
 

 
 

 

 

 

 

ABSTRACT 

Effects of Ethanol on Ion Transport in the NavMs Voltage-Gated Sodium Channel: A 
Molecular Dynamics Study 

 
Dustin C. Buller  

Director: Kevin L. Shuford, Ph.D. 
 

 
The behavioral effects of alcohol on the human nervous system are well-

characterized, yet molecular mechanisms for these effects remain largely unknown. 

Studies have suggested effects on ion transport as a viable cause for these behaviors. 

While mechanisms for these effects are beginning to be elucidated in ligand-gated ions 

channels, the effects on voltage-gated ion channels remain largely unstudied. 

Molecular dynamics simulations of sodium ion transport were conducted in silico 

across a trans-membrane NavMs voltage-gated sodium channel model for 20 ns, with and 

without the presence of ethanol in the solvent. Video trajectories of the simulations were 

generated and analyzed. These simulations suggest an increase in the rate of ion transport 

in the presence of ethanol. 

In this thesis, I provide an introductory chapter on molecular dynamics simulation 

as an experimental technique. Further, I provide an introduction to the current work from 

the literature and a chapter on the experimental methods. Finally, I conclude with a 

presentation and discussion of the results of the simulation mentioned above. 
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CHAPTER ONE 

 
A Background in Molecular Dynamics 

Molecular Dynamics Simulation: Mechanism and Scope 

It is useful to first explain both the mechanism and scope of molecular dynamics 

simulation (MD) – that is, what molecular dynamics is, how it works, and where it is 

useful (what systems it can be applied to) – before beginning to discuss its history, 

discoveries, significance, and relation to the current work. 

Molecular dynamics simulation essentially came about as a computational 

solution to, or at least an approximation of the solution to, the greatest barrier of the 

simulation of physical systems since the advent of computing – the n-body or many body 

problem. The n-body problem states our inability to accurately predict the motion of a 

given number of particles based on a notion of classical dynamics, namely Newton’s laws 

of motion. 

It is important here to emphasize the significance of the n-body problem – a 

significance both historical and prescient – which is perhaps best conveyed in a seminal 

passage from Laplace’s A Philosophical Essay on Probabilities:1 

We ought then to regard the present state of the universe as the 

effect of its anterior state and as the cause of the one which is to follow. 

Given for one instant an intelligence which could comprehend all the 

forces by which nature is animated and the respective situation of the 

beings who compose it, an intelligence sufficiently vast to submit these 

data to analysis, it would embrace in the same formula the movements 

of the greatest bodies of the universe and those of the lightest atom; for 

it, nothing would be uncertain and the future, as the past, would be 

present to its eyes. 
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It is clear now that computers are becoming something quite like the 

“intelligence” described by Laplace. Molecular dynamics simulation has provided them 

with a way in which to “comprehend all the forces by which nature is animated” and to 

“submit these data to analysis” – it has given them a way to solve the n-body problem. 

Laplace acknowledged the predictive powers that come with the ability to solve this 

problem, and MD provides us with such ability. Limited computational resources are the 

only thing standing in the way of mankind and his predictions of “the movements of the 

greatest bodies of the universe”. The potential future capabilities of MD research are 

many and astounding, and will be further discussed below in the section on Futures in 

Molecular Dynamics. 

Allow then an example of the n-body problem: One can imagine a system with 

many – let us say ten – solid spheres, randomly arranged in a vacuous space. These 

spheres will all pull on each other with a gravitational force in the same way that the sun 

pulls on the Earth, or that the earth pulls on you and me. These forces will cause the 

spheres to move in certain directions with certain speeds and accelerations, which 

constantly change depending on where the spheres are – depending on who is pulling 

who, and with what strength, and from where. 

At the molecular level our world is in fact a very similar system to that of the ten 

solid spheres, only on a larger scale. There are not just five but hundreds, thousands, or 

millions (depending on what one is looking at) of tiny particles pushing and pulling on 

each other. Not only must we consider gravitational forces, but also the chemical bonds, 

electrical charges and other electrochemical forces which cause the small-scale 

happenings of our universe. But when pushed and pulled, where will all of these particles 
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go? And how quickly? Such is the n-body problem. Such is the problem that MD is 

trying to solve. 

Here I will attempt to portray the strategy of a molecular dynamics program in 

simple terms, illustrating the key concepts of the strategy without deeply exploring the 

statistical mechanics, computing theory and physics involved in its details. I also will not 

expand my discussion to the subjects of Monte-Carlo or other popular non-classical or 

non-deterministic simulation methods, but rather treat only the classical molecular 

dynamics simulation, its algorithm, its components, and its relation to the physical world.  

It turns out that although solving the n-body problem can require massive 

amounts of computing power, (consider a system with thousands or millions of particles 

all interacting with one another), the theory involved in the solution is surprisingly 

simple. 

At its core, an MD algorithm simply retrieves the sum of all forces on all 

particles, solves Newton’s familiar second law for each particle’s acceleration and 

velocity, and calculates each particle’s movement over a given extremely small amount 

time. This is done repeatedly over successive, equal small amounts of time, (time-steps), 

updating the position, velocity, and acceleration of each particle at each time-step until 

the desired total simulation time is reached. This process, depicted in Figure 1 below, 

requires each particle to begin with an initial position and velocity, which are given as 

parameters to an MD computer program.2-4 

The particle potentials are usually retrieved from an accessory program referred to 

as a “force field”. A force field is a set of mathematical functions used to approximate the 

potential energy of a given particle, based on that particle’s interactions with all other 
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particles around it within a certain range. Typically, a force field will take into account 

three or four different types of interactions: 1) the forces on a particle resulting from any 

covalent bonds it makes with other particles around it, taking into account bond angles 

and dihedral angles, 2) any electrostatic forces on a particle resulting from either ions or 

the partial charges of nearby particles, 3) any non-bonding forces on a particle resulting 

from the van der Waal’s interactions of any surrounding particles, and 4) any hydrogen 

bonding forces on the particle (hydrogen bonds are not always explicitly described within 

force fields, as they can often be addressed  via electrostatic calculations). 

 

Figure 1. A flowchart depicting the qualitative algorithm for a simple molecular dynamics simulation. This 

processes described in this flowchart are performed for all atoms in the system at each time-step. 

 

Initialize all particle positions, velocities, and identities 
(mass, charge, etc...) 

Retrieve all particle potentials from a force field 

Calculate new particle positions, velocities, and 
accelerations from the potentials given 

Replace the old properties (xn-1, vn-1, an-1) with the new 
properties (xn, vn, an) 

Is the simulation complete? 

•Yes                               •No 

Analysis 

Iterate one 

time-step 
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Force fields typically take several parameters from the initial system in order to 

calculate these forces. The parameters required vary from force field to force field, but 

often will include the particle mass, radius, (partial) charge, bonding angles, dihedral 

angles, van der Waal’s radius, bond lengths, bond energies with other particles, dipole 

moment, and functional group status of a particle. These parameters have been 

determined experimentally for different particle types (e.g. atoms of different elements), 

and their interactions with each other in small molecules. For example, if it is known that 

a particle within a system is a carbon atom, the force field will be able to retrieve this 

atom’s parameters from a data set – anything from simply the ~12 Da atomic mass to the 

178 kcal/mol bond dissociation energy for the carbon-oxygen double bond in ketones 

(C=O). 

Bond forces are typically determined by treating a covalent bond as an elastic system (i.e. 

a spring) and assigning a spring constant to the bond which is proportional to the bond 

energy. Forces resulting from bond angles and dihedral angles are taken into account. 

Electrostatic forces are simply calculated according to Coulomb’s law. Van der Waal’s 

forces are determined using a variety of functions for potential, but the most popular is 

the Lennard-Jones potential, which accounts for both Pauli repulsion forces and more 

typical long-range van der Waal’s attractions.2-4 

The output of a molecular dynamics program usually consists of two files: one 

which the final coordinates of all particles and their identification information, and one 

which is most-often called a “trajectory”. A trajectory is a file which initially contains 

only the initial positions of all particles, but to which the positions of all particles are 

appended at intervals of a designated number of time-steps. Thus, a trajectory will 



 

6 
 

contain the position of all particles at every step of the appointed interval. In this way we 

can document the movement of all of the particles in our system for the entire length of 

the simulation. Thus, a molecular dynamics program making use of any force field will 

approximate all physical forces acting upon all particles in a system, and effectively 

solves the n-body problem. But what can we do with such a solution? 

The scope of the problems which molecular dynamics simulation can address is 

perhaps the greatest factor in its recent popularity as an investigative technique. It is 

capable of addressing problems as small as a dihydrogen molecule in a vacuum for one 

femtosecond, and as large as a protein-membrane complex for one millisecond. Perhaps 

the breadth of the ranges of time and size which can be addressed by molecular dynamics 

can be appreciated in Figure 2 below, provided by Dror et al.5 
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Figure 2. This graph depicts the temporal (x-axis) and spatial (y-axis) scales which can be explored using 

various investigative techniques, and the physical events associated with those scales. While there are 

techniques capable of looking at some of the same scales as MD simulation, none reaches nearly as far into 

the small-system and short-time areas. Additionally, the box representative of the scales observable with 

MD simulation is ever-increasing in all directions, as increases in computing power allow MD to simulate 

systems both larger and smaller for timescales both longer and shorter.
5
 

As indicated by the figure, MD is capable of predicting a vast variety of physical 

and biological processes, ranging (as of 2012) in size from subatomic particles to protein 

polymers and protein-membrane systems, and in time from electron excitation to channel 

gating and advanced protein folding. 

The scales of time and size described allow for important applications of 

molecular dynamics simulation in fields from materials science to theoretical chemistry 

to medicine. MD simulations have observed increased photovoltaic efficiency in solar 

cells with certain materials,6 have predicted binding capabilities for various anti-cancer 

drugs,7 and have investigated the dynamical properties of small organic solutes in novel 

solvents.8 It is clear that there are countless current applications for the use of molecular 

dynamics simulations in a variety of research fields. 

The importance and potential of this emerging field cannot be understated. It was 

recognized by Laplace in 1902 before it was even realized, and it has now been 

recognized for two years in a row by the Nobel Committee for Chemistry: in 2012 the 

Nobel Prize for Chemistry was jointly awarded to Drs. Robert Lefkowitz and Brian 

Kobilka for their work on G-protein coupled receptors. While their work is not directly 

concerned with simulation, Kobilka frequently uses MD to investigate the structure and 

function of the receptors he is concerned with, especially in his most recent work.9,10 

More explicitly, in 2013 the Nobel Prize in Chemistry was jointly awarded to Martin 

Karplus, Michael Levitt, and Arieh Warshel "for the development of multiscale models 

for complex chemical systems”11 – in other words, for the development of ways to use 
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MD and other computer simulation techniques to address a variety of chemical systems. 

The awarding of the Nobel Prize to these three men for their work in MD has brought the 

field to the forefront of chemistry, if it was not there already. In fact, the popularity of 

MD has increased rapidly since the 1980s, particularly in the literature, as can be clearly 

seen in Figure 3 below. 

 

 

Figure 3. A plot of the number of publications each year containing either the keywords “molecular 

dynamic” or “molecular dynamics”. Data was generated using the Reuters Web of Scien ce database. 

Significant growth in the number of publications concerning MD has occurred every year since 1990 with 

the introduction of the World Wide Web. As of April 11, 2014 there have already been 2116 publications 

which meet these criteria in 2014. 

 
 

In conclusion, molecular dynamics simulation is becoming more popular and 

more widely employed as an investigative technique every year due to an increased 

recognition of its vast range of capabilities and applications, and to the recent awarding 

of two Nobel Prizes for work related to MD. It seems that interest and use will only 
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continue to grow as computing technology advances and MD becomes capable of 

investigating systems at even greater extremes of size and time. 

A History of (Bio)Molecular Dynamics 

When Alder and Wainwright introduced the first successful application of 

molecular dynamics simulation in 1959, studying the simple interactions of hard spheres, 

it is likely that they had some idea of the great significance of their work. It is likely that 

they could imagine the sorts of countless discoveries that their new “method… by which 

it is possible to calculate… the behavior of several hundred interacting… particles” 

would allow for in diverse fields ranging from materials to medicine.12 However, it is 

also likely that they would be awestruck by how far this method of simulation has come 

in the last 55 years, and by the speed at which it has been able to accomplish some of the 

greatest feats of science of the better part of the last half-century. 

I will now explore some of the more significant of these feats, with respect to the 

advancement of molecular dynamics simulation in a biological context. This short history 

is by no means comprehensive, but rather meant to highlight those discoveries which 

were either most significant or most influential in bringing molecular dynamics research 

to that place where it stands today.  

After Alder and Wainwright published their study, it seems to have taken about 5 

years for its significance to become recognized by the academy. Thus, the next major step 

in the development of molecular dynamics simulation did not come until 1964, when 

Rahman was first able to successfully apply the method to liquid Argon.13 While the 

simulations of Alder and Wainwright indicated great potential for the future improvement 

and use of their novel technique and elucidated many new observations about the 
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behavior of simple fluids, the data which they produced was not satisfyingly in agreement 

with what experimental data was then available. On the other hand, Rahman’s work 

proved to be within 15% of experimental values and suggested the possibility of 

obtaining a realism in MD which could allow for legitimate simulation of experimentally 

unmeasurable systems. This realism was further exemplified by Rahman and Stillinger in 

their work with simulations of liquid water, which showed great agreement with 

experiment despite approximation of water as a rigid molecule.14 Rahman and Stillinger 

essentially were the first to incorporate the structural effects (Coulomb interactions, 

hydrogen bonding) of a complex solvent such as real water into a potential along with the 

classical dynamics, greatly reducing the computing power necessary to address such an 

essential and ubiquitous compound. 

At this point the study of systems through the employment of molecular dynamics 

simulations seems to have branched into two broad fields of study – inorganic and 

biological. A great interest in the simulation of inorganic systems began to develop and 

spurred experiments exploring concepts such as chemical theory, electrostatics, material 

properties, fuels, nanotechnology, and countless others. While these many applications of 

MD are certainly important, for the purposes of this study we will focus on the 

development of molecular dynamics with respect to biological systems. 

Following further simulations of liquids, solutions, and small molecules 

throughout the 1960s and 1970s, the first full-scale MD simulation of a folded protein 

(the bovine pancreatic trypsin inhibitor) was performed by McCammon, Gelin, and 

Karplus in 1977, employing the use of an empirical function to calculate the potential 

energies of the atoms.15 Just two years later Karplus went on to first demonstrate the 
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interactions between protein and ligand in his simulations of myoglobin interacting with 

CO and O2.16 Not only could large systems now be simulated, but we could finally 

observe large-scale binding interactions with physiological relevance. These works, in 

applying MD to predict biological systems and processes with accuracy, introduced the 

idea that computer simulations could be used effectively in medicine and ushered in a 

new age of “biomolecular dynamics”.  

It became apparent that there could then be immediately practical applications for 

the results of MD simulations, which in turn gave rise to great popularity and competition 

in fields such as pharmaceutical computation and drug discovery. Experiments such as 

those done by Kuntz et al. illustrated the use of MD to predict ligand-binding using 

sterics calculations for a target protein.17 In this manner, the efficacy of a drug’s binding 

to its target protein could be predicted in silico, with reasonable accuracy, without ever 

have to synthesize the drug. In fact, there are drug-design labs which frequently employ 

MD binding analysis to identify inhibiting compounds before synthesis with consistently 

successful results.18  

During the 1980s, 1990s, and 2000s there came a wealth of developments in the 

MD simulation of biological molecules, too extensive and too varied to be discussed in 

detail. The findings of these three decades can be broadly summarized as largely serving 

two sometimes contradictory purposes: (1) to increase the agreement of simulations with 

experimental results by increasing the “realism” of biological systems through greater 

detail and (2) to develop novel ways of simplifying systems for the efficient simulation of 

larger systems for longer timescales. In respect to the second goal, it seems that 
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efficiency ought to be the end, and simplification without loss of accuracy a means to the 

end, rather than the inverse. Thus we will call the second goal “efficiency”.  

Historically, the most highly-regarded experiments have sought out both of these 

goals of “realism’ and “efficiency” in tandem. Their optimization is perhaps best 

exemplified by Levitt’s and Sharon’s simulation of the bovine pancreatic trypsin inhibitor 

(BPTI), which reported much better results with the simulated protein solvated in close to 

10,000 molecules of water as opposed to prior simulations of the protein in a vacuum.19 

It is apparent that the accomplishment of the goals of both realism and efficiency 

can be easily achieved by the improvement of a common limiting factor – namely, 

computing power. Thus, in the last three decades, in addition to attempts to develop more 

realistic systems and more efficient simplification techniques, there has been a large 

amount of research concerned with the development of more efficient MD algorithms, 

parallel processing, and other means of increasing efficiency from a computing 

perspective. In fact, several of the most important contributions to MD in the last decade 

have come as a result of the development of supercomputers designed specifically with 

the goal of efficient MD simulation.20,21 

In its current state, all atoms molecular dynamics simulation has become capable 

of – on the most powerful supercomputers – simulating systems averaging about 50,000 

atoms at rates of over 10,000 ns/day.5 Recently, a solvated BPTI system was simulated 

for 1 ms, which is 100 times longer than has been previously simulated.22 These rates are 

astounding, allowing for the simulation of extremely complex systems, for a quantum 

rather than classical treatment for simulations (which is often more realistic), and for the 

incredibly lengthy simulation of simple systems. Not only this, but as structural biologists 



 

13 
 

have become able to obtain x-ray structure for much larger systems such as protein 

complexes, viruses and entire organelles, the first MD simulations have been performed 

on such relatively massive systems. Sanbonmatsu et al. used MD to for the first time 

simulate an entire ribosome for 2 ns – a system consisting of 2.65 million atoms.23 

It is apparent that MD has come a long way since 1959 and 50 solid spheres. In 

the last 55 years, system size has increased 50,000 times over, and timescales have 

increased on the order of millions. But what does the future hold? What can be expected 

of the next 50 years, and what will MD simulations be able to observe? 

 

Futures in Molecular Dynamics 

In this section, I will explore the potential future applications of all-atom 

molecular dynamics. I will do this by specifically treating one promising application in 

particular, by then predicting the applications that will come with increases in computing 

power over the next 50 years and finally by proceeding to discuss the implications of 

some of these predicted applications. 

First of all, I would like to specifically treat the concept of what I will call an MD-

predicted “Automated Pharmaceutical Assembly Line”, APAL. An “automated 

simulation pipeline” was first mentioned by Stansfeld and Sansom in their review of MD 

treatments of membrane proteins.24 The pipeline proposed by Stansfeld and Sansom 

employs a process much that like that used by Chetwynd et al. in order to provide models 

on their Coarse-Grained Database (CGDB), but would be automated rather than 

generated by manually performed simulations.25 This process would – when a new x-ray 

structure is determined experimentally – automatically simulate the x-ray structure in 
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solution with randomly placed lipid membrane pieces. In this way, the lipid membrane 

placement could be more organically discovered, and a more dynamic, pre-equilibrated 

picture of the structure appropriately immersed in a membrane could be generated. Such 

a structure would be very useful for those wishing to perform simulations on it. 

However, the APAL which I propose goes a few steps further. In addition to 

automatically equilibrating new x-ray and NMR structures into their native environments 

in silicoa, the APAL would then 1) enlist libraries of thousands or millions of small 

molecules and/or compounds which have inhibited similar structures, 2) automatically 

run docking simulations for the entire library employed, 3) calculate accurate free 

energies of binding for all compounds, 4) identify lead compounds based on some 

standard for binding, and 5) upload the structure with its associated newly-identified lead 

inhibitors to some sort of database. APAL, as proposed, would then quickly, constantly, 

and automatically provide new inhibitory compounds and their associated targets as 

subject for synthesis and in vitro and in vivo studies. An inhibitor assembly line such as 

this could provide an essentially limitless supply of inhibitors as long as new target 

structures are produced. 

The concept of the APAL is not only exciting for its potential to make drug 

design a much more efficient and inexpensive process, but also because it seems that 

such a process is somewhat immediately possible. Current computational limits would 

not exclude the capability of docking simulations for any target not exceeding the size of 

a large protein complex. With my limited knowledge of computational science, it seems 

                                                 
a
The integration of structures into their native environment would require the provision of certain 

parameters for that environment along with the structure itself. E.g., a transmembrane protein would be 

marked as “transmembrane” and a serous protein would be marked as “serous”, such that the proteins could 

be equilibrated in a cell membrane and blood, respectively. 
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that the logic involved in such an assembly line is not so complex – it simply remains for 

a programmer or programming team who is capable of developing such an automated 

process to do so. The development of the APAL would require only access to a structure 

database such as the Protein Data Bank (PDB) and a molecular dynamics code. Thus, it 

seems such a revolutionary and beneficial system is something of the immediate future in 

MD, and something that I would expect to see emerging within the next ten years. 

The second issue I would like to treat with regard to the future of molecular 

dynamics simulation is the general expansion of scales of time and size which will be 

able to be simulated with the increase of computing power.  

In computational science there is a well-known rule-of-thumb referred to as 

Moore’s Law. Originating in an article by Intel co-founder Gordon Moore, Moore’s Law 

is essentially the prediction that the number of transistors on circuits will double 

approximately every two years. Since the publication of that seminal article in 1965, 

Moore’s Law has held to be true for several transistor-count-related measures such as 

image resolution, computer memory (both RAM and hard-drive storage space) and – 

most importantly – processing speed.26 

Assuming Moore’s law to continue ad infinituma, it is interesting to compare the 

rate of the increase in processing capabilities according to Moore’s Law against the 

increase required in processing speed for greater size and time scales in MD simulation 

systems. For example, it is known that the relationship between the time scale of an MD 

simulation and the computer processing power necessary can be described as O(n), 

                                                 
a
 This is not so big an assumption as some have indicated. While transistor size cannot decrease 

infinitely, (eventually there is a fundamental barrier as transistors are reduced to the size of atoms), the 

amount of transistors which can be fit onto a single chip will be able to increase at a rate that compensates 

[for the size minimizat ion barrier] as larger and larger chips are manufactured. 
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meaning that the computing power for a simulation increases linearly with time. It is also 

known that using the most efficient known force field functions, which employ a method 

called particle mesh Ewald approximations,27 the relationship between system size 

(number of particles) and computing power can be described as O(n•log(n)). This means 

that as system size increases, the computing power needed for simulation increases more 

than linearly but less than quadratically. Quantitatively, multiplying the time-length of a 

simulation by 50 will require 50 times more computing power, but multiplying the 

system size by 50 will require 84.95 times more computing power. 

With respect to size scales, it is important to note that systems such as those 

indicated above are only accessible to MD if there can be an in vivo structure generated 

by X-ray, NMR, or some other technique. For example, an entire cell could not be 

simulated by MD unless the static structure for a cell was generated, with the coordinates 

of all 10 billion atoms in the entire cell. This is not possible, barring the advent of some 

revolutionary new structural biology technique. However, it is noted by Dror et al. that 

the solution to this problem could lie in the “hierarchical and modular organization” of 

complex structures and that such structures could be simulated on multiple scales 

simultaneously which employ appropriate detail (or lack thereof) at each scale.5 

Using these relationships and Moore’s Law, we can approximate what sorts of 

scales of time and size will be accessible to MD simulations and in how many years. 

Table 1 below displays the results of these approximations. 

Observe that in only 50 years, the time scale at which a solvated protein will be 

able to be simulated will have increased to approximately 3.3•104 s, or 9.2 hours. It is not 

entirely clear how the observation of protein function on such a large time scale would be 
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useful, but one can imagine for example observing the long term effects of caffeine’s 

well-known inhibitions of adenosine receptors and the phosphodiesterase enzyme or – 

more directly relevant to this thesis – observing the long-term gating, binding, and ion 

transport effects of ethanol on its many protein targets in order to examine the entire 

mechanism for inebriation via alcohol consumption. 

 

Table 1. The system sizes and simulation lengths available up to 50 years from the present, in intervals of 

10. A rate of computational power improvement proportional to Moore’s Law is assumed, shown in the 

column labeled “Computing Power”. Two sets of data are shown, the first presenting improvements in time 

[O(n)] with size held constant, and the second presenting improvements in size [O(n•log(n))] with time 

held constant. The initial points at 0 years are taken from the experiments of Shaw et al. and Sanbonmatsu 

et al, respectively.
22,23

 The numbers of atoms in a human mitochondrion and human fibroblast were either 

borrowed or approximated from data available from Harvard’s BioNumbers database.
28

 

 

Years 
from 

Present 

Computing 
Power 

Size 1         
(# atoms) 

Corollary 
1 

Time 1 
(s) 

Size 2         
(# atoms) 

Corollary 2 Time 2 
(s) 

0 x 1.40E+04 Solvated 
Protein 

1.00E-03 2.00E+06 Ribosome 2.00E-
09 

10 32x 1.40E+04 Solvated 
Protein 

3.20E-02 4.70E+07  2.00E-
09 

20 1024x 1.40E+04 Solvated 
Protein 

1.02E+00 7.89E+08  2.00E-
09 

30 32768x 1.40E+04 Solvated 
Protein 

3.28E+01 1.67E+10 Mitochondrion 2.00E-
09 

40 1048576x 1.40E+04 Solvated 
Protein 

1.05E+03 3.96E+11  2.00E-
09 

50 33554432x 1.40E+04 Solvated 
Protein 

3.36E+04 1.00E+13 Human 
Fibroblast 

2.00E-
09 

 

 

In terms of system size, we observe that in 30 years it will be possible to simulate 

a mitochondrion for 2 ns, and that in 50 years it will be possible to simulate an entire 

human fibroblast cell for the same amount of time. Of course, nothing entirely useful can 
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be observed in 2 ns of operation for either of these biological bodies, but the idea of each 

is still astounding.  

In fact, the numbers predicted in Table 1 represent a very low boundary for these 

sorts of predictions for several reasons: First, 4 years and 9 years have passed since the 

simulations of the two experiments used for initial conditions. Second, the rate of 

increase of MD simulations for the past 10 years has been remarkably higher than the rate 

predicted by Moore’s Law due to the development of more efficient MD algorithms, the 

creation of computers tailored specifically for MD simulations, and advances in parallel 

processing.5 Finally, the advances in parallel processing mentioned introduce a new 

factor into the efficiency of MD simulation. It is well known that MD efficiency has 

become proportional to the ratio of number of atoms to number of processors. Thus, as 

the number of parallel processors in a computer increases, the computational power 

needed for each one decreases. Currently there are limits to the number of processors 

which can work in parallel before an efficiency ceiling is reached, but this ceiling can be 

consistently raised with the development of new parallel processing algorithms which are 

tailored for very large numbers of processors. 

Accounting for all of these factors mentioned above, I find it not unreasonable to 

predict the simulation of mitochondria on the order of seconds rather than nanoseconds 

within 30 years, and the simulation of human fibroblast cells on the order of seconds 

within 50 years. It is more than reasonable to expect the simulation of entire cells, tissues, 

and possibly even entire organisms within the next 100 years – barring any limits 

incurred by a lack of computational resources, computing costs, or other factors which 

are possible but unlikely within the next century. 
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The implications of such prediction are breathtaking. For example, if MD will be 

capable of simulating a human fibroblast cell in 50 years, it will certainly be capable of 

simulating a similarly-sized pluripotent stem cell in about the same amount of time. The 

simulation of human stem cells could effectively make an entire moral debate irrelevant. 

Additionally, (though less likely and much, much further away than 50 years), if the 

simulation of an entire human being can ever be achieved for relevant timescales, the 

need for clinical trials and human research could be entirely eliminated. Simulations 

could be designed for such varied areas of testing as pharmaceutical studies, exercise 

studies, and practice surgeries. 

While 50 years may seem like a long time, we remember that it was only 50 years 

ago that Alder and Wainwright were simulating only 50 particle systems to study fluid 

dynamics. The number of questions that will be able to be addressed by molecular 

dynamics simulation within the next 50 years is astounding, and it will be more than 

interesting to see what incredible discoveries are made by such a rapidly-advancing 

scientific tool. 
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CHAPTER TWO 

 
An Introduction to the Current Work 

A Review of the Related Literature 

Excessive alcohol consumption has long been among the most popular of 

recreational drug uses. Yet despite increasing public awareness of the dangers of such 

activities, there is no sign that they are decreasing in popularity. In fact, from 1998 to 

2005 in U.S. college students, the number who reported consuming more than four drinks 

in the last month increased 7% and the number who self-reported driving under the 

influence in the past year increased 9% (to almost 30% of the students surveyed). In the 

same study, it was reported that alcohol-related unintentional deaths increased 3% per 

100,000 over the same course of time.29 Additionally, from 2002-2012 more than 17.7 

million Americans consistently identified as alcohol-dependent or alcohol-abusing.30 As a 

result of the severity of these results and others like them, it is imperative to better 

understand the physiological effects of alcohol in an effort find clinical solutions to 

alcohol-induced inebriation and alcohol dependency. 

Though the behavioral effects of alcohol consumption are both well-known and 

well-studied – including depressive effects on arousal and attention, euphoria, amnesia, 

and impairment of motor control and reflexes – the precise molecular mechanisms for 

these effects are largely unknown, especially with respect to the impairment of motor 

control and reflexes.31,32 Alcohol’s primary target in humans has long been shown to be 

the central nervous system (CNS), which is often initially excited before gradual 
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depression occurs. However, there have been shown both acute and chronic effects to the 

nerve tissues of the peripheral nervous system (PNS) resultant from alcohol 

consumption.33 

Molecular dynamics simulation (MD) was first used as a tool to investigate the 

specific molecular effects of ethanol on a protein target in the CNS by Cheng et al. in 

2008.34 In the few years since, MD has been used primarily by both the same and other 

research groups to investigate the molecular targets of ethanol by looking for 

hydrophobic binding sites in simulations with proteins which have been experimentally 

shown to be affected by ethanol. These CNS targets tend largely to be either ligand-gated 

ion channels (GLICs) of one kind or another, or receptors which belong to pathways 

involving ion transport in some way (e.g. GABA receptors and glycine receptors).32,35  

However, even with simulations of 1 µs in length for these CNS binding targets, 

the conformational changes which are thought to happen as a result of binding cannot be 

observed.36 These conformational effects, which ultimately result in an effect on ion 

transport, are thought to happen on the order of milliseconds.32 

Thus, MD is much more useful for looking at effects of alcohol which occur on 

much shorter timescales, such as its immediate, non-binding effects on the ion transport 

of action potential (AP) related voltage-gated channels in both the CNS and PNS. It has 

been shown previously that MD simulations of ion channels in a trans-membrane 

environment accurately reflect experimental results.36,41 The physiological accuracy of 

such a modeled system is not altered with the addition of ethanol to environments 

representing the CNS or the PNS, as ethanol is known to cross the blood-brain barrier, 



 

22 

 

resulting in similar concentrations of ethanol in both the blood and the brain shortly after 

consumption. 

Alcohol was shown very early (as early as 1970) to inhibit sodium-related 

voltage-gated ion transport in particular in both an in vitro experiment on a squid giant 

axon and an in vivo experiment in dog tracheal tissues.37,38 It is noted that within the 

literature, experimental studies on the effect of ethanol on ion transport have primarily 

been conducted only on specific voltage-gated K+ and Ca2+ ion channels.39 One study on 

Na+ ion transport in channels from human brain tissue concluded that while ethanol 

imposes a concentration-dependent inhibition of ion transport in such channels, it is not 

of clinical significance. However, this study was done on planar bilayer membrane and 

thus required the use of the alkaloid toxin batrachotoxin, which was admitted to have 

possibly altered the conductance observed.40 To our knowledge, there has been no further 

experimental work on ion transport in a voltage-gated Na+ channel. 

The relevance of voltage-gated Na+, K+, and Ca2+ channels to AP’s specifically, 

and thus PNS signal transmission in general, is thought to be significant enough to 

investigate the effects of ethanol on each in order to assess the cumulative effects of 

ethanol on APs as a whole. Voltage-gated Na+ channels are particularly accessible for 

investigation via MD at present due to the availability of a homologous channel structure 

in the open conformation.41 The open-conformation structure is necessary to accurately 

assess ion transport effects, due to the relatively slow nature of conformational change as 

described above. 
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The Objective of This Experiment 

It is the aim of this experiment, and this thesis as a whole, to employ molecular 

dynamics simulations in order to investigate the effects of ethanol on ion transport in the 

NavMs voltage-gated sodium channel, and to analyze such effects in light of previous 

experimental results, observed behavioral effects, and signal transmission as a whole. 
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CHAPTER THREE 

 
Methods and Materials 

Computational Resources 

All calculation, simulation, and visualization for this work was conducted on a 

Dell Precision T3500 running Red Hat Enterprise Linux 5.0 with the GNOME Terminal 

2.16.0 command line on an Intel Xeon n-series 4-core processor. All simulation 

preparations and the simulations themselves were conducted using the Desmond 

Molecular Dynamics System code available from D. E. Shaw Research, integrated with 

the Maestro molecular modeling environment provided by Schrödinger, LLC.42-44 

Visualization and trajectory analysis were conducted using the Visual Molecular 

Dynamics (VMD) molecular graphics program from Humphrey et al. at the Theoretical 

Biophysics Group of the University of Illinois at Urbana-Champaign.45 

As no voltage-gated Na+ channel is available from Homo sapiens in the open 

conformation, the homologous bacterial voltage-gated Na+ channel NavMs, from the 

bacterium Magnetococcus sp., was used for simulation. The structure of NavMs in a lipid 

bilayer membrane was obtained from the Orientations of Proteins in Membranes database 

(OPM).46 The lipid bilayer was constructed using OPM’s typical membrane placement 

methodology.47 The crystal structure of NavMs which I employed was made available 

from the Protein Data Bank (PDB).48 This structure, with a PDB ID of 3ZJZ was 

published in conjunction with work done on the NavMs channel by Bagnéris et al. in 

2013.41 The majority of simulation parameters below were selected in reference to those 
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of the work done by Ulmschneider et al. in 2013 on a prior structure for NavMs from the 

same research group, particularly the concentration of 0.5 M NaCl, although no other 

values of theirs have persisted in my work.49,50 

 

 

Simulation of the NavMs Channel Without Ethanol 

The structure of the NavMs channel in a lipid bilayer membrane was imported 

into the Maestro workspace from the OPM database as referenced above. All ‘dummy 

atoms’ included in the uploaded .pdb structure file were selected and subsequently 

deleted.a  

The current workspace – at this point only including the protein structure with no 

membrane – was pre-processed using Maestro’s ‘Protein Preparation Wizard.’ During 

pre-processing three tasks were performed: (1) all non-protein crystal artifacts including 

waters, ions, and any ligands were removed (2) crystal hydrogens were deleted and 

hydrogen atoms were added to all protein residues as warranted, and (3) the locations of 

any disulfide bonds were detected and the bonds themselves were placed. After pre-

processing, the Protein Preparation Wizard noted any overlapping atoms or missing 

residue side chains. If preparation was successful, there were no such errors. 

The Maestro ‘System Builder’ tool was used in order to finalize preparation of the 

workspace for Molecular Dynamics simulation. This tool primarily performed six tasks in 

order to prepare the modeled system: (1) a simulation box of size [81, 81, 81] in units of 

Å was selected in order to provide at least a 10 Å buffer for the protein in all directions, 

                                                 
a
 Dummy atoms are non-meaningful atoms placed in an OPM constructed .pdb file in order to 

mark the location of a membrane. They are recognized in Maestro as having the residue abbreviation 

DUM. 
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(2) a lipid bilayer membrane was placed around the protein according to OPM 

coordinates utilizing POPC phospholipid models and extending to the simulation box in 

the x and y directions,51 (3) the system was solvated in a solution of TIP3P water 

models,52 (4) 0.5 M NaCl was placed in solution for comparability with the work from 

Ulmschneider et al. as mentioned above, (5) ion and water placement was excluded 

within 3 Å of the protein, and (6) OPLS-AA 2005 force field parameters were elected for 

utilization for both this preparation and all later simulations.53 A Desmond structure file 

ending in ‘.cms’ and including OPLS-AA potentials for all atoms was generated by the 

system builder, reflecting the parameters above. After generation, the number of atoms in 

the system and the concentration of NaCl were 46,206 atoms and 0.545 M respectively. 

All further simulation configurations were done manually with modification to the 

‘relax.msj’ file provided with the Desmond software, which is a multi-stage simulation 

protocol recommended for the proper relaxation and minimization of membrane-protein 

systems, and to the corresponding .cfg file. Files ending in ‘.msj’ will from here forward 

be referred to as ‘multi-sim files’ and files ending in ‘.cfg’ will from here forward be 

referred to as ‘configuration files’. Constraints with a force constant of 10 kcal/mol in 

magnitude were placed on the protein backbone throughout all stages of relaxation, 

minimization, and simulation in the multi-sim file. In the final stage of simulation, here 

forward called the ‘production simulation’, a constant electric field of 0.5 kcal/(mol∙Å) 

was applied in the negative z direction (see Appendix A for an example multi-sim code) in 

order to approximate an electrochemical gradient present at a cell membrane.  

Changes were made to the ethanol-negative production simulation configuration 

file such that the following settings were used: (1) the simulation time was 10 ns (10,000 
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ps), (2) the time step was quite standard at 2 fs, (3) the simulation temperature was 310 K 

in order to slightly increase ion kinetics, (4) the simulation was performed in an NPT 

(constant moles, pressure, temperature) ensemble, (5) the simulation pressure was 

standard pressure (1.01325 bar), (6) a 10.0 Å cutoff was used for all Particle Mesh Ewald 

interactions (long-distance interactions), (7) the “glue” parameter was set to “none” such 

that no particles were glued together during simulation, and (8) the simulation was 

performed on all four processor cores with a distribution of [1x2x2]. 

The simulation was run from the command line in Desmond’s ‘umbrella’ mode, 

with a job name of 3ZJZNoEth1, input files of 3ZJZNoEth1.msj, 3ZJZNoEth1.cfg, and 

3ZJZNoEth1.cms, and an output file name of 3ZJZNoEth1-out.cms. Simulation progress 

was tracked within Maestro. After this initial simulation was complete, it was decided to 

continue the simulation for an additional 10 ns under the name 3ZJZNoEth2-1Cont. This 

second simulation began immediately at the end of the first, with all simulation 

parameters and configurations identical. See Appendix C for an example command line 

command. 

Visualization and trajectory analysis were performed in VMD by first loading the 

file 3ZJZNoEth1-in.cms, followed by the file clickme.dtr in the 3ZJZNoEth1.trj folder. 

Trajectory movies were generated in the MPEG-1 (ppmtompeg) format from Internal-

Tachyon-rendered images using VMD’s MovieMaker tool. The “Trajectory” setting was 

selected under “Movie Settings” in order for the movie to stay from a static point of view. 
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Simulation of the NavMs Channel With Ethanol 

The structure of the NavMs channel in a lipid bilayer membrane was imported 

into the Maestro workspace from the OPM database as referenced above. All ‘dummy 

atoms’ included in the uploaded .pdb structure file were selected and subsequently 

deleted. 

The number of ethanol molecules needed in the solvent to achieve a half-

anesthetic concentration of 100 mM was calculated to be approximately eight molecules 

using the densities of ethanol and water at 310 K as provided by a tool available from the 

Dortmund Data Bank.54,55 As such, eight ethanol molecules were manually and randomly 

placed with the ECF and minimized locally. These sixteen ethanol molecules were tagged 

in Maestro with the residue name ‘UNK’, indicating an unknown residue, in order to be 

treated as part of the protein system during pre-processing.  

The current workspace – at this point only including the protein structure and 

ethanol with no membrane – was pre-processed using Maestro’s ‘Protein Preparation 

Wizard.’ During pre-processing three tasks were performed: (1) all non-protein crystal 

artifacts including waters, ions, and any ligands were removed (2) crystal hydrogens were 

deleted and hydrogen atoms were added to all protein residues as warranted, and (3) the 

locations of any disulfide bonds were detected and the bonds themselves were placed. All 

ethanol in the ECF remained during pre-processing due to being labeled as protein 

residues. After pre-processing, the Protein Preparation Wizard noted any overlapping 

atoms or missing residue side chains. If preparation was successful, there were no such 

errors. 
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The Maestro ‘System Builder’ tool was used in order to finalize preparation of the 

workspace for Molecular Dynamics simulation. This tool primarily performed six tasks in 

order to prepare the modeled system: (1) a simulation box of size [80, 80, 81] in units of 

Å was selected in order to provide at least a 10 Å buffer for the protein in all directions, 

(2) a lipid bilayer membrane was placed around the protein according to OPM 

coordinates utilizing POPC phospholipid models and extending to the simulation box in 

the x and y directions, (3) the system was solvated in a solution of TIP3P water models, 

(4) 0.5 M NaCl was placed in solution for comparability with the work from 

Ulmschneider et al. as mentioned above, (5) ion and water placement was excluded 

within 3 Å of the protein or ethanol, and (6) OPLS-AA 2005 force field parameters were 

elected for utilization for both this preparation and all later simulations. A Desmond 

structure file ending in ‘.cms’ and including OPLS-AA potentials for all atoms was 

generated by the system builder, reflecting the parameters above. After generation, the 

number of atoms in the system and the concentration of NaCl were 46,341 atoms and 

0.546 M respectively.  

All further simulation configurations were done manually with modification to the 

‘relax.msj’ file provided with the Desmond software and to the corresponding .cfg file. 

Constraints with a force constant of 10 kcal/mol in magnitude were placed on the protein 

backbone throughout all stages of relaxation, minimization, and simulation in the multi-

sim file. In the production simulation, a constant electric field of 0.5 kcal/(mol∙Å) was 

applied in the negative z direction (see Appendix A for an example multi-sim file) as 

before.  
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Changes were made to the ethanol-positive production simulation configuration 

file such that the following settings were used: (1) the simulation time was 10 ns (10,000 

ps), (2) the time step was quite standard at 2 fs, (3) the simulation temperature was 310 K 

in order to slightly increase ion kinetics, (4) the simulation was performed in an NPT 

(constant moles, pressure, temperature) ensemble, (5) the simulation pressure was 

standard pressure (1.01325 bar), (6) a 10.0 Å cutoff was used for all Particle Mesh Ewald 

interactions (long-distance interactions), (7) the “glue” parameter was set to “none” such 

that no particles were glued together during simulation, and (8) the simulation was 

performed on all four processor cores with a distribution of [1x2x2]. 

The simulation was run from the command line in Desmond’s ‘umbrella’ mode, 

with a job name of 3ZJZEth2, input files of 3ZJZEth2.msj, 3ZJZEth2.cfg, and 

3ZJZEth.cms, and an output file name of 3ZJZEth2-out.cms. Simulation progress was 

tracked within Maestro. After this initial simulation was complete, it was decided to 

continue the simulation for an additional 10 ns under the name 3ZJZEth3-2Cont. This 

second simulation began immediately at the end of the first, with all simulation 

parameters and configurations identical. See Appendix C for an example command line 

command. 

Visualization and trajectory analysis were performed in VMD by first loading the 

file 3ZJZEth2-out.cms, followed by the file clickme.dtr in the 3ZJZEth2.trj folder. 

Trajectory movies were generated in the MPEG-1 (ppmtompeg) format from Tachyon-

rendered images using VMD’s MovieMaker tool. The “Trajectory” setting was selected 

under “Movie Settings” as before. 
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Example multi-sim files, configuration files, and command line commands are 

available in the Appendices. 

The resulting simulation system is shown below in Figure 4. 

 

 

Figure 4. The NavMs simulation system. This picture was generated mid-simulation during the ethanol-

positive simulation. The NavMs ion channel is visualized in gold  in a cartoon representation. The 

phospholipid bilayer membrane is visualized in a green space-filling model. Ethanol molecules are 

visualized in silver. The water solvent is visualized as a transparent blue surface model. Sodium and 

chloride ions are visualized within the water solvent in gold and green, respectively. 
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CHAPTER FOUR 

 
Results and Discussion 

 

Videos of the two final “production” simulations have been generated with 

protein, ions, ethanol (if present) and part of the lipid bilayer visualized and are available 

for the reader’s reference online as follows: (1) NoEthPart1.mpg – The first 10 ns of the 

ethanol-negative simulation, (2) NoEthPart2.mpg – The second 10 ns of the ethanol-

negative simulation, (3) EthPart1.mpg – The first 10 ns of the ethanol-positive 

simulation, and (4) EthPart2.mpg – The second 10 ns of the ethanol-positive simulation. 

(1) https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/NoE

thPart1.mpg 

(2) https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/NoE

thPart2.mpg 

(3) https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/EthP

art1.mpg 

(4) https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/EthP

art2.mpg 

For the sakes of both clarity and convenience, for the remainder of this chapter I 

will refer to the ethanol-negative simulation as NoEthSim and to the ethanol-positive 

simulation as EthSim. 

It is found that after 20 ns of simulation of ion transport in the NavMs channel, 

the rate of ion transport is increased by 6.24% with the presence of 100 mM ethanol in 

https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/NoEthPart1.mpg
https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/NoEthPart1.mpg
https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/NoEthPart2.mpg
https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/NoEthPart2.mpg
https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/EthPart1.mpg
https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/EthPart1.mpg
https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/EthPart2.mpg
https://bearspace.baylor.edu/Dustin_Buller/public/NavMsSimMovies/EthPart2.mpg
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the solvent. The current through the channel calculated for NoEthSim is reported at 64.4 

pA, as compared with 68.4 pA for EthSim.  

These values for current compare well with the work done by Ulmschneider et al. 

on the same channel. Their work was conducted at lower voltages, but if it were projected 

in a linear trend to the voltage used in this experiment, it would have produced a current 

of approximately 86.8 pA.50 This higher value for current can be accounted for by 

recalling that the work of Ulmschneider et al. was done on the (PDB ID) 4F4L structure 

for NavMs, which was missing the coordinates for several internal side-chains relevant to 

ion transport. These missing side chains were later visualized in the 3ZJZ structure used 

in this experiment, and shown to be part of an important “hydrophobic gate” region at the 

intracellular side of the channel.41 Thus, the absence of these residues would result in a 

slightly lower resistance for the channel and more than account for the difference in 

currents mentioned. 

When compared with the same-voltage projection of 44.5 pA for experimental 

work, the current we report again agrees well considering that the experimental work was 

done in the presence of the known conductance-suppresor batrachotoxin as mentioned 

above.40 

Ion transport was observed to occur across the channel in a “knock-on” mechanism 

analogous to that described by Jensen et al. in their studies of a voltage-gated potassium 

channel (Figure 5).56,57 Within the NavMs channel in particular, the ions are seen to 

traverse the channel in four distinctive steps: (1) sodium ions are drawn to the 

extracellular channel entrance by the presence of four negatively-charged glutamate  
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Figure 5. An example of the “knock-on” mechanism, taken from the ethanol-positive simulation. The 

NavMs protein is colored by residue type, with hydrophobic residues in white, hydrophilic residues in 

green, negatively-charged residues in red, and positively-charged residues in blue. The four critical 

glutamate residues are visualized in the purple licorice model. Sodium ions are shown in gold and labeled 

with numbers for clarity. Note the way in which ion 1 displaces ion 2 with enough force to push both ions 2 

and 3 out of the channel. 

 

residues, (2) when a second ion is drawn to the area of the glutamate residues with 

enough force such that its repulsion of the first ion plus the transmembrane potential 

overcome the attractive forces between the first ion and the glutamate residues, the first 

ion will move into the center of the channel, (3) ions are drawn successively through 

about three additional “ion-binding sites” as proposed by Ulmschneider et al, due to the 

transmembrane potential,50 and (4) ions must ultimately overcome a “hydrophobic gate” 
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at the extracellular exit to the channel. While “knocking-on” is only seemingly 

energetically necessary for an ion to move past the 4-Glu binding site, knocking-on 

frequently occurs throughout the channel, resulting in much stronger ion movements than 

the transmembrane potential alone.   

This mechanism allows for an energetic explanation of the increased rate of ion 

transport in EthSim. Ethanol is significantly less polar than water, with a well-known 

relative polarity to water of approximately 0.55. Therefore, it is much more energetically 

favorable for the charged sodium ions to interact with water molecules than ethanol 

molecules. When ethanol is present in the solvent, the presence of ethanol molecules 

above the channel entrance creates less of an “extracellular pull” on ions attempting to 

overcome the 4-Glu interactions and enter the channel. This difference results in 

frequently occurring lower energy barrier at the 4-Glu site for sodium ions, resulting in 

faster movement through this initial filter. As ions can be carried throughout the rest of 

the channel by the transmembrane potential, the ethanol interactions result in an 

increased rate of ion transport on the whole. 

Additionally, there is an interesting phenomena observed throughout EthSim 

which is of unknown relevance. Throughout approximately 22.5% of the 20 ns simulation 

time for EthSim, there is at least one ethanol molecule interacting with the underside of 

the NavMs hydrophobic gate, and effectively blocking the intracellular channel exit 

(Figure 6). This interaction is sensible, considering that it is much more favorable for 

ethanol to be interacting with the hydrophobic valine, leucine, and alanine residues found 

in this area of the channel. However, the extent to which this blockage affects the rate of 

ion transport is unknown. If the hydrophobic interactions between the hydrophobic gate 
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residues and ethanol are strong enough to hold ethanol in that position and repel ion exits, 

it could indeed be inhibiting ion transport. The significance of this effect could be further 

investigated in simulations at varied concentrations of ethanol. 

 

 

Figure 6. Two ethanol molecules blocking the intracellular channel exit. The NavMs channel is visualized 

from the intracellular side, and is colored according to residue type, with hydrophobic residues in white, 

hydrophilic residues in green, positively-charged residues in blue, and negatively-charged residues in red. 

 

It is noted that the increased rate observed is contrary to the results achieved by 

Frenkel et al in vitro.40 That group’s work was not on the NavMs channel in particular, 

but the disagreement obviously merits further investigation as to the effects of ethanol’s 

effects on ion transport in NavMs at longer timescales and various concentrations of 

ethanol. However, there are two explanations which could shed light on the overall 

context of the increased rate observed. First, it could be that at longer timescales or 
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concentrations of ethanol more similar to those of Frenkel et al., ion transport is indeed 

slowed in the NavMs channel.  

Second, and more clinically interesting, is to approach the result observed from 

the standpoint of human nervous action potentials as a whole. It could be that within the 

context of the NavMs channel, alcohol does consistently increase the rate of ion 

transport, yet other effects on K+ and Ca2+ channels involved action potentials result in an 

overall decrease in ion transport and signal conduction as observed experimentally and 

behaviorally. 

Thus, future directions in this work will include further simulation of the NavMs 

channel at longer timescales, and with varying voltages and concentrations of ethanol. 

We also intend to investigate the effects of ethanol on appropriate voltage-gate potassium 

and calcium channels in a similar manner, in order to assess the effect of alcohol on 

human peripheral signal transmission as whole. Additionally, it is noted that although it 

has been shown that no acetaldehyde is normally present within the brain, it would be 

interesting to study the effects of acetaldehyde on peripheral signal transmission as well, 

as it is the primary product of ethanol metabolism in humans.58 

Altogether, these simulations elucidate a possible molecular mechanism for an 

increased rate of ion transport in the NavMs channel in ethanol, further establish NavMs 

as a good channel for simulation studies, and ultimately lay the foundation for an 

investigation into the effects of ethanol on signal transmission in the human peripheral 

nervous system, which could possibly bear significant clinical relevance upon 

completion.  
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APPENDIX A 

 
3ZJZNoEth1.msj – An Example Desmond Multi-Sim File Which Was Used for Part One 

of the Ethanol-Negative Simulations 

 
 

# The lipid-protein equilibration/relaxation protocol was 

developed by Dmitry Lupyan in collaboration with Schrodinger Inc 

researchers.  Unpublished, 2009 

# Modified to fit the NavMs Sodium Ion Channel System by Dustin 

Buller, 2014 

# Desmond membrane relaxation protocol 

# All times are in the unit of ps. 

# Energy is in the unit of kcal/mol. 

 

task { 

   task = "desmond:auto" 

   set_family = { 

      desmond = { 

         checkpt.write_last_step = no 

      } 

   } 

} 

 

minimize { 

   title                  = "Minimization with restraints on 

solute heavy atoms, protein, and          

alcohol" 

   max_steps              = 2000 

   steepest_descent_steps = 10 

   convergence            = 50.0 

   restrain               = [{ atom = solute_heavy_atom   

force_constant = 50.0 } 

                             { atom = "backbone"          

force_constant = 50.0 } 

               { atom = "asl:res.ptype UNK" 

force_constant = 10.0 }] 

} 

 

minimize { 

   title                  = "Minimization with only protein and 

alcohol restraints" 

   max_steps              = 2000 

   steepest_descent_steps = 10 

   convergence            = 5.0 

   restrain               = [{ atom = "backbone"          

force_constant = 10.0 } 
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               { atom = "asl:res.ptype UNK" 

force_constant = 10.0 }] 

} 

 

simulate { 

   #4 Heating, H2O Barrier and Gradual restraining 

   title       = "Heating from 0 -> 300.0 K, H2O Barrier and 

Gradual restraining" 

   annealing   = on 

   time        = 60 

   timestep    = [0.001 0.001 0.003] 

   ensemble    = { 

   class  = NVT 

   method = Berendsen 

   thermostat.tau = 0.1 

   } 

   temperature = [[10.0 0.0] [300.0 60.0]] 

   restrain    = [{ atom = solute_heavy_atom   force_constant = 

50.0 } 

                  { atom = "backbone"          force_constant = 

50.0 } 

    { atom = "asl:res.ptype UNK" force_constant = 10.0 

}] 

   backend     = { 

      # Gaussian Barrier Potential 

      force.term = {  

         list = [ GaussianForce ] 

         GaussianForce={ 

            type = GaussianForce 

            grp_energy = [ 1 1 ] 

            mu = [ -10.0 10.0 ] 

            sigma = [ 0.5 0.5 ] 

            A = [ 10.0 10.0 ] 

         } 

      } 

      mdsim = {       

         plugin.posre_schedule = { 

            schedule = { 

               time = [ 0 60.0 ] 

               value = [1.0 0.2 ] 

            } 

         } 

         plugin.list = ['!append!' posre_schedule] 

      } 

   } 

} 

 

simulate { 

   # 5 NPT equilbration with Barrier 

   title       = "NPT equilibration with H2O Barrier with heavy 

atoms restrained" 

   time        = 200 
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   timestep    = [0.001 0.001 0.003] 

   ensemble    = NPT 

   temperature = 300.0 

   restrain    = [{ atom = solute_heavy_atom   force_constant = 

10.0 } 

                  { atom = "backbone"          force_constant = 

10.0 } 

    { atom = "asl:res.ptype UNK" force_constant = 10.0 

}] 

   backend     = { 

      # Gaussian Barrier Potential  

      force.term = {  

         list = [ GaussianForce ] 

         GaussianForce={ 

            type = GaussianForce 

            grp_energy = [ 1 1 ] 

            mu = [ -10.0 10.0 ] 

            sigma = [ 0.5 0.5 ] 

            A = [ 10.0 10.0 ] 

         } 

      } 

   } 

} 

 

simulate { 

   # 6 NPT equilbration 

   title       = "NPT equilibration of solvent and lipids" 

   time        = 100 

   ensemble    = NPT 

   temperature = 300.0 

   restrain    = [{ atom = solute_heavy_atom   force_constant = 

10.0 } 

                  { atom = "backbone"          force_constant = 

10.0 } 

    { atom = "asl:res.ptype UNK" force_constant = 10.0 

}] 

} 

 

simulate { 

   # 7 NPT equilbration 

   title       = "NPT with protein heavy atoms annealing 10.0 -> 

2.0 kal/mol"  

   time        = 600 

   ensemble    = NPT 

   temperature = 300.0 

   restrain    = [{ atom = "solute_heavy_atom"            

force_constant = 10.0 } 

                  { atom = "asl:mol.entry 1 AND backbone" 

force_constant = 10.0 } 

    { atom = "asl:res.ptype UNK"            

force_constant = 10.0 }] 

   backend     = { 
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      mdsim = {       

         plugin.posre_schedule = { 

            schedule = { 

               time = [ 0 600.0 ] 

               value = [1.0 0.2 ] 

            } 

         } 

         plugin.list = ['!append!' posre_schedule] 

      } 

   } 

} 

 

simulate { 

   # 8 NPT equilbration 

   title       = "NPT with C_alpha atoms restrained at 2 

kcal/mol" 

   time        = 100 

   ensemble    = NPT 

   temperature = 300.0 

   restrain    = [{ atom = "asl:atom.ptype CA" force_constant = 

2.0 } 

                  { atom = "backbone"          force_constant = 

10.0 } 

    { atom = "asl:res.ptype UNK" force_constant = 10.0 

}] 

} 

 

simulate { 

   # 9 NPT equilbration 

   title       = "NPT, with only protein and alcohol restraints"  

   time        = 100 

   ensemble    = NPT 

   temperature = 300.0 

   restrain    = [{ atom = "backbone"          force_constant = 

10.0 } 

    { atom = "asl:res.ptype UNK" force_constant = 10.0 

}] 

} 

 

 

 

 

# command example: 

# $SCHRODINGER/utilities/multisim -JOBNAME relax -HOST localhost 

-mode umbrella -cpu 1 -i relax-in.cms -m relax.msj  

 

 

simulate { 

   cfg_file = "3ZJZNoEth1.cfg" 

   jobname  = "$MASTERJOBNAME" 

   dir      = "." 

   compress = "" 
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   restrain = { atom = "backbone" force_constant = 10.0 } 

   backend     = { 

      # Electric Field in Z Direction  

      force.term = {  

         list = [ e_bias ] 

         e_bias = { 

            type = e_bias 

            E_applied = [ 0.0 0.0 -0.5 ] 

            schedule = none 

         } 

      } 

   } 

} 

 

# Job launching command: 

# $SCHRODINGER/utilities/multisim -JOBNAME ProductionRun6Eth -

HOST master_job_host -maxjob 0 -cpu "2 2 2" -m 

ProductionRun6Eth.msj -c ProductionRun6Eth.cfg -o 

ProductionRun6Eth-out.cms ProductionRun6Eth.cms -mode umbrella 
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APPENDIX B 

 
3ZJZNoEth1.cfg – An Example Desmond Configuration File Which Was Used for Part 

One of the Ethanol-Negative Simulations 

 
 

annealing = false 

backend = { 

} 

checkpt = { 

   first = 0.0 

   interval = 240.0 

   name = "$JOBNAME.cpt" 

   write_last_step = true 

} 

coulomb_method = ["pme" 1e-09 ] 

cpu = [1 2 2 ] 

cutoff_radius = 10.0 

elapsed_time = 0.0 

energy_group = false 

eneseq = { 

   first = 0.0 

   interval = 1.2 

   name = "$JOBNAME$[_replica$REPLICA$].ene" 

} 

ensemble = { 

   barostat = { 

      tau = 2.0 

   } 

   class = "NPT" 

   method = "MTK" 

   thermostat = { 

      tau = 1.0 

   } 

} 

fep = { 

   i_window = ? 

   lambda = "default:12" 

   output = { 

      first = 0.0 

      interval = 1.2 

      name = "$JOBNAME$[_replica$REPLICA$].dE" 

   } 

} 

glue = "none" 

maeff_output = { 

   first = 0.0 

   interval = 120.0 
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   name = "$JOBNAME$[_replica$REPLICA$]-out.cms" 

   trjidx = "$JOBNAME$[_replica$REPLICA$]-out.idx" 

} 

meta = false 

pressure = [1.01325 "isotropic" ] 

randomize_velocity = { 

   first = 0.0 

   interval = inf 

   seed = 2007 

   temperature = "@*.temperature" 

} 

simbox = { 

   first = 0.0 

   interval = 1.2 

   name = "$JOBNAME$[_replica$REPLICA$]_simbox.dat" 

} 

surface_tension = 4000.0 

taper = false 

temperature = [ 

   [310.0 0 ] 

] 

time = 10000.0 

timestep = [0.002 0.002 0.006 ] 

trajectory = { 

   first = 0.0 

   frames_per_file = 25 

   interval = 4.8 

   name = "$JOBNAME$[_replica$REPLICA$]_trj" 

   periodicfix = true 

   write_velocity = false 

} 
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APPENDIX C 

 
An Example Command-Line Command Which Was Used for Part One of the Ethanol-

Negative Simulations 

 
/opt/schrodinger/utilities/multisim -PROJ 3ZJZ.prj -DISP append -

JOBNAME 3ZJZNoEth1 -HOST localhost -maxjob 0 -cpu "1 2 2" -m 

3ZJZNoEth1.msj -c 3ZJZNoEth1.cfg -description "3ZJZ Sim without 

Ethanol for 10 additional ns -0.5 z EField" –i 3ZJZNoEth1.cms -

mode umbrella -o 3ZJZNoEth1-out.cms 
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