 

Aggregate and Single Channel Measurements 
 
 
 
 

Measurements of the relationship between membrane potential and ion current are performed 

to gain understanding of how these systems are formed and to provide data for validating 

modeling methods.  The conductance relationship is reviewed for aggregate conductance 

measurements and single channel measurements.  An ion gradient across the membrane is also 

used as a variable to induce ion currents and provide additional conductance properties.   

This chapter provides details of the experimental setups used for inducing and measuring ion 

currents through a bilayer caused by membrane potentials.  The first section explains in detail the 

experimental preparation used to form lipid solutions and explains the experimental setups.  The 

second section provides details about bilayer measurements and information obtained about the 

bilayer from those measurements.  Details are presented about how an electrode can be used as a 

network probe in a procedure similar to the DHB technique.  The third section shows aggregate 
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protein ion current measurements and the forth section shows single channel ion current 

measurements.  All of these measurements provide an understanding of the membrane 

potential/ion current relationships used to form a modeling scheme for bilayer network systems. 

 

2.1 Experimental Preparation 

The lipids used in these experiments are diphytanoylphosphatidylcholine (DPhPC) 

phospholipids purchased in powder form from Avanti Polar Lipids.  The lipids are stored in 

water and prepared in a method similar to the method used by Hwang et al. [50].  An aqueous 

solution consisting of deionized water with a defined salt concentration and 10 mM MOPS is 

added to the powdered lipids.  The total mixture is shaken for at least 10 seconds and subjected 

to five freeze-thaw cycles then extruded through a 0.1 or 0.4 µm membrane filter.  The vesicle 

solution is diluted with the aqueous solution to obtain a 2 mg/ml lipid solution and stored 

between 3°C - 8°C during testing.  For tests where ion gradients across the bilayer are used, the 

same procedures are followed for the individual salt concentration for each lipid solution.   

For tests where the peptide alamethicin is used, the preparation of the peptide in the lipid 

solution is the same method used by Sarles and Leo [115].  The peptide is purchased from A.G. 

Scientific and stored in ethanol at 0.1% (w/v) in the freezer.  The peptide is added to the lipid 

solutions to produce concentrations of either 1 µg/ml or 100 ng/ml. 

Electrodes are prepared using 125 micron diameter pure silver wire, purchased from 

Goodfellow.  For DIB measurements, heat is used to melt the tip of the wire into a spherical 

configuration (approximately 300 microns in diameter).  For RAM measurements, the tips are 

left straight.  The tips are chlorided for at least 30 minutes.  The electrodes used with the DIB 
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measurements are then dipped in the hydrogel agarose (5 percent weight/volume 10 mM MOPS, 

100 mM NaCl, near a pH of 7) to completely coat them and make the spherical ends hydrophilic.   

The fixture for the DIB experiments is made from polycarbonate and acrylic and machined 

by the author.  Figure 10a shows the section that holds the droplets, Figure 10b is a view of 

Figure 10a as seen through an inverted microscope, and Figure 10c shows a picture of the whole 

fixture.  The fixture that holds the droplets is 25 x 25 x 12 mm and made from polycarbonate.  A 

3 x 3 array of dimples are machined in the bottom of a well in the fixture.  The dimples are 1.02 

mm in diameter and protrude 0.35 mm below the surface of the well.  Holes are drilled through 

the bottom of the dimples and are 250 microns in diameter.  The 125 micron wire electrodes are 

threaded through some of these holes and the spherical ends rest in the bottom of the fixture.  

The bottom portion of the fixture is made from acrylic.  Four pieces of acrylic are glued with 

epoxy to a clear thin piece of acrylic to create a square sealed bowl slightly larger than 25 x 25 

mm.  The polycarbonate fixture is placed in this bowl.  Hexadecane is used to fill the well and 

the bowl catches oil that leaks through the electrode holes in the polycarbonate fixture.  Aqueous 

volumes are placed in the wells with some droplets placed on the electrodes in the bottom of the 

well.  A micro-manipulator holds an additional electrode above the fixture and this electrode is 

used to move the droplets from well to well or hold a single droplet that can be moved into 

contact with the other droplets.  For every experiment, the fixture is first cleaned with isopropyl 

alcohol, de-ionized water, and sprayed with compressed nitrogen to quickly dry the fixture. 
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Figure 10. A picture of the fixture used in these experiments.  a) is a picture of the fixture that holds the oil and 
droplets in a small array of dimples, b) is a picture of the dimples with droplets as seen from an 
inverted microscope during an experiment, and c) is the entire setup used to hold the fixture and 
capture the excess oil that leaks through the holes in the fixture. 

The fixture for the RAM experiments is made following the procedure outlined by Sarles and 

Leo [116].  A well is machined in an acrylic material that is 1.5 mm deep and about 6.4 mm in 

diameter.  Two 1.02 mm diameter holes are drilled at the bottom of this well with a 

hemispherical bottom about 1.5 mm deep.  The holes are centered in the well with the centers 

separated at 0.95 mm to provide overlap in the holes.  A polyurethane epoxy is mixed and 

poured into the well.  The epoxy is placed in a vacuum to extract any air from the epoxy and then 

placed on a hotplate at 80 °C to cure.  This procedure creates a negative that is coated with a 

lubricant to form the test fixture.  Another acrylic die holds a volume of uncured polyurethane 

epoxy and the negative is placed in that volume.  Again, a vacuum is used to extract air from the 

uncured epoxy and then the epoxy is cured at 80 °C.  The negative is removed leaving a fixture 

with a well that can hold two droplets like the one seen in Figure 11.  The exterior of the fixture 

can be cut with a razor to form the desired shape of the fixture.  Holes are drilled through the 

polyurethane into the hemispherical wells and electrodes are pushed through the holes into the 
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wells.  The properties of the soft polyurethane allow for the overlapping dimples to seal from 

each other as the fixture is deformed.  Hexadecane is used to fill the wells and aqueous volumes 

are placed in the wells.  A micro-manipulator is used to deform the fixture and control the size of 

the opening between the two wells and therefore control the size of a formed bilayer.  For every 

experiment, the fixture is cleaned with de-ionized water and dried with nitrogen. 

 

Figure 11. Picture of the RAM fixture (provided by Dr. Stephen A. Sarles). 

 

2.2 Bilayer Measurements 

Two methods are used to measure properties of a bilayer without measuring ion currents 

caused by proteins.  Both methods take advantage of the fact that a bilayer acts as a capacitor.  

The first method measures the impedance of the bilayer at set frequencies using an impedance 

analyzer (Autolab PGSTAT 12 with FRA 2 module, Eco Chemie B.V.).  This measured 

impedance data can be used to fit the resistance of the bilayer, the capacitance of the bilayer, and 

the resistance of the aqueous solution using Equation 4.  The capacitance value can be used to 
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approximate the area of the bilayer because the specific capacitance of the lipids [31, 58, 78] 

range from 0.3-0.9 µF/cm2 [30, 75]. 

The following procedure is used to measure the bilayer impedance with the impedance 

analyzer and returns results similar to measurements taken by previous researchers [50, 55, 115].  

The DIB fixture is filled with hexadecane.  One 500 nL droplet is positioned with a pipette onto 

the spherical end of an electrode threaded through one of the holes in the dimples of the fixture.  

This droplet is considered the fixed droplet.  Another 500 nL droplet is positioned onto the 

spherical end of an electrode attached to the micromanipulator.  This droplet is considered the 

moveable droplet.  The impedance analyzer is used to hold the potential between the droplets at 

zero to eliminate any static charges.  The lipids self-assemble into a monolayer at the water/oil 

interface for approximately 60 seconds.  The micromanipulator is used to position the moveable 

droplet into an adjacent dimple of the fixed droplet. 

The impedance analyzer applies a sinusoidal voltage potential across the electrodes and 

simultaneously measures the current.  The potential and current are used to calculate the 

electrical impedance at the specific frequency.  The frequency range used in this research is 10 

mHz to 100 kHz with a 5 mV amplitude potential and 30 frequency points distributed 

logarithmically across the frequency range.  A simplex search method [117] is used in Matlab® 

to fit the mathematical impedance model to the measured data for the capacitance and each 

resistance.  Figure 12 shows an example of this measured impedance with the modeled 

impedance overlain on the data.  The resistance of the bilayer is estimated to be 28.3 GΩ with an 

estimated capacitance of 241 pF from the impedance fit.  The area of the bilayer between the 

droplets is 0.04 mm2 assuming the specific capacitance is 0.6 µF/cm2.   
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Figure 12. Measured impedance data overlain with an impedance model fit to estimate the bilayer resistance and 
capacitance. 

The second method is used to specifically find the capacitance of the bilayer using the 

relationship between potential and current for a capacitor.  The relationship as a function of time 

is 

    
dt

tdv
Cti   10

where i is the current, t is the time, C is the capacitance, and v is the voltage.  The measured ion 

current is compared with the rate of change of an induced membrane potential to calculate the 

capacitance of the bilayer.  This relationship can be used in real time to view the bilayer 

capacitance and therefore estimate the bilayer area.  This method is useful when the size of the 

bilayer is being controlled. 

The following procedure is used to measure the bilayer capacitance with the previously 

described method in the RAM fixture.  The RAM fixture is filled with hexadecane.  Two 200 nL 

droplets of the aqueous lipid solution are placed one each into the two adjacent dimples of the 
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fixture using a pipette.  The proximity of the droplets usually causes the droplets to coalesce.  

The manipulator is used to compress the flexible substrate and separate the aqueous volume into 

two volumes similar to the schematic seen in Figure 5.  The deformation of the fixture is released 

after 30 seconds, allowing the two aqueous volumes to come into contact.   

A function generator is used to supply a 10 mV triangular potential at 20 Hz across the 

bilayer using an AxoPatch200B and a Digidata 1440A to record the ion current.  The molecular 

device acts as an oscilloscope and measures the resulting current.  A low-pass-filter (1 kHz) on 

the molecular device is used to filter out higher frequency noise.  Figure 13 shows an example of 

the potential input and the resulting measured ion current.  The ion current is about ± 670 pA and 

therefore the capacitance is estimated to be 840 pF using Equation 10.  Again assuming the 

specific capacitance to be 0.6 µF/cm2, the area of the bilayer is estimated to be 0.14 mm2.   

 

Figure 13. Triangle 10 mV, 20 Hz potential induced on a bilayer and the measured current across a bilayer. 
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technique.  The probe electrode is coated with the hydrogel agarose to completely make the 

electrode hydrophilic.  The electrode is placed in a polar solvent with mixed lipids or inserted 

into an aqueous volume with lipids and extracted into the polar solvent.  A monolayer of lipids 

forms around the probe, in a similar manner as with droplets.  The probe is brought into contact 

with another droplet and forms a bilayer.   

A formed bilayer between the probe and droplet will have an impedance of a bilayer as 

previously defined by Equation 4.  Modeling the impedance of a DIB with an additional bilayer 

formed by the probe will be 
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where the terms are repeated for the DIB from Equation 4 and the additional terms with the 

subscript 3 are for the bilayer formed between the probe and droplet.  Figure 14a shows a picture 

of this DIB with an attached probe and Figure 14b shows the impedance measurement of both 

bilayers.  The system has two bilayers and the magnitude of the resistance and capacitance in 

both bilayers is very similar and overlaps on the measured data.  The simplex search method 

[117] is used in Matlab® to fit the mathematical impedance model of Equation 4 because the 

capacitance and resistance of both bilayers are similar and difficult to distinguish in the 

impedance plot.  The resulting resistance and capacitance for both bilayers is 71 GΩ and 130 pF 

respectively.  These values are expected because the resistances are additive and the inverse of 

the capacitances are additive.   
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Figure 14. a) Picture of a DIB with a probe connected to a droplet without an electrode and b) the impedance 
measurement through both bilayers with an overlain model. 

 

2.3 Aggregate Channel Measurements 

Aggregate channel measurements are defined as the ion current measurements caused by the 

conductance of multiple proteins within a bilayer.  As explained in the introduction, the 

conductance of multiple proteins has an aggregate effect that can cause action potentials and 

other membrane potential/ion current relationships.  Voltage gated channels are dependent on the 

membrane potential and can be used to show this aggregate channel response in bilayers by 

applying a potential between electrodes on each side of a bilayer.  The peptide alamethicin is a 

well documented voltage gated channel and therefore will be used to show examples of these 

aggregate measurements. 

For this work two separate methods are used to show the aggregate measurements of the 

peptide alamethicin.  The first uses the impedance analyzer to measure the impedance of the 

bilayer with alamethicin and an applied offset DC membrane potential.  A DIB is formed as 
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previously explained where the fixed droplet contains 1 µg/ml alamethicin monomers.  Once the 

bilayer is formed, the impedance analyzer is used to apply the DC offset in conjunction with the 

sinusoidal voltage potential across the electrodes.  The current is simultaneously measured and 

the electrical impedance at the specific frequency is calculated.  Again, the frequency range used 

is 10 mHz to 100 kHz with a 5 mV sinusoidal potential.  Figure 15 shows three cases of the 

measured impedance of a bilayer with alamethicin inserted in the bilayer from the fixed droplet 

volume.  The baseline, with 0 mV DC offset, has a 60 GΩ resistance and maintains that 

resistance when a 90 mV offset is applied.  When the -90 mV offset is applied, the resistance of 

the bilayer is reduced by two orders of magnitude to 300 MΩ.  This change is caused by multiple 

peptides opening ion channels through the bilayer as a result of the applied potential.  A similar 

resistance decrease occurs with the positive applied offset when the peptides are inserted in the 

movable droplet. 

 

Figure 15. The measured impedance of a bilayer with alamethicin inserted from the aqueous volume with the 
fixed electrode with 0 V, 0.9 V, and -0.9 V offsets. 

The second method uses CV to compare the membrane potential/ion current relationship.  

Again, the bilayers are formed as previously explained.  The impedance analyzer is used to ramp 
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a potential at a specific rate and measure the associated ion currents.  The steady state response 

where the potential rate is close to zero would produce measurements similar to the schematic 

found in Figure 6.  For cases where the rate is higher, hysteresis occurs in the measured data.  

Figure 16 shows two examples of the CV measurement of a bilayer with alamethicin present.  

Figure 16a shows an example of a bilayer that contains the peptide in both aqueous volumes, 

while Figure 16b shows an example where the peptide is in a single aqueous volume and 

therefore the gating events only occur in a single direction.   

 

Figure 16. a) CV of a bilayer with alamethicin in both aqueous volumes and b) a CV of a bilayer with alamethicin 
in one of the aqueous volumes. 

These examples show measured aggregate properties of the peptide alamethicin.  These 

examples are not all-inclusive of properties seen with this peptide, and numerous other proteins 

exist that produce similar or different properties.  These examples are to provide the reader with 

a small sample of the measurements used and to provide some understanding of the aggregate 

measurements. 
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2.4 Single Channel Measurement 

Single channel measurements are the measure of ion currents caused by a single or few 

proteins within a bilayer.  As explained in the introduction, the conductance of a single channel 

is dependent on the type of channel used.  For single channel measurements, the concentration of 

the protein in the system is small to reduce the probability of having multiple proteins inserted in 

the bilayer thereby reducing the probability of having multiple simultaneous gating events.  

Single channel measurements can be influenced by the system stimuli, but the individual 

recorded channels are stochastic in nature.  Again, the peptide alamethicin is used to show 

examples of single channel measurement using two separate stimuli.  The first example is to use 

an induced membrane potential on the bilayer to cause gating events.  This example shows the 

separate conductance levels of this specific peptide and the statistical properties of the gating 

events.  The second example uses ion gradients in conjunction with induced membrane 

potentials.   

 

2.4.1 Single Channel Statistics 

 The single channel ion conductance statistics of the peptide alamethicin are found using the 

RAM technique.  The procedures for forming the bilayers are the same as those previously 

explained with the inclusion of alamethicin in both aqueous volumes at concentrations of 100 

ng/ml.  After the bilayer is formed, the size of the bilayer is checked through instantaneous 

capacitance measurements before testing and the capacitance of the bilayer is forced to 190 pF 

which equates to an approximate area of 0.032 mm2.   Membrane potentials are applied across 

the bilayer and increased from 0 mV to 150 mV at 10 mV intervals.  After the membrane 
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potential is increased, the bilayer is allowed to equilibrate for 60 seconds before recording ion 

currents.   

Ion currents are recorded at 250 kHz to capture single channel recordings.  At potentials 

under 80 mV, no single channel measurements are observed.  The root square mean (rms) of the 

noise in all of these data sets is less than 3 pA with the rms noise in some sets less than 2 pA.  

Figure 17 shows an example of single channel ion current measurements with an induced 130 

mV potential.  This figure shows four conductance state levels where each state is not a multiple 

of the other states.  Variations in the ion currents are attributed to two factors.  The first factor is 

the noise in the system.  The second factor is the source of alamethicin used is a combination of 

all of the separate components [98] of the peptide.  The two main components of the peptide are 

the Rf30 factor and the Rf50 components that only differ in structure at the 18th residue of the 

amino acid structure.  These different components are reported to have different conductance 

values [106].  The statistics reported here do not attempt to distinguish between the components 

because of the rms noise level. 

 

Figure 17. Single channel ion current recordings of alamethicin in a DPhPC bilayer at a 130 mV potential. 
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Table 1 shows the single channel conductance values found.  A custom code (Matlab®, a 

copy and can be found in Appendix A) is used to analyze the data and extract the conductance 

values for each potential.  A total of 30 seconds (7.5 million data points) of data for each 

potential is used to extract the average conductance values.  The 30 seconds of data is extracted 

from a larger data set and is limited to this time frame because of computer processing 

limitations associated in calculating the statistics with a large data set.  The values for 150 mV 

are not included because of the presence of simultaneous channels in the bilayer and the 

uncertainty in extracting the statistical information with the code. 

Table 1. Single channel conductance (pS) of the peptide alamethicin in a DPhPC bilayer and the conductance 
(Λ) ratios between the states where the subscripts refer to the specific state. 

State 80 mV 90 mV 100 mV 110 mV 120 mV 130 mV 140 mV 
1 90 ± 8.2 87 ± 12 86 ± 12 86 ± 19 87 ± 21 89 ± 21 92 ± 27 
2 -- -- -- 490 ± 34 513 ± 56 535 ± 64 542 ± 97 
3 -- -- -- -- 1270 ± 82 1270 ± 110 1280 ± 137 
4 -- -- -- -- -- 2230 ± 135 2055 ± 203 
5 -- -- -- -- -- -- 2950 ± 234 
6 -- -- -- -- -- -- 3870 ± 126 
ratios        
Λ2/Λ1 -- -- -- 5.70 5.90 6.01 5.89 
Λ3/Λ2 -- -- -- -- 2.48 2.37 2.36 
Λ4/Λ3 -- -- -- -- -- 1.76 1.61 
Λ5/Λ4 -- -- -- -- --  1.44 
Λ6/Λ5 -- -- -- -- --  1.31 

 

Boheim [106] measured the conductance values of the first six states using the Rf 30 fraction 

and Rf 50 components of alamethicin separately using either phosphatidylcholine (PC) or 

phosphatidylserine (PS) lipids.  The data showed that the conductance levels are different for 

different lipid/alamethicin combinations, but the ratios between the conductance levels are very 

similar.  The conductance levels measured here are different from those reported by Boheim, but 

compare well with the ratios.  Figure 18 shows these measured conductance ratios reported in 

Table 1 compared to the previous work.  Boheim showed the conductance ratios for the 
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combination of lipids/alamethicin for PC/Rf 30, PS/Rf 30, and PS/Rf50.  Here the conductance 

ratios for a combination of DPhPC/alamethicin compared with this previously measured data 

show excellent aggreement. 

 

Figure 18. Conductance ratios of alamethicin in bilayers with different types of lipids. 

The conductance states are found by searching the conductance data between prescribed 

levels.  The ion current is used to obtain conductance data from 

 V
i  12

where Λ is the conductance, i is the current, V is the applied potential.  Figure 19 shows a 30 

second set of data for a DPhPC bilayer with alamethicin channels at a 130 mV potential.  The 

horizontal lines show the ranges used for the different conductance states of that test.  The 

conductance statistics from Table 1 are found within these ranges.  The figure shows that over 

the 30 second interval there are numerous instances of the first and second states.   
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Figure 19. Conductance plot of 30 seconds of data for a DPhPC bilayer with alamethicin at a 130 mV potential.  
The horizontal lines show the ranges used for finding the probabilities of the separate states. 

The probability of being in a specific conductance state is found by summing the number of 

data points within that specific state and dividing by the total number of data points.  Figure 20a 

shows a bar graph of this probability distribution with the off state included in the data for each 

potential level.  Figure 20b shows the distribution of the measured data when only considering 

the time when channels are active in the bilayer.   These distributions include averages of 

multiple data sets including data measured with increasing potential and decreasing potential.  

Again, all of the data sets are measured after 60 seconds to allow the peptides to be closer to 

steady state.   
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Figure 20. a) Probability mass function of the off and on states of alamethicin in DPhPC bilayers and b) 
probability mass function of the on states of the same system. 

The mean lifetimes of the channels in each state are measured and distinguished between 

which subsequent state the channel enters.  Table 2 shows the average times in milliseconds for 

each applied membrane potential and whether the subsequent state is a higher state (τu) or a 

lower state (τd).  Most of the durations are on the order of several milliseconds and all of the data 

sets follow similar trends.  One trend that stands out is that the average time τu is usually greater 

than the average time τd.  This trend could be caused by the channels being more stable before 

adding another peptide monomer or the presence of the additional monomer near the channel. 

Table 2. Average time that the peptide stays in a certain state in ms, where τd is the average time in that state 
before decreasing to a lower state and τu is the average time in that state before increasing to a higher 
state. 

State 80 mV 90 mV 100 mV 110 mV 120 mV 130 mV 140 mV 
 τd τu τd τu τd τu τd τu τd τu τd τu τd τu

off -- big -- big -- big -- 634 -- 124 -- 23.3 -- 6.1 
1 1.0 -- 1.2 -- 0.8 -- 3.4 7.1 3.3 4.1 4.0 3.9 1.5 1.7 
2 -- -- -- -- -- -- 4.0 -- 5.3 14.9 5.1 3.5 2.4 2.1 
3 -- -- -- -- -- -- -- -- 3.2 -- 3.9 6.7 2.3 2.7 
4 -- -- -- -- -- -- -- -- -- -- 8.1 -- 2.7 3.1 
5 -- -- -- -- -- -- -- -- -- -- -- -- 2.3 2.3 
6 -- -- -- -- -- -- -- -- -- -- -- -- 0.5 -- 
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The distribution of all these average times is similar.  Figure 21 shows two examples of the 

normalized average open time for the first conductance state with 130 mV potential.  The values 

are normalized with respect to the average time.  Figure 21a shows the averages for the first state 

before the channel closes and Figure 21b shows the averages of the first state before the 

conductance state goes into the second state.  All of the normalized times follow a similar 

distribution for the cases where there are sufficient data points to see the distribution. 

 

Figure 21. Histograms of the normalized average times for a channel being open for the first conductance state at 
130 mV potential.  a) Average time before the channel closes and b) average time before the channel 
goes to the second state. 
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concentration is placed on the moveable electrode.  The Axopatch is used to hold the potential 

between the electrodes at zero.  The lipids are allowed to self-assemble into a monolayer at the 

water/oil interface for approximately 2 minutes and then the micromanipulator is used to move 

the portable droplet into a dimple adjacent to the fixed droplet.   

After the bilayer is formed, the Axopatch potential hold is removed and the membrane 

potential across the bilayer is measured as the membrane potential moves to equilibrium.  The 

membrane potential without ion channels should be close to the Nernst potential of Equation 1 

where the variables are as follows:  the ideal gas constant is 8.314 J/mol-K, the temperature is 

295 K, and Faraday’s constant is 96485 C/mol.  Both sodium and chloride ions are present in the 

aqueous solution with the valence value being 1 and -1 respectively.  Figure 22 shows the 

comparison between the theoretical Nernst potential for the chloride ion and the measured 

membrane potential.  From this data an assumption is made that the ion currents measured are 

mainly the result of ion currents of the chloride ion. 

 

Figure 22. Measured membrane potential between aqueous volumes with an ion gradient compared to the 
theoretical Nernst potential.  The grounded electrode is maintained with 10 mM NaCl solution and the 
positive electrode concentration is shown on the abscissa. 
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  A 50-fold ion gradient is used to test the bilayer with alamethicin peptides inserted in the 

bilayer.  This gradient results in a Nernst potential of 100 mV.  A droplet with 10 mM NaCl 

concentration is placed on the fiexed electrode and a 500 mM NaCl concentration is placed on 

the moveable electrode where both droplets also contain 100 ng/ml alamethicin.  The potential 

between the two droplets is held at zero and the monolayers are allowed to form for 60 seconds.  

The droplets are brought into contact and a bilayer is allowed to form.  The formed bilayer is 

tested with a 20 Hz triangle wave at 10 mV and the area of the bilayer is adjusted with the 

micromanipulator to be below 0.05 mm2.  The membrane potential is held at 0 mV and the ion 

currents are immediately measured at 250 kHz.  Figure 23 shows a 30 second trace of this ion 

current measurement.  The measurement shows several distinct gating events over the time trace 

with one lasting greater than 1 second.  The rms current is 2.9 pA, the average ion current for the 

long gating event is 31.7 pA, and the largest ion current is 67.1 pA.   

 

Figure 23. Time trace of ion current through a DPhPC bilayer with alamethicin and a 50-fold ion gradient and the 
potential held at 0 mV. 
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These measured ion current values cannot be used with the Nernst potential to directly 

calculate the channel conductance.  The Nernst potential is used to find the potential when the 

system is in equilibrium.  When the alamethicin channels open, the system is no longer in 

equilibrium and typically the GHK equation is used to find the membrane potential during non-

equilibrium measurements using the permeability of the ion.  The focus of this work is on ion 

conductance and not ion permeability, therefore additional testes are performed to show the 

relationship between ion currents and conductance caused by ion gradients. 

A 5-fold ion gradient is used to obtain additional data of this relationship.  This system with a 

smaller ion gradient is more stable and therefore additional potentials are applied to the system in 

20 mV increments up to 80 mV.  Again, the ion currents are measured at 250 kHz and the 

micromanipulator is used to keep the area of the bilayer below 0.05 mm2 by positioning the 

droplets in a way to maintain a small bilayer area.  The rms noise level for the majority of these 

tests is below 4.0 pA.  Figure 24 shows an example of the measured ion currents for the 5-fold 

ion gradient with 100 mM NaCl on the grounded electrode and 500 mM NaCl on the positive 

electrode and the potential held at 0 mV.  Multiple gating events are seen in the data that indicate 

channels are forming conductive pathways through the bilayer. 
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Figure 24. a) Measured ion current caused by a 5-fold ion gradient and b) an enlarged section of the measured ion 
current. 

To view where the values of the ion current peaks occur, histogram plots of the data are 

reviewed.  Figure 25 shows a histogram of a 5-fold ion gradient DIB with an 80 mV potential 

applied.  This example shows ion current levels where the gaiting events of the alamethicin 

peptide can be established.  For this example, the current levels are at 23.2, 54.7, 94.0, 154, and 

197 pA.   

 

Figure 25. Histogram of the ion current of a DIB with a 5-fold ion concentration gradient and 80 mV applied 
potential. 
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The values of the current levels are compared by plotting the values of each current level 

against the potential for the 5-fold ion concentration gradient case.  Figure 26 shows the first 

three recorded current levels plotted against the applied potential.  A least squares fit is used to 

estimate a linear relationship of the data, and the slopes of those relationships are shown on the 

plot.  The first two slope values are close to the first and second conductance states of the peptide 

alamethicin.  The third slope of this figure appears to be the sum of the first and second current 

levels.   As the figure shows, the least squares fit is extended to the abscissa.  All of the current 

fits cross zero near a membrane potential of -40 mV, which is the Nernst potential for this bilayer 

system.  The system is also tested with a -50 mV potential applied on the 5-fold ion gradient 

system and no single channel currents are measured for that potential. 

 

Figure 26. Ion current levels measured for a DPhPC bilayer with a 5-fold ion gradient.  Only the first three ion 
current levels are shown overlain with a least squares regression fit (blacks) with the slope of the fit 
printed on the graph. 

As with the tests without ion gradients, the mean lifetimes of the channels are distinguished 
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potential using the same subscript to distinguish between an increase in subsequent state or a 

decrease in the subsequent state.  The table also includes the percent duration in each state.  The 

third conductance state in the table data is for the current level at 154 pA of Figure 25. 

Table 3. Percent of time that the peptide stays in a state and the average duration that the peptide stays in that 
state in ms, where τd is the average time in that state before decreasing to a lower state and τu is the 
average time in that state before increasing to a higher state. 

State 0 mV 20 mV 40 mV 60 mV 80 mV 
 % τd τu % τd τu % τd τu % τd τu % τd τu

Off 95.6 -- 48 99.8 -- big 81.6 -- 11.6 69.1 -- 12.1 32.5 -- 6.8 
1 3.5 1.5 1.4 0.1 1.4 -- 16.6 1.9 3.1 23.2 3.1 2.2 39.9 4.1 5.0 
2 0.9 1.8 -- -- -- -- 0.9 2.6 -- 6.6 2.2 3.1 19.1 3.6 3.6 
3 -- -- -- -- -- -- -- -- -- 0.4 0.9 -- 1.6 5.4 9.5 

 

2.5 Chapter Summary and Conclusions 

The measurements described in this chapter provide the foundation for formulating a bilayer 

network model.  The measurements show the basic interaction between membrane potential and 

ion current.  This relationship is reviewed for BLMs without inserted proteins and with inserted 

proteins.  The peptide alamethicin is used as an example of aggregate and single channel 

measurements including those resulting from ion gradients.  The following chapters employ the 

findings of this data and the literature review from the first chapter to form a model of bilayer 

network systems.  The model focuses on the membrane potential/ion current relationship and is 

formulated as a generic model to accommodate different networks and different membrane 

protein conductance models. 
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Chapter 3 
 
 
 
 

Bilayer Network Modeling 
 
 
 
 

This chapter presents the bilayer network model.  The previous chapter showed examples of 

the relationship between membrane potential and ion currents through a bilayer.  Understanding 

this relationship assists in framing a model that can be used for a network of bilayers in 

predicting the membrane potentials and ion currents.  Here bilayer system or bilayer network is 

defined as multiple individual aqueous volumes that are in contact through the two-molecule-

thick bilayer.  The aqueous volumes are not necessarily liquid and may be hydrogels.  The 

modeling builds on work done by Hodgkin and Huxley [88, 91-96] in viewing membrane 

potentials and ion currents through the membrane as an electrical circuit.  Assuming that the 

system is similar to an electrical circuit provides modeling tools that can be used in modeling 

these system networks in a similar manner to the modeling work done by Hwang et al. [53].   
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As explained in Chapter 1, a bilayer without proteins acts electrically as a capacitor and 

resistor.  The bilayer resists ion currents (resistor), but allows ion charges to build on the surface 

(hence the capacitor).  The aqueous volumes also act as a resistor to ion currents, but the 

magnitude of the resistance is several orders lower than the bilayer resistance and is a function of 

the ion concentration.  Integral membrane proteins allow passive and active transport of ions 

through the membrane, changing the bilayer resistance or conductivity.  Conductivity is the 

inverse of the resistance and is used in this modeling scheme because parallel conductance is 

additive.  The conductance properties of proteins can be a function of some system stimuli and/or 

random molecular motion and will probably have nonlinear components to the relationship.  

Therefore numerical methods will be needed to solve the equations of the model.   

This chapter presents the formation of this network model as a linear system.  This chapter is 

mainly focused on organizing the equations of the model using finite element analysis (FEA) 

techniques in conjunction with electrical circuit analysis.  The equations specifically show the 

organization of the bilayer capacitance and conductance in the model equations and the 

distribution of membrane potential across a bilayer network.  The inclusion of protein 

conductance within the model is discussed, but the inclusion and modeling of protein 

conductance within the network model is held for sequential chapters. 

 

3.1 Circuit Modeling  

The basic element of a bilayer network system is the individual bilayer between the aqueous 

volumes.  Each bilayer location contains elements of the conductances of the bilayer and any 

inserted proteins and the capacitance of the bilayer.  Adjacent on each side of the bilayer is the 
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conductance of the aqueous volumes.  This element can be viewed as an individual circuit and 

circuit analysis tools can be used to model this element and thereby understand the potentials and 

currents through the element.  Once the elemental analysis is performed for each element, FEA 

techniques are used to define the equations for an entire system. 

 

3.1.1 Finite Element Analysis 

The individual bilayers are used as the individual elements using FEA.  The relationship 

between the physical element and an electrical circuit of the element is shown in Figure 27.  The 

conductance of the aqueous solution in the volume on the left is defined by the variable gij, the 

conductance of the aqueous solution in the volume on the right is defined by the variable gkl, the 

conductance of the bilayer and integral membrane protein and the capacitance of the bilayer 

between these volumes is defined by the variables gjk, pjk, and cjk respectively.  System nodes are 

placed in the circuit and labeled i, j, k, and l and defined as the local coordinates within the 

element for FEA analysis.  The subscripts of the conductances and capacitance coincide with 

these coordinates to indicate the locations of the conductances and capacitance in the circuit with 

respect to the local coordinates.  Kirchhoff’s current law (KCL) is used to derive a system of 

equations for the element in this coordinate system where the equations are 
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The potentials of the nodes (v) follow this coordinate system with the defined subscripts.  With 

each bilayer viewed as an individual element, the aqueous conductances in the equation may 

appear in multiple elements if an aqueous volume is used to form multiple bilayers with separate 

aqueous volumes.  To avoid repetition of the aqueous volume conductance when the individual 

element equations are transformed to the total system of equations, the aqueous volume 

conductance of each element should be divided by the number of bilayers connected to that 

volume. 

 

Figure 27. Schematic of a bilayer between two aqueous volumes with a schematic of an electrical model circuit of 
the basic element. 

Equation 13 is used to obtain local equations for each individual element (bilayer) within a 

bilayer network system.  When a bilayer network system is larger than the system of Figure 27, 

gjk

cjk

pjk

gkli j lkgij
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the individual element equations can be transformed to a global coordinate system to form the 

system network equations [118-120].  Denoting the local coordinates to lowercase variables, the 

bilayer network system is defined in a global coordinate system with capital letters.  There exists 

a transformation matrix, λ, that is used to define the location of the local coordinates in the 

global coordinates [118].  The transformation between the coordinates is 

    TT NJIlkji   14 

where the local coordinate for these systems is a 4 x 1 vector, the global coordinate is a n x 1 

vector, and the transformation matrix, λ, is a n x 4 matrix.  Each element will have a different 

transformation matrix from the local to global coordinates.  This transformation matrix is used to 

transform the bilayer capacitance and conductance matrices and the protein conductance matrix 

of Equation 13 from the local coordinate to the global coordinate.  The transformation for each 

matrix is 
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where the matrices g, c, and p are obtained from Equation 13 and are 
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respectively.  Again, the aqueous conductance of each element needs to be divided by the 

number of bilayers connected to the specific aqueous volume. 

Once the equations are converted from the local coordinate system to the global coordinate 

system for each element, the total system equations can be written.  Assuming that a bilayer 

network system has n bilayers in the network, there will be n equations converted from the local 
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coordinate system to the global coordinate system.  The matrices of each of these conversions are 

summed together as 

 











n
ntotal

n
ntotal

n
ntotal

1

1

1

PP

CC

GG

 16 

to form the system equations 

 0 VVV totaltotaltotal PGC   17 

Boundary conditions are now applied to Equation 17.  The boundary conditions of the system are 

assigned by the electrodes placed within the aqueous volumes.  Here, it is assumed that two 

electrodes will be in the bilayer network where one is the ground and the other is the source of 

some potential input.  Each electrode is located at a separate node of the system equations.  The 

rows and columns of the input and ground nodes are deleted from the matrices of Equation 17 as 

well as the associated potentials from the potential vectors because those potentials are known 

from the electrode values.  An input vector, , is formed that is filled with zeros except the 

aqueous conductance is multiplied by the input and applied at the location of the input.   This 

vector will appear as  

  TG 00   18

where the conductance of the aqueous solution is positioned at the location in the vector 

corresponding to the node location of the aqueous volume with the input potential.  The bilayer 

network system model is therefore 

  19

where e is the input to the system.   

eFVVV  PGC 



M. Austin Creasy Bilayer Network Modeling 59 

59 
 

A schematic of a three aqueous volume system with two bilayers is shown in Figure 28 and 

is modeled with the previously mentioned FEA scheme.  This system is assumed to have no 

proteins in the bilayers therefore eliminating the P matrix.  The global coordinates for the 

individual nodes are assigned on the figure.  For this system the ground is assumed to be in the 

droplet on the right labeled “N” and the input is in the droplet on the left labeled “I.”     

 

Figure 28. Schematic of a system with three aqueous volumes with two bilayers formed at the intersections with 
an electrical network overlain on the volumes to show the electrical circuit. 

Following the FEA procedures, the system has two elements.  The equations for the first 

element (the bilayer between node J and K) in the local coordinates is 
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where the local coordinates are shown in Figure 29a.  The aqueous volume with nodes k and l 

are part of two separate bilayers, therefore the conductance is divided by two as shown in 

Equation 20.  The equations for the second element (the bilayer between node L and M) in the 

local coordinates is 
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where the local coordinates are shown in Figure 29b.  Here the aqueous volume with two 

bilayers is between nodes i and j in the local coordinates and the value of the conductance is 

changed for the appropriate location. 

 

Figure 29. a) Schematic of the three aqueous volume showing the local coordinates of the bilayer element 
between nodes J and K of the global coordinates and b) schematic of the same system showing the 
local coordinates of the bilayer element between nodes L and M of the global coordinates. 

The transformation matrix, λ1 (where the subscript indicates the element), is 
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and the transformation matrix, λ2 is 
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The system equation is found using Equation 15 to transform the matrices, using Equation 16 to 

sum the elements, and by applying the boundary conditions.  The system equation is, 

i

j k l

l

ki ja

b
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where upper case variables are used to indicate the variables in the global coordinates.  Solving 

this equation provides the potentials through the system and the membrane potentials are the 

differences between the potentials of the nodes on each side of the bilayer.  The current across a 

specific bilayer is calculated from the circuit elements and the membrane potential using Ohm’s 

Law.   

Known methods of solving Equation 24 using eigenvalues [121] of the system matrices or 

simple inversion of the capacitance matrix cannot be used because the capacitance matrix is 

positive semidefinite.  All bilayer network systems modeled as previously explained will have a 

positive semidefinite capacitance matrix because there is no coupling between the capacitive 

elements of the system.  Therefore to solve this system of equations, either the model has to be 

reduced in such a way that the capacitance matrix is positive definite, or differential algebraic 

equation (DAE) solution methods [122-123] need to be used.  Both of these options are 

examined here. 

 

3.1.2 Differential Algebraic Equations 

DAEs, also known as descriptor systems [124], are used to find solutions to generalized 

problems of the form 
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where the function B is some algebraic constraint on the system.  The DAE for this work is 

defined by Equation 25 and simplified here to 

 )()()( tftVtV GC   26 

where the equations are a DAE because C is singular.  The DAE is implicit because the algebraic 

constraints are not explicitly defined.  A matrix pencil of the system is defined as λC + G and 

when the determinate of this matrix pencil is nonzero, the system is regular and can be solved.  

Assuming that the system is regular and that C and G are square n x n matrices (which for these 

bilayer systems will always be true), two nonsingular matrices, P and Q, can be used as a 

transformation to obtain an ODE with an algebraic constraint.  Assuming that the coefficients of 

the matrices are constant, the matrix Q transforms the state variable by V = Qx and multiplying 

by P transforms the system equation into 

 fxx PPGQPCQ '  27 

The transformation of the capacitance matrix C results in  

 2C
N0

0I
PCQ 








  28 

where I is an identity matrix and N is a nilpotent matrix and C2 is the transformed capacitance 

matrix.  The transformation of the conductance matrix G results in 

 2G
I0

0J
PGQ 








  29 

where J is a matrix in Jordan canonical form of the eigenvalues of the matrix pencil and G2 is the 

transformed conductance matrix.  The solution of this transformation has been shown [122-123] 

to be 
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where the equation with the nilpotent matrix eliminates some of the derivatives and contains the 

algebraic constraints.   

One way to solve for the P and Q matrices is to use the values obtained from the 

transformation to back solve for the transformation matrices.  Kunkel [122] proves that the 

matrices of the original system and the transformed system are equivalent.  Kunkel further shows 

how for well posed systems, the matrices can be partitioned and used to solve for the 

transformation matrices.  The P, Q, G, and C matrices can be partitioned into 
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Using Equations 26 and 27, a system of equations is formed that can be solved for the individual 

portions of the partitioned matrices.  The system is 

 

NQCPQCPQCPQCP

0QCPQCPQCPQCP

0QCPQCPQCPQCP

IQCPQCPQCPQCP

IQGPQGPQGPQGP

0QGPQGPQGPQGP

0QGPQGPQGPQGP

JQGPQGPQGPQGP










444423234213

344323134113

442421232211

342321132111

444423234213

344323134113

442421232211

342321132111

 

where all of the values form the conductance and capacitance matrices are known.  Therefore, 

there are eight equations and eight unknowns that can be solved to obtain the P and Q 

transformation matrices.  This procedure can also be used to obtain the element values of the 

transformation matrices for some systems that are not well posed by partitioning the system into 

the individual matrix elements.  The record keeping for obtaining these transformation matrices 
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using this procedure can be time consuming.  Some numerical solvers solve DAE equations and 

therefore are used to simulate these types of systems.  For another procedure to obtain the 

transformation matrices, the reader is referred to [125]. 

A Numerical DAE method is used to solve Equation 26, which is the model of Figure 28.  

The Matlab® function ode15s is used to numerically solve the system provided that the index of 

the DAE is of index 1.  The index is determined by the number of times needed to differentiate 

the constraints of the system to obtain an explicit ode to solve for specific unknowns of the 

system and then the remaining unknowns are found from the constraints.  The numerical solver 

in Matlab® requires that the capacitance matrix of Equation 26 be constant and defined in the 

function parameters.  A backward differentiation formula (BDF) [126] is used to numerically 

solve the system.  BDFs use a multistep method to approximate the derivative of the states at a 

time using function values at that time and previous times [127].  This method works well for 

DAE systems of index 1 and does not work well for system with discontinuities because the 

algorithm is unable to achieve the required error tolerances caused by the discontinuities.  The 

algorithm used to define the BDF is in [126]. 

A copy of the Matlab® code used to numerically solve this system can be found in Appendix 

B.  For this simulation, the capacitance is assumed to be 500 pF for both bilayers, the 

conductance of both bilayers is assumed to be 1 pS, the input forcing function is a sinusoidal 150 

mV potential at a defined frequency, and the aqueous conductance is assumed to be 1µS.  Three 

simulated input frequencies are modeled here and discussed.  These frequencies are chosen to be 

a low frequency where the capacitance acts as an open circuit, a high frequency where the 

capacitance acts as a short circuit, and a frequency in between the high and low frequencies.  

Figure 30 shows these simulations.  At the low frequency, the conductance of the bilayers 
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determines the potentials at the nodes and the potential at nodes separated by the aqueous 

conductance are almost identical.  At very high frequencies, the conductance of the aqueous 

solution determines the potentials at the nodes and nodes separated by a capacitor are almost 

identical because the capacitor acts as a short circuit. At the frequency in between, the potentials 

are more distributed across the nodes and not completely in phase because of the capacitance 

effects.   

 

Figure 30. Simulations of a three droplet, two bilayer system with a sinusoidal potential input at a) 100 mHz, b) 
100 Hz, and c) 10 kHz. 

   Two issues with numerically solving DAEs are insuring that the initial conditions of the 

system are consistent with the algebraic constraint and knowing the index of the algebraic 

constraints.  For these simulations, the code assumes that the initial conditions are approximate 
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guesses and assigns the closest consistent initial conditions of the constraints.   The index is 

defined as the number of times required to differentiate the constraint equation to obtain an 

implicit ordinary differential equation [123].  The code used here can only simulate systems of 

index 1 because the complexity of the numerical solver increases with an increase in the index 

[122-123].  For the system modeled here, the algebraic constraint is unknown and can only be 

found by transforming the system through the P and Q matrices.  To bypass using this technique 

and simplify the numerical simulations, the model is reduced to obtain a system of equations 

where the capacitance matrix is positive definite. 

 

3.1.3 Model Reduction 

For the systems modeled in this work, it is assumed that the input potentials and the system 

operate at low frequency.  The conductance of the aqueous solution does not affect the system at 

low frequency as shown in the measured impedance data of Figure 12 and Figure 15 of Chapter 

2, and the potential simulations of Figure 30.  The impedance data shows that at low frequency, 

the conductance is dominated by the bilayer conductance or the gating events of an inserted 

protein.  The simulation results show the same trend where the potentials across the aqueous 

solution at node 2 and 3 of the system in Figure 30 are almost identical at low frequency.  

Therefore, the conductance of the aqueous solution is removed from the element model because 

the systems will be modeled at low frequency.  The previously defined FEA element of Figure 

27 has both aqueous conductances removed and therefore eliminates two nodes.  The aqueous 

conductance is included in the aqueous volume of the input to avoid coupling the input with the 

capacitance and therefore the derivative term in the model.  Reducing the model of Figure 28 

produces the electrical model overlain on the schematic of Figure 31.  Using the FEA technique 
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as previously explained without the aqueous conductance except on the input volume, the 

equations for the system are 
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Figure 31. Schematic of a system with three aqueous volumes with two bilayers formed at the intersections with 
an electrical network overlain on the volumes to show the electrical model where the conductance of 
each aqueous volume is linked into a single conductance. 

Now the capacitive and conductance matrices are both positive definite.  For Equation 31, the 

inverse of the capacitance matrix is easily computed because of the low order of the matrix.  The 

system is considered stiff because one of the eigenvalues of the C-1G matrix is large when 

compared to both the input and the other eigenvalue [128].  Therefore a stiff numerical solver is 

used to simulate the system with the same input as Figure 30a.  This reduced model produces the 

results seen in Figure 32 where the calculated values are almost identical to those shown in 

Figure 30a.  An increase in the input frequency of this reduced model would produce the exact 

results with a shorter period that is proportional to the frequency.  Therefore this reduced model 

system requires that the potential input be at low frequency.  The modeling schemes used for the 

protein conductance in the remaining chapters assumes that the system is at a low frequency and 

therefore this reduced model is used.   
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Figure 32. Simulations of a three droplet, two bilayer system with a sinusoidal input of 150 mV at 100 mHz. 

   

3.2 System Simulation 

A larger network system is modeled using the previously defined modeling methods to show 

an example of the system model and to determine the potential throughout a bilayer system.  

Figure 33 shows two version of the same bilayer network example where the numbered aqueous 

volumes are different in each version.  The examples are used to show that the order of defining 

the elements and the system equations does not change the outcome of the model.  The example 

has no protein conductance incorporated and the bilayers are assumed to be of equal capacitance 

(500 pF) and conductance (1 pS).   
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Figure 33. Two examples of the same bilayer system with the numbering of the nodes are changed for use in the 
model. 

For example a, the ground is assigned to node 8 and the input is assigned to node 2 and for 

example b, the ground and input are assigned to the same physical location, node 5 and node 7 

respectively. Following the procedure previously defined for obtaining the system equations, the 

capacitance matrix for example a will be 

 

and the capacitance matrix for b will be 
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where the subscripts dictate the capacitance between the specified nodes.  The conductance 

matrix for example a will be 

 

and the conductance matrix for example b will be 

 

where the subscripts dictate the conductance between the specified nodes.  The input vector will 

be 

 

and 

 

for examples a and b respectably where the subscript w refers to the conductance of the aqueous 

solution.  With the ground assigned to node 8 of example a, the eighth row and column are 

deleted and the eighth place in the input vector is deleted with the same procedures applied to 

node 5 with example b.  Using a sinusoidal input and inserting these matrix values into the 
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system equations, the potentials at the different nodes can be solved and plotted for both 

examples.  Figure 34 shows the solved potentials for each of the nodes for example a and b.  A 

150 mV, 200 mHz sinusoidal potential is applied to the model.  Analyzing the system as pure 

resistors, the ion current has to travel through four bilayers from the positive location to ground.  

Therefore the potential should start at the applied potential at the input node, be zero at the 

ground node, and have three additional potential levels in the system caused by the bilayers.  The 

results of both simulations show that the peak applied potential is at the input node, the ground 

node is zero, and the three additional peak potentials are 100, 75, and 50 mV relative to ground.  

The model also shows that the potential for volumes not in the current path maintain the potential 

of the volume they are connected to.  Therefore the model eliminates any ion currents through 

those bilayers.  The color schemes are adjusted for each example to coincide with the physical 

location within the schematics for comparison purposes. 

 

Figure 34. Node potentials of the example with a 150 mV 200 mHz sinusoidal potential a) for example a and b) 
for example b. 
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3.3 Chapter Summary and Conclusions 

The non-active components (lipids) of bilayers resist ion current and allow ion charges to 

build at the surface.  This property allows bilayers to be modeled as an insulator (very small 

conductance) and a capacitor.  Using these properties as a model base, electrical models are used 

to model membrane potentials with input potentials at specific locations within the system.  FEA 

techniques are used to define the system equations.  The nature of the system equations is 

discussed.  The system equations are defined originally as DAEs, but the model is reduced into a 

system that is more readily solved.  The model reduction is discussed and the reduced model 

limitations are discussed.     

The following chapter (4) builds on this model.  The conductance of membrane proteins are 

included in the model in the current chapter, but are not used in the simulation.  The following 

chapter (4) will also focus on modeling the aggregate conductance of proteins within a bilayer 

and incorporate that conductance model with this system model. 
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Chapter 4 
 
 
 
 

Aggregate Conductance Modeling 
 
 
 
 

This chapter presents the aggregate conductance modeling of proteins.  The previous chapter 

introduced the formation of the bilayer network modeling with reference to the inclusion of 

protein conductance within the model.  Aggregate conductance modeling is defined as modeling 

the conductance properties of multiple proteins within a bilayer.  The examples discussed here 

will be for a single type of protein where the modeled conductance is based on the aggregate 

effect of many individual units of the protein embedded in a bilayer.  The first focus is to show 

examples of the conductance properties of proteins, other than those shown in Chapter 1 for the 

peptide alamethicin.  An analytical model of the conductance is fitted to the measurements and 

that model is used with the system network model to simulate a bilayer network system.  This 

simulation estimates the membrane potentials within the network caused by an induced potential 

at some point within the network.  The ion currents are estimated from the membrane potentials 
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and the model of the protein conductance.  The simulations are compared to published data of 

the modeled systems when available.  Finally, the protein conductance model and network model 

are used to show changes in the network due to variations in the system parameters. 

 

4.1 Protein Conductance Model  

The aggregate conductance modeling of proteins forms the relationship between the ion 

current and the membrane potential.  This relationship may be difficult to define in terms of a 

single analytical expression that can capture all of the dynamics.  The conductance of the peptide 

alamethicin is analytically defined in Equations 5-9 where a steady state model captures the low 

frequency relationship and kinetic equations are used to capture the dynamic relationships.  The 

alamethicin conductance model is used as an example in modeling the conductance of the protein 

pore α-hemolysin (αHL) and an engineered derivative of αHL.  First, the steady state relationship 

is modeled and additional kinetic relationships are used to capture additional dynamics in the ion 

current/membrane potential relationship. 

The protein pore αHL is a self-assembling toxin from the bacteria Staphylococcus aureus and 

forms a pore when inserted into a lipid bilayer.  The wild-type β-barrel pore is weakly rectifying 

and weakly anion selective [51].  For additional details of the structure, the reader is directed to 

[129-130].  The engineered derivative is designed to provide a pore that is strongly rectifying and 

appears as the biological equivalent of the diode.  Protein engineering is a relatively new field 

where proteins are either designed from scratch or natural proteins are changed to have a new 

functionality [131].  Amino acid sequences are identified that may provide the desired function 

or structural properties and are used to “design” the protein [132].  Designing a protein from 
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scratch is more challenging because the structural backbone of the protein may not be 

“designable” [131] because of uncertainty in the structural folds.  Here the protein pore αHL is 

used to maintain the backbone of the protein and seven residues of the protein are replaced with 

the amino acid arginine creating an engineered αHL protein (7R-αHL) pore.  This change 

introduces 49 additional positively charged side chains in the barrel of the protein.  The 

application of negative potential on the engineered protein causes a structural change in the 

protein or “collapse of the  β barrel” [51].  The 7R-αHL protein is strongly rectifying but has a 

time delay.  This delay is probably caused by the time to complete the structural change. 

The conductance of the wild-type αHL protein is graphically presented by [51] from 

measurements taken in a DIB consisting of DPhPC lipids with the two aqueous solutions 

consisting of 1 M KCl, 25 mM Tris HCl at pH 8.0 and 100 µM of the protein.  The ion 

current/membrane potential data is extracted from the original graphical presentation and 

represented here in Figure 35a.  The data has two linear regions in the ion current/membrane 

potential relationship.  A piecewise function is used to model the relationship where each part of 

the function models one of the linear regions.  A linear least squares fit of the data in each region 

is used to obtain an analytical relationship between the ion current and membrane potential and 

provide a conductance model from the slope of the fits.  The fits are forced to pass through the 

origin to ensure that the two fits are continuous with each other at the origin.  Figure 35b shows a 

plot of the measured conductance (membrane current divided by membrane potential) with the 

modeled conductance (slope of the fitted ion current/membrane potential relationship) overlain 

on the data.  This data shows the slight rectification behavior of the wild-type αHL pore as 

previously described in [51] and the model of the conductance can be written as 
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where P is the conductance, V is the membrane potential, m1 is the conductance for positively 

applied membrane potentials and m2 is the conductance for negatively applied membrane 

potentials.  The plotted data is the average of several measured systems [51] where each system 

probably has a different number of proteins.  Therefore the exact conductance value used in 

future simulations is adjusted to match a particular data set.  

 

Figure 35. a) Current/membrane potential relationship of αHL with a least squares fit of the data overlain on the 
plot and b) the conductance of the data with the slope of the least squares fits plotted. 

The ion current/membrane potential relationship of the engineered 7R-αHL protein is also 

graphically presented by [51] from measurements taken in a DIB consisting of DPhPC lipids 

with the two aqueous solutions consisting of 1 M KCl, 25 mM Tris HCl at pH 8.0 and 100 µM of 

the protein.  Figure 36a shows the ion current/membrane potential relationship for different 

instances of time where one plot is for the instantaneous time after a potential increase and the 

other plot is for the steady-state time.  The instantaneous relationship refers to the ion 

current/membrane potential relationship directly after a step to that specific potential.  Therefore 

the conformational structure change of the 7R-αHL pore to negative potential has not occurred.  
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The steady-state (ss) relationship refers to the ion current/membrane potential relationship after 

the conformational structure change has occurred.  As discussed, there is time dependence in the 

conformation change of the protein barrel when a negative membrane potential is applied.  This 

distinction between the steady-state and instantaneous relationship shows the extremes of the 

time dependence.  The instantaneous and steady state relationships caused by positive membrane 

potentials are equal.  A least squares fit is used to obtain an analytical expression for the ion 

current/membrane potential relationship for the instantaneous relationship.  Again, the fit is 

forced to pass through the origin.  The steady-state ion current/membrane potential relationship 

for a positive applied potential is the same as for the instantaneous relationship and the 

conductance with a positive potential is the slope of the fit.  The conductance of the steady-state 

relationship for a negative applied potential is zero.  Equation 32 is used to model the steady 

state conductance relationship and the instantaneous relationship independently, but cannot 

capture in its present form the time-varying dynamics between the instantaneous and steady state 

behaviors.  Figure 36b shows plots of the conductance comparing the steady state and the 

instantaneous relationships. 

 

Figure 36. a) Current/membrane potential relationship of 7R-αHL in steady state and with instantaneous potential 
changes with a least squares fit of the data and b) the conductance of the data of 7R-αHL for the steady 
state and instantaneous cases including the modeled conductance. 
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The measured ion current between the instantaneous and the steady state cases is reported to 

follow two double exponential decays [51] with time constants of 210 ms and 1.0 s.  The decay 

dynamics are included in the conductance model to simulate these time variations between the 

instantaneous and steady state cases.  This decay is included in Equation 32 where the modified 

equation is  

     








  0 if,

2

0 if,
00 21 Vee

m
Vm

P tt   33

where m is the conductance of the instantaneous case, τ1 is the inverse of the smaller decay 

constant, τ2 is the inverse of the larger decay constant, and t is a time vector that starts at zero for 

every instance when the membrane potential changes from a positive value to a negative value.  

Equation 33 provides a model of the conductance of the 7R-αHL protein for instantaneous and 

steady-state potentials where the result of the instantaneous negative potential is 
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and the steady state conductance is  
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.

 

This model follows the conductance values of the protein shown in Figure 36b and provides the 

approximate conductance decay reported for the negative membrane potentials associated with 

the protein. 

This conductance model for the protein αHL and the engineered derivative 7R-αHL provides 

approximations for the average conductance of multiple pores within a bilayer.  Each individual 

pore has a certain conductance level and dynamics that are not captured with the model that may 

be a function of the concentration or other variables.  Therefore, the conductance model is 

adjusted for individual trials to obtain a closer match to measured data and the specific changes 



M. Austin Creasy Aggregate Conductance Modeling 79 

79 
 

are mentioned when a comparison is presented.  The following section uses this model to 

compare measured ion currents of bilayer networks to simulated ion currents using these 

conductance models for the αHL and the engineered derivative 7R-αHL proteins, and the overall 

network model. 

 

4.2 Model/Data Comparison 

A protein conductance model can be used with the network model to simulate membrane 

potentials and the simulated membrane potentials with the conductance model predicts ion 

currents through the network.  Here, the aggregate conductance model for both αHL and 7R-αHL 

are used with the network model to show modeling examples and compare those examples with 

published data of bilayer systems where available.  Several different system configurations are 

presented, starting with a system consisting of a single bilayer between two aqueous volumes.  

This example provides a direct ion current/membrane potential comparison of the model to a 

measured system of the same configuration.  The remaining configurations consist of systems 

with multiple bilayers and multiple aqueous volumes.  In these cases an applied potential is 

distributed across the system and the ion current is either measured for the entire system or at a 

specific location within the system.  The model distributes the simulated potential across the 

entire system and estimates the potential at specific locations within the network as described in 

Chapter 3 to obtain the membrane potentials.  The simulated ion current is obtained from a 

portion of the model that represents the measured ion current of the physical system. 
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4.2.1 Single Bilayer Simulation 

The first system simulated is a single bilayer formed between two aqueous volumes.  The 

system is simulated with both the αHL and the 7R-αHL protein oriented in a single direction.  A 

schematic of each system is shown in Figure 37 where the resistance symbol illustrates the 

conductance of αHL and the diode symbol illustrates the conductance of 7R-αHL.  Equation 32 

is used to simulate the conductance of the αHL protein and Equation 33 is used to simulate the 

conductance of the engineered 7R-αHL protein.  Table 4 shows the variable values used in 

Equations 32 and 33 to model the conductance of the proteins and the variable values used to 

model the bilayer.  The input to the system is a sinusoidal potential where the simulations use 

three different frequencies (34 mHz, 115 mHz, and 235 mHz) that match the frequencies of 

published data used to measure ion currents for the system with the bilayer embedded with the 

7R-αHL protein [51].  The membrane potential is assumed to be the applied potential because 

the conductance value of the aqueous volumes causes little potential drop in the system when 

compared to the protein conductance.  The aqueous conductance is multiple orders of magnitude 

larger than the protein conductance and very little of the applied potential will be lost across that 

conductance.  The bilayer conductance is added to the protein conductance, but the magnitude of 

the bilayer conductance is several orders of magnitude smaller than the modeled protein 

conductance and will have little effect on the modeled system.  Therefore Ohm’s law is applied 

directly to the system to estimate the ion currents through the bilayer by multiplying the applied 

system potential by the modeled conductance.   

Table 4. Variables used in the conductance and network model of a single bilayer embedded with αHL and 7R-
αHL. 

Variables m1 m2 m τ1 τ2 C Gw Gb

Units nS nS nS s-1 s-1 pF µS pS 
Value 1.07 0.7 3.2 4.76 1 200 20 1 
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Figure 37. Schematic of two aqueous solution/one bilayer system of a) the wild type αHL system and b) the 
engineered 7R-αHL system. 

The alternating membrane potentials at the prescribed frequencies are simulated and used to 

calculate ion currents through a bilayer embedded with αHL proteins as shown in the schematic 

of Figure 37a.  Equation 32 is used to model the conductance where the variables used are shown 

in Table 4 and Ohm’s law is used to obtain the ion current as explained.  The code for simulating 

these results can be found in Appendix C.  Figure 38 shows the alternating membrane potential 

at the different frequencies and the simulated ion current.  The zero current value is emphasized 

to show the difference in the peak values for the negative current and the positive current.  This 

difference is caused by the different conductance values used for the protein in the piecewise 

function. 

 

Figure 38. Simulated membrane potential and ion current through a bilayer containing the αHL protein. 
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The alternating membrane potentials at the prescribed frequencies are simulated and used to 

calculate ion currents through a bilayer embedded with 7R-αHL proteins as shown in the 

schematic of Figure 37b.  Equation 33 is used to model the conductance of the protein where the 

variable values used are shown in Table 4 and Ohm’s law is used to obtain the ion current as 

explained.  Figure 39 shows the alternating membrane potential at the different frequencies, the 

simulated ion current, and measured ion currents of the same system extracted from [51].  Noise 

in the measured system has some effect on the data values and the noise is not simulated by the 

model.   

 

Figure 39. Simulated membrane potential through a bilayer containing the 7R-αHL protein and the resulting ion 
current compared to a trace of data obtained from a physical system. 

The modeled ion current does follow the trends of the measured data.  At positive membrane 

potential, the measured and simulated ion current follows the applied membrane potential 
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the simulations at 34 mHz, the increase in the negative membrane potential magnitude occurs 

slowly and the protein is assumed to go through the configuration change, caused by the 

negatively applied potential, before the magnitude of the membrane potential increases 

sufficiently to cause an ion current that can be seen at this axis scale.  For the other simulations at 

higher frequency, the increase in the negative membrane potential magnitude occurs more 

rapidly and therefore the membrane potential magnitude causes an ion current that can be seen at 

the shown scale before the model predicts that the protein configuration change is complete. 

 

4.2.2 Multiple Bilayer Simulations 

The conductance model for both the αHL protein and the 7R-αHL proteins are used to 

simulate the ion currents through a bilayer network with multiple bilayers.  The network model is 

used to calculate the membrane potentials as specific locations within the network with the 

inclusion of the protein conductance in each bilayer.  Ohm’s law is used on the individual 

bilayers to calculate the ion current after the membrane potentials are simulated.  Two multiple 

bilayer systems are simulated and presented in this work and are chosen because of available 

measured ion current data for these systems from [51].  The first is a bilayer system consisting of 

three aqueous volumes and two bilayers where electrodes are in two of the volumes.  The other 

system is a four aqueous volume/four bilayer system where the direction of the proteins in the 

bilayers is oriented to simulate a full rectification bridge. 

Schematics of the three aqueous volume/two bilayer system are shown in Figure 40.  The 

bilayers between the volumes are simulated with both αHL and 7R-αHL proteins indicated by 

resistor (Figure 40a) and diode (Figure 40b) symbols respectively in the schematics as previously 

done.   The equations for solving the membrane potentials of the system are 
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 34

where the subscripts of the variables are used to specify an aqueous volume to index the physical 

location of the variables.  The volume for index “1” is the volume where the potential is applied, 

the volume for index “2” is the middle volume, and the volume for index “3” is ground.  The 

variables with two numbers indicate the variable is associated with the bilayer between the two 

volumes of the associated indices.  The variables for the bilayers and the conductance model are 

shown in Table 5 where the protein conductance, P, is determined from Equation 32 and 33 for 

the αHL and 7R-αHL proteins respectively.  The values used in the conductance models of the 

proteins, as shown in Table 5, are different than the previous values used because the values are 

matched to the measured data.  The potentials at volumes “1” and “2” are found for both systems 

by numerically solving Equation 34.  The membrane potentials are the differences between the 

volume potentials.  The membrane potential between volumes “2” and “3” is equal to the 

potential of volume “2” since volume “3” is ground and assumed to be zero.  Ohm’s law is used 

to model the ion current through the bilayer between volumes “2” and “3” by multiplying the 

found membrane potential and the modeled conductance of the protein in that bilayer.  Figure 

40c shows the results of the simulated ion current with the αHL protein embedded in both 

bilayers for the bilayer between volumes “2” and “3” where the applied potential is the potential 

across the network.  The measured data overlain on the plot is the measured current through the 

network, which should equal the modeled current through the bilayer between volumes “2” and 

“3.”  Figure 40d shows the simulated ion current with the 7R-αHL protein embedded in both 
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bilayers.  The simulated ion current is found in the same way as the ion current for the system 

with αHL proteins. 

Table 5. Variables used in the conductance and network model of a two bilayer, three volume system embedded 
with αHL or 7R-αHL in both bilayers. 

Variables m1 m2 m τ1 τ2 C12 C23 G12 G23 Gw

Units nS nS nS s-1 s-1 pF pF pS pS µS 
Value 4.5 3.7 20 4.76 1 200 200 1 1 1 
 

 

Figure 40. Schematics and simulations of a three aqueous volume/two bilayer system used with proteins to induce 
ion currents through the aqueous volumes where a) is a bilayer system schematic with αHL proteins, b) 
is a bilayer system schematic with 7R-αHL proteins, c) is the simulation of the system with αHL 
proteins, and d) is the simulation of the system with 7R-αHL proteins. 

The simulated ion current and the measured ion current data match well for both systems 

except for current spikes seen at each instance the potential steps.  The current spikes seen in the 

traced data is associated with the step potential change and is a function of the capacitance of the 

system.  One reason the model does not capture these ion current spikes is because the network 

model is simplified in Chapter 3 by removing the conductance of the aqueous volumes from the 

system model.  During a potential step, the capacitance acts as an open circuit and the aqueous 

conductance affects the membrane potential for several milliseconds as the capacitance either 
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charges or discharges.  The simulated ion current is dependent on knowing the membrane 

potential and its derivative across the bilayer where Equation 10 shows that the ion current due to 

the capacitance is a function of the derivative of the membrane potential.  The ion current due to 

the protein conductance is a function of the membrane potential.  For systems at low frequencies 

or without step changes, the derivative of the potential is assumed to be small and therefore 

negligible in calculating the ion current.  The membrane potential and its derivative cannot be 

calculated accurately during these step changes because of the simplification made and are 

therefore not included in the model.  The code used to simulate both of these systems can be 

found in Appendix C. 

The next system modeled is the full rectification bridge bilayer network where the schematic 

of the system is shown in Figure 41a.  The 7R-αHL proteins are oriented in each bilayer as 

shown in the schematic by the diode cartoons.  Following the network modeling procedures 

where the potential is applied to volume “2” and ground is volume “3,” the equations for solving 

the membrane potentials are   
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35

where the subscripts of the variables are used to specify specific aqueous volumes as the 

previous example and e0 is a triangular input to mimic the recorded data from [51].  The protein 

conductance is modeled as  
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The values of the conductance variables of the protein and all of the bilayer variable values are 

shown in Table 6.  The membrane potentials are solved using Equations 35 and 36 with a 

simulated input to the system consisting of a 100 mV triangular wave at 10 mHz.  The ion 

currents through each bilayer are calculated using Ohm’s law and the ion current across volumes 

“4” and “1” are the sum of the currents into and out of those volumes.  Figure 41b shows the 

system input, the measured ion current data, and the simulate ion current. For numerical 

simplicity, the exponential decay properties of Equation 33 are excluded from this simulation 

because the system is simulated at a low frequency and the time constants of the closing barrel 

would have little effect on the simulated values.   The code used to simulate this system can be 

found in Appendix C. 

Table 6. Variables used in the conductance and network model of the full rectification bridge bilayer network. 

Bilayer Variables C12 C13 C24 C34 G12 G13 G24 G34 Gw

Units pF pF pF pF pS pS pS pS µS 
Value 25 25 25 25 50 50 50 50 20 
Protein Variables m1 m2 m3 m4 m5 m6 m7 m8  
Units nS nS nS nS nS nS nS nS  
Value 6.3 0 6.3 0 6.3 0 6.3 0  
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Figure 41. a) A four aqueous volume, four bilayers, system with the 7R-αHL proteins oriented as shown by the 
diodes schematics and b) the traced data compared to the simulated ion currents. 

All of these bilayer network examples show how the model can be used to estimate the 

membrane potentials at different points of a bilayer network when a potential is applied at some 

point within the network.  The membrane potential is used in conjunction with the protein 

conductance models to estimate the ion currents through a bilayer.  The conductance and 

network modeling allows a designer to vary the parameters of the system and see how those 

variations change the system performance.  The following section will examine the full bridge 

rectification network numerically to understand how changing the system parameters will change 

the system output. 

 

4.3 Parameter Variations 

Modeling networks provides an opportunity to test varying system parameters and see the 

possible effect that those variations have on the overall system.  Some parameters may have little 

to no effect on the system and others may have a major effect on the system.  The four 
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volume/four bilayer rectification system, shown in Figure 41a, is used as an example to show 

how changing single parameters will change the overall response of the system.  The 

rectification values of the 7R-αHL protein and the size of the bilayers between the aqueous 

volumes are the varying parameters used in these examples.   

 

4.3.1 Variation in the Rectification Model 

The network model and conductance model of the 7R-αHL protein is shown in Equations 35 

and 36.  Instead of comparing the ion current between volumes 4 and 1 as previously done, the 

potential between those two volumes are compared in these examples.  Table 7 shows the values 

used to model the conductance for the ideal rectified case and for two non-ideal cases.  The other 

network system values are the same ones used from Table 6.  The rectification parameters are 

changed for the non-ideal cases.  The parameters of the conductance to negatively applied 

potentials are changed to be 10 and 32 percent of the values of the conductance parameters for a 

positively applied potential.  Equation 35 is solved for each of these cases and plotted to compare 

the changes.  Figure 42 shows this comparison between the ideal and non-ideal cases.  The figure 

shows that as the modeled protein conductance properties are changed further away from the 

ideal case, the effects of the reduced efficiency of the rectification circuit reduce the rectified 

potential between volumes 4 and 1.   

Table 7. Variables used in the conductance of the 7R-αHL protein for the variations used. 

Protein Variables m1 m2 m3 m4 m5 m6 m7 m8

Units nS nS nS nS nS nS nS nS 
Ideal Value 6.3 0 6.3 0 6.3 0 6.3 0 
10 percent 6.3 0.63 6.3 0.63 6.3 0.63 6.3 0.63 
32 percent 6.3 2.0 6.3 2.0 6.3 2.0 6.3 2.0 
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Figure 42. a) Plot of the triangular input at 10 mHz and b) plot of the modeled voltage output of the rectified 
circuit as the degree of ideal rectification properties are changed. 

 

4.3.2 Bilayer Area Variation 

The second variation is caused by changing the bilayer area between the aqueous volumes.  

This change causes the capacitance of the bilayers to change.  The previous example of this 

system assumed that the capacitance of each bilayer is 25 pF.  Assuming the specific capacitance 

of the bilayer to be 0.6 µF/cm2 [58] would produce an area of 0.004 mm2.  Changing the area of 

the bilayers by an order of magnitude to 0.04 mm2 and 0.4 mm2 will cause the capacitance to be 

250 pF and 2500 pF respectively.  Simulating the system using these changes provides the 

potential between volumes 4 and 1 and produces the results seen in Figure 43.  The simulations 

show that the bilayer capacitance acts as a smoothing circuit and the bilayer area needs to be as 

small as possible to produce the full bridge rectifier circuit without the smoothing effect. 
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Figure 43. Plot of the voltage between volumes 4 and 1 for the full rectification system with the capacitance of 
each bilayer in the system at a) 25 pF, b) 250 pF, and c) 2500 pF. 

 

4.4 Chapter Summary and Conclusions 

This chapter presented the aggregate conductance modeling of proteins where specific 

examples where shown for the protein αHL and an engineered derivative.  The conductance 

models were used in conjunction with the system network model to simulate bilayer network 

systems.  These simulations were used to obtain simulated ion currents at specific points within 

the system and those simulations were compared to published data of the system.  The models 

were also used to show how changing the parameters of the system may change the output of the 

network.  The conductance models were formulated from the average value of several sets of 
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data.  The conductance values measured are therefore based on the number of proteins within the 

bilayer.  Fluctuation in the number of proteins in the bilayer is difficult to estimate.  Therefore 

the conductance model needs to be adjusted for each system to account for these fluctuations.  

One way to account for the fluctuations is to model the conductance of each individual protein 

pore or channel.  Then estimate the number of pores or channels within the bilayer and sum the 

conductances for the individual pores or channels.  The fluctuations of individual channels 

depend on the molecular motion of the molecules and therefore are probabilistic in nature.  The 

following chapter will examine modeling the conductance of individual channels and using these 

models with the system network model. 
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Chapter 5 
 
 
 
 

Single Channel Conductance Modeling 
 
 
 
 

Single channel ion current measurements from proteins embedded in bilayers with an applied 

potential provide the ion current/membrane potential relationship of the individual channels.  

This relationship provides the single channel conductance of the protein and is dependent on the 

type of channel used as explained in the introduction.  To measure this relationship in a bilayer, 

the concentration of the protein in the bilayer is limited to reduce the probability of having 

multiple channels inserted in the bilayer or limit the probability of having simultaneous gating 

events from multiple channels.  Single channel measurements can be influenced by membrane 

stimuli as shown for the peptide alamethicin in Chapter 2 where the data shows that increasing 

the membrane potential increases the probability of gating events.  This chapter focuses on 

modeling these single channel gating events of alamethicin and using the single channel model to 

simulate ion currents caused by biomolecules such as alamethicin channels in a bilayer.  The 
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single channel model is stochastic because it is based directly on the statistics of the single 

channel recordings.  This chapter includes examples of individual channel modeling and how 

that model can produce the aggregate effect of multiple channels in a bilayer.   

 

5.1 Protein Conductance Model 

The single channel conductance modeling of proteins provides a model that can predict the 

single channel ion currents caused by a membrane potential through a bilayer.  The conductance 

is dependent on multiple factors that may include molecular dynamics [133], concentration, and 

system stimuli [98].  Here the peptide alamethicin is used as the model protein to show how 

single channel conductance modeling can be used to simulate ion currents through a bilayer.  The 

aggregate modeling of the conductance and ion currents of alamethicin is presented in Equations 

5-9.  This deterministic model shows an example of how the alamethicin conductance is 

dependent on peptide concentration and induced membrane potential.  The focus here is to 

produce a single channel conductance model that is based on the statistics of the single channel 

measurements.  This model will have stochastic properties used in conjunction with the statistics 

to obtain parameters for determining the conductance.  A brief introduction about stochastic 

processes will be presented, followed by the single channel conductance model for the peptide. 

 

5.1.1 Stochastic Process Introduction 

A stochastic process is a process involving random events over time [134] where the 

modeling of such a system uses some form of probability theory [135-136].  A nonrandom, or 

deterministic, process can be modeled with differential equations or difference equations where 
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solutions to such models produce the same results when the same initial conditions are used.  

The future solution of deterministic models is dependent only on the time and the present value 

of the model [134] unless some delay is applied to the model.  Some stochastic models are 

similar to deterministic models in that the change of the model is only dependent on the current 

value of the model and are called Markov processes [134].  The difference between a 

deterministic model and a stochastic model is that for the stochastic model the future values are 

determined by random events.  The solution to the stochastic model will be different even for 

identical initial conditions.  Therefore, stochastic models do not attempt to match a system that 

involves a random process, but matches the statistics of such a process.  Here, the single channel 

conductance model is formed to match the statistics of the single channel recordings and used to 

match the trends of a system when multiple channels are modeled simultaneously.  For 

additional details about stochastic process and modeling, the reader is referred to [134-136]. 

 

5.1.2 Stochastic Conductance Model without Ion Gradients 

The single channel measurement statistics for the peptide alamethicin are used to form the 

single channel stochastic conductance model.  Statistics for the peptide are reported for a bilayer 

system in Chapter 2 and by [106].  The statistics of single channel measurements in Chapter 2 

are for a DPhPC bilayer.  The single channel measurements show that there are six discrete 

conductance states that a single channel may obtain.  The average conductance values of these 

states are shown in Table 1 for each state of the different membrane potentials.  Figure 20a 

shows the probability mass functions for being in each state of the separate membrane potentials.  

Table 2 shows the average time that a single channel stays in a specific state before the channel 

changes to a new state.  The average times are differentiated between the subsequent state 
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increasing and decreasing.  Figure 21 shows two examples of the distribution of the normalized 

time for these average times in a specific state.  All of these statistics are used in the single 

channel conductance model of alamethicin.  

The basic structure of the single channel model of alamethicin is acquired by first assuming 

the channel is one of the states that is associated with the present membrane potential.  A random 

number generator is used in conjunction with the time duration statistics of the present state to 

determine a point in time that the state of the channel will change.  A random number generator 

is again used  in conjunction with the probability density functions to determine if the state will 

increase by a level or decrease by a level.  The process is repeated for the subsequent state.  

Therefore, the model has two parts that are randomly determined.  One part determines 

subsequent state and the other part determines the time duration in that state.  The following text 

shows the details of this model and how the stochastic nature of the model is determined.  Once 

the time frame of a specific state is determined, the conductance value for that state is assigned to 

the channel for that time duration.  Then the simulated conductance, as a function of time, can be 

used with the network model or other deterministic models of the system. 

The conductance values of a specific state are taken from the average values found for the 

state.  The statistics for the conductance of the state values are not used to model a varying 

conductance value for each state because the variations are attributed to noise in the 

measurements and the source of alamethicin containing several fractions of the natural peptide.  

The rms of the noise is found to be at or below 3 pA for the single channel measurements and the 

separate fractions have been shown to have different conductance values for the different states 

[106].  Therefore the individual channels may have a combination of multiple fractions of the 

peptide that cannot be conclusively estimated in the presence of the system noise.  The 



M. Austin Creasy Single Channel Conductance Modeling 97 

97 
 

conductance values for each state used in this model are shown in Table 8.  Here the “off” state 

is used to refer to the channel being closed within a bilayer.   

Table 8. Conductance values of the individual states of alamethicin used in the single channel conductance 
model obtained from the average values of the conductance measured and presented in Chapter 2. 

State off 1 2 3 4 5 6
Units pS pS pS pS pS pS pS 
Conductance Value 0 88 520 1273 2143 2950 3870 

 

The procedure for determining the subsequent state uses the probability mass functions for 

the separate membrane potentials.  The total sample space, S, is S = (off, 1, 2, 3, 4, 5, 6) which 

indicates all of the states that a single channel is assumed to be capable of obtaining.  The 

subsequent state can only increase or decrease by a single state [106] and the state must change 

after a determined time interval.  These are constraints on the single channel model that ensures 

the model maintains the single channel statistics for the state values and time durations in a state.  

The probability function of the sample space is P(S) = 1 for each membrane potential and the 

specific values for each state for the separate membrane potentials are shown in Table 9.  To 

determine the value of the subsequent state, a subset of the sample space is used with the 

probability function.  Since the subsequent state is either one unit larger or one unit smaller, the 

present state is deleted from the subset and the sums of the other probabilities are used to 

determine the subsequent state.  The probability that the subsequent state will increase to a 

higher state is defined as 
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where the variable i is used to indicate the current state, at the current time.  This equation adds 

all of the probabilities above the present state from the measured probability density function and 
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normalizes the probability so the subset (Ss) of the sample space also maintains P(Ss) = 1.  The 

probability that the subsequent state will decrease is 

 )1(1)1(  iPiP . 38

For example, if the membrane potential is held at any membrane potential and the present single 

channel state is the “off” state, the probability of the subsequent state increasing will be  

1)1( iP

 

If the present single channel state is the “2” state, the probability of the subsequent state 

increasing will be 
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and the probability that the subsequent state will decrease is  
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where P(S) is found in Table 9 for each membrane potential.   

Table 9. Results of the probability functions for each membrane potential. 

State 80 mV 90 mV 100 mV 110 mV 120 mV 130 mV 140 mV
off 0.9995 0.9995 0.9928 0.9916 0.9621 0.7478 0.3426 
1 0.0005 0.0005 0.0072 0.0073 0.0301 0.1960 0.3184 
2 0 0 0 0.0011 0.0062 0.0486 0.1968 
3 0 0 0 0 0.0016 0.0064 0.0828 
4 0 0 0 0 0 0.0012 0.0449 
5 0 0 0 0 0 0 0.0133 
6 0 0 0 0 0 0 0.0012 

 

Linear approximations are used to approximate the values of the probability functions for the 

membrane potentials between the measured values reported in Table 9.  Figure 44 shows these 

approximations represented graphically for each state as the potential changes.  A linear 

approximation is used to simplify the approximations for the probability functions for any 
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applied membrane potential to maintain all of the probability functions over the sample space at 

P(S) = 1.    

 

Figure 44. Linear fits to the probability distribution functions used in the single channel modeling. 

The process for determining the time duration of a conductance state is to model the 

distribution of the time durations that a state is maintained with a Weibull distribution [137].  

Again, Figure 21 shows two examples of the distribution of the normalized time for two specific 

states.  The Weibull distribution is  
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where t is the random variable that is the normalized time, x is a shape parameter that is greater 

than zero, and y is a scale parameter that is greater than zero.  This distribution provides the 

shape and scale parameters as variables for determining the distribution.  Holding the scale 

parameter constant shows the shape parameter effects on the distribution as shown in Figure 45a 
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and holding the shape parameter constant shows the scale parameter effects on the distribution as 

shown in Figure 45b. 

 

Figure 45. a) Weibell distribution as a function of varying shape parameters with the scale parameter held 
constant at 1 and b) Weibell distribution as a function of varying scale parameters with the shape 
parameter held constant at 1. 

For this system, the shape parameter is used to first conform the shape of the distribution to 

the shape of the data.  In Figure 21, the distribution is zero at the normalized time of zero and has 

a very rapid increase in the distribution before slowly decaying.  To obtain a distribution of this 

shape, the shape parameter needs to be greater than 1.  The median of this distribution is 

 xy 1))2(ln(  40

where the median of the normalized data is 1.  Therefore the scale parameter of the distribution 

can be calculated after the shape parameter is matched to the distribution.  The shape parameter 

used is 1.3 which results in a scale parameter of 1.33 found from Equation 40.  Figure 46a shows 

a histogram of the normalized data of the single channel data with 130 mV for the “off” state.  

Figure 46b shows a histogram of the normalized data of the single channel data with 130 mV 

membrane potential for the “1” state where the subsequent state is the “2” state.  Figure 46c 

shows a histogram of the normalized data of the single channel data with 130 mV membrane 
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potential for the “1” state where the subsequent state is the “off” state.  Each of these figures 

shows the modeled Weibell distribution overlain on the data. 

 

Figure 46. Normalized data of the single channel data with 130 mV for the time duration that a) the “off” state is 
on, b) the “1” state is on and the subsequent state will be the “2” state, and c) the “1” state is on and the 
subsequent state will be the “off” state. 

The cumulative distribution of the Weibell distribution is 

 
xyteyxtf )/(1),;(  . 41

This distribution is used to determine the normalized time for the model when a random number 

generator is used to estimate the time that the conductance is in a specific state.  Once the 

normalized time is found, the average times from Table 2 are used to convert the normalized 

time by multiplying the randomly found normalized time by the average time.  The table 

provides the average times for specific membrane potentials and a linear fit is again used to 

obtain the average times for membrane potentials between the values in the table.  Figure 47a 
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shows the linear fits between the average times for all of the states as a function of the potential 

for the instances when the subsequent state will decrease.  Figure 47b shows the linear fits 

between the average times for all of the states as a function of the potential for instances when 

the subsequent state will increase.  The “off” state is excluded from this figure because of the 

magnitude of the average times being large and wanting to show the trends.  The pattern for 

these average times starts at a low value, increases, and then decreases at higher potentials.   

 

Figure 47. Linear fits between the average times for all of the states as a function of the potential for the instances 
a) when the subsequent state will decrease and b) when the subsequent state will increase. 

The single channel conductance model uses these statistical models to determine the 

conductance as a function of time.  The random number generator used in this work is the 

generic random number generator in Matlab®.  This random number generator is a modified 

version of Marsaglia’s Subtract-with-Borrow algorithm [138].  An overview of the procedure for 

the single channel conductance model using the aforementioned statistics is as follows: 

 the conductance is in a known state 

 a random number is generated between (0,1) 

 the number is compared to the result of Equation 38 for the specified membrane 
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o if the random number is greater than Equation 38, the next state is higher 

o if the random number is less than Equation 38, the next state is lower 

 a random number is again generated between (0,1) 

 the number is used to solve for the normalized time from Equation 41 for the next 

state of the specific membrane potential 

 the found normalized time is multiplied by the average found for the specific state 

from the linear approximation shown in Figure 47 

 the estimated membrane potential for the time at the end of the new state is calculated 

and the procedure is started again 

This procedure is used for each individual channel in a bilayer when modeling aggregate effects. 

 

5.1.3 Stochastic Conductance Model with Ion Gradients 

Ion gradients cause induced membrane potentials across a bilayer as explained in Chapter 1.  

These ion gradient induced potentials cause the peptide alamethicin to gate as shown in Chapter 

2.  Part of this data is used in conjunction with the previously described single channel 

conductance model to model ion currents through a bilayer that includes ion gradients.  The first 

major assumption for the single channel conductance model is that ion currents caused by the ion 

gradients are assumed to not drastically alter the concentration of the aqueous volumes over 

time.  This assumption is analyzed by considering the ion flow between two aqueous volumes of 

a volume and molar concentration typical of the experiments.  The aqueous volumes used in this 

research consist of volumes on the order of 200 to 500 nL with molar concentrations of 10 mM 

to 500 mM.  The measured ion currents of Figure 16 for the peptide alamethicin are around 1 nA 
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or less at the peaks and the single channel currents from the ion gradients are less than 100 pA as 

shown in Figure 23 and Figure 24.  The concentration (c) of the solutions is  

 
VN

N
c

A

  42

where N is the number of ions, NA is Avogadro’s number, and V is the volume.  The magnitude 

of the charge of a single ion is 1.602 x 10-19 coulombs (A-s).  The ion flow in a 1 nA current is 

approximately 6.25 x 109 ions/s and is found by dividing the ion current by the ion charge.  

Assuming sufficient channels to continuously allow a 1 nA ion current in a bilayer separating a 

50-fold concentration gradient (between a 500 mM and 10 mM concentrations) in 200 nL 

volumes, the membrane potential can be modeled over time using Equations 1 and 42 and the ion 

flow.  The concentration is changing over time and the membrane potentials are calculated from 

the concentrations.  Figure 48 shows the membrane potential with respect to time as the 

concentration gradient changes due to the ion flow.  This figure shows that there is no significant 

change in the membrane potential due to the ion currents until after 104 seconds or 2.7 hours.  

The ion gradients will not be immediately affected by the ion currents through the channels for a 

system made with aqueous volumes of the size indicated.  But, the system is limited in the time 

that an initial ion gradient can maintain a certain membrane potential before the flow of ions 

affects that potential.   
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Figure 48. Membrane potential as a function of time for a bilayer with a continuous 1 nA ion current starting with 
a 50-fold concentration gradient. 

The data presented in Chapter 2 for the ion gradients shows examples of single channel ion 

currents caused by ion gradients for 50-fold and 5-fold concentration gradients in Figure 23 and 

Figure 24.  Table 3 shows the statistics for the 5-fold concentration gradient and the statistics of 

the concentration gradient with several additional induced membrane potentials.  This data could 

be used to form a stochastic model of the conductance states for this gradient, but detailed data 

for other concentration gradients is not available.  Figure 26 shows the current values of the 

peaks of histograms plots as a function of induced membrane potential.  This figure shows that 

the conductance of each state of the alamethicin peptide is a linear function of the membrane 

potential that crosses the abscissa at the Nernst potential when the membrane potential is plotted 

on the abscissa.  The slope of this data for each state is close to the conductance values for that 

specific state.  Therefore, the Nernst potential is used with the single channel model previously 

defined to include ion gradient changes.  The membrane potentials used previously are offset by 

the Nernst potential to change the values where gating events occur due to an applied potential in 
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conjunction with the Nernst potential.  This process allows the single channel conductance model 

to model the ion currents of a bilayer with and without ion gradients. 

 

5.2 Single Channel Model Simulations 

The protein conductance in a bilayer can be used with Ohm’s law to calculate the ion 

currents caused by a membrane potential.  Here, the single channel conductance of a single 

alamethicin channel is modeled using the previously defined model.  The statistics of the 

conductance states should be the same as the statistics of the single channel measurements 

because the model is based on those measurements.  The inclusion of multiple channels in a 

bilayer can be modeled because the conductance of each channel is electrically in parallel with 

the other channels.  Therefore the total conductance through a bilayer with multiple channels is 

 
n

ntotal gG
1

 43

where Gtotal is the total conductance of the bilayer proteins, n is the number of channels in the 

bilayer, and gn is the conductance of the individual channels.  The simulations here will first 

show simulated single channel ion currents and then show simulated aggregate channel ion 

currents. 

 

5.2.1 Single Channel Simulations 

The first system simulated is the single channel ion currents of alamethicin to a prescribed 

membrane potential.  The conductance is modeled assuming that the system is at steady state 

with a 130 mV membrane potential.  Ohm’s law is used to obtain the simulated ion currents from 

the modeled conductance and the membrane potential where the simulate ion currents are shown 
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in Figure 49a.  Figure 49b repeats the data shown in Figure 17 for comparison purposes.  Both 

figures show a two second duration and the ordinate is matched to show a direct comparison of 

the state levels. The levels of the ion currents for the different states are similar and the 

frequency of the gating events also appears similar.  Code for producing this simulation can be 

found in Appendix C. 

 

Figure 49. a) Modeled single channel ion currents of the peptide alamethicin using a stochastic conductance 
model and b) measured single channel ion currents for comparison purposes. 

The next system simulated is the single channel ion currents of alamethicin in the presence of 

ion gradients.  The conductance is modeled assuming that the system is at steady state for a 50-

fold ion gradient and for a 5-fold ion gradient.  Additional applied membrane potentials are 

added to the Nernst potential to prescribe a total membrane potential.  Ohm’s law is used to 

obtain the simulated ion currents form the modeled conductance, the applied membrane 

potential, and Nernst potential.  Figure 50a and Figure 50b show examples of the modeled ion 

currents for a system with a 5-fold ion gradient with 80 and 90 mV potentials applied.  The 5-

fold ion gradient is the equivalent of an additional 40 mV potential found from the Nernst 

potential.  Figure 50c and Figure 50d show examples of the modeled ion currents for a system 

with a 50-fold ion gradient with 0 and 35 mV potentials applied.  The 50-fold ion gradient is the 
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equivalent of an additional 100 mV potential.  The single channel conductance model predicts 

that no gating events occur below an 80 mV membrane potential and adding the ion gradient 

effects adjusts this model to show ion currents based on the ion gradients.  Code for producing 

this simulation can be found in Appendix C. 

 

Figure 50. Simulated ion currents for a 5-fold ion gradient system with an applied a) 80 mV and 90 mV potentials 
and simulated ion currents for a 50-fold ion gradient system with c) 0 mV and d) 35 mV potentials. 

 

5.2.2 Aggregate Single Channel Simulations 

The single channel conductance model is used to model a system with multiple channels.  

The concentration of the protein can be assumed to contribute a specific number of channels to 

the bilayer.  Each individual channel is modeled separately to obtain a total conductance of the 

0 0.2 0.4 0.6 0.8 1
-20

0

20

40

60

80

100

time (s)

cu
rr

en
t (

pA
)

1.5 1.6 1.7 1.8 1.9 2

0

10

20

30

40

time (s)

cu
rr

en
t (

pA
)

0 0.5 1 1.5 2

0

50

100

150

200

time (s)

cu
rr

en
t (

pA
)

0 0.1 0.2 0.3 0.4 0.5
-20

0

20

40

60

80

100

time (s)

cu
rr

en
t (

pA
)

c d

a b



M. Austin Creasy Single Channel Conductance Modeling 109 

109 
 

bilayer by summing the conductance of the individual channels using Equation 43.  The 

stochastic single channel conductance model for the peptide alamethicin is used to simulate a 

system with multiple channels that has a changing membrane potential.  The model is used to 

simulate the CV response of a bilayer with alamethicin channels inserted in the bilayer.  Figure 

51a shows the simulated CV response of a bilayer system using the single channel conductance 

model.  The simulation assumes that the bilayer has 100 channels that act independent of the 

each other, and the bilayer protein conductance is the sum of the individual channel’s 

conductance.  Figure 51b shows measured CV data for a bilayer with alamethicin for 

comparison.  The simulated results show the hysteresis loop similar to the data from the time 

response where the membrane potential is increased and decreased at a certain rate.  The code for 

modeling this simulation can be found in Appendix C. 

 

Figure 51. a) Simulated CV response of a bilayer using the single channel conductance model of the peptide 
alamethicin with multiple channels and b) measured CV data of a bilayer with alamethicin for 
comparison. 

The model is also used to simulate a system with a step membrane potential change.  The 

potential is assumed to increase from 0 mV to 140 mV.  The system is assumed to have 300 

individual channels in the bilayer.  The simulated ion currents show a delay in reaching a steady 

state with a step potential change.  The characteristics of the ion currents caused by the 
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alamethicin peptide with a step potential in a bilayer is explain by Asami [98] and shown in the 

schematic in Figure 7b.  The delay in the simulated ion current reaching a steady state is caused 

by the way the model is formed.  The change in state of the single channel model requires the 

state to increase by a single state per time duration and requires the state to stay in that specific 

state for a set duration.  Therefore, as the membrane potential is increased quickly to a potential 

that allows higher conductance states, the model delays the system from immediately obtaining 

those higher conductance states, therefore inherently inducing a time delay. 

 

Figure 52. Simulated step potential of a bilayer using the single channel conductance model of the peptide 
alamethicin with multiple channels. 

The model is used to simulate a system with ion gradients and multiple channels.  Asami [98] 

explains how a bilayer with alamethicin channels and ion gradients appears to have a negative 

conductance when specific potentials are applied to the bilayer.  Figure 53 shows a simulation 

for a system with a 50-fold ion gradient and an applied potential ranging from -100 mV to 40 

mV.  For this example there are 200 channels individually modeled in the bilayer.  The ion 

current is greater than or equal to zero indicating that at negatively applied potential, a positive 
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ion current is crossing the bilayer and the system appears to have a negative conductance.  This 

negative conductance is caused by the ion gradients creating a potential across the bilayer that is 

separate from the applied potential. 

 

Figure 53. Simulated system of a bilayer with alamethicin channels and an ion gradient to show negative 
conductance. 

 

5.3 Chapter Summary and Conclusions 

This chapter presented the single channel conductance modeling of proteins with examples 

associated with the peptide alamethicin with and without ion gradients.  The model uses statistics 

found from single channel measurements shown in Chapter 2 as the foundation of the model.  

The model is used to simulate single channel recordings.  Because of the stochastic nature of the 

model, the data and single channel measurements do not match, but have similar statistical 

properties to measured data.  The single channel measurements are used to simulate multiple 

channels individually within a bilayer and the aggregate modeled conductance is used to 

simulate ion currents of a system with multiple channels.  Asami [98] showed how a system with 
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the peptide alamethicin can be modeled to simulate ion currents for systems with changing 

potentials, ion gradients, and at steady state using deterministic equations.  Each system needs 

separate equations.  Modeling the conductance of individual channels with this stochastic model 

captures all of the dynamics associated with changing potentials or ion gradients.  
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Chapter 6 
 
 
 
 

Summary and Conclusions 
 
 
 
 

6.1 Overview of Research 

The primary focus of the work presented here is to formulate a model that can predict 

membrane potentials and ion currents through a bilayer network system with proteins in the 

bilayer.  The goals of this work are to understand the relationships in the system between the 

membrane potential of the bilayers and the ion currents through the bilayers and to model that 

relationship in a way to predict those values for a bilayer network system.  A model can simulate 

the membrane potentials and ion currents through a bilayer network and allow a designer to 

simulate a system in order to understand how changes in the system parameters will affect the 

membrane potentials and ion currents throughout the system. 
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To understand the membrane potential/ion current relationship, Chapter 2 focuses on 

showing examples of that relationship from measured systems.  Details are provided, showing 

the experimental preparations used to form the lipid solutions and also showing the setups of 

these experiments.  The Droplet-Interface-Bilayer (DIB) and the Regulated-Attachment-Method 

(RAM) are the two methods used to form and understand bilayer properties with induced 

membrane potentials across the bilayer.  The conductance properties of proteins in these bilayers 

are studied for the case with aggregate measurements caused by multiple proteins and the case 

with fewer proteins that produce single channel measurements.  The peptide alamethicin is used 

as a model to show the properties of the ion current/membrane potential relationship due to 

aggregate channels and single channels.  Ion gradients are also used to induce membrane 

potentials across a bilayer and single channel recordings are reported for this system.   

In Chapter 3, the bilayer network model is presented.  The basis of the model follows work 

done by Hodgkin and Huxley in viewing membrane potentials and ion currents through the 

membrane as an electrical circuit.  This assumption allows the use of established modeling tools 

to model these networks including Kirchhoff’s laws and Ohm’s law.  A single bilayer acts 

electrically as a capacitor and resistor in parallel where the aqueous volumes act as a resistor to 

ion currents with a magnitude that is negligible when compared to the resistance of the bilayer.  

The bilayer network system is broken into individual nodes where the membrane potentials and 

ion currents are modeled using the electrical laws.  The equations of those nodes are combined 

using finite element analysis (FEA) techniques to form the system equations.  The nature of the 

system equations are discussed because the system contains a positive semidefinite matrix where 

known methods of solving the system, such as eigenvalues or matrix inversion, cannot be used.  

To solve the system, either differential algebraic equations (DAE) or model reduction methods 
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are proposed.  Both techniques are analyzed and a reduced model is used based on the 

assumption that the bilayer network systems have low frequency forcing functions.  Examples of 

modeling larger bilayer network systems are shown in this chapter. 

Following the work of defining the bilayer network model, the modeling of the conductance 

of specific proteins is examined.  Chapter 4 introduces the aggregate conductance modeling of 

proteins where aggregate conductance modeling is defined as modeling the conductance 

properties of multiple proteins within a bilayer simultaneously.  The protein pore α-hemolysin 

(αHL) and an engineered derivative of the pore are used as a model protein to show examples of 

the aggregate conductance modeling.  A model of the conductance of each protein type is 

presented using a piecewise function with time decay for the engineered derivative.  These 

conductance models are used to model bilayer network systems that were formed and measured 

by Maglia et al.  The measured data of the system and the ion current results of the model are 

compared to show the ability of the model to simulate ion currents through a bilayer system. 

Chapter 5 continues the conductance modeling of proteins, but deals specifically with 

modeling single channel gating events.  The model uses statistics found from single channel 

measurements shown in Chapter 2 for the peptide alamethicin where the single channel gating 

events are stochastic.  The model is used to simulate single channel recordings to match the 

statistics of the measured data and multiple single channel simulations of the conductance are 

used to obtain an aggregate simulation of the conductance values.  The single channel 

conductance model is formed to accommodate ion gradients across a bilayer containing the 

peptide alamethicin and the model is able to simulate negative conductance values that have been 

seen in the literature.   
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6.2 Conclusions 

A model that can model the membrane potentials and ion currents in a network bilayer 

system provides an engineer with a tool that can be used to design these systems.  The model 

formed and presented here is based on FEA and electrical circuit modeling tools.  As engineers 

look to design larger bilayer networks, this modeling tool will allow them to simulate the system 

and tweak the parameters prior to forming prototypes and testing them in the lab.  Once 

prototypes are formed, the model can help interpret the results of measured ion currents 

produced by the prototype system.  The system model is formed from FEA which allows 

individual sections of the network to be tweaked.  Within the nodes, models of the conductance 

of specific types of proteins can be included on a scale that is applicable to the application of the 

system.  Key conclusions for specific parts of this work are provided here: 

 

6.2.1 Bilayer Network Modeling 

 The aqueous solution resistance within these networks can be excluded from the models.  

Most systems using biological materials function at low frequencies.  For these systems 

based on cell mimics, the conductance properties of the proteins dominate the response of 

membrane potentials and ion currents and provide almost identical simulation results for 

the system with and without the aqueous solution resistance. 

 The results of the model to step potential changes does not capture the initial ion current 

spikes, but does capture the steady-state results seen after several milliseconds.  A step 

membrane potential change causes the capacitance of the bilayer to appear as an open 

circuit.  To model the step change accurately, the aqueous solution resistance needs to be 
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included in the model and therefore the system needs to be modeled with DAE.  The 

DAE solver in Matlab® cannot numerically solve a DAE system with step potentials.  

Therefore, the initial ion current spikes are seen in measured data, but are not modeled 

and are numerically more difficult to simulate. 

 The present model is based on assuming that a potential is applied to some point within 

the bilayer network model.  Some proteins are activated by light or by mechanical 

stimuli.  These types of channels were not presented in the present work.  Systems with 

these types of channels may require additional states being added to the system model to 

included these inputs and is an area of future work for modeling bilayer network systems. 

 

6.2.2 Aggregate Conductance Modeling 

 Models of the conductance of proteins within a bilayer can be formed with a 

deterministic approach.  As shown in previous work for the peptide alamethicin, a single 

expression to capture all of the variations caused by the protein is difficult to accomplish.  

Therefore, modeling the conductance of the protein in the network model to varying 

parameters is challenging because the conductance is modeled differently for different 

parameters. 

 

6.2.3 Single Channel Conductance Modeling 

 Models of the single channel conductance of proteins within a bilayer can be formed.  

These single channel models can be used to simulate aggregate ion currents of a bilayer.  
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6.3 Contributions 

The contributions of this research are presented here. 

 FEA is used to analyze a bilayer network system to form equations for solving the 

membrane potential and ion currents.  This work is the first of its kind to use a defined 

procedure for developing equations for determining for the membrane potential and ion 

currents of a bilayer network system without deriving the equations of the entire system 

directly using Kirchhoff’s Laws. 

 Modeling the conductance properties of proteins allows for a network system to then be 

devised and modeled.  This worked showed several conductance models of different 

proteins and specifically showed a model for the α-hemolysin protein and an engineered 

derivative.  This work is the first to use a varying conductance model of a protein in a 

network model to predict membrane potentials and ion currents through a bilayer network 

that can be simulated as the parameters of the conductance model change to varying 

inputs. 

 The modeling of the single channel conductance states of the peptide alamethicin is 

shown in this work.  A stochastic model is formed that predicts the states of single 

channels caused by system stimuli.  This work uses that model to model a system with 

multiple alamethicin channels within the bilayer.  This work is the first to use a single 

channel conductance of the peptide to model the aggregate conductance of multiple 

channels within a bilayer. 

 The statistical information for the conductance states of the peptide alamethicin in a 

DPhPC bilayer is reported.  Other research has reported the statistical conductance 
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properties of the peptide formed in other bilayers for single channel recordings.  This 

work contributes by showing those statistical properties for the DPhPC bilayer with 

alamethicin.  This work is also the first instance that distinguishes between the average 

times of the alamethicin states when the subsequent state for the system either is 

increasing or decreasing. 
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Appendix A 
 
 
 
 

Code for Statistical Analysis 
 
 
 
 

Supplied here is a sample of one of the codes used to obtain for the statistical values. 

close all; 
clear all; 
clc; 
  
%reading the input data 
data = 11413000; 
[t,c] = readdata('11413000.atf',10,2); 
c = c; 
%potential used 
potential = 120; %in millivolts 
  
%points to eliminate for defining times 
points = 50; 
figure 
plot(t,c) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
xlabel('time (s)') 
ylabel('current (pA)') 
axis([t(1) t(end) -50 250]) 
%define the times where a jump in the current measurement is seen in the 
%data as the vector times 
%if no jumps are seen define times = [t(end)] to take out dc offset; 
times = timesdata(data); 
times = [times t(end)]; 
tol = 0.005; %percent to delete near current spikes in order to zero current 
rang = 50;  %the range of the closed state current 
f = 250000; %the frequency of the measured data 
c = lessavg(t,c,times,tol,rang,f);  %function to remove the offset   
g = c./(potential./1000);    %converting the current to a conductance 
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%conductance values to separate activity levels 
line_0 = -100; 
line_1_1 = 80; 
line_1_2 = 190; 
line_2_1 = 350; 
line_2_2 = 700; 
line_3_1 = 1000; 
line_3_2 = 1500; 
line_4_1 = 1600; 
line_4_2 = 2400; 
  
  
%plotting the time trace of the current 
figure 
plot(t,c) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
xlabel('time (s)') 
ylabel('current (pA)') 
axis([t(1) t(end) -50 250]) 
  
%plotting the time trace of the conductance 
figure 
plot(t,g) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
xlabel('time (s)') 
ylabel('conductance (pS)') 
axis([t(1) t(end) -500 2500]) 
% axis([12 12.2 -500 2500]) 
  
hold on; 
%plotting the separation levels of each discrete level 
plot([0 60],[line_1_1 line_1_1],'g',[0 60],[line_1_2 line_1_2],'g',[0 60],[line_2_1 
line_2_1],'r',[0 60],[line_2_2 line_2_2],'r'... 
    ,[0 60],[line_3_1 line_3_1],'g',[0 60],[line_3_2 line_3_2],'g',[0 60],[line_4_1 
line_4_1],'r',[0 60],[line_4_2 line_4_2],'r') 
  
%plotting a histogram plot of the data 
figure 
x = (0:5:10000); 
n = hist(g,x); 
bar(x,n,'hist') 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
xlabel('conductance (pS)') 
ylabel('quantity') 
axis([0 2500 -500 200000]) 
hold on; 
plot([line_1_1 line_1_1],[0 2000000],'g',[line_1_2 line_1_2],[0 2000000],'g',[line_2_1 
line_2_1],[0 2000000],'r',[line_2_2 line_2_2],[0 2000000],'r'... 
    ,[line_3_1 line_3_1],[0 2000000],'g',[line_3_2 line_3_2],[0 2000000],'g',[line_4_1 
line_4_1],[0 2000000],'r',[line_4_2 line_4_2],[0 2000000],'r') 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%% 
%no conductance state statistics 
disp('no channels') 
%find locations where the conductance is between lines 1 and 2 
ix = g >= line_0 & g <= line_1_1; %logic operator to determine locations 
ixx = diff(ix); %finding locations where the conductance goes from one 
                %defined level to the next 
index = find(ixx==1 | ixx == -1); %getting an index of those locations 
x = size(g); 
x = x(1,1); 
index = [0;index;x]; 
index1 = diff(index); %getting index lengths of the locations that leave 
                      %the range for this conductance state 
%function that takes out the noise of the index lengths near the bourders  
%of the conductance states, variable "points" determines the noise  
%threshold 
index1 = lesssingle(index1,points); 
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%function that gives you the averages for the length 
%of each delta time between a change in state 
[averages] = average(index1,g); 
%the averages are used to join the index where the states do not physically 
%change states 
index1 = average_same_a(averages,index1,line_0,line_1_1); 
[avg_0,avg_0_t,std_0_t,countzero,rms] = stats(f,index1,g,line_0,line_1_1); 
% [avg_0,avg_0_t,std_0_t,countzero,avg_c,std_c] = stats(f,index1,g,line_0,line_1); 
fprintf('The percent of time where no channels are open is %0.2f percent \n',avg_0); 
fprintf('The rms is %0.02f pS \n',rms) 
fprintf('The averge time the state is on and before moving to the first conductance state is 
%0.1f ms with a standard deviation of %0.1f ms \n',avg_0_t,std_0_t); 
fprintf('from %0.00f events \n\n', countzero) 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%first conductance state 
disp('First conductance state') 
ix = g >= line_1_1 & g <= line_1_2; %logic operator to determine locations 
ixx = diff(ix); %finding locations where the conductance goes from one 
                %defined level to the next 
index = find(ixx==1 | ixx == -1); %getting an index of those locations 
x = size(g); 
x = x(1,1); 
index = [0;index;x]; 
index1 = diff(index); %getting index lengths of the locations that leave 
                      %the range for this conductance state 
%function that takes out the noise of the index lengths near the bourders  
%of the conductance states, variable "points" determines the noise  
%threshold 
index1 = lesssingle(index1,points); 
%function that gives you the averages for the length 
%of each delta time between a change in state 
[averages] = average(index1,g); 
%the averages are used to join the index where the states do not physically 
%change states 
index1 = average_same_a(averages,index1,line_1_1,line_1_2); 
[avg_s,avg_t,std_t,count,avg_c,std_c] = stats_a(f,index1,g,line_1_1,line_1_2); 
fprintf('The percent of time in the first state is %0.2f percent \n',avg_s); 
fprintf('The average conductance is %0.02f pS with a standard deviation of %0.1f pS 
\n',avg_c,std_c) 
fprintf('The averge time the state is on before moving to a new state is %0.1f ms with a standard 
deviation of %0.1f ms \n',avg_t(1),std_t(1)); 
fprintf('from %0.00f events \n', count(1)) 
fprintf('The average time the state is on before going to a higher state is %0.1f ms with a 
standard deviation of %0.1f ms \n',avg_t(3),std_t(3)); 
fprintf('from %0.0f events \n', count(3)) 
fprintf('The average time the state is on before going to a lower state is %0.1f ms with a 
standard deviation of %0.1f ms \n',avg_t(2),std_t(2)); 
fprintf('from %0.0f events \n\n', count(2)) 
count_1 = count; 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%second conductance state 
disp('second conductance state') 
ix = g >= line_2_1 & g <= line_2_2; %logic operator to determine locations 
ixx = diff(ix); %finding locations where the conductance goes from one 
                %defined level to the next 
index = find(ixx==1 | ixx == -1); %getting an index of those locations 
x = size(g); 
x = x(1,1); 
index = [0;index;x]; 
index1 = diff(index); %getting index lengths of the locations that leave 
                      %the range for this conductance state 
%function that takes out the noise of the index lengths near the bourders  
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%of the conductance states, variable "points" determines the noise  
%threshold 
index1 = lesssingle(index1,points); 
%function that gives you the averages for the length 
%of each delta time between a change in state 
[averages] = average(index1,g); 
%the averages are used to join the index where the states do not physically 
%change states 
index1 = average_same_a(averages,index1,line_2_1,line_2_2); 
[avg_s,avg_t,std_t,count,avg_c,std_c] = stats_a(f,index1,g,line_2_1,line_2_2); 
fprintf('The percent of time in the second state is %0.2f percent \n',avg_s); 
fprintf('The average conductance is %0.02f pS with a standard deviation of %0.1f pS 
\n',avg_c,std_c) 
fprintf('The averge time the state is on before moving to a new state is %0.1f ms with a standard 
deviation of %0.1f ms \n',avg_t(1),std_t(1)); 
fprintf('from %0.00f events \n', count(1)) 
fprintf('The average time the state is on before going to a higher state is %0.1f ms with a 
standard deviation of %0.1f ms \n',avg_t(3),std_t(3)); 
fprintf('from %0.0f events \n', count(3)) 
fprintf('The average time the state is on before going to a lower state is %0.1f ms with a 
standard deviation of %0.1f ms \n',avg_t(2),std_t(2)); 
fprintf('from %0.0f events \n\n', count(2)) 
count_2 = count; 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%third conductance state 
disp('third conductance state') 
ix = g >= line_3_1 & g <= line_3_2; %logic operator to determine locations 
ixx = diff(ix); %finding locations where the conductance goes from one 
                %defined level to the next 
index = find(ixx==1 | ixx == -1); %getting an index of those locations 
x = size(g); 
x = x(1,1); 
index = [0;index;x]; 
index1 = diff(index); %getting index lengths of the locations that leave 
                      %the range for this conductance state 
%function that takes out the noise of the index lengths near the bourders  
%of the conductance states, variable "points" determines the noise  
%threshold 
index1 = lesssingle(index1,points); 
%function that gives you the averages for the length 
%of each delta time between a change in state 
[averages] = average(index1,g); 
%the averages are used to join the index where the states do not physically 
%change states 
index1 = average_same_a(averages,index1,line_3_1,line_3_2); 
[avg_s,avg_t,std_t,count,avg_c,std_c] = stats_a(f,index1,g,line_3_1,line_3_2); 
fprintf('The percent of time in the third state is %0.2f percent \n',avg_s); 
fprintf('The average conductance is %0.02f pS with a standard deviation of %0.1f pS 
\n',avg_c,std_c) 
fprintf('The averge time the state is on before moving to a new state is %0.1f ms with a standard 
deviation of %0.1f ms \n',avg_t(1),std_t(1)); 
fprintf('from %0.00f events \n', count(1)) 
fprintf('The average time the state is on before going to a higher state is %0.1f ms with a 
standard deviation of %0.1f ms \n',avg_t(3),std_t(3)); 
fprintf('from %0.0f events \n', count(3)) 
fprintf('The average time the state is on before going to a lower state is %0.1f ms with a 
standard deviation of %0.1f ms \n',avg_t(2),std_t(2)); 
fprintf('from %0.0f events \n\n', count(2)) 
count_3 = count; 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%fourth conductance state 
disp('fourth conductance state') 
ix = g >= line_4_1 & g <= line_4_2; %logic operator to determine locations 
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ixx = diff(ix); %finding locations where the conductance goes from one 
                %defined level to the next 
index = find(ixx==1 | ixx == -1); %getting an index of those locations 
x = size(g); 
x = x(1,1); 
index = [0;index;x]; 
index1 = diff(index); %getting index lengths of the locations that leave 
                      %the range for this conductance state 
%function that takes out the noise of the index lengths near the bourders  
%of the conductance states, variable "points" determines the noise  
%threshold 
index1 = lesssingle(index1,points); 
%function that gives you the averages for the length 
%of each delta time between a change in state 
[averages] = average(index1,g); 
%the averages are used to join the index where the states do not physically 
%change states 
index1 = average_same_a(averages,index1,line_4_1,line_4_2); 
[avg_s,avg_t,std_t,count,avg_c,std_c] = stats_a(f,index1,g,line_4_1,line_4_2); 
fprintf('The percent of time in the fourth state is %0.2f percent \n',avg_s); 
fprintf('The average conductance is %0.02f pS with a standard deviation of %0.1f pS 
\n',avg_c,std_c) 
fprintf('The averge time the state is on before moving to a new state is %0.1f ms with a standard 
deviation of %0.1f ms \n',avg_t(1),std_t(1)); 
fprintf('from %0.00f events \n', count(1)) 
fprintf('The average time the state is on before going to a higher state is %0.1f ms with a 
standard deviation of %0.1f ms \n',avg_t(3),std_t(3)); 
fprintf('from %0.0f events \n', count(3)) 
fprintf('The average time the state is on before going to a lower state is %0.1f ms with a 
standard deviation of %0.1f ms \n',avg_t(2),std_t(2)); 
fprintf('from %0.0f events \n\n', count(2)) 
count_4 = count; 

 

Here are the functions used with the above code 

function  [t,c] = readdata(fname,nhead,ncols) 
%  Input: 
%     fname  = name of the file containing the data (required) 
%     ncols  = number of columns in the data file.  Default = 2.  A value 
%              of ncols is required only if nlrows is also specified. 
%     nhead  = number of lines of header information at the very top of 
%              the file.  Header text is read and discarded.  Default = 0. 
%              A value of nhead is required only if nlrows is also specified. 
%     nlrows = number of rows of labels.  Default = 1 
% 
%  Output: 
%     t = column vector of time values 
%     c = matrix of current values.  
%  open file for input, include error handling 
fin = fopen(fname,'r'); 
if fin < 0 
   error(['Could not open ',fname,' for input']); 
end 
  
%  Read and discard header text one line at a time 
for i=1:nhead,  buffer = fgetl(fin);  end 
  
%  Read in the t-c data.  Use the vetorized fscanf function to load all 
%  numerical values into one vector.  Then reshape this vector into a 
%  matrix before copying it into the x and y matrices for return. 
  
data = fscanf(fin,'%f');  %  Load the numerical values into one long vector 
  
nd = length(data);        %  total number of data points 
nr = nd/ncols;            %  number of rows; check (next statement) to make sure 
if nr ~= round(nd/ncols) 
   fprintf(1,'\ndata: nrow = %f\tncol = %d\n',nr,ncols); 
   fprintf(1,'number of data points = %d does not equal nrow*ncol\n',nd); 
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   error('data is not rectangular') 
end 
  
data = reshape(data,ncols,nr)';   %  notice the transpose operator 
t = data(:,1); 
c = data(:,2); 
% z = data(:,3); 
  
%  end of readColData.m 

 
 

function c = lessavg(t,c,times,tol,rang,f) 
  
%find size of variants in the current data 
y = size(times); 
y = y(1,2); 
  
%find the first point in the time data of the first variant 
point1 = find(t==times(1)); 
  
%break current data where the first section is the current until the first 
%variant 
c_s = c(1:point1); 
minc = min(c_s);    %minimum value of that first current data range 
maxc = minc + rang; %setting maximum to the minimum + set range 
ix = c_s >= maxc;   %find locations of that current data where the current 
                    %is above the maximum value 
index = find(ix == 1);  %finding locations where current set is above 
                        %the maximum value 
%use the set tolerance to delete a portion of the data near channel events, 
%therefore eliminating influences of the channel openings 
x = size(index);     
x = x(1,1); 
if x > 0; 
    ix = tol_in(c_s,ix,tol,f); 
end 
c_s(ix) = []; 
%end of the deleted portion 
avg_c = mean(c_s);  %finding the average of the current of the first data 
                    %range 
c(1:point1) = c(1:point1) - avg_c; %subtracting the average from the data 
                                    %over the first range. 
  
%repeating the above steps for the remainder of the variants in the current 
%data to average the non channel events close to zero 
i = 2; 
while i <= y 
    point1 = point1 + 1; 
    point2 = find(t==times(i)); 
    times(i); 
    c_s = c(point1:point2); 
    minc = min(c_s); 
    maxc = minc + rang; 
    ix = c_s >= maxc; 
    index = find(ix == 1); 
    x = size(index); 
    x = x(1,1); 
    if x > 0; 
        ix = tol_in(c_s,ix,tol,f); 
    end 
    c_s(ix) = []; 
    avg_c = mean(c_s); 
    c(point1:point2) = c(point1:point2) - avg_c; 
    i = i + 1; 
    point1 = point2; 
end 
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%deleting the single point changes near the boundaries set by the user 
function index1 = lesssingle(index1,points) 
  
index2 = 0; 
x = size(index1); 
x = x(1,1); 
i = 1; 
j = 1; 
while i <= x; 
    if index1(i) > points 
        index2 = [index2;index1(i)]; 
        j = j + 1; 
    else 
        index2(j) = index2(j) + index1(i); 
    end 
    i = i + 1; 
end 
  
if index1(1) > points 
    index2(1) = []; 
end 
  
index1 = index2; 

 

function [averages] = average(index1,g) 
i = 1; 
j = 1; 
x = size(g); 
x = x(1,1); 
while i <= x 
    averages(j,1) = mean(g(i:(i+index1(j)-1))); 
    stde(j,1) = std(g(i:(i+index1(j)-1))); 
    i = i + index1(j); 
    j = j + 1; 
end 

 

function index1 = average_same_a(averages,index1,line_1,line_2) 
  
x = size(index1); 
x = x(1,1); 
i = 1; 
j = 1; 
index2 = index1(1); 
while i < x 
    if averages(i) >= line_1 && averages(i) <= line_2 ... 
            && averages (i+1) >= line_1 && averages(i+1) <= line_2 
        index2(j,1) = [index2(j)+index1(i+1)]; 
        i = i + 1; 
    elseif averages(i) >= line_2 && averages(i+1) >= line_2 
        index2(j,1) = [index2(j)+index1(i+1)]; 
        i = i + 1; 
    elseif averages(i) <= line_1 && averages(i+1) <= line_1 
        index2(j,1) = [index2(j)+index1(i+1)]; 
        i = i + 1; 
    else 
        j = j + 1; 
        index2(j,1) = [index1(i+1)]; 
        i = i+1; 
         
    end 
%     j = j + 1; 
     
end 
index1 = index2; 
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Appendix B 
 
 
 
 

Code for Numerical DAE Simulations 
 
 
 
 

Supplied here is a sample of the codes used to obtain for the numerical DAE simulations. 

 

close all; 
clear all; 
clc; 
  
C = 500.*10.^-12; 
rb = 1000.*10.^9; 
rw = 10.^6; 
rb = rb.^-1; 
rw = rw.^-1; 
R = [rb+rw -rb 0 0;-rb rw+rb -rw 0;0 -rw rw+rb -rb;0 0 -rb rw+rb]; 
R1 = [rw;0;0;0]; 
R = -R; 
  
M = [C -C 0 0;-C C 0 0;0 0 C -C;0 0 -C C]; 
  
y0 = [0;0;0;0]; 
tspan = [0 20]; 
options = odeset('Mass',M); 
% options = []; 
[t,y] = ode15s(@ftry2,tspan,y0,options,R,R1); 
figure 
plot(t,y(:,1)) 
figure 
plot(t,y(:,2)) 
figure 
plot(t,y(:,3)) 
figure 



M. Austin Creasy Appendix B 128 

 
 

plot(t,y(:,4)) 
figure 
plot(t,y(:,2)-y(:,3)) 
figure 
plot(t,1000.*y(:,1),'b') 
hold on; 
plot(t,1000.*y(:,2),'k','linewidth',3) 
plot(t,1000.*y(:,3),':y') 
plot(t,1000.*y(:,4),'r') 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
legend('node 1','node 2','node 3','node 4'); 
xlabel('time (s)') 
ylabel('potential (mV)') 

 

with the associated function 

function dxdt = ftry2(t,x,R,R1) 
  
amp = 0.15; 
freq = 0.1; 
omega = 2.*pi.*freq; 
  
  
% dxdt(1) = -2.*R.*x(1,:) + R.x(2,:) + R.*amp.*sin(omega.*t); 
% dxdt(2) = R.*x(1,:) - 2.*R.*x(2,:); 
dxdt(1) = R(1,1).*x(1) + R(1,2).*x(2) + R1(1,1).*amp.*sin(omega.*t); 
dxdt(2) = R(2,1).*x(1) + R(2,2).*x(2) + R(2,3).*x(3); 
dxdt(3) = R(3,2).*x(2) + R(3,3).*x(3) + R(3,4).*x(4); 
dxdt(4) = R(4,3).*x(3) + R(4,4).*x(4); 
dxdt = dxdt'; 
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Appendix C 
 
 
 
 

Code for Numerical Simulations 
 
 
 
 

Supplied here is the code for the numerical simulations. 

 

C.1 Single Bilayer Simulations of Chapter 4 

Here is the code used to simulate the system of Figure 37a and produce the results of Figure 
38. 

close all; 
clear all; 
clc 
t1 = [0:0.01:126]; 
t2 = [126.01:0.01:179]; 
t3 = [179.01:0.01:198]; 
freq1 = 34; 
omega1 = 2.*pi.*freq1./1000; 
freq2 = 115; 
omega2 = 2.*pi.*freq2./1000; 
freq3 = 235; 
omega3 = 2.*pi.*freq3./1000; 
V1 = -0.1.*sin(omega1.*t1); 
V2 = -0.1.*sin(omega2.*t2); 
V3 = 0.1.*sin(omega3.*t3); 
t = [t1 t2 t3]; 
V = [V1 V2 V3]; 
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figure 
subplot(2,1,1) 
plot(t,V.*1000) 
axis([0 200 -150 150]) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
ylabel('potential (mV)') 
t2 = t; 
tau1 = 1./0.2; 
tau2 = 1./1; 
m1 = 1.07.*10.^-9; 
m2 = 0.7.*10.^-9; 
y = size(V); 
y = y(1,2); 
clear i 
for j = 1:y 
    if V(j) >= 0 
        i(j) = V(j).*m1; 
        k = 1; 
    else 
        i(j) = V(j).*m2; 
        k = k + 1; 
    end 
end 
  
subplot(2,1,2) 
load('Data_35_mHz_02'); 
x1 = Data_35_mHz_02(:,1); 
y1 = Data_35_mHz_02(:,2); 
load('Data_next_mHz'); 
x2 = Data_next_mHz(:,1); 
y2 = Data_next_mHz(:,2); 
load('Data_last_mHz'); 
x3 = Data_last_mHz(:,1); 
y3 = Data_last_mHz(:,2); 
x = [x1;x2-2;x3-2]; 
y = [y1;y2;y3]; 
% plot(x-2,y,'r','linewidth',2) 
  
plot(t,i.*10.^12) 
hold on; 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
axis([0 200 -100 200]) 
xlabel('time (s)') 
ylabel('current (pA)') 
% legend('traced data','model') 
plot([0 199.9],[0 0],'k') 

 

Here is the code used to simulate the system in Figure 37b and produce the results in Figure 
39. 

close all; 
clear all; 
clc 
t1 = [0:0.01:126]; 
t2 = [126.01:0.01:179]; 
t3 = [179.01:0.01:198]; 
freq1 = 34; 
omega1 = 2.*pi.*freq1./1000; 
freq2 = 115; 
omega2 = 2.*pi.*freq2./1000; 
freq3 = 235; 
omega3 = 2.*pi.*freq3./1000; 
V1 = -0.1.*sin(omega1.*t1); 
V2 = -0.1.*sin(omega2.*t2); 
V3 = 0.1.*sin(omega3.*t3); 
t = [t1 t2 t3]; 
V = [V1 V2 V3]; 
figure 
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subplot(2,1,1) 
plot(t,V.*1000) 
axis([0 200 -150 150]) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
ylabel('potential (mV)') 
t2 = t; 
tau1 = 1./0.2; 
tau2 = 1./1; 
m = 3.2.*10.^-9; 
y = size(V); 
y = y(1,2); 
clear i 
for j = 1:y 
    if V(j) >= 0 
        i(j) = V(j).*m; 
        k = 1; 
    else 
        i(j) = 0.5.*V(j).*m.*exp(-tau1.*t2(k)) + 0.5.*V(j).*m.*exp(-tau2.*t2(k)); 
        k = k + 1; 
    end 
end 
subplot(2,1,2) 
load('Data_35_mHz_02'); 
x1 = Data_35_mHz_02(:,1); 
y1 = Data_35_mHz_02(:,2); 
load('Data_next_mHz'); 
x2 = Data_next_mHz(:,1); 
y2 = Data_next_mHz(:,2); 
load('Data_last_mHz'); 
x3 = Data_last_mHz(:,1); 
y3 = Data_last_mHz(:,2); 
x = [x1;x2-2;x3-2]; 
y = [y1;y2;y3]; 
plot(x-2,y,'r','linewidth',2) 
hold on; 
plot(t,i.*10.^12) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
axis([0 200 -100 500]) 
xlabel('time (s)') 
ylabel('current (pA)') 
legend('traced data','model') 

 

Here is the data obtained from reference [51] use in Figure 39.  Here x, is the time vector in 
seconds and y, is the current value in pA. 

x y x y x y x y x y x y x y 
0.1 25.7 62.0 -37.1 123.8 -23.5 141.2 -14.2 158.1 3.5 175.0 197.0 189.5 347.9 
0.9 9.7 62.8 -1.6 125.2 -23.7 141.3 -96.1 158.4 54.2 175.2 62.9 189.9 170.7 
2.2 4.2 63.1 -35.4 126.8 -20.3 141.6 -26.1 158.6 -23.3 175.6 122.5 190.0 420.7 
4.1 0.5 64.1 -8.9 128.5 -18.7 142.0 -99.2 158.8 -1.0 175.4 7.8 190.4 174.3 
5.9 3.9 65.7 -14.3 127.0 -6.8 142.2 -15.8 159.1 -63.6 176.0 58.4 190.4 415.8 
8.1 -3.4 67.1 -2.1 127.6 16.9 142.5 -73.9 159.3 -21.9 176.2 -32.5 190.6 123.3 

10.6 5.2 69.1 -7.6 128.0 -4.0 142.7 -18.8 159.4 -120.2 176.5 -8.7 190.8 250.7 
12.7 1.4 71.4 -0.7 128.0 31.8 143.0 -59.0 159.9 -20.5 177.0 -120.4 190.8 -5.4 
15.6 2.9 73.9 -4.5 128.2 18.4 143.1 -12.9 160.2 -74.1 177.2 -34.1 191.2 94.1 
17.9 2.7 75.6 0.7 128.3 61.5 143.7 -36.8 160.3 -28.0 177.7 -104.1 191.4 -60.0 
18.9 7.9 77.1 5.8 128.6 33.2 143.8 -8.5 160.7 -50.3 177.8 -32.6 191.4 -24.9 
19.6 50.5 77.8 27.1 128.2 106.2 144.3 -26.4 161.0 -25.0 178.5 -84.8 191.9 -158.4 
20.0 94.8 78.2 71.4 128.7 61.5 144.3 -1.1 161.3 -38.5 178.7 -23.8 192.0 -26.1 
20.4 71.7 78.6 41.2 128.8 137.5 144.8 -27.9 161.6 -8.7 178.9 -58.1 192.4 -117.2 
21.0 151.5 79.0 117.5 128.9 112.1 144.9 4.8 162.0 -28.1 179.3 -17.9 192.4 -18.9 
21.4 100.0 79.7 89.0 128.8 211.9 145.4 -13.1 162.3 0.1 179.8 -43.2 192.7 -78.4 
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x y x y x y x y x y x y x y 
21.6 179.9 80.0 163.5 129.2 153.8 145.5 45.0 162.5 -34.1 180.0 -9.0 192.7 -0.7 
22.3 112.3 80.7 101.3 129.2 270.0 145.7 -14.6 162.7 10.5 180.5 -28.4 193.0 -42.0 
22.7 265.0 80.8 184.8 129.7 186.5 145.7 83.7 163.0 -13.3 180.5 -3.1 193.3 0.5 
23.0 112.3 81.3 111.9 129.6 389.1 146.0 34.5 163.1 82.0 180.4 -5.6 193.5 -32.3 
23.7 229.4 82.0 213.1 130.1 196.9 145.9 132.8 163.4 0.0 180.5 18.7 193.4 70.8 
23.9 99.8 82.4 127.8 130.2 342.9 146.3 24.0 163.3 128.1 180.8 -8.0 193.7 4.1 
24.4 218.6 83.0 232.5 130.4 171.6 146.1 219.2 163.8 41.7 180.6 53.9 193.5 96.3 
24.9 85.5 83.5 120.6 130.8 296.6 146.5 101.5 163.5 184.7 180.9 32.0 193.9 44.1 
25.5 202.6 84.0 205.7 130.7 110.5 146.4 278.7 164.1 110.2 180.8 124.2 193.8 137.5 
25.6 69.4 84.6 104.5 131.1 186.4 146.8 181.9 163.9 226.4 181.1 55.0 194.2 58.6 
26.5 145.7 85.2 184.3 131.2 79.1 146.7 400.8 164.2 180.2 181.0 178.8 193.7 250.4 
26.6 60.4 85.8 79.6 131.4 117.8 147.2 220.6 164.1 347.0 181.4 113.3 194.3 130.2 
27.2 117.2 86.2 141.6 131.4 13.6 147.2 449.9 164.5 239.7 181.4 439.7 194.4 381.4 
27.6 42.6 86.7 45.7 131.7 67.2 147.5 229.5 164.3 397.6 181.6 142.4 194.6 137.5 
28.0 83.4 87.1 109.6 131.8 -16.3 147.8 393.3 164.9 241.2 181.8 408.1 194.7 275.8 
28.5 17.7 87.6 17.3 131.9 44.8 147.8 204.1 164.8 479.5 182.0 93.8 195.0 62.2 
28.8 60.2 87.7 75.8 132.4 -40.1 148.5 281.5 165.3 256.1 182.4 171.4 195.2 232.1 
29.6 8.7 88.3 3.0 132.6 -19.3 148.3 102.8 165.7 405.0 182.6 2.7 195.3 -14.3 
29.8 28.2 88.7 15.4 132.8 -87.8 148.9 208.5 165.7 184.5 182.8 19.7 195.7 14.8 
30.5 -0.3 89.3 -6.0 132.9 -29.8 148.9 53.6 166.2 290.2 182.8 -47.1 195.9 -113.9 
31.4 -9.3 89.9 2.8 133.2 -77.5 149.3 117.6 166.1 127.9 182.8 -24.0 196.2 -141.8 
32.7 -11.1 90.9 -22.1 133.3 -29.8 149.2 1.4 166.4 160.6 183.1 -143.0 196.2 -30.2 
33.9 1.2 91.8 -8.0 133.6 -62.6 149.7 47.6 166.4 59.3 183.4 -41.1 196.5 -106.7 
36.8 -0.9 92.5 -32.9 133.8 -25.4 149.5 -35.8 166.8 105.5 183.7 -103.0 196.5 -27.8 
38.5 2.5 93.3 -6.4 134.0 -49.2 149.9 -7.6 166.8 16.1 183.8 -35.0 196.7 -61.8 
40.2 0.6 95.1 -13.7 134.1 -23.9 150.1 -61.2 167.0 32.5 183.9 -67.8 196.9 -16.9 
42.6 -1.5 98.1 -8.6 134.5 -35.9 150.5 -18.1 167.1 -22.7 183.9 -5.9 197.1 -44.8 
44.9 1.9 102.2 -3.7 134.8 -18.0 150.7 -92.6 167.2 -0.3 184.4 -50.9 197.2 -8.4 
46.7 15.9 104.2 -5.7 135.1 -40.4 151.0 -21.1 167.6 -51.0 184.5 24.4 197.6 -42.4 
47.6 53.1 105.9 -2.3 135.2 -15.1 151.3 -95.6 167.9 -18.3 184.8 -16.9 197.4 23.1 
48.0 14.0 106.4 31.4 135.5 -37.5 151.5 -18.2 168.3 -94.3 184.9 63.2 197.8 -32.8 
48.1 69.0 106.8 20.7 135.7 -7.7 151.8 -110.5 168.5 -21.3 185.1 35.2 197.7 57.1 
48.6 15.7 107.2 73.9 136.0 -34.5 152.2 -19.7 168.8 -69.0 185.1 100.8 198.1 1.2 
49.0 83.1 108.0 139.5 136.2 4.2 152.6 -60.0 169.1 -25.8 185.2 66.8 197.9 143.2 
49.3 31.6 108.8 102.2 136.7 -12.3 152.8 -12.3 169.4 -54.2 185.2 183.3 198.1 99.5 
49.7 100.8 108.7 189.2 136.7 36.9 153.1 -46.6 169.7 -16.9 185.5 142.0 198.0 237.9 
50.1 51.1 109.4 125.2 137.1 -0.4 153.2 -1.9 170.0 -34.9 185.5 411.4 198.2 188.1 
50.6 118.5 109.3 215.7 137.1 72.6 153.5 -39.2 170.5 -0.6 186.0 175.9 198.0 361.6 
51.2 51.0 110.1 160.6 137.3 33.9 153.6 4.0 170.8 -40.9 185.9 461.1 198.6 186.8 
51.4 125.5 110.4 316.8 137.4 106.8 154.0 -19.9 171.3 -0.7 186.3 172.2 198.5 466.0 
52.1 63.3 110.9 201.4 137.6 78.5 154.0 26.3 171.5 -24.6 186.4 292.4 198.9 197.7 
52.4 196.4 111.3 341.6 137.5 211.1 154.4 -6.5 171.9 18.6 186.5 27.8 199.1 391.9 
53.0 91.6 112.0 197.7 137.8 99.3 154.5 53.0 172.1 2.2 186.7 118.8 199.2 101.8 
53.1 201.7 112.2 359.2 137.7 327.2 154.9 15.8 172.1 94.5 187.0 -7.4 199.5 232.9 
53.6 91.6 112.8 201.2 138.0 148.5 155.0 117.0 172.5 23.0 187.0 -75.4 199.5 5.9 
54.6 185.5 113.3 328.9 138.3 331.7 155.1 67.9 172.4 130.2 187.3 -29.3 199.8 39.9 
54.6 64.8 113.7 183.3 138.5 129.1 155.1 282.4 172.8 76.6 187.5 -154.3 199.9 -36.6 
55.3 144.6 114.0 275.6 138.9 398.6 155.6 136.3 172.7 194.3 187.7 -30.6 200.1 13.1 
55.7 47.0 114.5 117.6 139.0 121.6 155.5 459.6 173.2 133.1 188.2 -126.5 200.4 -187.1 
56.3 116.1 115.1 158.4 139.4 334.5 156.1 251.0 172.9 314.9 188.1 -30.6 200.4 -19.7 
56.8 25.6 115.5 35.8 139.5 85.8 156.0 483.3 173.4 183.8 188.5 -88.9 200.8 -87.7 
57.2 80.5 116.0 124.5 139.9 187.0 156.5 246.5 173.3 375.9 188.5 -11.2 201.1 -13.7 
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x y x y x y x y x y x y x y 
57.7 13.0 116.5 7.3 139.9 58.9 156.8 458.0 173.8 218.0 188.7 -47.6 201.2 -52.5 
58.1 43.2 116.9 65.9 140.2 118.5 156.9 215.2 174.0 433.9 188.7 9.4 201.2 0.9 
58.5 7.6 117.7 1.9 140.3 17.2 157.4 376.0 174.0 234.4 189.0 -34.3 201.6 -47.7 
59.0 28.9 117.9 32.1 140.6 64.8 157.2 173.4 174.5 389.2 188.9 95.5 201.7 3.3 
59.5 -1.3 118.5 -1.7 140.7 -17.1 157.7 231.5 174.5 219.4 189.4 22.7   
60.2 7.5 120.4 -9.0 140.8 29.0 157.6 79.6 174.9 299.8 189.2 174.4   

 

C.2 Multiple Bilayer Simulations of Chapter 4 

Here is the code used to simulate the system in Figure 40a and produce the results in Figure 
40c.  The main code is shown and followed by additional functions used. 

close all; 
clear all; 
clc; 
global t1 t2 j tg G1 G2 
j = 1; 
Gp1_def = 1; 
Gp2_def = 1; 
t1 = 0; 
t2 = 0; 
t = [0:0.01:14]; 
tp = t./2.2 - 0.45; 
V0 = [0;0]; 
Gw = 10.^-6; 
Gb = 10.^-12; 
C = 200.*10.^-12; 
options = []; 
[t,V] = ode15s(@alpac,t,V0,options,Gb,Gw,C,Gp1_def,Gp2_def); 
subplot(2,1,1) 
plot(tp,V(:,1).*1000) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
axis([0 5 -150 150]) 
ylabel('potential (mV)') 
V = V(:,2); 
m = 4.5.*10.^-9; 
m2 = 3.7.*10.^-9; 
y = size(t); 
y = y(1,1); 
t2 = t; 
tau1 = 1./0.2; 
tau2 = 1./1; 
for j = 1:y 
    if V(j) >= -0.0001 
        G(j) = m; 
        k = 1; 
    else 
        G(j) = m2; 
        k = k + 1; 
    end 
end 
i = G.*V'; 
subplot(2,1,2) 
plot(tp,i.*10.^12) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
axis([0 5 -400 500]) 
ylabel('current (pA)') 
xlabel('time (s)') 
load('Data_alpha_hym') 
x = Data_alpha_hym(:,1); 
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y = Data_alpha_hym(:,2); 
hold on; 
plot(x-1.25,y,'r') 
legend('model','traced data') 

 

Here is the function for the numerical integration. 

function dVdt = alpac(t,V,Gb,Gw,C,Gp1_def,Gp2_def) 
global t1 t2 j tg G1 G2 
Gp1 = alpha_def1c(t,V,Gp1_def,1); 
Gp2 = alpha_def2c(t,V,Gp2_def,2); 
cap = [C -C;-C 2.*C]; 
G = [Gw+Gb -Gb;-Gb 2.*Gb]; 
Gp = [Gp1 -Gp1;-Gp1 Gp1+Gp2]; 
input = -(0.1.*heaviside(t-1) - 0.2.*heaviside(t-3) + 0.2.*heaviside(t-5) - 0.2.*heaviside(t-7) + 
0.2.*heaviside(t-9) - 0.2.*heaviside(t-11) + 0.2.*heaviside(t-13)); 
inputV = [Gw.*input;0]; 
dVdt = inv(cap)*-G*V + inv(cap)*-Gp*V + inv(cap)*inputV; 
t 
tg(j) = t; 
G1(j) = Gp1; 
G2(j) = Gp2; 
j = j + 1; 

 

Here are the functions for determining the protein conductance in the above function. 

function Gp = alpha_def1c(t,V,Gp_def,tx) 
global t1 t2 
deltaV = V(1) - V(2); 
m = 1.07.*10.^-9; 
m2 = 0.7.*10.^-9; 
tau1 = 1./0.2; 
tau2 = 1./1; 
if Gp_def == 1 
    if deltaV >= 0 
        Gp = m; 
        if tx == 1 
            t1 = t; 
        else 
            t2 = t; 
        end 
    else 
        Gp = m2; 
    end 
elseif Gp_def == -1 
    if deltaV >= 0 
        Gp = m2; 
    else 
        Gp = m; 
        if tx == 1 
            t1 = t; 
        else 
            t2 = t; 
        end 
    end 
end 

 

function Gp = alpha_def2c(t,V,Gp_def,tx) 
global t1 t2 
deltaV = V(2); 
m = 1.07.*10.^-9; 
m2 = 0.7.*10.^-9; 
tau1 = 1./0.2; 
tau2 = 1./1; 
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if Gp_def == 1 
    if deltaV >= 0 
        Gp = m; 
        if tx == 1 
            t1 = t; 
        else 
            t2 = t; 
        end 
    else 
        Gp = m2; 
    end 
elseif Gp_def == -1 
    if deltaV >= 0 
        Gp = m2; 
    else 
        Gp = m; 
        if tx == 1 
            t1 = t; 
        else 
            t2 = t; 
        end 
    end 
end 

 

Here is the data obtained from reference [51] use in Figure 40c.  Here x, is the time vector in 
seconds and y, is the current value in pA. 

x y x y x y x y x y x y x y 
-0.03 -169.2 0.71 230.4 1.53 -192.5 2.65 230.6 3.85 -187.0 4.88 -444.9 6.23 239.0 
0.03 -170.3 0.83 230.6 1.65 -188.7 2.74 229.5 3.96 -188.0 4.95 -195.2 6.33 241.6 
0.07 -175.1 0.95 229.5 1.80 -189.7 2.84 227.2 3.98 496.5 5.02 -186.6 6.44 241.7 
0.12 -193.2 1.07 227.3 1.93 -189.6 2.89 227.3 4.02 251.8 5.14 -182.8 6.58 240.7 
0.18 -190.7 1.16 228.6 2.04 -191.8 2.98 229.8 4.08 241.0 5.30 -182.6 6.69 232.4 
0.27 -188.1 1.23 221.4 2.15 -188.0 3.06 229.9 4.18 236.3 5.48 -184.8 6.72 176.7 
0.32 -186.9 1.24 191.2 2.16 494.1 3.05 -451.0 4.29 234.0 5.63 -182.2 6.70 57.9 
0.32 492.8 1.25 116.0 2.20 247.0 3.10 -192.8 4.40 235.4 5.78 -183.2 6.70 -446.1 
0.35 265.1 1.24 -30.6 2.25 236.1 3.18 -187.9 4.53 231.9 5.79 501.4 6.75 -192.8 
0.39 249.4 1.23 -340.7 2.31 235.0 3.27 -185.3 4.63 232.0 5.83 254.3 6.82 -185.4 
0.44 231.3 1.26 -208.6 2.40 229.0 3.39 -186.4 4.74 231.0 5.89 247.1 6.98 -184.0 
0.52 230.2 1.32 -202.5 2.49 232.8 3.53 -187.4 4.83 229.9 5.97 238.7 7.09 -186.3 
0.59 230.3 1.40 -195.1 2.56 232.9 3.73 -187.1 4.87 227.5 6.10 240.1 7.21 -182.5 
 

Here is the code used to simulate the system in Figure 40b and produce the results in Figure 
40d.  The main code is shown and followed by additional functions used. 

close all; 
clear all; 
clc; 
global t1 t2 j tg G1 G2 
j = 1; 
Gp1_def = 1; 
Gp2_def = 1; 
t1 = 0; 
t2 = 0; 
t = [0:0.01:20]; 
V0 = [0;0]; 
Gw = 10.^-6; 
Gb = 10.^-12; 
C = 10.^-12; 
options = []; 
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[t,V] = ode15s(@alpa1,t,V0,options,Gb,Gw,C,Gp1_def,Gp2_def); 
tp = [0;1;1;3;3;5;5;7;7;9;9;11;11;13;13;15;15]; 
Vp = [0;0;-0.1;-0.1;0.1;0.1;-0.1;-0.1;0.1;0.1;-0.1;-0.1;0.1;0.1;-0.1;-0.1;0.1]; 
subplot(2,1,1) 
plot(tp./2.22-1.5,Vp.*1000) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
axis([0 5 -150 150]) 
ylabel('potential (mV)') 
V = V(:,2); 
m = 20.*10.^-9; 
y = size(t); 
y = y(1,1); 
t2 = t; 
tau1 = 1./0.2; 
tau2 = 1./1; 
for j = 1:y 
    if V(j) >= -0.0001 
        G(j) = m; 
        k = 1; 
    else 
        G(j) = 0.5.*m.*exp(-tau1.*t2(k)) + 0.5.*m.*exp(-tau2.*t2(k)); 
        k = k + 1; 
    end 
end 
i = G.*V'; 
subplot(2,1,2) 
plot(t./2.22-1.5,i.*10.^12) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
axis([0 5 -1500 2000]) 
ylabel('current (pA)') 
xlabel('time (s)') 
load('Data_R7_alpha_hym') 
x = Data_R7_alpha_hym(:,1); 
y = Data_R7_alpha_hym(:,2); 
hold on; 
plot(x-0.65,y,'r') 
legend('model','traced data') 

 
 

Here is the function for the numerical integration. 

function dVdt = alpa1(t,V,Gb,Gw,C,Gp1_def,Gp2_def) 
global t1 t2 j tg G1 G2 
Gp1 = alpha_def1(t,V,Gp1_def,1); 
Gp2 = alpha_def2(t,V,Gp2_def,2); 
cap = [C -C;-C 2.*C]; 
G = [Gw+Gb -Gb;-Gb 2.*Gb]; 
Gp = [Gp1 -Gp1;-Gp1 Gp1+Gp2]; 
% input = (0.1.*heaviside(t-1) - 0.2.*heaviside(t-2) + 0.2.*heaviside(t-3) - 0.2.*heaviside(t-4) 
+ 0.2.*heaviside(t-5) - 0.2.*heaviside(t-6) + 0.2.*heaviside(t-7)); 
input = -(0.1.*heaviside(t-1) - 0.2.*heaviside(t-3) + 0.2.*heaviside(t-5) - 0.2.*heaviside(t-7) + 
0.2.*heaviside(t-9) - 0.2.*heaviside(t-11) + 0.2.*heaviside(t-13) - 0.2.*heaviside(t-15) + 
0.2.*heaviside(t-17)); 
inputV = [Gw.*input;0]; 
dVdt = inv(cap)*-G*V + inv(cap)*-Gp*V + inv(cap)*inputV; 
t 
tg(j) = t; 
G1(j) = Gp1; 
G2(j) = Gp2; 
j = j + 1; 
 

 

Here are the functions for determining the protein conductance in the above function. 

function Gp = alpha_def1(t,V,Gp_def,tx) 
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global t1 t2 
deltaV = V(1) - V(2); 
m = 0.9.*10.^-9; 
tau1 = 1./0.2; 
tau2 = 1./1; 
if Gp_def == 1 
    if deltaV >= 0 
        Gp = m; 
        if tx == 1 
            t1 = t; 
        else 
            t2 = t; 
        end 
    else 
        if tx == 1; 
            Gp = 0.5.*m.*exp(-tau1.*(t-t1)) + 0.5.*m.*exp(-tau2.*(t-t1)); 
        else 
            Gp = 0.5.*m.*exp(-tau1.*(t-t2)) + 0.5.*m.*exp(-tau2.*(t-t2)); 
        end 
    end 
elseif Gp_def == -1 
    if deltaV >= 0 
        if tx == 1; 
            Gp = 0.5.*m.*exp(-tau1.*(t-t1)) + 0.5.*m.*exp(-tau2.*(t-t1)); 
        else 
            Gp = 0.5.*m.*exp(-tau1.*(t-t2)) + 0.5.*m.*exp(-tau2.*(t-t2)); 
        end 
    else 
        Gp = m; 
        if tx == 1 
            t1 = t; 
        else 
            t2 = t; 
        end 
    end 
end 
 

 

function Gp = alpha_def2(t,V,Gp_def,tx) 
global t1 t2 
deltaV = V(2); 
m = 0.9.*10.^-9; 
tau1 = 1./0.2; 
tau2 = 1./1; 
if Gp_def == 1 
    if deltaV >= 0 
        Gp = m; 
        if tx == 1 
            t1 = t; 
        else 
            t2 = t; 
        end 
    else 
        if tx == 1; 
            Gp = 0.5.*m.*exp(-tau1.*(t-t1)) + 0.5.*m.*exp(-tau2.*(t-t1)); 
        else 
            Gp = 0.5.*m.*exp(-tau1.*(t-t2)) + 0.5.*m.*exp(-tau2.*(t-t2)); 
        end 
    end 
elseif Gp_def == -1 
    if deltaV >= 0 
        if tx == 1; 
            Gp = 0.5.*m.*exp(-tau1.*(t-t1)) + 0.5.*m.*exp(-tau2.*(t-t1)); 
        else 
            Gp = 0.5.*m.*exp(-tau1.*(t-t2)) + 0.5.*m.*exp(-tau2.*(t-t2)); 
        end 
    else 
        Gp = m; 
        if tx == 1 
            t1 = t; 
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        else 
            t2 = t; 
        end 
    end 
end 

 

Here is the data obtained from reference [51] use in Figure 40d.  Here x, is the time vector in 
seconds and y, is the current value in nA. 

x y x y x y x y x y x y x y 
0.12  ‐0.24  0.74  1.06  1.84  ‐0.22 3.36 ‐0.41 4.81 1.06 5.92 ‐0.11  7.01  ‐0.18

0.21  ‐0.23  0.89  1.08  2.03  ‐0.21 3.45 ‐0.32 4.93 1.06 5.90 2.02  7.14  ‐0.16

0.28  ‐0.17  1.11  1.09  2.23  ‐0.20 3.56 ‐0.27 5.02 1.06 5.97 1.05  7.25  ‐0.15

0.29  ‐0.23  1.24  1.09  2.29  ‐0.19 3.68 ‐0.22 5.02 ‐1.59 6.14 1.03  7.30  ‐0.11

0.32  ‐0.16  1.35  1.10  2.29  1.99 3.87 ‐0.19 5.07 ‐0.46 6.28 1.05   

0.36  ‐0.25  1.41  1.04  2.35  1.02 4.00 ‐0.18 5.12 ‐0.37 6.42 1.06   

0.37  ‐0.13  1.41  0.73  2.44  1.01 4.10 ‐0.18 5.19 ‐0.28 6.59 1.04   

0.42  ‐0.24  1.42  ‐1.66  2.59  1.03 4.10 2.02 5.26 ‐0.21 6.72 1.05   

0.44  ‐0.13  1.44  ‐0.84  2.82  1.03 4.16 1.05 5.37 ‐0.19 6.80 1.06   

0.48  ‐0.24  1.46  ‐0.55  2.98  1.04 4.28 1.05 5.51 ‐0.17 6.82 ‐1.56   

0.49  1.97  1.54  ‐0.40  3.22  1.05 4.43 1.06 5.63 ‐0.15 6.87 ‐0.50   

0.53  1.06  1.63  ‐0.33  3.23  ‐1.62 4.57 1.05 5.78 ‐0.14 6.90 ‐0.40   

0.60  1.06  1.74  ‐0.24  3.29  ‐0.57 4.71 1.06 5.87 ‐0.12 6.95 ‐0.25   

 

Here is the code used to simulate the system in Figure 41a and produce the results in Figure 
41b.  The main code is shown and followed by additional functions used. 

%Code written for solving DIB interface voltages and modeling the results 
%of the interactions 
%written by M. Austin Creasy on 2/19/10 
  
close all; 
clear all; 
clc; 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%  values that need to be set by the user  %%%%%%%%%%%%%%%%%% 
  
%number of droplets in the system 
    drops = 4; 
%location of the positive electrode after having numbered the droplets 
    positive = 2; 
%location of the grounded electrode after having numbered the droplets 
    ground = 3; 
%matrix providing the information about the connections between the 
%droplets.  Each row correspondes to the numbered droplets and the columns 
%are used to show the interaction between that droplet and all of the other 
%droplets.  Place a "1" in the matrix for a connection to that droplet and 
%place a "1" in the main diagnol. 
    c = [1 1 1 0;1 1 0 1;1 0 1 1;0 1 1 1]; 
%     c = [1 1 0;1 1 1;0 1 1]; 
    p_l = [1 2;1 3;2 4;3 4]; 
%     p_l = [2 1]; 
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    p = [1 0 0 0;0 1 0 0;0 0 1 0;0 0 0 1]; 
     
%define a standard capacitance value for each bilayer and define the value 
%of that capacitance, if not using a standard value, set values later 
    standard_cap = 'yes';           %answer either 'yes' or 'no' 
    cap_val = 25.*10.^-12;         %value of the standard capacitance (F) 
     
%define the standard conductance value of each bilayer and define the value 
%of that conductance, if not using a standard value, set values later 
    standard_con = 'yes';           %answer either 'yes' or 'no' 
    con_val = 1./(20.*10.^9);       %value of standard conductance (S) 
     
%standard cunductance of the water used 
    con_wat = 1./(50.*10.^3);       %value of water conductance (S) 
     
%defind the type of focing function in the model, will determine the output 
%of the code 
    f_fun = 'cv';       %input function in the bilayer, 'cv' or 'sin' 
     
%cv data used for the modeling, set up a vector of start potential to peak 
%potential, etc.   
    cv_V = [0 80 -80 0];        %voltages for cv, in mV\ 
    cv_step = 0.00015;          %step in V/s 
     
%sine data used for modeling and plotting different senarios in the 
%modeling process 
    plots = 'wav';      %setting variable for different outputs of the 
                        %model 
                         
     
                         
    freq_b = 0.01; 
    freq_e = 100000; 
    n = 30; 
    increase = 0.00; 
    bil_imp = [1 2]; 
     
    freq_s = 0.01; 
    amp = 0.15; 
     
%protein in the system 
    protein = 'yes';        %weather there is a protein in the system 
    type_p = '7ra'; 
    period = 2; 
  
%%%%%%%%%%%%%%%%%%  end of values set by the user  %%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
     
     
%setting variables for later use                             
    yyy = size(standard_cap); 
    if yyy < 3 
        standard_cap = 'noo'; 
    end                             
  
   yyy = size(standard_con); 
    if yyy < 3 
        standard_con = 'noo'; 
    end  
     
    yyy = size(f_fun); 
    if yyy < 3 
        f_fun = 'cvv'; 
    end  
     
    yyy = size(protein); 
    if yyy < 3 
        protein = 'noo'; 
    end 
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%setting up the capacitance matrix if you use a standard capacitance for 
%each bilayer 
if standard_cap == 'yes'; 
    C = -cap_val.*c;        %making all values negative in C matrix 
    ii = 1; 
    while ii < drops + 1 
        xx = sum(c(ii,:)); 
        C(ii,ii) = -C(ii,ii).*(xx - 1); %making positive the main diagnol 
        ii = ii + 1; 
    end 
    C(ground,:) = [];       %eleminating the row and column of the matrix 
    C(:,ground) = [];       %where the ground is defined 
end 
  
%setting up the capacitance matrix if you do not use a standard capacitcane 
%for each bilayer 
if standard_cap == 'noo'; 
    C = cap_input(c); 
    ii = size(class(C)); 
    if ii(1,2) < 5 
        error(C) 
    end 
    C(ground,:) = []; 
    C(:,ground) = []; 
end 
     
  
%setting up the conductance matrix if you use a standard conductance for 
%each bilayer 
if standard_con == 'yes'; 
    G = -con_val.*c; 
    ii = 1; 
    while ii < drops + 1 
        xx = sum(c(ii,:)); 
        G(ii,ii) = -G(ii,ii).*(xx - 1); 
        ii = ii + 1; 
    end 
    G(positive,positive) = G(positive,positive) + con_wat; 
    G(ground,:) = []; 
    G(:,ground) = []; 
end  
  
%setting up the conductance matrix if you do not use a standard conductance 
%for each bilayer 
if standard_con == 'noo'; 
    G = con_input(c); 
    ii = size(class(G)); 
    if ii(1,2) < 5 
        error(G) 
    end 
    G(positive,positive) = G(positive,positive) + con_wat; 
    G(ground,:) = []; 
    G(:,ground) = []; 
end 
  
g = -p; 
ii = 1; 
while ii < drops + 1 
    xx = sum(g(ii,:)); 
    g(ii,ii) = -g(ii,ii).*(xx - 1); 
    ii = ii + 1; 
end 
g(ground,:) = []; 
g(:,ground) = []; 
     
%setting up the input matrix where the positive potential goes 
in = zeros(drops); 
in(positive,positive) = con_wat; 
in(ground,:) = []; 
in(:,ground) = []; 
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%setting the matrix of the location where the input and the conductance and 
%capacitance is located 
A = inv(C)*-G; 
B = inv(C)*in; 
C_inv = inv(C); 
  
  
%setting up to do the sin input calculations 
if f_fun == 'sin' 
    if plots == 'imp' 
        %setting up the frequency axis in logx to have even space between 
        %frequency values in the model 
        log_b = log10(freq_b); 
        log_e = log10(freq_e); 
        freq_m = logspace(log_b,log_e,n); 
         
        %modeling every single frequency 
        j = 1; 
        while j <= n 
            freq = freq_m(j); 
            omega = 2.*pi.*freq; 
            Z = impedance_cal(standard_cap,standard_con,con_wat,con_val,... 
                cap_val,omega,bil_imp,c,increase,protein,p,type_p); 
            ii = size(class(Z)); 
            if ii(1,2) < 5 
                error(Z) 
            end 
            Z_amp(j) = abs(Z); 
            Z_phi(j) = atand(imag(Z)./real(Z)); 
  
            j = j + 1; 
        end 
        figure 
        subplot(2,1,2) 
        semilogx(freq_m,Z_phi,'o') 
        set(gca,'Fontname','Times New Roman','Fontsize',16) 
        xlabel('frequency (Hz)') 
        ylabel('phase (\circ)') 
        axis([freq_b freq_e -100 0]) 
        subplot(2,1,1) 
        loglog(freq_m,Z_amp,'o') 
        set(gca,'Fontname','Times New Roman','Fontsize',16) 
        ylabel('magnitude (G\Omega)') 
        axis([freq_b freq_e 10.^3 10.^12]) 
    end 
     
    if plots == 'wav' 
         
        t_end = period./freq_s; 
        t_step = t_end./(100.*period); 
        ts = [0:t_step:t_end]; 
        x0 = zeros(drops,1); 
        x0(:,1) = 0; 
        x0(ground,:) = []; 
         
        if protein == 'noo' 
            [t,x] = ode15s(@DIB_10_no_p,ts,x0,[],A,B,drops,omega,amp... 
                ,increase); 
        else 
            options = []; 
            [t,x] = ode15s(@DIB_10_p,ts,x0,options,A,B,C_inv,drops,freq_s,amp... 
                ,increase,type_p,ground,p_l,f_fun); 
        end 
            plot(t,x) 
    end 
end 
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cv_rate = 0.04;           %rate in volts/second 
cv_V = [0 100 -100 100 -100 100 -100 100 -100 100 -100 0];      %voltages for cv, in mV 
cv_V = cv_V./1000; 
bb = size(cv_V); 
bb = bb(1,2); 
t_V = 0; 
qq = 1; 
        x0 = zeros(drops,1); 
        x0(:,1) = 0; 
        x0(ground,:) = []; 
while qq < bb 
    t_V = t_V + abs(cv_V(qq) - cv_V(qq + 1)); 
    qq = qq + 1; 
end 
t_stop = t_V./cv_rate; 
ts = [0:0.01:t_stop]; 
options = []; 
if f_fun == 'cvv' 
    [t,x] = ode15s(@DIB_10_p,ts,x0,options,A,B,C_inv,drops,freq_s,amp... 
        ,increase,type_p,ground,p_l,f_fun,cv_rate,cv_V); 
end 
  
figure 
tt = 1; 
ww = isempty(p_l); 
if ww == 0 
    while tt <= drops 
        if tt < ground 
        x1(:,tt) = x(:,tt); 
        end 
        if tt == ground 
            x1(:,tt) = 0; 
        end 
        if tt > ground 
            x1(:,tt) = x(:,tt-1); 
        end 
        tt = tt + 1; 
    end 
end 
  
v12 = cap_val.*(diff(x1(:,1) - x1(:,2)))./0.01; 
v13 = cap_val.*(diff(x1(:,1) - x1(:,3)))./0.01; 
v42 = cap_val.*(diff(x1(:,4) - x1(:,2)))./0.01; 
v43 = cap_val.*(diff(x1(:,4) - x1(:,3)))./0.01; 
  
yyy = size(x1); 
yyy = yyy(1,1); 
i = 1; 
while i < yyy 
    if x1(i,1) <= x1(i,2) 
        i12(i) = v12(i) + con_val.*(x1(i,1) - x1(i,2)); 
    else 
        i12(i) = v12(i) + con_val.*(x1(i,1) - x1(i,2)) + 10.^-8.2.*(x1(i,1) - x1(i,2)); 
    end 
    if x1(i,1) <= x1(i,3) 
        i13(i) = v13(i) + con_val.*(x1(i,1) - x1(i,3)); 
    else 
        i13(i) = v13(i) + con_val.*(x1(i,1) - x1(i,3)) + 10.^-8.2.*(x1(i,1) - x1(i,3)); 
    end 
    if x1(i,4) >= x1(i,2) 
        i42(i) = v42(i) + con_val.*(x1(i,4) - x1(i,2)); 
    else 
        i42(i) = v42(i) + con_val.*(x1(i,4) - x1(i,2)) + 10.^-8.2.*(x1(i,4) - x1(i,2)); 
    end 
    if x1(i,4) >= x1(i,3) 
        i43(i) = v43(i) + con_val.*(x1(i,4) - x1(i,3)); 
    else 
        i43(i) = v43(i) + con_val.*(x1(i,4) - x1(i,3)) + 10.^-8.2.*(x1(i,4) - x1(i,3)); 
    end 
    i = i + 1; 
end 
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i12 = con_val.*(x1(:,1) - x1(:,2)) + 10.^-8.2.*(x1(:,1) - x1(:,2)); 
i13 = con_val.*(x1(:,1) - x1(:,3)) + 10.^-8.2.*(x1(:,1) - x1(:,3)); 
i42 = con_val.*(x1(:,4) - x1(:,2)) + 10.^-8.2.*(x1(:,4) - x1(:,2)); 
i43 = con_val.*(x1(:,4) - x1(:,3)) + 10.^-8.2.*(x1(:,4) - x1(:,3)); 
i1 = i12 + i13; 
i4 = i42 + i43; 
tt = size(t); 
tt = tt(1,1); 
 
subplot(211) 
plot(t,x1(:,2).*1000) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
xlabel('time (s)') 
ylabel('voltage (mV)') 
axis([0 30 -120 120]) 
path = cd; 
path1 = ['C:\Users\mcreasy\Documents\Matlab_files\extracted_data']; 
cd(path1); 
load('cur_data_01') 
r = cur_data_01; 
subplot(212) 
plot(t,(i4-i1).*10.^12) 
hold on; 
plot(r(:,1)-.3,r(:,2),'r','linewidth',2) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
xlabel('time (s)') 
ylabel('current (pA)') 
legend('model','data') 
axis([0 30 -100 1000]) 
cd(path); 
  
figure 
plot(t,x1(:,4) - x1(:,1)) 

 
Here is the function for the numerical integration. 

%%%% the function that solves for the voltages of the bilayers with 
%%%% proteins in the system at all with a sinusodial input 
function dxdt = DIB_10_p(t,x,A,B,C_inv,drops,freq_s,amp,increase,type_p,... 
    ground,p_l,f_fun,cv_rate,cv_V) 
omega = freq_s.*2.*pi; 
dxdt = zeros(drops-1,1); 
G = zeros(drops); 
x_1 = zeros(drops,1); 
tt = 1; 
ww = isempty(p_l); 
t 
if ww == 0 
    p_first = p_l(:,1); 
    p_last = p_l(:,2); 
    while tt <= drops 
        if tt < ground 
        x_1(tt) = x(tt); 
        end 
        if tt == ground 
            x_1(tt) = 0; 
        end 
        if tt > ground 
            x_1(tt) = x(tt - 1); 
        end 
        tt = tt + 1; 
    end 
  
  
    v_d = x_1; 
    x1 = size(p_first); 
    x1 = x1(1,1); 
    tt = 1; 
    while tt <= x1 
        y1 = p_first(tt); 
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        y2 = p_last(tt); 
        if v_d(y1) > v_d(y2) 
            J = protein_con(type_p,v_d(y1),v_d(y2)); 
            ii = size(class(J)); 
            if ii(1,2) < 5 
                error(J) 
            end 
            J_neg = -J; 
            G(y1,y1) = G(y1,y1) + J; 
            G(y1,y2) = G(y1,y2) + J_neg; 
            G(y2,y1) = G(y2,y1) + J_neg; 
            G(y2,y2) = G(y2,y2) + J; 
        else 
 
        end 
        tt = tt + 1; 
    end 
end 
  
  
G(ground,:) = []; 
G(:,ground) = []; 
G = -G; 
yy = 1; 
G = C_inv*G; 
% keyboard 
while yy < drops 
    xx = 1; 
    while xx < drops 
        if f_fun == 'sin' 
            dxdt(yy) = dxdt(yy) + A(yy,xx).*x(xx)... 
                + G(yy,xx).*x(xx)... 
                + B(yy,xx).*(amp.*sin(omega.*t) + increase); 
        end 
        if f_fun == 'cvv' 
            pp = 1; 
            bb = size(cv_V); 
            bb = bb(1,2); 
            while pp < bb 
                if cv_V(pp) < cv_V(pp + 1) 
                    slope(pp) = 1; 
                else 
                    slope(pp) = -1; 
                end 
                pp = pp + 1; 
            end 
            t_V(1) = 0; 
            qq = 2; 
            while qq <= bb 
                t_V(qq) = t_V(qq - 1)... 
                    + (abs(cv_V(qq-1) - cv_V(qq)))./cv_rate; 
                qq = qq + 1; 
            end 
            uu = 1; 
            pp = 1; 
            while pp < bb 
                if t >= t_V(pp) & t <= t_V(pp + 1) 
                    uu = pp; 
                end 
                y_intercept(pp) = cv_V(pp) - slope(pp).*cv_rate.*t_V(pp); 
                pp = pp + 1; 
            end 
            dxdt(yy) = dxdt(yy) + A(yy,xx).*x(xx)... 
                + G(yy,xx).*x(xx)... 
                + B(yy,xx).*(slope(uu).*cv_rate.*t + y_intercept(uu)); 
        end 
        xx = xx + 1; 
    end 
    yy = yy + 1; 
end 
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Here are the functions for determining the protein conductance in the above function. 

function G = protein_con(type_p,y1,y2) 
  
if type_p == 'alm' 
    R_0 = (7.1247.*10.^13); 
    lambda = 1.9129.*10.^2; 
    G = 1./(R_0.*exp(-lambda.*(y1 - y2))); 
    if G < 0 
        G = 'error in code calculating the protein conductance'; 
    end 
end 
  
if type_p == '7ra' 
    G = 10.^-8.2.*(y1-y2); 
    if G < 0 
        G = 'error in code calculating the protein conductance'; 
    end 
end 

 

Here is the data obtained from reference [51] use in Figure 41b.  Here x, is the time vector in 
seconds and y, is the current value in nA. 

x y x y x y x y x y x y x y 
‐0.16  0.05  4.68  0.16  11.17  0.15 18.17 0.55 26.42 0.10 33.56  0.59  43.02 1.01

‐0.13  0.07  4.73  0.16  11.18  0.14 18.20 0.53 26.48 0.14 33.57  0.56  43.07 0.98

‐0.09  0.08  4.73  0.15  11.21  0.18 18.26 0.54 26.52 0.11 33.62  0.54  43.05 0.94

‐0.06  0.06  4.73  0.14  11.21  0.21 18.25 0.52 26.52 0.09 33.69  0.52  43.08 0.92

‐0.05  0.05  4.76  0.12  11.25  0.17 18.26 0.50 26.54 0.06 33.69  0.50  43.12 0.95

‐0.01  0.07  4.79  0.11  11.29  0.13 18.27 0.49 26.62 0.10 33.71  0.48  43.16 0.99

0.03  0.08  4.85  0.13  11.30  0.11 18.35 0.47 26.61 0.06 33.86  0.45  43.21 0.97

0.10  0.07  4.86  0.12  11.34  0.17 18.39 0.48 26.71 0.03 33.85  0.42  43.30 0.92

0.10  0.09  4.91  0.10  11.32  0.20 18.48 0.44 26.76 0.08 33.88  0.41  43.23 0.91

0.13  0.10  4.95  0.09  11.31  0.31 18.50 0.43 26.79 0.11 33.96  0.42  43.24 0.88

0.13  0.11  5.00  0.08  11.39  0.25 18.48 0.40 26.81 0.13 34.00  0.40  43.23 0.87

0.17  0.09  5.06  0.08  11.39  0.20 18.49 0.39 26.86 0.08 34.06  0.43  43.27 0.84

0.19  0.08  5.10  0.07  11.42  0.18 18.59 0.41 26.84 0.05 34.10  0.40  43.32 0.86

0.21  0.10  5.14  0.05  11.43  0.22 18.58 0.39 26.91 0.08 34.14  0.38  43.34 0.83

0.23  0.08  5.15  0.05  11.49  0.26 18.58 0.37 27.00 0.11 34.19  0.35  43.33 0.81

0.28  0.09  5.21  0.03  11.54  0.27 18.56 0.35 27.01 0.14 34.22  0.36  43.36 0.79

0.32  0.10  5.26  0.04  11.58  0.30 18.66 0.38 27.09 0.13 34.26  0.33  43.39 0.78

0.36  0.09  5.26  0.05  11.61  0.33 18.67 0.35 27.08 0.15 34.30  0.30  43.43 0.81

0.39  0.10  5.28  0.04  11.67  0.30 18.72 0.32 27.07 0.18 34.35  0.28  43.45 0.82

0.40  0.11  5.27  0.03  11.71  0.32 18.75 0.31 27.08 0.19 34.40  0.25  43.52 0.79

0.42  0.13  5.35  0.04  11.72  0.34 18.78 0.28 27.12 0.22 34.49  0.24  43.52 0.77

0.45  0.11  5.34  0.05  11.73  0.41 18.82 0.27 27.19 0.26 34.55  0.21  43.55 0.79

0.47  0.13  5.37  0.03  11.79  0.37 18.85 0.30 27.16 0.30 34.57  0.20  43.64 0.76

0.50  0.14  5.38  0.03  11.81  0.35 18.88 0.26 27.21 0.36 34.63  0.18  43.64 0.75

0.52  0.14  5.40  0.05  11.88  0.39 18.92 0.25 27.24 0.40 34.70  0.16  43.65 0.79

0.53  0.13  5.42  0.03  11.91  0.42 18.96 0.27 27.24 0.37 34.74  0.14  43.70 0.73

0.54  0.14  5.46  0.02  11.93  0.44 19.02 0.25 27.27 0.33 34.80  0.16  43.74 0.76
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x y x y x y x y x y x y x y 
0.55  0.16  5.48  0.01  12.02  0.47 19.09 0.27 27.30 0.36 34.84  0.13  43.83 0.72

0.60  0.16  5.56  0.00  12.02  0.50 19.14 0.24 27.34 0.39 34.92  0.10  43.85 0.71

0.62  0.15  5.60  ‐0.01  12.06  0.45 19.15 0.23 27.41 0.34 34.95  0.08  43.84 0.69

0.63  0.17  5.64  0.00  12.10  0.43 19.20 0.21 27.38 0.47 35.05  0.10  43.82 0.67

0.65  0.17  5.69  ‐0.02  12.11  0.46 19.25 0.23 27.47 0.46 35.08  0.09  43.86 0.65

0.71  0.18  5.73  ‐0.02  12.09  0.49 19.27 0.24 27.45 0.51 35.12  0.07  43.87 0.63

0.74  0.18  5.74  ‐0.03  12.11  0.50 19.33 0.22 27.47 0.56 35.20  0.07  43.94 0.62

0.74  0.20  5.77  ‐0.01  12.20  0.53 19.38 0.20 27.56 0.54 35.28  0.04  44.00 0.63

0.73  0.21  5.82  ‐0.01  12.21  0.57 19.44 0.18 27.54 0.57 35.49  0.02  44.01 0.61

0.74  0.23  5.80  ‐0.02  12.24  0.60 19.47 0.17 27.56 0.60 35.40  0.04  44.06 0.58

0.75  0.25  5.83  ‐0.04  12.28  0.62 19.52 0.15 27.58 0.64 35.52  0.02  44.12 0.57

0.76  0.26  5.90  ‐0.02  12.33  0.66 19.56 0.14 27.58 0.65 35.62  0.00  44.13 0.55

0.80  0.25  5.93  0.00  12.43  0.61 19.63 0.12 27.62 0.61 35.68  0.01  44.11 0.53

0.79  0.23  5.97  ‐0.01  12.38  0.65 19.65 0.11 27.62 0.63 35.75  0.00  44.19 0.51

0.83  0.23  6.00  ‐0.01  12.44  0.68 19.75 0.10 27.66 0.66 35.77  ‐0.02  44.21 0.50

0.84  0.25  6.00  0.01  12.44  0.72 19.80 0.08 27.68 0.70 35.83  ‐0.02  44.27 0.47

0.88  0.26  6.02  0.00  12.49  0.73 19.83 0.07 27.69 0.71 35.87  0.01  44.25 0.45

0.91  0.27  6.07  ‐0.03  12.50  0.76 19.92 0.07 27.72 0.69 35.86  0.02  44.35 0.43

0.95  0.25  6.10  0.00  12.51  0.78 19.94 0.08 27.72 0.65 35.91  0.00  44.29 0.44

0.96  0.27  6.07  0.02  12.56  0.75 19.91 0.06 27.73 0.63 36.04  ‐0.01  44.37 0.41

0.96  0.28  6.12  ‐0.02  12.57  0.78 19.95 0.05 27.75 0.61 36.02  0.03  44.40 0.42

0.98  0.30  6.18  0.03  12.59  0.81 19.99 0.04 27.75 0.60 36.14  0.03  44.42 0.41

1.02  0.31  6.20  0.02  12.62  0.84 20.02 0.05 27.78 0.64 36.15  0.00  44.42 0.39

1.05  0.30  6.24  ‐0.01  12.64  0.81 20.11 0.03 27.82 0.67 36.18  ‐0.01  44.47 0.38

1.03  0.28  6.28  ‐0.03  12.68  0.78 20.16 0.04 27.90 0.63 36.27  0.03  44.51 0.36

1.09  0.30  6.30  ‐0.05  12.66  0.76 20.22 0.05 27.92 0.60 36.34  0.05  44.51 0.37

1.09  0.32  6.30  ‐0.03  12.68  0.73 20.27 0.03 27.88 0.58 36.30  0.02  44.57 0.35

1.12  0.31  6.35  ‐0.01  12.68  0.71 20.29 0.05 27.90 0.55 36.38  0.04  44.59 0.34

1.15  0.30  6.39  0.00  12.72  0.70 20.30 0.06 27.93 0.54 36.43  0.06  44.61 0.32

1.18  0.33  6.46  0.02  12.73  0.75 20.35 0.03 27.99 0.60 36.46  0.05  44.67 0.29

1.21  0.34  6.52  0.05  12.75  0.78 20.34 0.02 27.99 0.62 36.53  0.04  44.70 0.28

1.21  0.36  6.52  0.08  12.79  0.79 20.40 0.05 28.02 0.58 36.57  0.06  44.74 0.27

1.23  0.37  6.55  0.05  12.84  0.74 20.43 0.02 28.03 0.57 36.59  0.07  44.80 0.25

1.25  0.35  6.59  0.03  12.82  0.71 20.46 0.03 28.02 0.56 36.62  0.08  44.86 0.24

1.25  0.33  6.61  0.06  12.92  0.68 20.52 0.03 28.01 0.54 36.68  0.06  44.89 0.22

1.28  0.36  6.61  0.08  12.94  0.66 20.56 0.04 28.07 0.54 36.71  0.04  44.89 0.21

1.31  0.38  6.64  0.10  12.93  0.63 20.61 0.03 28.11 0.57 36.72  0.07  45.06 0.14

1.33  0.40  6.67  0.08  12.95  0.60 20.71 0.05 28.12 0.59 36.76  0.08  45.07 0.16

1.36  0.38  6.70  0.06  13.00  0.64 20.74 0.07 28.16 0.53 36.78  0.09  45.15 0.12

1.35  0.37  6.71  0.03  13.01  0.67 20.77 0.04 28.17 0.52 36.84  0.07  45.23 0.11

1.40  0.39  6.69  0.08  13.03  0.69 20.84 0.06 28.15 0.50 36.92  0.10  45.23 0.09

1.40  0.40  6.70  0.11  13.09  0.65 20.89 0.05 28.20 0.49 36.88  0.13  45.29 0.06

1.42  0.42  6.70  0.13  13.06  0.64 20.93 0.06 28.27 0.47 36.90  0.15  45.34 0.08

1.39  0.44  6.74  0.12  13.04  0.62 20.96 0.07 28.26 0.46 37.01  0.12  45.40 0.05

1.42  0.46  6.77  0.13  13.05  0.60 21.00 0.08 28.23 0.44 36.99  0.10  45.42 0.04

1.46  0.47  6.79  0.15  13.09  0.62 21.07 0.08 28.28 0.42 37.00  0.09  45.52 0.02

1.47  0.45  6.82  0.18  13.13  0.64 21.17 0.11 28.37 0.47 37.02  0.13  45.54 0.04

1.51  0.44  6.90  0.15  13.13  0.61 21.14 0.12 28.37 0.50 37.07  0.15  45.64 0.01

1.50  0.45  6.90  0.18  13.19  0.59 21.18 0.14 28.37 0.45 37.10  0.16  45.65 0.00

1.52  0.46  6.96  0.21  13.20  0.58 21.24 0.12 28.35 0.41 37.17  0.13  45.76 0.00
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x y x y x y x y x y x y x y 
1.56  0.44  7.00  0.23  13.25  0.55 21.26 0.10 28.39 0.39 37.17  0.16  45.86 0.02

1.58  0.43  6.98  0.25  13.27  0.56 21.33 0.12 28.45 0.43 37.18  0.19  45.92 0.04

1.59  0.45  6.99  0.27  13.28  0.53 21.35 0.14 28.47 0.59 37.27  0.08  45.87 0.01

1.59  0.46  7.01  0.28  13.34  0.51 21.41 0.15 28.45 0.53 37.30  0.15  45.90 0.00

1.61  0.47  7.04  0.30  13.44  0.52 21.49 0.15 28.47 0.49 37.35  0.17  45.95 0.01

1.63  0.44  7.07  0.31  13.43  0.49 21.46 0.20 28.48 0.45 37.35  0.22  45.96 0.03

1.65  0.43  7.07  0.33  13.48  0.46 21.56 0.16 28.56 0.50 37.38  0.24  46.04 0.01

1.68  0.46  7.06  0.35  13.51  0.45 21.56 0.13 28.57 0.43 37.48  0.20  46.05 ‐0.01

1.69  0.48  7.12  0.33  13.52  0.44 21.61 0.16 28.59 0.41 37.46  0.24  46.12 ‐0.02

1.72  0.49  7.17  0.33  13.58  0.47 21.59 0.19 28.61 0.38 37.50  0.26  46.18 ‐0.04

1.72  0.50  7.20  0.35  13.56  0.44 21.70 0.18 28.67 0.36 37.58  0.28  46.20 ‐0.02

1.71  0.53  7.20  0.37  13.58  0.42 21.70 0.20 28.73 0.40 37.51  0.37  46.30 ‐0.04

1.72  0.55  7.21  0.39  13.60  0.41 21.69 0.23 28.73 0.42 37.61  0.34  46.31 ‐0.02

1.77  0.52  7.30  0.42  13.61  0.40 21.72 0.24 28.80 0.37 37.63  0.30  46.37 ‐0.03

1.78  0.49  7.29  0.44  13.67  0.43 21.78 0.22 28.79 0.35 37.68  0.32  46.39 ‐0.05

1.79  0.47  7.33  0.48  13.68  0.40 21.79 0.24 28.83 0.24 37.68  0.35  46.44 ‐0.06

1.82  0.51  7.36  0.51  13.71  0.39 21.83 0.26 28.85 0.42 37.70  0.37  46.44 ‐0.02

1.81  0.53  7.41  0.46  13.75  0.37 21.81 0.27 28.87 0.39 37.80  0.38  46.52 ‐0.01

1.81  0.55  7.40  0.50  13.78  0.35 21.89 0.24 28.88 0.35 37.78  0.36  46.59 0.00

1.82  0.57  7.43  0.53  13.83  0.32 21.94 0.27 28.90 0.31 37.84  0.37  46.60 0.02

1.90  0.55  7.46  0.56  13.84  0.37 21.91 0.29 28.94 0.28 37.88  0.39  46.63 0.04

1.92  0.57  7.48  0.59  13.86  0.39 21.95 0.30 29.01 0.35 37.90  0.41  46.68 0.03

1.93  0.59  7.49  0.61  13.90  0.36 22.01 0.32 29.04 0.35 37.95  0.52  46.70 0.01

1.94  0.60  7.51  0.63  13.93  0.34 22.01 0.33 29.07 0.31 37.98  0.45  46.71 0.00

2.00  0.59  7.55  0.59  13.99  0.40 22.09 0.31 29.05 0.29 38.04  0.41  46.75 0.00

2.01  0.61  7.57  0.57  14.02  0.35 22.12 0.32 29.08 0.27 38.02  0.37  46.80 0.02

2.02  0.63  7.57  0.60  14.03  0.33 22.08 0.34 29.08 0.25 38.02  0.36  46.81 0.03

2.05  0.66  7.58  0.63  14.07  0.31 22.10 0.37 29.10 0.24 38.09  0.39  46.82 0.00

2.07  0.62  7.61  0.66  14.07  0.27 22.21 0.36 29.17 0.27 38.08  0.44  46.90 0.03

2.08  0.64  7.60  0.69  14.06  0.24 22.24 0.38 29.18 0.24 38.17  0.40  46.94 0.04

2.11  0.66  7.64  0.90  14.08  0.25 22.30 0.40 29.24 0.22 38.20  0.38  46.95 0.06

2.11  0.69  7.71  0.81  14.13  0.28 22.28 0.43 29.31 0.22 38.21  0.36  46.99 0.08

2.07  0.71  7.70  0.75  14.16  0.30 22.29 0.45 29.32 0.24 38.22  0.39  47.05 0.07

2.13  0.73  7.71  0.73  14.19  0.26 22.33 0.46 29.39 0.20 38.30  0.38  47.03 0.05

2.15  0.71  7.70  0.69  14.22  0.27 22.40 0.47 29.44 0.17 38.37  0.30  47.08 0.04

2.18  0.68  7.70  0.66  14.25  0.24 22.43 0.54 29.52 0.19 38.38  0.35  47.11 0.03

2.17  0.67  7.74  0.63  14.24  0.22 22.46 0.52 29.53 0.17 38.41  0.38  47.14 0.02

2.20  0.68  7.78  0.65  14.34  0.21 22.53 0.49 29.56 0.16 38.42  0.39  47.14 0.05

2.21  0.70  7.78  0.68  14.36  0.24 22.52 0.52 29.57 0.14 38.49  0.35  47.17 0.08

2.24  0.71  7.80  0.71  14.41  0.20 22.54 0.54 29.56 0.13 38.51  0.36  47.25 0.09

2.25  0.73  7.87  0.67  14.47  0.19 22.57 0.57 29.67 0.11 38.57  0.35  47.29 0.12

2.25  0.74  7.86  0.64  14.47  0.20 22.60 0.54 29.70 0.13 38.56  0.34  47.38 0.15

2.30  0.75  7.86  0.63  14.54  0.18 22.66 0.55 29.68 0.11 38.60  0.36  47.39 0.18

2.30  0.78  7.94  0.64  14.54  0.19 22.65 0.57 29.80 0.09 38.63  0.32  47.38 0.21

2.32  0.80  7.97  0.68  14.65  0.16 22.68 0.59 29.81 0.08 38.70  0.28  47.38 0.24

2.34  0.77  7.91  0.66  14.68  0.14 22.68 0.62 29.87 0.11 38.75  0.31  47.46 0.25

2.34  0.75  7.94  0.62  14.71  0.15 22.70 0.63 29.88 0.09 38.81  0.28  47.45 0.27

2.35  0.72  7.88  0.60  14.76  0.13 22.75 0.60 29.92 0.07 38.83  0.26  47.47 0.30

2.37  0.73  7.90  0.58  14.79  0.12 22.75 0.59 29.91 0.06 38.85  0.24  47.48 0.31

2.34  0.75  7.98  0.60  14.85  0.11 22.78 0.58 29.95 0.05 38.91  0.29  47.50 0.34
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x y x y x y x y x y x y x y 
2.38  0.77  8.03  0.63  14.88  0.10 22.80 0.60 30.04 0.06 38.95  0.27  47.51 0.33

2.40  0.79  8.06  0.61  14.93  0.08 22.79 0.62 30.04 0.09 38.94  0.22  47.56 0.33

2.47  0.77  8.06  0.60  14.95  0.10 22.79 0.65 30.05 0.06 38.95  0.20  47.58 0.36

2.45  0.75  8.09  0.58  15.03  0.07 22.79 0.67 30.11 0.04 38.97  0.19  47.55 0.39

2.46  0.73  8.11  0.55  15.04  0.08 22.85 0.64 30.13 0.03 38.99  0.20  47.65 0.36

2.49  0.77  8.08  0.53  15.11  0.06 22.83 0.63 30.17 0.07 39.06  0.22  47.64 0.40

2.50  0.79  8.11  0.52  15.20  0.05 22.88 0.60 30.18 0.04 39.08  0.21  47.63 0.43

2.51  0.81  8.16  0.54  15.22  0.03 22.89 0.59 30.27 0.03 39.10  0.19  47.64 0.46

2.51  0.83  8.21  0.58  15.24  0.05 22.93 0.61 30.33 0.05 39.16  0.20  47.74 0.50

2.58  0.85  8.21  0.62  15.31  0.03 22.95 0.63 30.38 0.04 39.24  0.24  47.71 0.54

2.62  0.83  8.17  0.58  15.33  0.04 22.98 0.64 30.48 0.03 39.22  0.20  47.76 0.58

2.61  0.81  8.20  0.55  15.40  0.01 23.00 0.62 30.57 0.03 39.21  0.16  47.76 0.60

2.59  0.78  8.26  0.57  15.47  0.03 23.02 0.60 30.59 0.04 39.27  0.17  47.86 0.59

2.58  0.76  8.26  0.54  15.49  0.01 23.03 0.59 30.64 0.03 39.32  0.20  47.86 0.60

2.61  0.74  8.28  0.55  15.56  0.02 23.09 0.61 30.70 0.06 39.35  0.21  47.87 0.64

2.64  0.74  8.27  0.53  15.56  0.03 23.10 0.64 30.74 0.05 39.33  0.16  47.85 0.67

2.66  0.77  8.28  0.51  15.59  0.01 23.09 0.58 30.83 0.05 39.42  0.20  47.86 0.69

2.69  0.78  8.35  0.51  15.65  0.00 23.15 0.57 30.82 0.08 39.47  0.23  47.93 0.65

2.70  0.75  8.36  0.50  15.69  0.02 23.18 0.59 30.89 0.08 39.50  0.21  47.88 0.64

2.72  0.73  8.39  0.48  15.70  0.04 23.21 0.57 30.99 0.09 39.49  0.19  47.91 0.68

2.73  0.71  8.39  0.46  15.71  0.05 23.22 0.55 31.01 0.11 39.56  0.17  47.95 0.71

2.76  0.69  8.42  0.45  15.60  0.01 23.24 0.54 31.09 0.14 39.61  0.14  47.97 0.68

2.79  0.67  8.48  0.45  15.72  0.00 23.23 0.53 31.13 0.17 39.64  0.13  48.03 0.70

2.80  0.66  8.48  0.43  15.77  0.02 23.30 0.53 31.13 0.16 39.71  0.10  48.04 0.81

2.82  0.69  8.46  0.42  15.79  0.03 23.34 0.57 31.17 0.13 39.79  0.08  48.07 0.77

2.82  0.72  8.49  0.40  15.81  0.05 23.36 0.55 31.18 0.14 39.84  0.07  48.08 0.74

2.87  0.70  8.55  0.42  15.88  0.02 23.41 0.52 31.22 0.16 39.88  0.05  48.09 0.71

2.89  0.67  8.55  0.45  15.93  0.04 23.42 0.51 31.25 0.18 39.95  0.03  48.07 0.69

2.90  0.65  8.61  0.39  15.96  0.03 23.47 0.53 31.27 0.20 39.99  0.06  48.09 0.67

2.95  0.67  8.64  0.37  16.02  0.04 23.49 0.52 31.32 0.17 40.07  0.02  48.10 0.73

2.95  0.70  8.66  0.34  16.07  0.02 23.53 0.53 31.28 0.15 40.11  0.01  48.16 0.75

3.01  0.65  8.69  0.36  16.11  0.04 23.56 0.51 31.38 0.18 40.16  0.02  48.24 0.70

3.03  0.63  8.73  0.39  16.16  0.02 23.57 0.49 31.39 0.20 40.19  0.04  48.28 0.67

3.10  0.61  8.75  0.37  16.19  0.04 23.62 0.48 31.40 0.22 40.25  0.02  48.29 0.64

3.14  0.58  8.75  0.35  16.21  0.06 23.67 0.46 31.52 0.21 40.34  0.05  48.24 0.60

3.18  0.60  8.76  0.34  16.27  0.04 23.69 0.45 31.51 0.24 40.41  0.06  48.28 0.59

3.18  0.63  8.83  0.32  16.28  0.06 23.75 0.43 31.54 0.26 40.47  0.04  48.30 0.63

3.20  0.65  8.87  0.32  16.30  0.08 23.77 0.41 31.59 0.28 40.48  0.03  48.36 0.62

3.22  0.62  8.90  0.30  16.34  0.10 23.77 0.40 31.61 0.25 40.54  0.03  48.39 0.59

3.21  0.59  8.91  0.29  16.41  0.11 23.77 0.38 31.62 0.22 40.60  0.04  48.41 0.57

3.24  0.58  8.92  0.27  16.43  0.14 23.82 0.41 31.61 0.21 40.65  0.03  48.49 0.55

3.28  0.60  8.92  0.26  16.51  0.11 23.88 0.39 31.70 0.28 40.70  0.03  48.51 0.53

3.30  0.60  9.00  0.28  16.52  0.09 23.92 0.38 31.66 0.30 40.82  0.05  48.55 0.51

3.33  0.58  9.06  0.26  16.55  0.12 23.93 0.37 31.66 0.31 40.86  0.04  48.60 0.48

3.38  0.56  9.07  0.24  16.54  0.14 23.96 0.38 31.77 0.30 40.93  0.05  48.62 0.47

3.41  0.54  9.07  0.22  16.62  0.15 23.96 0.35 31.76 0.32 41.00  0.05  48.64 0.44

3.43  0.53  9.13  0.20  16.60  0.13 24.00 0.34 31.78 0.34 41.04  0.07  48.70 0.49

3.45  0.54  9.14  0.18  16.66  0.11 24.02 0.33 31.80 0.35 41.08  0.09  48.69 0.53

3.48  0.55  9.18  0.17  16.69  0.13 24.07 0.35 31.88 0.36 41.11  0.09  48.79 0.50

3.46  0.53  9.23  0.19  16.68  0.16 24.09 0.32 31.91 0.40 41.18  0.07  48.84 0.47
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x y x y x y x y x y x y x y 
3.49  0.52  9.26  0.17  16.70  0.17 24.10 0.31 31.88 0.42 41.22  0.09  48.86 0.46

3.50  0.51  9.26  0.16  16.70  0.20 24.13 0.30 31.90 0.44 41.21  0.12  48.88 0.47

3.52  0.49  9.27  0.15  16.80  0.18 24.16 0.28 31.95 0.43 41.29  0.11  48.91 0.51

3.58  0.51  9.28  0.14  16.82  0.15 24.20 0.29 31.97 0.40 41.27  0.09  49.01 0.46

3.54  0.49  9.38  0.15  16.82  0.15 24.24 0.27 32.04 0.44 41.31  0.13  48.92 0.46

3.58  0.48  9.36  0.17  16.85  0.18 24.32 0.24 32.02 0.47 41.36  0.14  48.98 0.43

3.61  0.47  9.45  0.16  16.85  0.20 24.34 0.26 32.02 0.48 41.45  0.11  49.03 0.40

3.65  0.46  9.44  0.14  16.88  0.28 24.39 0.22 32.08 0.50 41.45  0.13  49.09 0.39

3.69  0.44  9.46  0.13  16.92  0.22 24.44 0.22 32.09 0.48 41.52  0.15  49.10 0.38

3.68  0.43  9.55  0.14  16.92  0.18 24.46 0.21 32.12 0.46 41.59  0.16  49.10 0.35

3.68  0.41  9.56  0.16  16.95  0.16 24.51 0.18 32.19 0.47 41.61  0.18  49.16 0.33

3.72  0.39  9.59  0.13  16.99  0.19 24.56 0.19 32.19 0.50 41.65  0.17  49.23 0.34

3.76  0.38  9.60  0.11  17.02  0.22 24.54 0.17 32.26 0.53 41.70  0.15  49.25 0.30

3.76  0.36  9.66  0.12  17.06  0.26 24.67 0.17 32.27 0.51 41.73  0.18  49.28 0.26

3.81  0.35  9.68  0.10  17.13  0.29 24.65 0.15 32.29 0.49 41.73  0.20  49.30 0.22

3.81  0.39  9.72  0.09  17.16  0.32 24.65 0.14 32.28 0.56 41.79  0.22  49.37 0.24

3.84  0.38  9.77  0.06  17.20  0.33 24.73 0.14 32.39 0.57 41.76  0.24  49.42 0.26

3.84  0.36  9.83  0.05  17.23  0.29 24.74 0.15 32.39 0.61 41.86  0.26  49.51 0.24

3.84  0.34  9.85  0.08  17.26  0.31 24.75 0.13 32.41 0.63 41.89  0.28  49.48 0.22

3.85  0.34  9.91  0.06  17.26  0.34 24.83 0.11 32.50 0.56 42.00  0.31  49.45 0.18

3.90  0.36  9.96  0.04  17.30  0.37 24.85 0.14 32.46 0.61 41.97  0.33  49.55 0.15

3.96  0.38  9.98  0.08  17.28  0.40 24.88 0.11 32.55 0.62 42.05  0.37  49.62 0.14

3.95  0.37  9.99  0.05  17.37  0.36 24.95 0.09 32.52 0.65 42.07  0.34  49.60 0.12

3.97  0.35  10.05  0.04  17.38  0.39 24.99 0.11 32.57 0.71 42.08  0.32  49.64 0.10

3.98  0.34  10.06  0.07  17.40  0.43 25.02 0.09 32.65 0.67 42.13  0.29  49.70 0.10

4.00  0.32  10.09  0.03  17.41  0.46 25.07 0.08 32.70 0.65 42.17  0.28  49.74 0.13

4.04  0.33  10.15  0.04  17.47  0.48 25.11 0.10 32.65 0.70 42.20  0.32  49.70 0.15

4.07  0.35  10.17  0.06  17.50  0.53 25.12 0.08 32.70 0.73 42.18  0.35  49.79 0.11

4.09  0.36  10.25  0.04  17.58  0.55 25.16 0.07 32.80 0.76 42.28  0.38  49.81 0.09

4.13  0.34  10.32  0.06  17.59  0.59 25.21 0.08 32.80 0.78 42.27  0.40  49.85 0.08

4.12  0.32  10.36  0.07  17.59  0.64 25.25 0.06 32.75 0.73 42.36  0.44  49.92 0.09

4.10  0.31  10.43  0.05  17.59  0.66 25.30 0.04 32.82 0.69 42.38  0.46  49.92 0.11

4.14  0.31  10.53  0.05  17.64  0.69 25.33 0.06 32.79 0.66 42.38  0.51  49.99 0.09

4.18  0.33  10.53  0.08  17.68  0.78 25.33 0.04 32.87 0.67 42.42  0.53  50.02 0.08

4.16  0.31  10.60  0.05  17.73  0.74 25.43 0.03 32.87 0.70 42.46  0.56  50.05 0.09

4.17  0.29  10.63  0.07  17.71  0.69 25.50 0.03 32.88 0.73 42.48  0.59  50.06 0.10

4.21  0.29  10.67  0.05  17.74  0.67 25.55 0.02 32.92 0.75 42.53  0.63  50.10 0.08

4.28  0.30  10.72  0.08  17.74  0.70 25.68 0.00 32.97 0.80 42.57  0.65  50.17 0.06

4.27  0.29  10.75  0.06  17.78  0.73 25.74 0.02 32.99 0.75 42.57  0.68  50.20 0.07

4.28  0.28  10.80  0.08  17.83  0.69 25.84 0.00 32.95 0.71 42.56  0.71  50.19 0.08

4.32  0.27  10.84  0.09  17.88  0.66 25.87 0.02 32.95 0.69 42.63  0.73  50.27 0.06

4.34  0.25  10.85  0.07  17.87  0.64 25.92 0.00 33.04 0.73 42.66  0.76  50.25 0.05

4.32  0.24  10.91  0.09  17.92  0.59 25.95 ‐0.01 33.07 0.77 42.64  0.78  50.29 0.03

4.37  0.23  10.92  0.10  17.95  0.57 26.00 0.02 33.12 0.73 42.73  0.76  50.31 0.01

4.44  0.21  10.94  0.07  17.93  0.62 26.08 ‐0.01 33.13 0.74 42.72  0.79  50.32 0.04

4.46  0.21  10.99  0.09  17.99  0.64 26.11 0.01 33.25 0.73 42.75  0.80  50.41 0.03

4.47  0.19  10.97  0.11  17.99  0.59 26.25 0.02 33.25 0.70 42.83  0.83  50.44 0.04

4.47  0.18  11.00  0.12  18.02  0.56 26.31 0.04 33.29 0.66 42.82  0.85  50.47 0.03

4.49  0.19  11.03  0.10  18.04  0.54 26.30 0.06 33.28 0.64 42.85  0.87  50.51 0.03

4.56  0.18  11.09  0.11  18.08  0.56 26.30 0.08 33.39 0.61 42.86  0.85  50.55 0.04
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4.57  0.17  11.09  0.14  18.10  0.58 26.36 0.05 33.42 0.61 42.90  0.89  50.57 0.03

4.64  0.16  11.10  0.15  18.13  0.60 26.37 0.07 33.49 0.58 42.99  0.92  50.58 0.02

4.65  0.17  11.13  0.17  18.17  0.57 26.41 0.08 33.51 0.57 42.97  1.05  50.59 0.01

 

 

C.3 Single Channel Simulations of Chapter 5 

Here is the code used to model the single channel simulation shown in Figure 49a. 

close all; 
clear all; 
clc; 
V = 130; 
step = 0.00001; 
t = [0:step:2]; 
y = size(t); 
y = y(1,2); 
i = 1; 
j = 1; 
state = 0; 
while i <= y 
    [state, t_state] = con_alm(state,V); 
    t_state = round(t_state.*(1./step))./(1./step); 
    y; 
    i = i + round(t_state.*(1./step)); 
    con = [0 88 520 1273 2143 2950 3870].*10.^-12; 
    g(j:i) = con(state+1); 
    j = i+1; 
end 
g = g(1:y); 
current = g.*V./1000; 
plot(t,g) 
figure 
plot(t,current.*10^12) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
xlabel('time (s)') 
ylabel('current (pA)') 
axis([0 2 -50 350]); 

 
Here is the function used with the above code. 

function [state, t_state] = con_alm(state,V) 
V1 = V./10 - 7; 
x = floor(V1); 
y1 = V1 - x; 
y2 = 1 - y1; 
states = [0.9995 0.9995 0.9928 0.9916 0.9621 0.7478 0.3426 0;... 
    0.0005 0.0005 0.0072 0.0073 0.0301 0.1960 .03184 0;... 
    0 0 0 0.0011 0.0062 0.0486 0.1968 0;... 
    0 0 0 0 0.0016 0.0064 0.0828 0;... 
    0 0 0 0 0 0.0012 0.0449 0;... 
    0 0 0 0 0 0 0.0133 0;... 
    0 0 0 0 0 0 0.0012 0]; 
df = states(:,x).*y2 + states(:,x+1).*y1; 
x = state + 1; 
pi_p_1 = df; 
pi_p_1(x) = []; 
if x > 6 
    pi_p_1 = 0; 
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else 
    pi_p_1 = sum(pi_p_1(x:6))./sum(pi_p_1); 
end 
pi_m_1 = 1 - pi_p_1; 
  
a = rand; 
if a <= pi_m_1 
    state_n = state - 1; 
else 
    state_n = state + 1; 
end 
x = floor(V1); 
y1 = V1 - x; 
y2 = 1 - y1; 
%goes down 
if state - state_n > 0 
    times = [1 1 1 0.634 0.124 0.0233 0.0061 0;... 
        0 0 0 0.0071 0.0041 0.0039 0.0017 0;... 
        0 0 0 0 0.0149 0.0035 0.0021 0;... 
        0 0 0 0 0 0.0067 0.0027 0;... 
        0 0 0 0 0 0 0.0031 0;... 
        0 0 0 0 0 0 0.0023 0]; 
    df = times(:,x).*y2 + times(:,x+1).*y1; 
    ta = df(state_n+1); 
%goes up 
else 
    times = [0.001 0.0012 0.0008 0.0034 0.0033 0.004 0.0015 0;... 
        0 0 0 0.004 0.0053 0.0051 0.0024 0;... 
        0 0 0 0 0.0032 0.0039 0.0023 0;... 
        0 0 0 0 0 0.0081 0.0027 0;... 
        0 0 0 0 0 0 0.0023 0;... 
        0 0 0 0 0 0 0.0005 0]; 
    df = times(:,x).*y2 + times(:,x+1).*y1; 
    ta = df(state_n); 
  
end 
x = 1.3; 
y = 1./(log(2)).^(1./x); 
tn = y.*(-log(1-rand)).^(1./x); 
t_state = tn.*ta; 
state = state_n; 

 

Here is the code used to model the simulations of Figure 50. 

close all; 
clear all; 
clc; 
V = 40; 
ion_g = 100; 
step = 0.00001; 
t = [0:step:2]; 
y = size(t); 
y = y(1,2); 
i = 1; 
j = 1; 
state = 0; 
while i <= y 
    [state, t_state] = con_alm_ion_g(state,V,ion_g); 
    t_state = round(t_state.*(1./step))./(1./step); 
    y; 
    i = i + round(t_state.*(1./step)); 
    con = [0 88 520 1273 2143 2950 3870].*10.^-12; 
    g(j:i) = con(state+1); 
    j = i+1; 
end 
V = V + ion_g; 
g = g(1:y); 
current = g.*V./1000; 
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plot(t,g) 
figure 
plot(t,current.*10^12) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
xlabel('time (s)') 
ylabel('current (pA)') 
axis([0 2 -20 200]); 

 

Here is the function used with the above code. 

function [state, t_state] = con_alm_ion_g(state,V,ion_g) 
V = V + ion_g; 
V1 = V./10 - 7; 
x = floor(V1); 
y1 = V1 - x; 
y2 = 1 - y1; 
states = [0.9995 0.9995 0.9928 0.9916 0.9621 0.7478 0.3426 0;... 
    0.0005 0.0005 0.0072 0.0073 0.0301 0.1960 .03184 0;... 
    0 0 0 0.0011 0.0062 0.0486 0.1968 0;... 
    0 0 0 0 0.0016 0.0064 0.0828 0;... 
    0 0 0 0 0 0.0012 0.0449 0;... 
    0 0 0 0 0 0 0.0133 0;... 
    0 0 0 0 0 0 0.0012 0]; 
df = states(:,x).*y2 + states(:,x+1).*y1; 
x = state + 1; 
pi_p_1 = df; 
pi_p_1(x) = []; 
if x > 6 
    pi_p_1 = 0; 
else 
    pi_p_1 = sum(pi_p_1(x:6))./sum(pi_p_1); 
end 
pi_m_1 = 1 - pi_p_1; 
  
a = rand; 
if a <= pi_m_1 
    state_n = state - 1; 
else 
    state_n = state + 1; 
end 
x = floor(V1); 
y1 = V1 - x; 
y2 = 1 - y1; 
%goes down 
if state - state_n > 0 
    times = [1 1 1 0.634 0.124 0.0233 0.0061 0;... 
        0 0 0 0.0071 0.0041 0.0039 0.0017 0;... 
        0 0 0 0 0.0149 0.0035 0.0021 0;... 
        0 0 0 0 0 0.0067 0.0027 0;... 
        0 0 0 0 0 0 0.0031 0;... 
        0 0 0 0 0 0 0.0023 0]; 
    df = times(:,x).*y2 + times(:,x+1).*y1; 
    ta = df(state_n+1); 
%goes up 
else 
    times = [0.001 0.0012 0.0008 0.0034 0.0033 0.004 0.0015 0;... 
        0 0 0 0.004 0.0053 0.0051 0.0024 0;... 
        0 0 0 0 0.0032 0.0039 0.0023 0;... 
        0 0 0 0 0 0.0081 0.0027 0;... 
        0 0 0 0 0 0 0.0023 0;... 
        0 0 0 0 0 0 0.0005 0]; 
    df = times(:,x).*y2 + times(:,x+1).*y1; 
    ta = df(state_n); 
  
end 
x = 1.3; 
y = 1./(log(2)).^(1./x); 
tn = y.*(-log(1-rand)).^(1./x); 
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t_state = tn.*ta; 
state = state_n; 

 

Here is the code used to simulate the system of Figure 51a. 

close all; 
clear all; 
clc; 
delay = 0.025; 
V_peak = 140; 
step = 0.00001; 
t_final = 4; 
t = [0:step:t_final]; 
y = find(t==t_final./2); 
y2 = t(end); 
y2 = find(t==y2); 
V1 = V_peak.*2./t_final.*t(1:y); 
V2 = -V_peak.*2./t_final.*t(y+1:y2) + V_peak.*2; 
V = [V1 V2]; 
V_d = zeros(1,round(delay./step)); 
V_d = [V_d V1 V2]; 
plot(t,V) 
figure 
y = size(t); 
y = y(1,2); 
g = zeros(1,round(t_final./step.*2)); 
k = 1; 
n = 100; 
while k <= n 
    i = 1; 
    j = 1; 
    state = 0; 
    while i <= y 
        [state, t_state] = con_alm1(state,V_d(i)); 
        t_state = round(t_state.*(1./step))./(1./step); 
        i = i + round(t_state.*(1./step)); 
        con = [0 88 520 1273 2143 2950 3870].*10.^-12; 
        g(j:i) = con(state+1) + g(j:i); 
        j = i+1; 
    end 
    k = k + 1 
end 
g = g(1:y); 
current = g.*V./1000; 
plot(t,g) 
figure 
plot(t,current.*10^12) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
xlabel('time (s)') 
ylabel('current (pA)') 
y = find(t==t_final./2); 
y2 = t(end); 
y2 = find(t==y2); 
V1 = V(1:y); 
V2 = V(y+1:y2); 
I1 = current(1:y); 
I2 = current(y+1:y2); 
figure 
plot(V1./1000,I1.*10^9,V2./1000,I2.*10^9) 
set(gca,'Fontname','Times New Roman','Fontsize',16) 
xlabel('potential (V)') 
ylabel('current (nA)') 
legend('increasing potential','decreasing potential') 
axis([0 0.15 -0.5 5]) 

 

The function used with the above code is as follows. 
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function [state, t_state] = con_alm1(state,V) 
V1 = V./10; 
x = floor(V1) + 1; 
y1 = x - V1; 
y2 = 1 - y1; 
states = [0.9999 0.9999 0.9999 0.9999 0.9998 0.9997 0.9996 0.9995 0.9995 0.9995 0.9928 0.9916 
0.9621 0.7478 0.3426 0;... 
    0.0001 0.0001 0.0001 0.0001 0.0002 0.0003 0.0004 0.0005 0.0005 0.0005 0.0072 0.0073 0.0301 
0.1960 .03184 0;... 
    0 0 0 0 0 0 0 0 0 0 0 0.0011 0.0062 0.0486 0.1968 0;... 
    0 0 0 0 0 0 0 0 0 0 0 0 0.0016 0.0064 0.0828 0;... 
    0 0 0 0 0 0 0 0 0 0 0 0 0 0.0012 0.0449 0;... 
    0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.0133 0;... 
    0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.0012 0]; 
    df = states(:,x).*y1 + states(:,x+1).*y2; 
    x = state + 1; 
    pi_p_1 = df; 
    pi_p_1(x) = []; 
    if x > 6 
        pi_p_1 = 0; 
    else 
        if sum(pi_p_1) == 0 
            keyboard 
        end 
        pi_p_1 = sum(pi_p_1(x:6))./sum(pi_p_1); 
    end 
    pi_m_1 = 1 - pi_p_1; 
  
    a = rand; 
    if a <= pi_m_1 
        state_n = state - 1; 
    else 
        state_n = state + 1; 
    end 
x = floor(V1) + 1; 
y1 = x - V1; 
y2 = 1 - y1; 
%goes down 
    if state - state_n > 0 
        times = [0.01 0.01 0.01 0.01 0.01 0.01 0.005 0.005 0.005 0.005 0.005 0.005 0.005 0.005 
0.0061 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0.0071 0.0041 0.0039 0.0017 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0.0149 0.0035 0.0021 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0 0.0067 0.0027 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.0031 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.0023 0]; 
        times = [0.01 0.01 0.01 0.01 0.01 0.01 0.005 0.005 0.005 0.005 0.005 0.005 0.005 0.005 
0.0061 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0.0071 0.0041 0.0039 0.0017 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0.00149 0.0035 0.0021 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0 0.0067 0.0027 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.0031 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.0023 0]; 
        df = times(:,x).*y1 + times(:,x+1).*y2; 
        ta = df(state_n+1); 
%goes up 
    else 
        times = [0.0005 0.0005 0.0005 0.0005 0.0005 0.001 0.001 0.001 0.001 0.0012 0.0008 0.0034 
0.0033 0.004 0.0015 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0.004 0.0053 0.0051 0.0024 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0.0032 0.0039 0.0023 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0 0.0081 0.0027 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.0023 0;... 
            0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.0005 0]; 
        df = times(:,x).*y1 + times(:,x+1).*y2; 
        ta = df(state_n); 
  
  
    end 
    x = 1.3; 
    y = 1./(log(2)).^(1./x); 
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    tn = y.*(-log(1-rand)).^(1./x); 
    t_state = tn.*ta; 
    if ta < 0.00 
            keyboard 
    end 
    if t_state < 0.00 
        keyboard 
    end 
state = state_n; 

 
 



 

156 
 

 

 

 

 
 
 
 
 
 
 
 
 
 
 

Bibliography 
 
 
1. Lombard, M., P.P. Pastoret, and A.M. Moulin, A brief history of vaccines and 

vaccination. Rev. Sci. Tech., 2007. 26(1): p. 29-48. 
2. Huebsch, N. and D. Mooney, Inspiration and application in the evolution of 

biomaterials. Nature, 2009. 462: p. 426-432. 
3. Manzo, J. and E. Garcia, Methodology for design of an active rigidity joint. Journal of 

Intelligent Material Systems and Structures, 2008. 20(3): p. 311-327. 
4. Bunget, G. and S. Seelecke, BATMAV:  a biologically-inspired micro-air vehicle for 

flapping flight -- kinematic modeling, M. Ahmadian, Editor. 2008, Proceedings of SPIE. 
p. 69282F. 

5. Bunget, G. and S. Seelecke, Actuator placement for a bio-inspired bone-joint system 
based on SMA, M. Ahmadian, Editor. 2009, Proceedings of SPIE. p. 72880L. 

6. Hambley, A.R., Electrical Engineering Principles & Applications. 1997, Upper Saddle 
River, New Jersey: Prentice-Hall, Inc. 816. 

7. Koshland Jr., D.E., The Seven Pillars of Life. Science, 2002. 295: p. 2215-2216. 
8. Alberts, B., ed. Molecular Biology of the Cell 4th edition. 2002, Graland Science: New 

York. 
9. Cooper, G.M. and R.E. Hausman, The Cell:  A Molecular Approach 4th Ed. 2007, 

Washington, D.C.: ASM Press. Ch 13. 
10. Berg, J.M., J.L. Tymosczko, and L. Stryer, Biochemistry 5th edition. 2002, New York: W. 

H. Freeman and Company. 
11. Berg, J.M., J.L. Tymoczko, and L. Stryer, Biochemistry 5th ed. 5 ed. 2002, New York: 

W.H. Freeman and Company. 
12. Evans, E. and D. Needham, Physical properties of surfactant bilayer membranes:  

thermal transitions, elasticity, rigidity, cohesion, and colloidal interactions. The Journal 
of Physical Chemistry, 1987. 91(16): p. 4219-4228. 



M. Austin Creasy Bibliography 157 

 
 

13. Bo, L. and R.E. Waugh, Determination of bilayer membrane bending stiffness by tether 
formation from giant, thin-walled vesicles. Biophysical Journal, 1989. 55(3): p. 509-517. 

14. Needham, D. and R.S. Nunn, Elastic deformation and failure of lipid bilayer membranes 
containing cholesterol. Biophysical Journal, 1990. 58(4): p. 997-1009. 

15. Song, J. and R.E. Waugh, Bending rigidity of SOPC membranes containing cholesterol. 
Biophysical Journal, 1993. 64(6): p. 1967-1970. 

16. Hopkinson, D. and D.J. Leo, Failure characteristics of bilayer lipid membranes (BLMs) 
formed over a single pore, in Materials Research Society Proceedings. 2008, Materials 
Research Society. p. MM03-19. 

17. Creasy, M.A., D. Hopkinson, and D.J. Leo, Self-healing of bilayer lipid membranes 
formed over silicon substrates with a single pore, M.J. Dapino and Z. Ounaies, Editors. 
2008, Proceedings of SPIE. p. 69290P. 

18. Mouritsen, O.G. and K. Jorgensen, Small-scale lipid-membrane structure:  simulation 
versus experiment. Current Opinion in Structural Biology, 1997. 7(4): p. 518-527. 

19. Mouritsen, O.G. and K. Jorgensen, A new look at lipid-membrane structure in relation to 
drug research. Pharmaceutical Research, 1998. 15(10): p. 1507-1519. 

20. Singer, S.J. and G.L. Nicolson, The fluid mosaic model of the structure of cell 
membranes. Science, 1972. 175: p. 720-731. 

21. Engelman, D.M., Membranes are more mosaic than fluid. Nature, 2005. 438: p. 578-580. 
22. Latek, D., D. Ekonomiuk, and A. Kolinski, Protein structure prediction:  combining de 

novo modeling with sparse experimental data. Journal of Computational Chemistry, 
2007. 28(10): p. 1668-1676. 

23. Oldziej, S., et al., Physics-based protein-structure prediction using a hierarchical 
protocol based on the UNRES force field:  assessment in two blind tests. Proceedings of 
the National Academy of Sciences, 2005. 102(21): p. 7547-7552. 

24. Dietz, H. and M. Rief, Protein structure by mechanical triangulation. Proceedings of the 
National Academy of Sciences, 2006. 103(5): p. 1244-1247. 

25. Ranganath, A., K.C.S. Shet, and N. Vidyavathi, Efficient shape descriptors for feature 
extraction in 3D protein structures. In Silico Biology, 2007. 7(2): p. 169-174. 

26. Tusnady, G.E. and I. Simon, Principles governing amino acid composition of integral 
membrane proteins:  application to topology prediction. Journal of Membrane Biology, 
1998. 283(2): p. 489-506. 

27. Saxena, A., et al., Membrane-based techniques for the separation and purification of 
proteins:  an overview. Advances in Colloid and Interface Science, 2009. 145: p. 1-22. 

28. Gorter, E. and F. Grendel, On bimolecular layers of lipoids on the chromocytes of the 
blood. The Journal of Experimental Medicine, 1925. 41(4): p. 439-443. 

29. Duclohier, H., et al., Coupling optical and electrical measurements in artificial 
membranes:  lateral diffusion of lipids and channel forming peptides in planar bilayers. 
Biological Procedures Online, 1998. 1(1): p. 81-91. 

30. Montal, M. and P. Mueller, Formation of bimolecular membranes from lipid monolayers 
and a study of their electrical properties. Proceedings of the National Academy of 
Sciences, 1972. 69(12): p. 3561-3566. 

31. Sarles, S.A., Physical encapsulation of interface bilayers, in Mechanical Engineering. 
2010, Virginia Tech: Blacksburg. p. 248. 



M. Austin Creasy Bibliography 158 

 
 

32. Lakey, J.H. and F. Pattus, The voltage-dependent activity of Escherichia coli porins in 
different planar bilayer reconstitutions. European Journal of Biochemistry, 1989. 186(1-
2): p. 303-308. 

33. Batishchev, O.V. and A.V. Indenbom, Alkylated glass partition allows formation of 
solvent-free lipid bilayer by Montal-Mueller technique. Bioelectrochemistry, 2008. 74(1): 
p. 22-25. 

34. Anglin, T., J. Liu, and J.C. Conboy, Facile lipid flip-flop in a phospholipid bilayer 
induced by gramicidin A measured by sum-frequency vibrational spectroscopy. 
Biophysical Journal, 2007. 92(1): p. L01-L03. 

35. Chunbo, Y., et al., A novel structure observed on the phospholipid Langmuir-Blodgett 
bilayer by atomic force microscopy. Applied Surface Science, 1996. 103(4): p. 531-534. 

36. Wang, Y., E. Stedronsky, and S.L. Regen, Probing the gas permeability of an ionically 
cross-linked Langmuir-Blodgett bilayer with a "touch" of salt. Langmuir, 2008. 24(12): 
p. 6279-6284. 

37. Rinia, H.A., et al., Blistering of Langmuir-Blodgett bilayers containing  anionic 
phospholipids as observed by atomic force microscopy. Biophysical Journal, 1999. 77(3): 
p. 1683-1693. 

38. Liu, J. and J.C. Conboy, Structure of a gel phase lipid bilayer prepared by the Langmuir-
Blodgett/Langmuir-Schaefer method characterized by sum-frequency vibrational 
spectroscopy. Langmuir, 2005. 21(20): p. 9091-9097. 

39. Tsukruk, V.V., et al., Stability and modification of polyglutamate Langmuir-Blodgett 
bilayer films. Macromolecules, 1994. 27(5): p. 1274-1280. 

40. Okazaki, T., K. Morigaki, and T. Taguchi, Phospholipid vesicle fusion on micropatterned 
polymeric bilayer substrates. Biophysical Journal, 2006. 91(5): p. 1757-1766. 

41. Seitz, M., et al., Formation of tethered supported bilayers by vesicle fusion onto 
lipopolymer monolayers promoted by osmotic stress. Langmuir, 2000. 16(14): p. 6067-
6070. 

42. Kim, Y.-H., et al., Supported llipid bilayer formation by the giant vesicle fusion induced 
by vesicle-surface electrostatic attractive interaction. Chemical Physics Letters, 2006. 
420(4-6): p. 569-573. 

43. Nollert, P., H. Kiefer, and F. Jahnig, Lipid vesicle adsorption versus formation of planar 
bilayers on solid surfaces. Biophysical Journal, 1995. 69(4): p. 1447-1455. 

44. Archer, S.J. and D.S. Cafiso, Voltage-dependent conductance for alamethicin in 
phospholipid vesicles. Biophysical Journal, 1991. 60(2): p. 380-388. 

45. Needham, D., T.J. McIntosh, and E. Evans, Thermomechanical and transition properties 
of dimyristoylphosphatidylcholine/cholesterol bilayers. Biochemistry, 1988. 27(13): p. 
4668-4673. 

46. Requena, J., D.F. Billett, and D.A. Haydon, Van der Waals forces in oil-water systems 
from the study of thin lipid films I. Measurement of the contact angle and the estimation 
of the van der Waals free energy of thinning of a film. Proceedings of the Royal Society 
of London. Series A, Mathematical and Physical Sciences (1934–1990), 1975. 
347(1649): p. 141-159. 

47. Cheng, Y., et al., Single ion channel sensitivity in suspended bilayers on micromachined 
supports. Langmuir, 2001. 17(4): p. 1240-1242. 



M. Austin Creasy Bibliography 159 

 
 

48. Thompson, M., R.B. Lennox, and R.A. McCleliand, Structure and electrochemical 
properties of microfiltration fliter-lipid membrane systems. Analytical Chemistry, 1982. 
54(1): p. 76-81. 

49. Dhoke, M.A., et al., Porous membranes for reconstitution of ion channels. Biochimica et 
Biophysica Acta, 2005. 1716(2): p. 117-125. 

50. Hwang, W.L., et al., Asymmetric droplet interface bilayers. Journal of the American 
Chemical Society, 2008. 130(18): p. 5878-5879. 

51. Maglia, G., et al., Droplet networks with incorporated protein diodes show collective 
properties. Nature Nanotechnology, 2009. 4: p. 437-440. 

52. Bayley, H., et al., Droplet interface bilayers. Molecular BioSystems, 2008. 4: p. 1191-
1208. 

53. Hwang, W.L., et al., Electrical behavior of droplet interface bilayer networks:  
experimental analysis and modeling. Journal of the American Chemical Society, 2007. 
129(38): p. 11854-11864. 

54. Syeda, R., et al., Screening blockers against a potassium channel with a droplet interface 
bilayer array. Journal of the American Chemical Society, 2008. 130(46): p. 15543-
15548. 

55. Holden, M.A., D. Needham, and H. Bayley, Functional bionetworks from nanoliter water 
droplets. Journal of the American Chemical Society, 2007. 129(27): p. 8650-8655. 

56. Funakoshi, K., H. Suzuki, and S. Takeuchi, Lipid bilayer formation by contacting 
monolayers in a microfluidic device for membrane protein analysis. Analytical 
Chemistry, 2006. 78(24): p. 8169-8174. 

57. Sundaresan, V.B., S.A. Sarles, and D.J. Leo, Characterization of porous substrates for 
biochemical energy conversion devices, M. Ahmadian, Editor. 2008, Proceedings of 
SPIE. p. 69280K. 

58. Sarles, S.A. and D.J. Leo, Regulated attachment method for reconstituting lipid bilayers 
of prescribed size within flexible substrates. Analytical Chemistry, 2010. 82(3): p. 959-
966. 

59. Thompson, J.R., et al., Enhanced stability and fluidity in droplet on hydrogel bilayers for 
measuring membrane protein diffusion. Nano Letters, 2007. 7(12): p. 3875-3878. 

60. Majd, S. and M. Mayer, Hydrogel stamping of arrays of supported lipid bilayers with 
various lipid compositions for the screening of drug-membrane and protein-membrane 
interactions. Angewandte Chemie International Ed., 2005. 44: p. 6697-6700. 

61. Mueller, P., et al., Reconstitution of excitable cell membrane structure in vitro. 
Circulation, 1962. 26(5): p. 1167-1171. 

62. Haydon, D.A. and J.L. Taylor, Contact angles for thin lipid films and the determination 
of London-van der Waals forces. Nature, 1968. 217: p. 739-740. 

63. Hecht, B., et al., Scanning near-field optical microscopy with aperture probes:  
fundamentals and applications. Journal of Chemical Physics, 2000. 112(18): p. 7761-
7774. 

64. Bagatolli, L.A. and E. Gratton, Two photon fluorescence microscopy of coexisting lipid 
domains in giant unilamellar vesicles of binary phospholipid mixtures. Biophysical 
Journal, 2000. 78(1): p. 290-305. 

65. Rost, R.W.D., Quantitative Fluorescence Microscopy. 1991, New York: Cambridge 
University Press. 



M. Austin Creasy Bibliography 160 

 
 

66. Cassier, T., et al., Homogeneity, electrical resistivity and lateral diffusion of lipid bilayers 
coupled to polyelectrolyte multilayers. Colloids and Surfaces B: Biointerfaces, 1999. 
15(3-4): p. 215-225. 

67. Tamm, L.K. and H.M. McConnell, Supported phospholipid bilayers. Biophysical 
Journal, 1985. 47: p. 105-113. 

68. Bozzola, J.J. and L.D. Russell, Electron Microscopy 2nd Edition. 1999, London: Jones 
and Bartlett Publishers, Inc. 

69. Robertson, J.D., The molecular structure and contact relationships of cell membranes. 
Progress Biophysics and Biophysical Chemistry, 1960. 10: p. 343-418. 

70. Moya, S., et al., Freeze-fracture electron microscopy of lipid membranes on colloidal 
polyelectrolyte multilayer coated suports. Biomacromolecules, 2003. 4(3): p. 808-814. 

71. Kwok, R. and E. Evans, Thermoelasticity of large lecithin bilayer vesicles. Biophysical 
Journal, 1981. 35(3): p. 637-652. 

72. Hopkinson, D.P., Measurements and modeling of the failure pressure of bilayer lipid 
membranes, in Mechanical Engineering. 2007, Virginia Tech: Blacksburg. p. 139. 

73. Andersen, O.S., Ion movement through gramicidin A channels single-channel 
measurements at very high potentials. Biophysical Journal, 1983. 41(2): p. 119-133. 

74. Wong, D., T.-J. Jeon, and J. Schmidt, Single molecule measurements of channel proteins 
incorporated into biomimetic polymer membranes. nanotechnology, 2006. 17(15): p. 
3710-3717. 

75. Needham, D. and D.A. Haydon, Tensions and free energies of formation of "solventless" 
lipid bilayers. Biophysical Journal, 1983. 41(3): p. 251-257. 

76. Barsoukov, E. and J.R. Macdonald, Impedance Spectroscopy theory, Experiment, and 
applications 2nd Edition. 2005, Hoboken, New Jersey: John Wiley & Sons, Inc. 

77. Drexler, J. and C. Steinem, Pore-suspending lipid bilayers on porous alumina 
investigated by electrical impedance spectroscopy. The Journal of Physical Chemistry B, 
2003. 107(40): p. 11245-11254. 

78. Sundaresan, V.B., et al., Biological trasport processes for microhydraulic actuation. 
Sensors and Actuators B, 2007. 123(2): p. 685-695. 

79. Bordi, F., C. Cametti, and A. Gliozzi, Impedance measurements of self-assembled lipid 
bilayer membranes on the tip of an electrode. Bioelectrochemistry, 2002. 57(1): p. 39-46. 

80. Naumowicz, M., A.D. Petelska, and Z.A. Figaszewski, Impedance analysis of 
phosphatidylcholine-cholesterol system in bilayer lipid membranes. Electrochimica Acta, 
2005. 50(10): p. 2155-2161. 

81. Romer, W. and C. Steinem, Impedance analysis and single-channel recordings on nano-
black lipid membranes based on porous alumina. Biophysical Journal, 2004. 86(2): p. 
955-965. 

82. Heinze, J., Cyclic Voltammetry-"Electrochemical Spectroscopy" new analytical methods. 
Angewandte Chemie International Edition in English, 1984. 23(11): p. 831-47. 

83. Gosser, D.K., Cyclic Voltammetry. 1993, New York: John Wiley & Sons. 
84. Sabo, J., et al., A combined AC-DC method for investigating supported bilayer lipid 

membranes. Thin Solid Films, 1997. 306(1): p. 112-118. 
85. Vereb, G., et al., Dynamic, yet structured:  the cell membrane three decades after the 

Singer-Nicolson model. Proceedings of the National Academy of Sciences, 2003. 
100(14): p. 8053-8058. 



M. Austin Creasy Bibliography 161 

 
 

86. Sten-Knudsen, O., Biological Membranes Theory of Transport, Potentials and Electric 
Impulses. 2002, Cambridge: Cambridge University Press. 

87. Goldman, D.E., Potential, impedance, and rectification in membranes. Journal of 
General Physiology, 1943. 2(1): p. 37-60. 

88. Hodgkin, A.L. and B. Katz, The effect of sodium ions on the electrical activity of the 
giant axon of the squid. The Journal of Physiology, 1949. 108: p. 37-77. 

89. Spangler, S.G., Expansion of the constant field equation to include both divalent and 
monovalent ions. The Alabama Journal of Medical Sciences, 1972. 9(2): p. 218-23. 

90. Kabatake, Y., A. Irimajiri, and N. Matsumoto, Studies of electric capacitance of 
membranes I. a model membrane composed of a filter paper and a lipid analogue. 
Biophysical Journal, 1970. 10: p. 728-44. 

91. Hodgkin, A.L. and A.F. Huxley, Action potentials recorded from inside a nerve fibre. 
Nature, 1939. 144: p. 710-711. 

92. Hodgkin, A.L., A.F. Huxley, and B. Katz, Measurement of current-voltage relations in 
the membrane of the giant axon of Loligo. The Journal of Physiology, 1952. 116(4): p. 
424-448. 

93. Hodgkin, A.L. and A.F. Huxley, Currents carried by sodium and potassium ions through 
the membrane of the giant axon of Loligo. The Journal of Physiology, 1952. 116(4): p. 
449-472. 

94. Hodgkin, A.L. and A.F. Huxley, The components of membrane conductance in the giant 
axon of Loligo. The Journal of Physiology, 1952. 116(4): p. 473-496. 

95. Hodgkin, A.L. and A.F. Huxley, The dual effect of membrane potential on sodium 
conductance in the giant axon of Loligo. The Journal of Physiology, 1952. 116(4): p. 
497-506. 

96. Hodgkin, A.L. and A.F. Huxley, A quantitative description of membrane current and its 
application to conduction and excitation in nerve. The Journal of Physiology, 1952. 
117(4): p. 500-544. 

97. Mueller, P. and D.O. Rudin, Action potentials induced in biomolecular lipid membranes. 
Nature, 1968. 217: p. 713-719. 

98. Bernstein, E.M., ed. Bioelectrochemistry research developments. 2008, Nova Science 
Publishers, Inc.: New York. Ch 1. 

99. Fox, R.O., Jr and F.M. Richards, A voltage-gated ion channel model inferred from the 
crystal structure of alamethicin at 1.5-Å resolution. Nature, 1982. 300: p. 325-330. 

100. Eisenberg, M., J.E. Hall, and C.A. Mead, The nature of the voltage-dependent 
conductance induced by alamethicin in black lipid membranes. Journal of Membrane 
Biology, 1973. 14: p. 143-176. 

101. Gordon, L.G.M. and D.A. Haydon, The unit conductance channel of alamethicin. 
Biochimica et Biophysica Acta, 1972. 225(3): p. 1014-1018. 

102. Gordon, L.G.M. and D.A. Haydon, Potential-dependent conductances in lipid 
membranes containing alamethicin. Philosophical Transactions of the Royal Society 
London B, 1975. 270(908): p. 433-447. 

103. Cherry, R.J., D. Chapman, and D.E. Graham, Studies of the conductance changes 
induced in bimolecular lipid membranes by alamethicin. Journal of Membrane Biology, 
1972. 7: p. 325-344. 

104. Andersen, O.S., R.E. Koeppe, and B. Roux, Gramicidin Channels. IEEE Transactions on 
Nanobioscience, 2005. 4(1): p. 10-20. 



M. Austin Creasy Bibliography 162 

 
 

105. Woolley, G.A. and B.A. Wallace, Model ion channels:  gramicidin and alamethicin. 
Journal of Membrane Biology, 1992. 129(2): p. 109-136. 

106. Boheim, G., Statistical analysis of alamethicin channels in black lipid membranes. 
Journal of Membrane Biology, 1974. 19(3): p. 277-303. 

107. Castellana, E.T. and P.S. Cremer, Solid supported lipid bilayers:  from biophyscial 
studies to sensor design. Surface Science Reports, 2006. 61(10): p. 429-444. 

108. Ye, J.-S., et al., Nanostructured platinum-lipid bilayer composite as biosensor. 
Bioelectrochemistry, 2003. 59(1-2): p. 65-72. 

109. Bennett, I.M., et al., Active transport of Ca2+ by an artifical photosynthetic membrane. 
Nature, 2002. 420: p. 398-401. 

110. Sundaresan, V.B. and D.J. Leo, Chemoelectrical energy conversion of adenosine 
triphosphate using ATPases. Journal of Intelligent Material Systems and Structures, 
2010. 21(2): p. 201-212. 

111. Bhosale, S., et al., Photoproduction of proton gradients with p-stacked fluorophore 
scaffolds in lipid bilayers. Science, 2006. 313(5783): p. 84-86. 

112. Pietrini, A.V. and P.L. Luisi, Cell-free protein synthesis through solubilisate exchange in 
water/oil emulsion compartments. ChemBioChem, 2004. 5(8): p. 1055-1062. 

113. Noireaux, V., et al., Toward an artificial cell based on gene expression in vesicles. 
Physical Biology, 2005. 2: p. P1-P8. 

114. Fischer, A., A. Franco, and T. Oberholzer, Giant vesicles as microreactors for enzymatic 
mRNA sysnthesis. ChemBioChem, 2002. 3: p. 409-17. 

115. Sarles, S.A. and D.J. Leo, Physical encapsulation of droplet interface bilayers for 
durable portable biomelecular networks. Lab on a Chip, 2010. 10: p. 710-7. 

116. Sarles, S.A. and D.J. Leo, Physical encapsulation and controlled assembly of lipid 
bilayers within flexible substrates, M.N. Ghasemi-Nejhad, Editor. 2010, Proceedings of 
SPIE. p. 764321. 

117. Lagarias, J., et al., Convergence properties of the Nelder-Mead Simplex Method in low 
dimensions. SIAM Journal of Optimization, 1998. 9(1): p. 112-47. 

118. Rao, S.S., The Finite Element Method in Engineering 5th ed. 2011, Boston: Elsevier. 
119. Huebner, K.H. and E.A. Thornton, The Finite Element Method for Engineers. 1982, New 

York: John Wiley & Sons. 
120. Grandin, H.J., Fundamentals of the Finite Element Method. 1986, New York: Macmillan 

Publishing Company. 
121. Inman, D.J., Engineering Vibration 2nd Ed. 2001, Upper Saddle River, New Jersey: 

Prentice Hall. 
122. Kunkel, P. and V. Mehrmann, Differential-Algebraic Equations Analysis and Numerical 

Solution. 2006, Germany: Die Deutsche Bibliothek. 
123. Brenan, K.E., S.L. Campbell, and L.R. Petzold, Numerical Solution of Initial-Value 

Problems in Differential-Algebraic Equations. 1989, New York: North Holland. 
124. Chen, B.M., Z. Lin, and Y. Shamash, Linear Systems Theory A Structural Decomposition 

Approach. 2004, Boston: Birkhauser. 
125. Shirvani, M. and J.W.-H. So, Solutions of Linear Differential Algebraic Equations. SIAM 

Review, 1998. 40(2): p. 344-346. 
126. Brayton, R.K., F.G. Gustavson, and G.D. Hachtel, A New Efficient Algorithm for Solving 

Differential-Algebraic Systems Using Implicit Backward Differentiation Formulas. 
Proceedings of the IEEE, 1972. 60(1): p. 98-108. 



M. Austin Creasy Bibliography 163 

 
 

127. Ascher, U.M. and L.R. Petzold, Computer Methods for Ordinary Differential Equations 
and Differential-Algebraic Equations. 1998, Philadelphia: SIAM. 

128. Miranker, W.L., Numerical Methods for Stiff Equations and Singular Perturbation 
Problems. 2001, Dordrecht, Holland: D. Reidel Publishing Company. 

129. Gouaux, E., a-hemolysin from Staphylococcus aureus:  an archetype of b-barrel, 
channel-forming toxins. Journal of Structural Biology, 1998. 121(2): p. 110-122. 

130. Aksimentiev, A. and K. Schulten, Imaging a-hemolysin with molecular dynamics: ionic 
conductance, osmotic permeability, and the electrostatic potential map. Biophysical 
Journal, 2005. 88: p. 3745-3761. 

131. Kuhlman, B., et al., Design of a Novel Globular Protein Fold with Atomic-Level 
Accuracy. Science, 2003. 302(5649): p. 1364-1368. 

132. Park, S.J. and J.R. Cochran, Protein Engineering And Design. 2010, Boca Raton: CRC 
Press. 

133. Tieleman, D.P., et al., Alamethicin channels in a membrane:  molecular dynamics 
simulations. Faraday Discussions, 1999. 111: p. 209-223. 

134. Lawler, G.F., Introduction to Stochastic Processes. 1995, New York: Chapman & Hall. 
135. Jones, P.W. and P. Smith, Stochastic Processes:  An Introduction. 2001, London: Arnold. 
136. Stirzaker, D., Stochastic Proceses & Models. 2005, Oxford: Oxford University Press. 
137. Weibull, W., A Statistical Distribution Function of Wide Applicability. ASME Journal of 

Applied Mechanics, 1951. 18(3): p. 293-297. 
138. Marsaglia, G. and A. Zaman, A New Class of Random Number Generators. The Annals 

of Applied Probability, 1991. 1(3): p. 462-480. 
 
 


