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Abstract
Computer simulation has become an important tool for the study of biomolecular systems.
This thesis deals with molecular dynamics simulations of one-component lipid bilayers,
which may serve as models for biological membranes.
The main scientific contributions are:
• It is possible to analyze the electrostatic contribution to the surface tension at a
lipid-water interface in terms of dipole-dipole interactions between lipid headgroup
shielded by a dielectric medium (water). The interaction can be divided into two
parts. The in-plane components of the dipoles give rise to a positive, i.e. contractive
contribution to the surface tension, albeit rather short ranged due to them being
fluctuating dipoles. The normal components give rise to a negative, i.e. expansive
contribution that will dominate the interaction at large distances.
• Simulated membrane areas are extremely sensitive to details, especially the treatment
of long-range electrostatic interactions. When cut-offs are used for the electrostatics,
the exact definition of charge groups play an important role. Furthermore, using
Ewald summation for the long-range interactions seems to have an overall stabilizing
effect, and the area becomes less sensitive to other factors, such as system size and
hydration.
• Using atomistic simulations it is possible to study formation and evolution of a
hydrophilic trans-membrane pore in detail. Free energy of pore nucleation and expansion can be calculated using potentials of mean constraint force. The resulting
free energy profile shows no local maximum between the intact and pre-pore states,
contrary to what is suggested by experiments.
• The present force field reproduces even the slowest dynamics in the lipid chains, as
reflected in NMR relaxation rates. Furthermore, since the simulated system was relatively small, the experimentally observed variation of relaxation rates with Larmor
frequency cannot be explained by large scale collective dynamics, or it would not
have shown up in the simulation.
• Lipid lateral diffusion can be studied in detail on all relevant time scales by molecular
dynamics. Using simple assumptions, the different diffusion coefficients measured on
short and long times respectively can be connected in an analytic expression that
fit calculated mean square displacements on timescales ranging from picoseconds to
hundreds of nanoseconds.

Preface
This thesis is the result of my work as graduate student at the Department of
Theoretical Physics at the Royal Institute of Technology during the years 2001 –
2006. It deals with atomistic computer simulations of lipid bilayers.
The matter is structured as follows. In chapter 1, the simulation method called
molecular dynamics is introduced with emphasis on features of specific importance
to my work. Chapter 2 and 3 treat the lipid bilayer as a model for biological
membranes and discusses both structural and dynamical properties. It also connects
simulations to relevant experimental methods. Chapter 4 is more specific, and treats
trans-membrane pores from a theoretical, experimental and computational point of
view. These four chapters constitute the first part, which is meant to serve as a
background and introduction to the scientific papers that make up part II.
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Paper II is a collaboration between me and Olle Edholm in Stockholm, and
Wouter K. den Otter and Wim J. Briels of the University of Twente, the Netherlands. I had already begun to look at pore formation processes, when they approached us with a proposal. They had devised a clever reaction coordinate that
they wanted to employ in atomistic simulations. I implemented the reaction coordinate as well as the PMCF method into GROMACS, based on their implementation
in another software. I performed all simulations and data analysis, as well as did
most of the writing myself. The analytical model for the line tension presented in
the appendix is entirely my own work.
Paper III is in parts an extension of an earlier work published by Erik Lindahl
and Olle Edholm. For this paper, I performed the simulation and made the rather
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Part I

Background

1

Chapter 1

Computer simulations of molecular
systems
1.1

A brief review of molecular simulations

When Alder and Wainwright in the late 1950’s studied a hard sphere liquid by
means of computer simulations [1], they were pioneering into a brand new discipline of the natural sciences. The model they used was the simplest possible with
perfectly elastic collisions. Soon, in 1964, Rahman was able to refine the model to
include continuous (Lennard-Jones) potentials, which gave results directly comparable to experiments, in this case of liquid Argon [2]. The 1970’s saw an increasing
complexity in the systems that were studied; liquid water by Rahman and Stillinger in 1971 [3], flexible hydrocarbons by Ryckaert and Bellemans in 1975 [4], and
in 1977 the first simulations of a large macromolecule, a protein in vacuum, were
performed by McCammon, Gelin and Karplus [5].
These early works concerned systems of some hundred atoms simulated for a few
picoseconds. Since then, the rapid development in computing power and algorithms
has allowed the systems to get increasingly larger and today it is possible to simulate
systems of hundreds of thousands of atoms for simulation times in the microsecond
range. There is no reason to believe that this development will stop anytime in
the near future, and this is one the reasons that make computer simulations such
an attractive tool. For every new generation of computers, the limits for what is
within reach are pushed, and answers to questions that were not possible to treat
before can be sought.

1.2

Molecular dynamics

Molecular dynamics is a purely classical simulation method, meaning that it assumes that the phenomena it models are accurately described by classical mechanics and do not need a quantum mechanical description. Despite the small time and
3
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spatial scales, this assumption do hold, to a sufficiently high degree, for most events
that take place on the molecular level, including translations and rotations of individual atoms or molecules and, in most cases, vibrations of angles and torsional
angles. However, it does not hold for chemical events such as bond breaking or
formation, although there are ways of combining classical and quantum mechanical
simulation methods to deal with that as well [6].
Being a classical method, the idea is to solve the classical (Newton’s) equations
of motion,
(1.1)
F i = mi r̈ i ,
for N interacting particles in a simulation box with periodic boundary conditions,
where F i is the total force acting on particle i, mi its mass and r i its position
in space. The force, F i , is obtained from the spatial variation of some energy
function Φ(r): F i = −∇ri Φ(r), where r is the full space vector containing 3N
elements. The energy function Φ(r) contains all information about the interactions
in the system via a semi-empirical force field, which is described in the next section.
Numerical integration of equation (1.1), with the potential energy being updated
every step, gives a trajectory of the system – all N positions and velocities as
function of time. The stored trajectory along with stored values of the potential
energy can be analyzed within the framework of thermodynamics and statistical
physics, and the results are directly comparable to experiments.

1.3

The force field

A general potential for molecular simulations can be written as:
Φ(r) =

X

<i,j>

Φbij (bij ) +

X

Φaik (θijk ) +

<i,k>

X£
¤
Φcij (r ij ) + Φvdw
+
ij (r ij )

X

Φtijkl (φijkl ) +

<i,l>

i6=j

where the first three terms represent the bonded interactions; bonds, angles and
torsional angles, i.e. forces that are restricted to atoms within the same molecule.
The last two represent the non-bonded interactions that exist between all atoms
in the system. They are of two separate types; electrostatic and Lennard-Jones
interactions. See figure (1.1).
Within a Molecular Dynamics program interactions are modeled through pair
potentials that consist of a functional form (angular or distance dependence) and
one or more model parameters. While the functional form of the potentials hardly
change from one MD implementation to another, the model parameters, which
essentially describe the strength of the interaction between different atoms, can
differ largely between different force fields, even if they are intended to describe the
same type of interaction between the same type of atoms. The reason for this is
4
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Bonded
Bond

Angle
Torsion

Non-bonded
Electrostatic + Van der Waals

Figure 1.1: Drawing of the bonded and non-bonded types of interactions used in molecular dynamics.

mainly due to that one usually has to rely on ad hoc force fields that are constructed
for a limited range of purposes.
This does not mean that force fields are not general in any respect. A complex
biomolecular system uses so many model parameters that a simultaneous fit of
them all would be impossible. The common procedure is instead to use a relatively
simple system to optimize the model parameters, and then assume that the resulting
force field will perform equally well for a system of greater complexity. The force
field used in this thesis for simulations of lipids may serve as an example. Here, the
hydrocarbon units in the fatty acid tails were parameterized in simulations of liquid
n-alkanes [7], and the results fitted against experimental values for the density and
heat of vaporization. This force field has been shown to reproduce experimental
data for lipids very well, for instance in papers I and III, even though it later
turned out that the published experimental value for the heat of vaporization used
in reference [7] was slightly wrong. A new parameterization using new experimental
data was carried out [8], but ironically, the resulting new force field performed worse
than the original.
In the end, it usually boils down to the notion that a good set of parameters is
5
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one that reproduces experimental results.

Non-bonded interaction
Electrostatic
There are no explicit electrons present in the model, but they are implicitly included
via a charge distribution that is an essential part of the force field. Even if a molecule
is neutral, i.e. has zero net charge, the charge is distributed among the atoms
making some parts of the molecule electronically positive, while others become
negative. This give rise to electrostatic interactions between atoms that usually are
taken into account as ordinary Coulomb interactions, but sometimes as dipole or
higher multipole interactions.
The Coulomb energy in SI units between two atoms i and j reads,
ΦC
ij (rij ) =

qi qj
4πǫ0 rij

(1.2)

where qi and qj are the partial charges, ǫ0 the permittivity of free space and rij the
distance that separates the two atoms. In principle, the above expression should
also include the relative permittivity, ǫ, but in molecular dynamics it is included,
at least partially, via explicit interactions with the molecules that constitute the
surrounding medium.
van der Waals
Even the van der Waals interactions are electronic in origin. The charge distribution
around an atom is not static, but fluctuates rapidly around the nucleus in the field
from all the surrounding atoms. This gives rise to a force that can be understood
as a force between fluctuating electronic dipoles. The Van der Waals dispersive
interaction is often combined with a repulsive part into the Lennard-Jones potential,
"µ
¶12 µ
¶6 #
σij
σij
LJ
.
(1.3)
−
Φij (rij ) = 4ǫij
rij
rij
The repulsive part models the force that arises when two atoms come so close that
their wave functions start to overlap. Its functional form, r−12 , is an approximation, while the dispersive part r−6 comes from quantum mechanical perturbation
calculations [9]. The parameters ǫ and σ are model parameters that have to be
determined through some means of optimization for every atom type included in
the force field. There is a simple physical interpretation of these parameters. Here
σ, which has the dimension of length, controls the distance at which the potential
changes sign, or in other words, the “size” of the atom, while ǫ, which has the dimension of energy, is the depth of the potential well, i.e. the strength of the attraction,
see figure (1.2).
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Figure 1.2: The Lennard-Jones potential, in this case for Argon. The curve crosses zero
in σ, which corresponds to the size of the atom. The depth of the potential well, i.e.
the strength of the dispersive part of the interaction, is ǫ.

Bonded interactions
Bonds can be modeled with a simple harmonic potential,
Φbij (bij ) =

b ¡
¢2
kij
bij − b0ij
2

b
where kij
is a force constant that determines the stiffness of the bond, bij the bond
length and b0ij the equilibrium bond length. In practice however, the bond potential
is seldom used in biomolecular simulations since it is more or less standard procedure
to constrain bonds during simulations. This means that after each integration step,
in which the forces from bond potentials have been ignored, the program try to
restore all bonds to their equilibrium values by some iterative process, e.g., SHAKE
[10] or LINCS [11]. For the simple geometry of the water molecule, there exists the
analytical solution SETTLE [12].
Since the fastest motions in the system limit the length of the basic time step,
constraints have the positive effect that it allows for larger time steps to be taken.
Use of constraints in lipid simulations allows for time steps up to 4 – 5 fs, which
compared to ∼1 fs without constraints is a significant improvement.
Furthermore, constraints are probably even a better approximation than a harmonic potential, since the oscillations in most cases really would need a quantum
mechanical description.
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Figure 1.3: Left: The definition of the dihedral angle. Right: The difference between
a single cosine potential with multiplicity n = 3 (dashed) and the Ryckaert-Bellemans
potential (solid).

The angles too can be modeled with a harmonic potential,
Φθijk (θijk ) =

θ
¢2
¡
kijk
0
.
θijk − θijk
2

θ
0
Here kijk
is a force constant, θijk the angle formed by atoms i, j and k, and θijk
is the equilibrium angle. Even angles may sometimes be constrained, for the same
reasons as for constraining bonds.

The dihedral angle, φijkl , is the angle between atoms i and l with respect to the
bond between atoms j and k, see figure (1.3). This potential should have several
minima corresponding to different states: trans (φ = 180◦ ), cis (φ = 0◦ ) and gauche
(φ = 60◦ /300◦ ), according to the biochemical convention (Another possibility would
be to define the trans state to be φ = 0◦ ). This potential can be modeled in many
ways, but a general form is a simple cosine potential,
¤
φ £
Φφijkl (φijkl ) = kjk
1 + cos(nφ − φ0 )

where n is the multiplicity. However, a single cosine is often not an accurate description. For the aliphatic hydrocarbons in lipid molecules for instance, the two
gauche states are slightly less favorable than the trans state, and furthermore, a
transition from gauche to trans (or trans to gauche) is considerably easier than
crossing the cis state, due to steric repulsion between atoms i and l. With a cosine
potential, this can accounted for via the non bonded interaction between the atoms
i and l (called 1,4 interaction), but another way is to account for this explicitly
in the potential by superposition of several cosines. Ryckaert and Bellemans [4]
have constructed such a potential which consists of a sum of six cosine terms. Figure (1.3) shows the difference between a single cosine and the Ryckaert-Bellemans
potential.
8
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1.4

The integration algorithm

As stated before, the fundamental equation in Molecular Dynamics is the classical
equations of motion, F i = mi r̈ i , where the total force acting on a particle is
obtained from a potential energy function.
Thus, computation of trajectories involves solving a system of 3N ordinary,
second order differential equations. A standard method to do this numerically is
to use a finite difference approach. The idea is, given a complete description of the
system at time t, to calculate the state of the system a short time later, t + ∆t.
One method to do this was proposed by Verlet [13] and uses the Taylor expansion
of the time dependence of the coordinates at the current time, t, and one previous
time, t − ∆t,
r i (t − ∆t)
r i (t + ∆t)

(∆t)3 ...
(∆t)2
r̈ i −
r i + O(∆t4 )
2!
3!
(∆t)3 ...
(∆t)2
r̈ i +
= r i (t) + ∆t ṙ i +
r i + O(∆t4 )
2!
3!
= r i (t) − ∆t ṙ i +

(1.4)
(1.5)

which, combined with equation (1.1), leads to
r i (t + ∆t) ≈ −r i (t − ∆t) + 2r i (t) +
v i (t) ≈

∆t2
F i (t)
mi

1
[r i (t + ∆t) − r i (t − ∆t)] .
2∆t

(1.6)
(1.7)

The error due to truncation of the series expansion is of the order (∆t)4 in the
coordinates and (∆t)3 in the velocities. A variation on the Verlet algorithm is the
Leap-Frog scheme [14]:
r i (t + ∆t) ≈ r i (t) + ∆t vi (t + ∆t/2)
∆t
v i (t + ∆t/2) ≈ v i (t − ∆t/2) +
F i (t)
mi

(1.8)
(1.9)

The error due to truncation is of the same order as for the original method, but here
another problem is avoided – subtraction of two terms equal in magnitude when
calculating the velocity, which would be very sensitive to round off errors. The
Leap-Frog scheme thus allows for larger time steps, but it has one major drawback.
Since the velocities are evaluated at half-integer time steps the positions and the
velocities are not determined at the same time. This is, however, be circumvented
by taking the velocity at time t as the average of the velocities at plus and minus
one half time step.
There exist more elaborate integration methods, such as the Gear predictorcorrector algorithm [15], which are more accurate for smaller time steps but at a
higher computational cost. Furthermore, these algorithms actually perform worse
than the simpler ones for large time steps [16], and since large time steps is essential,
this makes them unsuitable to use in molecular dynamics.
9
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r > rc

r < rc

Figure 1.4: Reducing the number of pair interactions in a simulation. Left: Cut-offs.
Interactions between atoms that are further apart than the cut-off distance rc are
not included in the force calculation. Right: Coarse graining. Explicit hydrogens are
removed but implicitly included in a single united atoms interaction site.

1.5

Cutting the costs

The largest limiting factor for a molecular dynamics simulation is the computation
time available. Apart from code optimizations, many tricks can be used to speed
up the calculations.

Cut-offs
Van der Waal’s forces are fairly short ranged, due to the functional form, ∼ r−7 ,
and for this reason the long-range forces may not be of any great importance. This
motivates the use of cutoffs for Lennard-Jones interactions, which means that only
interactions between particles that lie within a certain cutoff distance are included
in the force calculations, see figure (1.4).
For electrostatic interactions on the other hand, where the force scales as r−2 ,
cut-offs might seem a little abrupt. They may however be justified by the fact that
for neutral molecules the interactions will effectively be dipole-dipole interactions.
Typical values for the cutoff distance are 1–2 nm, or at most half the distance
to the nearest periodical image, i.e., half the simulation box side length, when
using periodic boundary conditions. Truncation of the interactions will of course
introduce an error and may even give rise to unphysical correlations at the cutoff
distance [17]. There are however methods to deal with long-range interactions. One
method is Ewald summation [15], which actually is exact for periodic systems, or
the computationally more effective Particle Mesh Ewald (PME) [18]. With these
methods, all electrostatic interactions in a periodic system can be included, out to
infinite range.
10
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Coarse graining
Another possibility to speed up calculations is to remove interaction sites explicitly
by treating a group of atoms as one single particle. A common use of coarse-graining
is to use United Atoms, as opposed to All Atoms, when modeling CH2 and CH3
groups for simulations of organic compounds. Here the explicit hydrogen atoms are
removed, but implicitly included in the new interaction site. This clearly reduces the
number of non-bonded interactions a great deal, but may be an oversimplification
in some cases since the number of available conformations for each group is reduced
to only one [19].
It is also possible to coarse grain on a much higher level. There are for instance
several published models for simulations of amphiphilic systems (lipid bilayers) that
use only few interaction sites for every amphiphilic molecule, see e.g., references [20]
and [21]. At the cost of atomic detail, these systems can be simulated for lengths
of time that are orders of magnitudes larger that what is possible with atomistic
models, and that makes them especially well suited for the study of large scale
phenomena, such as self-aggregation, large scale undulations and phase transitions.

1.6

Free energy calculations

It is a fundamental law of thermodynamics that a system in equilibrium, at constant
N, V and T , is in its state of lowest free energy, F , and that spontaneous reactions
always go from states of higher to lower free energy. However, within the statistical
mechanics framework, thermal fluctuations may temporarily bring a system to a
state of high energy, which, for instance, provides a mechanism for crossing free
energy barriers.
The absolute free energy is seldom of any interest, the important quantity is
instead free energy differences. For instance, spontaneous crossing of barriers will
proceed with a rate proportional to exp{−β∆F }, where ∆F is the barrier height
and β = 1/kB T with kB being Boltzmann’s constant. As another example, the
amount of work required to solvate an ion is the difference in free energy between
the two separate states [solvent] and [ion], and the combined state [solvent + ion].
It turns out that both types of ∆F mentioned above can be calculated in molecular
dynamics simulations, but with slightly different approaches. There exist several
methods to calculate free energies from molecular dynamics simulations, and many
of them are intimately related. A few of them is discussed in some detail below,
but first some basic relations.
In classical statistical physics, the free energy can be calculated from the canonical partition function, Q, which is, up to a constant pre-factor
Z
Q = dq N dpN exp{−βH(q, p)}
(1.10)
where q and p are the spatial and momentum parts of phase-space and H is the
Hamiltonian, the total energy of the system. From this, the free energy is obtained
11
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as
F = −kB T ln Q.

(1.11)

If one coordinate is picked out as special, ξ = qN , one can write the free energy as
function of that coordinate,
F (ξ) = −kB T ln Q(ξ)
where Q(ξ) is the partition function with that particular coordinate fixed,
Z
Q(ξ) = dq N dpN δ(ξ − ξ ′ ) exp{−βH}.

(1.12)

(1.13)

The probability density function, P (ξ), gives the probability that a measurement
on the system will find it in the interval [ξ, ξ + dξ],
P (ξ) =

1
exp{−βF (ξ)}.
Q

(1.14)

With F (ξ) = −kB T ln Q(ξ) (equation (1.12)), it is easily seen that P (ξ) = Q(ξ)/Q.
This gives another important result, namely that the free energy difference between
two states A and B, ∆FAB is obtained as ∆FAB = −kB T ln(QB /QA ), which in
turn is equal to ∆FAB = −kB T ln(PB /PA ). In words, the free energy difference
between two states is related to the quotient between their respective probabilities.

Free energy integration methods
The free energy difference between two states A and B, ∆FAB , can be interesting in
itself, without considering any particular intermediate state, or even exactly which
path between A and B the system actually takes. Typically, this is the case when
considering solvation free energies.
As long as only the difference ∆F is of interest, the reaction path can be chosen
arbitrarily. One particular choice is to make the Hamiltonian of the system depend
not only on phase-space variables q and p, but on an additional parameter λ,
H = H(q, p; λ), in such a way that H = H(q, p; λ = 0) describes the system in
state A and H = H(q, p; λ = 1) describes the system in state B. Now, the partition
function Q and hence the free energy F also become functions of λ,
Z
Q =
dq 3N dp3N exp{−βH(q, p; λ)}
(1.15)
F

= −kT ln Q(λ),

(1.16)

where all irrelevant constants has been dropped for convenience. The phase-space
integral above can not be evaluated in a simulation, but this can be overcome
by instead looking at the free energy change with λ. For that purpose, take the
derivative of equation (1.16) with respect to λ,
µ
¶
Z
dF
∂H
1
3N
3N
dq dp
exp{−βH(q, p; λ)}
(1.17)
=
dλ
Q
∂λ
12
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where the right hand side by definition is equal to the ensemble average of ∂H/∂λ,
or
À
¿
dF
∂H
.
(1.18)
=
dλ
∂λ N V T ;λ
This means that the change in free energy between states A (λ = 0) and B (λ = 1)
can be written as an integral over λ,
À
Z 1 ¿
∂H
.
(1.19)
dλ
∆FAB =
∂λ N V T ;λ
0
Consequently the free energy change is accessible through a quantity that really
is possible to evaluate in every step of a simulation. Since the Hamiltonian H is
a sum of independent energy contributions, the derivative with respect to λ only
affects energy terms that is of any importance for the transformation between A
and B. As an example, for calculation of the solvation free energy of an ion in a
solvent, the electrostatic contribution to the total energy is
X λqi qj
U=
(1.20)
4πǫ0 rij
j
where the subscript i stand for ion and the sum runs over all solvent atoms j. When
λ = 0, the energy contribution is zero, corresponding to state A. When λ = 1, the
ion has reached its full charge, corresponding to state B. It is trivial in this case to
obtain the derivative with respect to λ,
X qi qj
∂U
=
,
(1.21)
∂λ
4πǫ0 rij
j
which in turn is easily evaluated in each simulation step. The electrostatic contribution to the change in free energy is then obtained through (numerical) integration,
À
Z 1 ¿
∂U
el
.
(1.22)
dλ
∆FAB =
∂λ N V T ;λ
0
The van der Waal’s contribution to ∆F is calculated in the same way from a similar
parameterization of the Lennard-Jones potential.
There are actually two slightly different ways to make use of this method. If
proceeding slowly enough, the parameter λ can be allowed to change from one
simulation step to another, in a way such that λ changes from zero to one during
the course of one single simulation. The derivative of the Hamiltonian, ∂H/∂λ,
is thus only evaluated once for each value of λ. This is often referred to as the
slow growth method. Another approach is to perform several, longer simulations
for a few constant values of lambda. This will obviously provide a better estimate
of equation (1.18), but it will only work if ∂F/∂λ is a sufficiantly slow varying
function.
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Reaction coordinate
Figure 1.5: Umbrella sampling. The umbrella potential (dashed) is superimposed on
the original free energy of the system. The inset illustrates how the probability density
becomes skewed towards the states of lower free energy.

Free energy as function of a reaction coordinate
There are situations when the complete free energy profile associated with a particular reaction path leading from state A to B is sought after. Such situations
call for a reaction coordinate, ξ, which is a general coordinate that uniquely defines
the reaction path A → B. For simplicity, one can consider an example: a system
consisting of two particles a and b that interact through some potential Uab (x) and
which are coupled to a heat bath. Assume that one want to find the free energy as
function of the distance between them, x, where x can take any value between x0
and x1 . In this case, the definition of the reaction coordinate is simply ξ = x.
If left alone, this system would relax to its equilibrium distance, ξ = ξ0 , and
stay there, fluctuating around that value. Even if thermal fluctuations eventually
would make the system sample the entire configuration space according to equation
(1.14), it would mean that for some interaction potentials Uab one would have to
wait literally forever for it to happen. Instead one chose to give the system a little
help by actually confining the system to a specific value of the reaction coordinate,
ξ = ξ′.
One option is to use a potential centered around ξ ′ , as in figure (1.5). A simple
choice is a harmonic potential, U (ξ) = k(ξ − ξ ′ )2 , where the force constant k
determines the width of the potential well. The probability distribution becomes
P (ξ) =

1
exp{−β(F (ξ) + U (ξ))}.
Q

(1.23)

The above equation can easily be sampled in a molecular dynamics simulation, and
14
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Free energy calculations

fξ > 0

fξ < 0

fξ = 0
Reaction coordinate
Figure 1.6: Origin of the constraint force. To solve the constraint for a specific value
of the reaction coordinate ξ, a force that cancels the derivative of the free energy in
that point is needed.

from it the free energy is obtained as
F (ξ) = −

1
ln P (ξ) − U (ξ) + const.
β

(1.24)

This will however only give F in a limited interval, centered around ξ ′ . Even if, in
theory, there is a long tail of P (ξ) that covers all possible values of ξ, in practice
values of ξ far from ξ ′ will not be sufficiently sampled. The idea is instead to
repeat this procedure for many different choices of ξ ′ , in such a way that there is an
overlap of samplings. The pattern that the imposed potentials, U (ξ), make is what
has given this method its name. The calculated free energy from each interval may
then be connected, by means of tuning the unknown constant in equation (1.24), to
achieve the complete free energy profile. This method is limited by the sometimes
difficult task of connecting the calculated curves, since the overlapping regions is
the most sparsely sampled.
For the simple example system above, the whole procedure would be somewhat
unnecessary, since in this case F (ξ) is identical to Uab (x).
Potential of mean constraint force
Constraints are not used only for removing fast degrees of freedom; the idea is more
general than that. In fact, constraints is not used only on ‘hard coordinates’, such as
bonds, but can also be used on generalized coordinates, such as a general reaction
coordinate ξ. Imposing a constraint means effectively to apply a force directed
along the constrained coordinate, see figure (1.6). That force is the constraint
15
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force, fξ , and it can be calculated by any suitable constraint solver, e.g. Shake
[10]. Integration of the mean constraint force hfξ ic with respect to the reaction
coordinate yields the potential of mean constraint force, PMCF. The subscript c
indicates that the average should be calculated in the constrained ensemble.
The idea to compute the free energy as the work done by the constraint force,
the PMCF, goes back to van Gunsteren [22]. The proof of the relation was given
by Mülders et al. [23], but only for the constrained system. To relate the free
energy of a constrained system to the free energy of the corresponding state in
the unconstrained system, a correction is needed to make up for the fact that a
constraint makes the phase-space smaller. It was shown by den Otter and Briels
[24, 25, 26] that it is possible to calculate that correction from the very same
simulation that it is needed for, and finally it was put on a relatively compact form
by Schlitter and Klähn [27], who proceeded as follows.
Consider a system with N generalized coordinates qi , associated canonical momenta pi , velocities vi and masses mi . It has a Hamiltonian
H(q, p) = U (q) +

1 T −1
p A p
2

(1.25)

where U is the potential energy, and A is the mass-metric tensor [28] of the coordinate transformation from Cartesian (xi ) to generalized coordinates qi , with
elements
X
∂xi ∂xi
.
(1.26)
Aαβ =
mi
∂q
α ∂qβ
i

If a particular coordinate is picked out as a reaction coordinate, ξ = qN , one
can impose the constraint ξ = const. = ξ ′ , which in turn implies the additional
constraint ξ˙ = 0. The Hamiltonian of the constrained system reads
Hc (q, p̂) = U (q) +

1 T −1
p̂ a p̂.
2

(1.27)

Here the kinetic energy depends only on the N − 1 velocities of the unconstrained
coordinates, which are connected to N − 1 momenta through p̂ = av̂, with a being
a mass-metric tensor. The partition function and free energy of this restricted set
of coordinates are
Z
Qc (ξ) = dq N −1 dp̂N −1 exp{−βHc (q, p̂)},
(1.28)
Fc (ξ) = −kB T ln Qc (ξ).

(1.29)

The derivative of the free energy with respect to the reaction coordinate in the
constrained system is obtained directly from the partition function,
dF
d
= −kB T
ln Q(ξ).
dξ
dξ
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Free energy calculations
By combining this with the corresponding expression for the constrained system
one gets
dFc
d
Q(ξ)
dF
=
− kB T
ln
.
(1.31)
dξ
dξ
dξ Qc (ξ)
From here, one proceeds in two steps. The first task is to evaluate the free energy
derivative in the constrained system, and after that, to calculate the correction,
which in this form clearly shows to originate from the difference in phase-space, as
mentioned earlier.
For the partition function of the constrained system, the only ξ-dependence is
in the Hamiltonian, and equations (1.28) and (1.29) gives
À
¿
dFc
1 dQc (ξ)
∂Hc
(1.32)
= −kB T
=
dξ
Qc (ξ) dξ
∂ξ c
Mülders et al. have shown [23] that for the constrained system
∂Hc
d
= fξ − D(ξ, q, q̇)
∂ξ
dt

(1.33)

where fξ is the constraint force, and D is some function which do not need to be
evaluated. For an ergodic system an average of a time-derivative must vanish, so
finally equations (1.33) and (1.31) gives
dFc
= hfξ ic
dξ

(1.34)

By decomposition of the momentum vector and a representation of A with
block-matrices it is possible to write the kinetic energy on a form that simplifies
the integration over pξ in equation (1.13) (see reference [27] for details), and the
result is
Q(ξ) = Qc (ξ)hz 1/2 ic × const.
(1.35)
where z is the Fixman determinant [28],
z=

X 1 µ ∂ξ ¶2
.
mi ∂xi
i

(1.36)

It is now possible to write the differential form of the free energy by combining
equations (1.31), (1.34) and (1.35),
d
dFc
= hfξ ic − kB T
lnhz 1/2 ic
dξ
dξ
which after integration gives the final result,
Z
F (ξ) = dξ hfξ ic − kB T lnhz 1/2 ic .

(1.37)

(1.38)
17

1. Computer simulations of molecular systems
It is thus possible to calculate the free energy profile along a reaction coordinate by
computing the constraint force. A correction is also needed which is directly related
to the entropy difference between the constrained and unconstrained ensembles.
This method can be implemented in molecular dynamics software, and an example
of its use is presented in chapter 4 and paper II.
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Chapter 2

The lipid bilayer
The lipid bilayer membrane is of fundamental importance for living cells. Not
only does it provide the cell with a means of compartmentalization, separating
what is inside from the outside, maintaining concentration gradients and electrical
potentials. It is also the matrix and support for the membrane proteins, which
are responsible for the actual cell biochemistry. Lipid molecules can even play a
more active role, as catalysts for protein function or sometimes as signaling agents
across the membrane [29]. This image of the biological membrane: a fluid lipid
bilayer supporting a large variety of proteins and other biomolecules, is sometimes
referred to as the fluid mosaic model. Ever since it was put forward by Singer
and Nicholson in the mid-20’th century [30], it has been validated by extensive
observations. But the biochemistry of the living cell and the role that the lipids
play in it is of secondary concern to this thesis, however intriguing and fascinating
it may be. The focus is on the lipid bilayers themselves.

2.1

Lipid bilayers: composition and structure

Biological membranes generally consist of many different types of lipids in a mixture
with a large number of other biomolecules. For this reason, a controlled study of
lipid bilayers can hardly be performed on a real membrane, and its complexity
makes it unsuitable for atomic scale modeling. Lipids certainly play an important
role in biological membranes; therefore idealizations are made for the purpose of
studying them in detail. Consequently, much of the work in this field take as a
starting-point the one-component lipid bilayer that is composed of one type lipid
only, solvated in pure water. This applies to experimental studies, as well as to
theoretical and computational modeling. A model membrane can be investigated
on its own, or it may serve as a baseline for controlled studies of the influence of
other compounds, e.g. cholesterol in the bilayer or salt in the surrounding water,
or it may simply be used as an environment for any membrane protein or other
biomolecule of particular interest.
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Figure 2.1: Structure of phosphocholine (PC) lipids, the most abundant lipid in animal
cells. The headgroup is strongly polar, but the fatty acid chains are not. The only
difference between DPPC and DMPC, the two lipids studied in this thesis, lies in the
length of their chains.

The most abundant lipid type in animal cells is phosphatidylcholine (PC) [29].
Consequently, PC bilayers are among the best studied lipid systems. PC consists of glycerol, two fatty acid chains on sn-1 and -2, and a phosphate carrying
a choline (see figure (2.1)). In this thesis, two PC lipids in particular has been
studied, namely dimyristoyl phosphatidylcholine (DMPC) and dipalmistoyl phosphatidylcholine (DPPC). They are identical save for the lengths of their hydrocarbon chains, as depicted in figure (2.1). From now on, unless stated otherwise, the
terms lipid and phospholipid will refer to either of DMPC or DPPC. it will be
clearly indicated where distinction between the two is of importance.

Origin and characteristics of the bilayer structure
Perhaps the most prominent feature of lipids is their tendency to aggregate. The
reason for this behavior is to be found in their atomic composition, with a polar
(hydrophilic) headgroup, and a non-polar (hydrophobic) tail. In precence of water,
the lipids seek the most favourable structure from an energetic point of view, and by
turning their headgroups towards the water, they create an interface that shields the
20
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tails from the polar solvent. Lipids exhibit a great polymorphism, and ultimately
the most stable structure depends on the lipid shape. For example, Lysophospholipids form micelles and unsaturated phosphatidylethanolamines form hexagonally
packed inverted micelles [30], but for PC’s, the most favourable conformation is the
bilayer.
The bilayer is stabilized by a detailed balance of forces, originating in both
lipid-lipid interactions as well as lipid-water interactions at the interface. The total
force in the interfacial and headgroup regions is contractive, and originates almost
entirely from electrostatic interactions [31].
The headgroup dipoles are huge, about 24 Debye or ten times the size of a
water dipole. The greater part of that dipole lies in the membrane plane. It gives
rise to interactions between lipids that are (on average) strongly attractive, but
rather short ranged. A lesser part of the headgroup dipole is however directed
perpendicular to the membrane, and it gives interaction energies that are repulsive.
This contribution is negligible on short distances, but becomes the dominating part
of lipid-lipid interaction already at distances of ∼ 1 nm and above. See further
section (2.4).
The contractive pressure of the interfacial region is counteracted by an expansive
part in the chain region. This pressure is almost purely entropic in origin [31], which
is due to the extensive flexibility of the hydrocarbon chains.
In the biologically relevant phase - the liquid crystalline or Lα phase - neither
chains nor headgroups exhibit any lateral structure. There is no preferred direction
for the in-plane part of the headgroup dipole, and the same symmetry applies to
the chain region as well. Moreover, all lipids within the same leaflet are indistinguishable, and thus freely interchangeable. From this point of view the bilayer is
most accurately described as a two-dimensional liquid [32].
Along the direction of the membrane normal, however, there is structure even
in the chain region. Close to the headgroups, the chains are more parallel to the
membrane normal, but they become increasingly disordered near the chain ends
[33], as revealed by, e.g., NMR order parameters.

Area, area compressibility and surface tension
The balance of forces that stabilize a lipid bilayer is a very sensitive one. In contrast
to the volume, which remains virtually constant due to the very low volume compressibility of lipids, ∼ 0.5 × 10−4 atm−1 [34], the area of a membrane can change
dramatically upon subtle differences in experimental conditions or simulation protocol. Ethanolamines, which differ from phosphatidyl cholines in that the three
methyl groups of the choline is replaced by hydrogens, have a 10 − 20% smaller
area than PC’s [35, 32, 33]. Also within the same family of lipids the area can be
quite different. For instance, DPPC has a 7% larger area than DMPC [32], the only
difference being two extra segments in the hydrocarbon chains. Other factors that
may influence the area include temperature and hydration [32], presence of salts
and other surfactants [36, 37, 38], and amount of cholesterol [39, 40].
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Many properties of a lipid bilayer are reflected in its area, or rather area per
lipid, which is independent of system size. The amount of order in the chain region,
for instance, will have the effect that more disorder corresponds to a larger area.
This is clearly seen in the area difference between the Lα phase and the more
ordered, low temperature gel (L′β ) phase, which for DPPC amounts to 30% [32].
Being a good benchmark for the overall structure of bilayers, the area per lipid has
been the aim for extensive experimental research [32], and as such, it has become
a very important check of consistency for computer simulations.
A bilayer is free to adjust its area, and will thus strive to attain the area A that
corresponds to the lowest free energy F (A) at constant V and T . This implies that
the surface tension γS , which is defined as the derivative of the free energy with
respect to area is zero in equilibrium,
¶
µ
∂F
= 0.
(2.1)
γS =
∂A N V T
In light of this, changes in area induced by various experimental or computational
conditions may be analyzed in terms of their separate contributions to the surface
tension. A bilayer’s resistance to area changes is reflected in its area compressibility
modulus,
∂γS
.
(2.2)
KA = A
∂A
For small changes in surface tension ∆γS , the induced area difference becomes
∆A = A

∆γS
.
KA

(2.3)

While the area per lipid is almost trivial to obtain from a computer simulation,
calculation of KA requires a little more work [15]. Equation (2.2) can be integrated
once to give the surface tension, which subsequently is expanded to first order:
γS = KA ln(A/A0 ) ≈ KA

A − A0
.
A0

(2.4)

To obtain the free energy, equation (2.4) is integrated once more:
F =

KA
(A − A0 )2 .
2A0

(2.5)

Now, ordinary ensemble theory [9] states that the distribution of system areas is
¶
µ
KA
1
(2.6)
(A − A0 )2 ,
ρ(A) = exp (−F (A)/kB T ) ∝ exp −
Z
2A0 kB T
where kB is Boltzmann’s constant and Z is a normalization factor. Apparently, the
2
area is approximately Gaussian distributed, with variance σA
= A0 kB T /KA and
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expectation value hAi = A0 . This result provides a convenient relation between the
area compressibility and the area fluctuations:
KA =

hAikB T
.
2
σA

(2.7)

The above equation may thus be used to calculate KA from a simulation, provided
that a barostat be used that gives a true isobaric ensemble, e.g. the ParrinelloRahman barostat [41].

2.2

Experimental methods

There are many ways of obtaining information about a lipid bilayer. Some of the
most widely used techniques, and of the highest relevance for this thesis, are listed
below.

X-ray diffraction
Most diffraction studies on lipid membranes are performed on stacks of bilayers,
especially on easily prepared dispersions consisting of multilamellar vesicles [32].
However, the only information about the crystallographic unit cell that can be obtained is the interlamellar repeat distance, D. This is not due to lack of accuracy
in the experimental method, but rather because there is no more order to be seen
[32]. More interesting are instead the electron density profiles, which are also obtained from X-ray diffraction. The electron density along the normal direction of
the membrane, ρ(z), is obtained as the inverse Fourier transform of the form factors, which in turn are related to the scattering intensity (see e.g. reference [42]).
It is however important to realize that published continuous profiles are structural
models [43, 44, 45, 46] that are fitted to (discrete) experimental measurements.
One of the most useful quantities that can be obtained from the electron density
profile is the headgroup to headgroup distance, which can be used to calculate other
structural quantities, e.g. area per lipid provided that the lipid volume is known.
Electron density profiles also provide computer simulations with an important test,
which to this date is yet to be passed.

Neutron diffraction
Neutron diffraction experiments extract information from how neutrons from a
source is scattered off the protons in a sample. It has an advantage to using Xrays in that one can use deuteration to efficiently increase the contrast of specific
positions in a way that leaves the bilayer in a physically and chemically nearly
equivalent state [32].
Apart from structure, neutron scattering can be used to obtain information
about dynamics. Fast atomic motions will give rise to a broadening of the scat23
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Figure 2.2: NMR order parameters for DMPC. Experimental data from Nevzorov and
Brown [48]. Going from left to right in the figure, the segments are farther from the
head group and closer to the chain end, where the hydrocarbon tails exhibit greater
flexibility and hence more disorder.

tered energy spectrum. Specifically, translational diffusion will lead to a Lorenzianshaped broadening, which can be analyzed to give lateral diffusion coefficients [47].
See further chapter 3 and paper III.

Nuclear magnetic resonance
In a nuclear magnetic resonance (NMR) experiment the sample is subject to a
magnetic field of strength B0 that induces separation of the energy levels of the
atomic nuclei. This field is often expressed in terms of the Larmor frequency,
which is the frequency of the electromagnetic quanta that has sufficient energy to
give transitions between these levels. An electromagnetic field of this particular
frequency will thus alter the distribution of spin states among the nuclei. When
this field is turned off, the nuclear spins will slowly relax to their initial states, due
to random collisions and motions on the time scale of the Larmor frequency. A
recording of the change in magnetization during this relaxation process can provide
information of dynamics on this particular time scale. In a bilayer, carbons in lipid
tails can be deuterated, selectively or not, and by performing deuterium NMR,
structural and dynamical properties can be assessed as functions of position in the
chain.
The anisotropic angular distribution in the lipid chains will cause a quadropolar
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splitting, ∆ν, of the resonace lines from a deuteron [49],
∆ν =

3
χ SCD
4

(2.8)

where χ = 170 kHz is the quadrupolar coupling constant, which is a function of a
few natural constants, the quadropole moment of the deuteron and the electrostatic
field gradient caused by the electron cloud of the C-D bond. Further, SCD is the
order parameter of the C-D bond, and it has a geometric interpretation [50],
SCD =

1
(3hcos2 θCD i − 1)
2

(2.9)

where θCD is the angle between the C-D bond and the external field. The order
parameters provide structural information about the lipid tails, and, in addition,
they have the very useful property that they are readily calculated from atomistic
simulation data.
Figure (2.2) shows calculated and experimental order parameters for DMPC.
While simulations and experiments agree very well for segments from the middle
and towards the end of the chain, segments closer to the head group seem more
ordered in simulations than in the real bilayer. This has implications on lipid chain
dynamics that are discussed in chapter 3.

Fluorescence techniques
Fluorescence originates in electronic transitions that give emitted photons in the
visible or ultra violet region. Lipids are not optically active, so in order to be fluorescent, they have to be labeled with an optically active molecule, a fluorophore.
Recordings of movements of the tagged molecules will thus provide information
about lipid dynamics, diffusion coefficients specifically [51], either from collective
phenomena as in fluorescence recovery after photo bleaching (FRAP), or from
recordings of single particles. Fluorescence experiments measure on relatively long
time scales, microseconds to seconds.

2.3

Molecular dynamics of lipid bilayers

Figure (2.3) shows the length scales involved in atomistic molecular dynamics simulations of lipid bilayers. A typical bond length is of the order 1 Å, hence a molecule
of the size of a lipid becomes a few nm in size. A membrane patch containing 1024
lipids is roughly 20 × 20 nm and 4 nm thick. This is about the largest system
that is feasible using an atomistic model, but when compared to the size of a living
cell, which is of the order micrometers, it seems almost ridiculously small. Using
periodic boundary conditions however, the effective system size becomes infinite.
Still, the system can not contain correlations in space that are longer than half
the box side length, which make some simulated properties artificially depend on
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20 nm
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2 nm

Figure 2.3: Length scales. Left: A lipid molecule. Middle: A large (from a computationally point of view) membrane patch. Right: A cartoon of a biological cell.

system size. One must always consider finite size effects when analyzing molecular
simulation data.
When it comes to time scales, the situation is a bit brighter. In molecular
dynamics simulations of bilayers that uses constraints for the bonds, as described
in chapter 1, usually a time step of 4 femtoseconds can be used. This means that
the shortest time period that can be said to be efficiently sampled is of the order
0.1 ps, or 10−13 s. In the other end of the spectrum is the longest time possible
for a simulation, which today, with reasonable effort, is somewhere around one
microsecond, 10−6 s. Thus, molecular dynamics simulations cover at least seven
orders of magnitude in time. This limit is constantly pushed forward, partly due
to novel simulation methods and models, but mostly due to computer hardware
development. For each new generation of CPU’s new time domains can be explored,
and phenomena can be investigated that used to be without reach.

Electron density profiles
An electron density profile is easily calculated from an simulation, using knowledge
of the number of electrons of each interaction site. The simulation box is binned
along the membrane normal, and the number of electrons in each bin is averaged
over the whole simulation. This results in a rather spiky profile, but it gets smoother
when longer trajectories or larger systems are used. This is unfortunately quite
problematic, since motions on large time and spatial scales will average out the fine
details in the density profile. This can be compensated for, i.e. by dividing a long
trajectory in shorter parts for the analysis, but it can be a rather cumbersome task.
A simple way to accomplish a smoother curve is to make a Fourier decomposition
of the binned electron density profile, ρ′ (z), and reconstruct it as a Fourier series
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Figure 2.4: Electron density profiles. Experimental data [52] (dashed) along with a
calculated profile from a 200 ns trajectory of 128 DMPC lipids (solid black). The thick
solid line is a Fourier series of 10 terms from a decomposition of a 20 ns trajectory.

using only the low order terms,
ρ(z) = F0 /2 +

N
X

nπz
Lz /2

(2.10)

nπz
dz
Lz /2

(2.11)

Fn cos

n=1

where the coefficients
2
Fn =
Lz

Z

Lz /2

−Lz /2

ρ′ (z) cos

is evaluated by numerical integration. This method would be justified by the fact
that there are only a limited number of form factors available from experiments
anyway. In figure (2.4) an electron density profile calculated from a 200 ns simulation of DMPC is shown together with a smooth profile calculated using the method
outlined above. The smooth curve is based on a 20 ns trajectory, and uses ten
Fourier terms (N = 10 in equation (2.10) above).
When the calculated curves are compared to a recent experimental profile from
Kučerka et al. [52], it is clear that they reproduce the basic features quite elegantly,
but also that there are significant deviations. The simulation gives a deeper trough
in the middle of the membrane, perhaps indicating less interdigitation between the
chains. This particular feature has been noticed before in simulations of DPPC
using the same force field [16].
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Furthermore, there is significant deviation at approximately ±1.5 nm, where
the simulation seems to give a too large density. This is roughly at the transition
point between the head group and the chain regions.
The difference between the curves near the ends, which are located in the the
water region, is explained by that the water model gives a too low density. Because
water penetrates quite deep into the headgroup region, this might have an effect on
the calculated electron density there as well.
In addition, the headgroup peak-to-peak distance differ. It is 3.5 nm in the
experimental curve, but only 3.4 nm in the calculated, although the simulated area
per lipid is within experimental error.
It has proven to be an unexpectedly difficult task to get electron density profiles
from experiments and simulations to agree, and there is, to the author’s knowledge,
no force field today that is up to that task. Benz et al. has in a recent study [42]
compared the force field used here to another standard force field, CHARMM27
[53, 54], in simulations of DOPC at low hydration. Their conclusion was that neither
choice gave perfect agreement with experimental results, but that the present force
field performed slightly better.

Area per lipid and area compressibility
The area per lipid is easily calculated from a simulation, by just dividing the area
of the simulation box with the number of lipids. The challenge is rather to get
it right, that is, in agreement with experiments. The area per lipid is extremely
sensitive to details in simulation protocol, especially how the long-range electrostatic
interactions are handled [55, 17]. Paper I treats the influence of several different
parameters on the simulated area, including
• Hydration
• System size
• Charge group definition
• Use of cut-offs or PME
The main conclusions from that study regarding the area dependence was that low
hydration and small system sizes give areas that are too small. Furthermore, the
area is very sensitive to the definition of charge groups, in a way that could not
be explained qualitatively although it showed a weak dependence on charge group
size, with larger groups giving smaller areas.
Using PME for the long-range electrostatics reduces the influence of hydration
and system size, and brings the area per lipid close to the experimental value. In
addition, it removes unphysical correlations that otherwise can arise at the cut-off
distance, most easily seen as sharp peaks in the radial distribution function [17].
These peaks are artifacts of the non-neutral charge groups used, and can be removed
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DPPC
DMPC

Acalc [Å2 ]
64.0 ± 0.7
60.4 ± 0.3

Aexpl [Å2 ]
64
60.6 ± 0.5

calc
KA
[mN/m]
300 ± 50
264 ± 20

expl
KA
[mN/m]
250
234

Table 2.1: Summary of simulated and experimental areas and area compressibilities for
DPPC and DMPC. Experimental results for DPPC (at 323 K) from Nagle and TristramNagle [32], and for DMPC (at 300 K) from Kučerka et al. [52]. Calculated KA for
DPPC from Lindahl and Edholm [56].

by redefining the charge groups to have zero net charge. This does not however
have any positive effect on the area, giving too large charge groups.
With PME, full hydration and a medium-sized system, the present force field reproduces the experimental area per lipid for both DPPC and DMPC. Furthermore,
in a long 800 ns simulation of DMPC with Parrinello-Rahman pressure coupling
(paper III), even the area fluctuations are shown to be in good agreement with
experiments. These results are presented in table (2.1).

2.4

An electrostatic model for the lipid headgroups

Using PME instead of cut-offs means that more electrostatic interactions are included in the force calculations. One immediate effect of PME is that it generally
produces an area per lipid that is larger than with cut-offs [55, 17]. This seems to
indicate that the extra interactions included give rise to a repulsive force making
the total pressure in the head group region less contractive. If so, it should show
up as a negative contribution to the surface tension.

The electrostatic multipole and electrostatic energy
An atomistic model of the lipid head group constitutes a localized charge distribution,
X
ρ(r) =
qi δ(r − r i ),
(2.12)
i

that results in an electrostatic potential
X
φ(r) =
i

qi
.
4πǫ0 |r − r i |

(2.13)

which is a solution to Poisson’s equation. Localized means that the charge distribution is non-vanishing only inside a sphere of some, arbitrary, radius. Outside this
sphere, the potential may be expanded in a Taylor series, a multipole expansion,


X
1 q µ · r 1
rα rβ
φ(r) =
(2.14)
+ 3 +
Qαβ 5 + . . .
4πǫ0 r
r
2
r
α,β
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P
P
where q = i qi is the total charge, µ = i qi ri is the dipole moment and Qαβ =
P
2
i qi (3rα rβ − r δαβ ) is the quadrupole moment.

If a point charge qi is brought from infinity to a position ri in an external electrostatic potential φ which vanishes at infinity, the work done on the charge, and
hence its potential energy, is Φ = qi φ(r i ).
Consider a localized charge distribution with total charge q, dipole moment
µ, and quadrupole moment Qαβ , centered around some origin r 0 , in an external
potential φ(r). The potential may be expanded in a Taylor series around r 0 and
the potential energy becomes [57]:
Φ = qφ(r 0 ) − µ · E(r 0 ) −

1X
Qαβ ∂α Eβ (r 0 ) + . . .
6

(2.15)

αβ

Lipid headgroups in a dipole approximation
For a neutral molecule, the first non-zero contribution in equation (2.14) comes
from the dipole moment. Furthermore, if one considers interactions on sufficiently
large distances only, dipole interactions will dominate over higher order terms.
The field from an electric dipole is calculated from the dipole potential as
E(r) = −∇φ(r)

(2.16)

where φ(r) is the second term in equation (2.14). Assuming that the dipole is
located in a dielectric medium, the field will be screened due to that the surrounding
medium becomes polarized. The polarization can be of three different types:
• Induced polarization – due to displacement of atomic electrons and nuclei.
• Orientational polarization – from molecules that have a permanent dipole
moment, e.g. water.
• Ionic polarization – due to ions that can move freely in the medium.
For a linear and isotropic medium in the continuum limit, the polarization is such
that it counteracts the electric field, and the net effect is that it is scaled by a
factor ǫr , which is called the relative permittivity. Water for instance has a relative
permittivity of 80, meaning that interactions that take place in water solutions are
80 times weaker than they would be in free space. Hydrocarbons, for instance the
interior of a lipid membrane, has a very low polarizability and hence a low relative
permittivity. The electric field from a dipole in a dielectric medium is thus
E(r) = −
30

1 µ − 3er (µ · er )
,
4πǫ0 ǫr
r3

(2.17)
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Figure 2.5: Lipid bilayer in a dipole approximation. Left: A simplified picture of the
lipid headgroups. Phosphorous (P) and Nitrogen (N) atoms are shown as black and
gray balls respectively, while all other atoms in the PC group are omitted. The glycerol
backbone and hydrocarbon chains are shown in gray. There is on average a small
component of the P–N dipole that points outward from the membrane, as shown to
the right in their respective number densities. The normal component of the total
headgroup dipole is indicated by the (total) charge density. The in-plane components
of the headgroup dipoles can rotate freely around the membrane normal. The matching
of length scales between the picture to the left and graph to the right is not exact, it
is rather intended as a guide to the eye.

where er is the radial unit vector. Finally, the interaction energy between two
dipoles is calculated as the energy of dipole 1 in the field of dipole 2,
¶
µ
3(µ1 · r)(µ2 · r)
µ1 · µ2
1
(2.18)
−
Φ(r) = −µ1 · E 2 (r) =
4πǫ0 ǫr
r3
r5
where r is the vector connecting the dipoles.
With the above in mind, the lipid headgroups can be modeled as point dipoles
lying in a plane surrounded by a screening dielectric medium (the water). Every
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dipole interacts with the field from all other dipoles. Furthermore, the dipoles may
be split into two components, one parallel and one perpendicular to the membrane
plane. These components are assigned fixed magnitudes corresponding to an average tilt angle of the total dipole with respect to the membrane normal of around
75◦ , as calculated from simulations.
In this model, the perpendicular parts become static dipoles, and their interaction energies will scale with distance as r−3 , as in equation (2.18). The in-plane
components on the other hand are allowed to rotate freely around the membrane
normal. In this case fluctuations will make their mutual interaction energies scale
as r−6 (for a derivation, see e.g. paper I). Interactions between perpendicular and
in-plane components do not contribute.
The electrostatic contribution to the surface tension in a model like this is
completely determined by the dipole interaction energy:
¶
µ
∂Φ
(2.19)
γS =
∂A V,S
where S is the entropy. Thus, by using equation (2.18) to calculate dipole interaction energies from stored atomic coordinates, within the model outlined above, it
is possible to assess how much of the total surface tension the electrostatic interactions, on different length scales, account for.
The electrostatic interaction energy is naturally strongly dependent on the relative permittivity of the surrounding medium. In the head group region, the relative
permittivity is different for interactions between the different components: For the
in-plane components, the permittivity is calculated to ∼ 80 and for the perpendicular components it becomes ∼ 10. Consequently, on large distances the greater
part of the energy will come from the repulsive interaction between the perpendicular components, both due to the weaker distance dependence and to the weaker
shielding.
Interactions between dipoles in the different sheets of the bilayer can be neglected, mainly because of the large separation of ∼ 3 nm.
Although the total surface tension from dipole interactions is positive, the contribution from long range interactions is negative which is consistent with an area
expansion when these interactions are included in simulations, e.g. with PME. The
contribution is however relatively small, around −7 mN/m outside a cutoff of 1.8 nm
which would only account for a 3% increase. There is, however, some indications
that PME changes the dipole tilt angle, thereby affecting the short-range interactions as well. Differences between simulations using either cut-offs or PME can not
be explained solely in terms of excluded or included electrostatic interactions. This
is highlighted in paper I by the fact that cut-off simulations can be made to give the
same area as PME simulations, provided that other parameters, most importantly
charge group definitions and system size, is selected with some care.
32

An electrostatic model for the lipid headgroups

Dipole potential of the lipid-water interface
In simulations, there is a potential difference over the lipid-water interface of ∼
−0.5 V when going from the membrane out into the water. It can easily be verified
that lipid headgroups account for ∼ +4.5 V and water for ∼ −5.0 V, see e.g. paper
I. This potential difference can be viewed on as a relative permittivity. Since in a
continuum electrostatic model
∆Vtot = ∆Vlip /ǫzz ,

(2.20)

the relative permittivity in this direction is ǫzz ∼ −10. Thus, the water gives an
over-shielding of the lipid dipoles. This effect is also necessary to explain the experimental potential differences, which also are negative and of the order ∼ −280 mV
[58].
In the literature, there is little discussion about the origin of the sign of the
dipole potential of the lipid-water interface, but the same effect has been discussed
in the context of water liquid-vapor interfaces [59, 60], and clearly, this is an effect
of having an hydrophobic interface. Simulations of a water-vacuum interface, and
also a water-pentadecane interface, give a dipole potential of the same sign and
magnitude, see figure (2.4).
This points to that there is order at the interface, with the water dipoles having
a preferred direction. More specifically, the hydrogen atoms are on average pointing
outwards, which is the origin to the sign of the potential. The reason for this is
probably to be found in the structure of the water molecule, because simulations
of a simple dipole-liquid does not give this effect.
The polarization of water molecules at a lipid-water interface is quite strong.
Figure (2.4) shows that the molecules are polarized up to ∼40% of the maximum
polarization possible. This result is obtained both from calculations using the
atomic charge distribution, and from a direct calculation of the average molecular
orientation, which indicates that a possible contribution from the water quadrupole
is negligible in this case.
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Figure 2.6: Left: Normalized water density at water interfaces with a lipid bilayer,
pentadecane and vacuum. Right: Dipole potential of the same interfaces. The potential
is set to zero outside the water region. All three interfaces give about the same potential
difference.

30

1.5
20
1
10
0.5

0
0

1

2

3

-3

2

Water number density (nm )

Average polarization per molecule (Debye)

2.5

0

z (nm)

Figure 2.7: Average polarization, in the normal direction, per water molecule at a
water-lipid interface (solid black line). The dashed line shows the maximum polarization
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(solid gray).
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Chapter 3

Lipid dynamics
Lipid bilayers are not static structures. They exhibit a large variety of complex dynamics, from local conformational changes that take place on times of picoseconds,
to macroscopic events like large-scale undulations with periods of milliseconds. A
membrane’s dynamical properties are important for its biochemical function, as
seen for instance in its ability to undergo conformational changes and form transient hydrophilic pores, a process which is discussed in more detail in the next
chapter.
This chapter deals with two different manifestations of membrane dynamics;
NMR relaxation rates, that reflects dynamics on a broad range of time scales, and
translational diffusion of whole lipids.

3.1

NMR relaxation rates

The spin-lattice relaxation rates of deuterated atoms in the hydrocarbon chains
are directly related to motions in the interior of the bilayer, as discussed in length
by, e.g., Abragam [61]. For quadrupole relaxation in liquids through molecular
reorientation, as is the case in deuterium NMR on lipid bilayers, it is possible to
show that the relaxation rate is [61]
3 2
χ [j(ω0 ) + 4j(2ω0 )]
(3.1)
40
where ω0 is the Larmor frequency, χ = 170 kHz as before, and j(ω) is the Fourier
transform of the corresponding reorientational autocorrelation function. This means
that by using several spectrometers with different magnetic field strengths to record
the complete power spectrum, it should be possible to acquire a much more direct
view of the chain dynamics. In practice though, the available data points are too
sparse to perform the inverse transform, and instead one has to rely on different
models of the relaxation kinetics.
Brown and co-workers have studied lipid chain relaxation extensively [62, 63,
64, 48, 33]. They have found an inverse square root variation between relaxation
R1 =
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rates and the Larmor frequency, which they ascribe to collective twist and splay
motions of the bilayer. Halle has challenged this interpretation [65], and argues that
the observed variation could originate in rotational diffusion of whole vesicles. In
Lindahl and Edholm [66] the authors approach the problem the other way around.
Autocorrelation functions are, if not trivial then at least straightforward, to obtain
from molecular dynamics simulation data. The power spectra can be calculated
by Fourier transformation and these in turn provide relaxation rates that can be
directly compared to experimental data. They found that they were able to reproduce the inverse square root dependence on ω0 . Due to the limited size of the model
system, this lead to the conclusion that the observed variation cannot be due to
collective dynamics on large scales, at least not in the frequency range covered by
the simulation. Instead, they proposed trans-gauche isomerizations and rotational
diffusion of single lipids as possible mechanisms. The length of the trajectory limits
frequency range that is available. Lindahl and Edholm used a trajectory of 100 ns
for their analysis. That was enough to calculate relaxation rates accurately down
to ∼25 MHz which is the lowest frequency available for DPPC. However, their
data suggested a deviation from the inverse square root dependence at even lower
frequencies.
For DMPC, there exists experimental data down to a Larmor frequency of
3 MHz, and this was the starting point for paper III. Here the simulations were
extended to 800 ns, which allowed for calculation of relaxation rates down to the
lowest frequencies available. It turned out that even in this frequency range simulations give the experimentally observed frequency dependence, with one caveat.
The analysis was performed on two separate positions in the sn-2 chain; one in
the middle (C7) and one close to the headgroup (C3). For C7 the agreement with
experimental relaxation rates was good in the whole range, while for C3 agreement
was good at high, but not at very low frequencies.
This has a striking similarity with a problem mentioned already in the previous chapter, where the calculated NMR order parameters for atoms close to the
headgroups are too large. This is consistent with a slower decay of the correlation
function, and shows up as a different frequency dependence of the relaxation rate.
Regardless of that, the overall picture is still that the present force field reproduces
even the slowest dynamics in the hydrocarbon chains. Once again, this excludes
large scale collective dynamics as the sole reason for the experimentally observed
relaxation rates, even at the lowest frequencies.

3.2

Lateral diffusion of lipids

Lateral diffusion coefficients are usually calculated from the Einstein relation in two
dimensions,
®
1 d 
D = lim
[r(t + t0 ) − r(t0 )]2 t .
(3.2)
0
t→∞ 4 dt

36

Lateral diffusion of lipids

6

y-coordinate (nm)

5

4

3

2

1

0

0

1

2

3

4

5

6

x-coordinate (nm)

Figure 3.1: Left: Center of mass movements of lipids during 5 ns (gray, timestep 20
ps), and one selected lipid during 800 ns (black, timestep 200 ps). Right: Lipid tails are
more mobile than the headgroups. Superposition of 7 different conformations during 3
ns.

The above equation says that the diffusion coefficient D of, e.g., lipids can be calculated from the long-time slope of their mean square displacements (MSD). The
MSD, in short notation hr2 i, is usually straightforward to calculate from a computer
simulation, since all atomic coordinates are readily at hand. This is not the case in
experiments, where methods that are more indirect have to be used. Experimental
diffusion coefficients of lipids can be calculated, for instance, from displacements
of fluorescent probes, as in FRAP [51] or in single particle tracking techniques
(SPT) [67]. These types of experiments are limited by their time resolution, and
the recorded displacements are really averages over some time window, typically
of the order microseconds to milliseconds. On can also obtain diffusion coefficients
by neutron scattering, where they are related to a broadening of the energy spectra of the scattered neutrons [47, 68]. Neutron scattering measures displacements
of protons on a spatial scale of 2–100 Å and on times < 1 ns, i.e. considerably
shorter time scales than FRAP and SPT. Interestingly, this discrepancy also shows
as large differences in the results of their respective measurements. FRAP and
SPT, and also pulsed NMR [69] that measures on the same time scale, give diffusion coefficients in the range (0.5–1)×10−7 cm2 s−1 , while neutron scattering
typically measure coefficients in the range (1–10)×10−7 cm2 s−1 , i.e., up to 20
times faster. This has been interpreted in the following way. The reason for the
large difference between measured diffusion coefficients is that there is two different
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Figure 3.2: Mean square deviation of individual lipid atoms. Fits of equation (3.3)
(dashed) to MSDs calculated from simulation (solid), for three atomic positions in the
lipid molecule. The dotted line is a fit to the center of mass MSD.
diffusion processes involved. At long times, lipids are allowed to switch places, and
this gives rise to a diffusion due to the liquid properties of the lipid bilayer. At
short times, the lipid is trapped by its nearest neighbors. It moves, but it does not
diffuse in the lipid matrix, only in the local free volume to which it is confined.
These motions are faster than the long time diffusion; hence it gives rise to a larger
diffusion coefficient.
Simulations, as seen in figure (3.1–left), confirm this picture. Furthermore,
several authors have noted a nonlinear behavior of the MSD at short times, with
an apparent slope that is larger than the asymptotic long time value. See, e.g.,
references [37, 70] and paper III. Moreover, the simulated diffusion coefficients for
short and long times respectively correspond well to measured values from neutron
scattering experiments on one hand, and FRAP, SPT and NMR on the other. In
paper III the following model for lipid lateral diffusion is proposed:
hr2 i =

4D1 r02 t
+ 4D2 t.
+ 4D1 t

r02

(3.3)

The constants D1 and D2 are diffusion coefficients for short and long times respectively and r0 is a radius which comes from that the fast motions are limited in
space. For long times the first term goes to r02 , and the Einstein relation is recovered. This model is fitted to a calculated MSD of centers of mass of DMPC lipids,
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with D1 = 13 × 10−7 cm2 s−1 and D2 = 0.79 × 10−7 cm2 s−1 , which agree well
with experimental short and long time values. The parameter r0 corresponds to a
radius of ∼ 0.8 nm, of the same size as the average lipid-lipid distance.
When the model is applied on individual lipid atoms, as opposed to the center
of mass, an interesting picture emerges. Figure (3.2) shows how the MSD differs
between atoms. While D2 obviously must be the same for all, both D1 and r0 are
larger for atoms in the hydrocarbon chains than in the headgroup, and largest at
the ends. The center of mass result is very similar to what is obtained for an atom
in the middle of a chain. This is an indication of something that really is obvious –
the chains are more mobile than the heads, which is pictured in figure (3.1–right).
Furthermore, it shows that the biggest contribution to the lipid short time MSD
comes from motions in the lipid chains, while the headgroups remains relatively
stationary.
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Creating holes in membranes
One prominent feature of the lipid bilayer is its ability to form transient transmembrane pores: water-filled channels that span the whole thickness of the bilayer.
These pores can open reversibly, which means that they will eventually reseal,
leaving the membrane in an unchanged state.
It was not until fairly recently that computer simulations evolved to a state
where the study of such complex events as pore formation and closure became feasible. Since then pores have been studied extensively using both atomistic models,
see e.g., references [71, 72, 73, 74, 75, 76] and the present paper II, and coarse
grained models [77, 78, 79, 80].
The structure of a pore is that of a water-filled channel, spanning the membrane,
with the lipids arranged in such a way that their polar headgroups line the interior
of the pore, thus shielding the fatty acid chains from the water as depicted in figures
(4.1) and (4.2).

4.1

Biochemical function and applications

Pores can be induced by several mechanisms, including
• mechanical stress
• strong electrostatic fields
• influence by foreign molecules
all of which, from a viewpoint of statistical physics, acts to make the porated state
the energetically most favorable. How the different mechanisms achieve that is
discussed in a bit more detail below.
Stable, or quasi-stable pores provides a means of passive transport through a
membrane, as opposed to the transport mediated via complex transport proteins
like, for instance, ion channels or aquaporines. It has been noted experimentally
that ions and protons permeate membranes at a much higher rate than what can
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Figure 4.1: Top view of a hydrophilic pore from an atomistic computer simulation.
Lipid headgroup atoms are light and hydrocarbon chains are dark. Water molecules are
omitted for clarity.

be explained solely by diffusion over the large hydrophobic barrier that an intact
membrane constitutes. It has therefore been suggested that this transport takes
place through water-filled transient pores [81]. In conjunction with this, it seems
not unreasonable that pores might have played an important role in early cells.
On the experimental side, it has been known for a long time that transient pores
can be induced by applying strong electric fields, a technique known as electroporation [82]. It is a method widely used in laboratories for the introduction of polar
and charged agents, such as dyes, drugs, DNA, RNA, proteins, peptides and amino
acids into vesicles or cells [83]. It has also been shown that electropermeabilized
membranes are more prone to fuse with lipid vesicles [84]. Due to induced defects
making it easier to break the lipid matrix, transient pores are frequently seen in intermediate states in many conformational bilayer processes, such as fusion, but also
in budding events where vesicles are spawned from the membrane, and in bilayer
aggregation [71].
But there is a limit to how much abuse a bilayer can withstand. Under certain
circumstances, a pore will grow indefinitely leading to membrane rupture, which
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Figure 4.2: Structure of a hydrophilic trans-membrane pore of radius R. The polar
headgroups shield the fatty acid chains from the water that penetrates the membrane,
giving the pore an hourglass shape. The curvature gives rise to an increased elastic free
energy, which can be seen as a line tension, or edge energy.

can lead to lysis – death of the cell. But if a pore can be stabilized, it can, in
contrast, be of great use.

4.2

Pore formation - theory, experiments and simulations

The first attempts to model pores in lipid bilayers dates back to works by Helfrich
[85], Litster [86], and Taupin and co-workers [87]. A model was presented independently in 1975 by references [86] and [87], that in turn was based on a model
developed much earlier by Deryagin and Gutop [88] for the breakdown of soap films.
The model gives the free energy F of a circular pore as function of its radius R
F (R) = 2πγL R − πγS R2 .

(4.1)

Here γL is the line tension, or the edge energy, which is the free energy cost per unit
length of having a free edge. Further, γS is the surface tension. In words, equation
(4.1) states that the free energy cost of creating a pore of radius R is the cost of
having a free bilayer edge of length 2πR, the circumference of the pore, minus the
gain of reducing the bilayer area by an amount πR2 , the pore area.
The line tension may be assessed in several different ways. One approach is
to estimate γL from typical molecular interaction energies, as proposed by Litster
[86]. Alternatively one could use as starting point the fact that a pore introduces a
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Figure 4.3: Free energy of a trans-membrane pore in the elastic model. The energy is
given in units of kB T for different surface tensions γS ; 0, 1, 10 and 50 mN/m. The
line tension is γL = 10 pN. For non-zero surface tensions there is a maximum in F (R)
beyond which a pore will continue to grow causing membrane rupture.

curvature, and estimate γL from typical elastic energies, as did Helfrich [85]. Both
approaches lead to the rough estimate γL ∼ 10 pN. By considering the curvatures
of a pore in a bit more detail, as in the appendix of paper II, it is indeed possible
to verify that for large enough radii in a purely elastic model, the leading term in
the corresponding expression for the free energy of a pore of radius R is
F (R) = kc π 2 R/d

(4.2)

where kc is the bending modulus associated with the mean curvature, and d is the
thickness of a monolayer. By comparing equation (4.2) with equation (4.1), kc π 2 /d
can be identified as the line tension γL . Using reasonable numbers, kc = 2×10−20 J
(which is half the estimated value for a bilayer from computer simulations [56]) and
d = 1.5 nm, this gives γL ∼ 20 pN.
In case of a non-zero and positive surface tension, equation (4.1) results in a
parabolic shape, with a maximum at a certain critical radius R∗ = γL /γS , see figure
(4.3). At non-zero temperature, this means that above R∗ a pore would continue to
grow unhindered, leading to complete rupture of the membrane. Below the critical
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radius a pore will self-heal. The corresponding energy needed to create a hole too
large to reseal becomes ∆F = πγL2 /γS . With typical values for the parameters of
a planar Black Lipid Membrane (BLM), γL ∼ 10 pN and γS ∼ 1 mN/m, Litster
estimates the energy to ∆F ∼ 75kB T [86]. Thus, at low tensions, membranes in
general will certainly be stable against thermal fluctuations, which of course is very
sensible.

Electroporation
By applying a sufficiently strong electric field in the direction normal to a membrane, the membrane breaks and becomes electroporated. In a typical experiment,
the voltage required for electric breakdown is ∼0.5 V over the membrane, which
correspond to an electric field strength of 108 V/m. By variation of the field
strength and the duration of the pulses, pores of different sizes and life times can
be created.
Despite being a rather old and widely used experimental technique [82], as well
as recently having become an occasional subject of computer simulations [72, 89],
the basis for electroporation is not completely understood. One commonly cited
model uses the notion of electrocompressive stress [90, 91]. The main idea is that
the driving force for pore creation is the gain in electrostatic energy by replacing a
part of a low dielectric (membrane) with a high dielectric (water). Once again, this
is counteracted by the cost of an increased line tension. For a circular pore in an
applied electric field E directed along the normal of the membrane, the expression
for the free energy in the case of zero applied mechanical tension becomes
1
F (R) = 2πγL R − (ǫw − ǫl )πhE 2 R2
2

(4.3)

where ǫw and ǫl are the relative permittivities of water and lipids respectively,
and h is the membrane thickness. This expression has the same functional form
as equation (4.1), and the free energy curves will look the same as in figure (4.3)
for increasing field strengths. Consequently, there is a critical field strength above
which a pore will continue to grow for the whole duration of a pulse, which will
lead to rupture if the pulse is long enough.
Because of the electrostatic nature of the problem, it is tempting to try to explain
the phenomenon in terms of interactions between water and headgroup dipoles and
the electrostatic field. Indeed, both water and headgroup dipoles do reorient in the
presence of a field, which might play a role for creating defects that may evolve into
trans-membrane pores [89]. However, electroporation is also possible to achieve in
thin oil-films, where no polar headgroups are present.
Pores induced by ions
A charge imbalance between the two sides of a membrane, which can be accomplished by partitioning ions of opposite charge, can cause local electric fields that
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Figure 4.4: A trans-membrane pore created by ions. Water molecules are blue and lipid
headgroups are orange. Lipid tails are left out for visibility. Na+ is red while yellow
means Cl− . The relative size of the atoms is exaggerated. Starting from an intact
bilayer, a hydrophilic pore is formed in ∼300 ps, followed by the first passage of an ion
less than 100 ps later. After 1.5 ns the charge imbalance has decreased to a level that
persists almost unchanged for the rest of the simulation.
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Figure 4.5: Electrostatic field and potential as function of distance from a point in
the water solution. The solid lines are averages over the first 200 ps of simulation,
before ions has started to pass through the pore. The dashed lines are averages over
1.5 – 2.5 ns, where the charge imbalance has decreased to a value that persists rather
unchanged for tens of nanoseconds.

exceed the threshold for pore formation. The first published simulation that saw
pore creation caused by a concentration imbalance was that of Gurtovenko and
Vattulainen [74], but before that, ion flow in an aqueous pore had been studied by
Dzubiella et. al [92].

A similar experiment as in Gurtovenko and Vattulainen is shown in figure (4.4).
Already a surplus of ten unit charges of opposite signs (e.g., Na+ and Cl− ) distributed over an area of 41 nm2 (64 lipids) give rise to an average electrostatic
potential of roughly 5 V over the membrane, see figure (4.5), ten times more than
what is normally used for electroporation. Like in the cited work [74], the pore
opens up rather quickly. This is followed by a fast passage of a few ions through
the channel, decreasing the charge imbalance to a surplus of four unit charges,
which brings down the potential to ∼0.5 V. This imbalance persists for a long time
and is only further decreased by one unit during the whole course of the simulation
which spans 20 ns. The pore did not close in the simulation, presumably stabilized
by the potential difference.
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Mechanical stress
A bilayer in equilibrium is in its state of lowest free energy, per definition. Hence,
according to equation (2.1) it has zero surface tension. This has the implication
that, for a bilayer in equilibrium, equation (4.1) becomes a monotonically increasing
function of R, meaning that a pore can grow indefinitely without causing membrane
rupture. This shows in experiments performed on vesicles, which are tensionless
as opposed to BLM’s which have been shown to be under a constant tension of 1–
2 mN/m [93]. In BLM’s there exists a critical radius R∗ of the order 10 nm, beyond
which the membrane will be destroyed, as predicted by equation (4.1). In giant
vesicles on the other hand, pores with radii as big as 1 µm has been created using
electrical pulses [93]. Furthermore, these pores were shown to close eventually,
but when the vesicles were put under tension, e.g., by pressurization, they too
underwent irreversible breakdown when induced pores became too large.
A further implication of equation (4.1) is that when a membrane is put under
stress, it can lower the tension, and hence its free energy, by creating a pore.
However, that will occur at the cost of an increased line tension. Therefore, at a
finite surface tension there should exist a state of lowest free energy for a non-zero
value of R. This is indeed confirmed in both experiments [93] and simulations
[72, 78], where pores have been stabilized at non-zero tensions.
The cost for growing a pore is governed by the line tension, which in turn is
related to the elastic properties of the bilayer. It is indeed so, that making a bilayer
stiffer by using a mixture of phospholipids and cholesterol, has the effect of an
increased line tension, making it harder to create pores [93]. On the other hand,
by using mixtures with surfactants or detergents that instead decreases the line
tension, membranes can be made much more prone to poration [94, 95].
In addition, there is a class of peptides that position themselves in the lipidwater interface inside the pore, with the effect of a heavily decreased line tension.
The immediate effect is that pores can form with much greater ease, leading to leakout of the cell’s content. This is the modus operandi of several toxins, including
Melittin – a peptide of ordinary bee poison [96, 97].

Nucleation of hydrophilic pores
A phenomenon noted in both experiments and simulations is that the tension needed
to create a pore of a certain size depends on whether the membrane is intact, or
if it is already punctured. For instance, in reference [93] the authors noted that
electroporated membranes break down at a lower tension than non-porated ones, a
conclusion verified in computer simulations by Leontiadou et al. [73]. The reason
is that reality is slightly more complex than equation (4.1).
Nucleation of a hydrophilic pore in a membrane requires a substantial effort. In
the pore formation process, lipids need to rearrange in such a way that the lipids
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that line the pore have their polar headgroups pointing inward, as in figure (4.2).
This constitutes a rather large conformational change, which naturally is associated
with an energy barrier that needs to be surmounted – an activation energy. It is
clear that the height of the barrier is large in terms of thermal energies, or else
pores would spontaneously nucleate in both experiments and simulations.
It was earlier thought that a hydrophobic counterpart, i.e., a pore where the
lining lipids had not yet arranged themselves as in figure (4.2), preceded the hydrophilic pore. It seems however as recent simulations can provide a slightly different picture, where pores starts as defects at the lipid-water interface which, by
gradual rearrangement of lipids, penetrate deeper into the membrane until the
defect eventually spans the whole thickness of the bilayer. In this process, the
hypothesized hydrophobic pore is never realized. See, e.g., references [79, 89] and
paper II.
At atomic scales the elastic continuum model of equation (4.1) breaks down,
because for very small radii the pores loses the very structure which the model
assumes.

Stability of pre-pores
Not only does it take an initial effort to create a pore, once created it seems to
be fairly stable. A large pore in a membrane where the electric field and/or the
applied tension is switched off will shrink rapidly, but it will not immediately reseal.
Instead, it will get stuck in a state where the pore is small, but still fully penetrated
by water. This state is referred to as a defect or pre-pore state. For the pore to
close completely, it would involve squeezing out the last few water molecules, and
the lipids would have to flip back to their original positions. Doubtlessly, this
would be a relatively slow process compared to just shrinking an existing pore, and
possibly it would also involve crossing a free energy barrier – a local maximum in
the free energy, making the pre-pore state a meta-stable state in a local free energy
minimum.
Evans and co-workers has been able to fit a three-state model (intact, pre-pore
and ruptured) to data from dynamic tension experiments on vesicles [98], and they
assume in their model a local maximum between the pre-pore and the intact state,
as well as another local maximum between pre-pore and complete rupture. It should
however be noted that they do not explicitly state that their model represent a free
energy profile, only an energy profile, which might not be the same.
If there is a barrier with a free energy maximum separating the meta-stable
pre-pore state from the intact membrane, it should be detected in a calculation
of the complete free energy profile when going from a membrane in equilibrium
to a system with a fully developed hydrophobic pore. And it just happens that
molecular dynamics simulations are an excellent tool for free energy calculations.
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Figure 4.6: Free energy profile of pore nucleation and expansion. Circles are data points
calculated from simulation and solid black lines are model fits to two different regions:
before and after pore opening. The dotted line is a hypothetical reaction path that the
system probably would follow if the expansion was too fast for the system to fully relax
to equilibrium in each step.

4.3

Free energy calculation of pore nucleation: general
conclusions

In paper II we calculate the free energy profile of pore creation and expansion
as function of its radius, starting from an intact, unstressed DPPC bilayer, using
constant temperature and constant volume molecular dynamics simulations.
Although the radius might seem as the ideal reaction coordinate, it really is
not. It is not trivial to define a radius, especially not for small pores, due to its
cup-like shape and the fact that it is not perfectly circular. It is therefore a better
choice to have a reaction coordinate that can be unambiguously defined, and relate
the reaction coordinate to a radius afterward. That lead to the use of a reaction
coordinate invented by Tolpekina et al. [79], for the very same purpose (for a
description, see paper II). The method employed was to calculate the free energy
profile from the potentials of mean constraint force, as described in chapter 1.
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The simulations presented in paper II found no local minimum in the free energy
profile. The resulting profile is shown in figure (4.6). This is the same conclusion
as in Tolpekina et al. [79], who made roughly the same experiment, but using a
coarse-grained model. Instead, the investigation found a sharp transition between
two distinct regimes. For small pore radii, so small that an actual pore do not
really exist, the free energy is proportional to R2 , which is consistent with what
is expected from local area fluctuations. The constant of proportionality is however not explained by the simple considerations presented in the paper. For larger
pore radii, the free energy is accurately described by the elastic model of equation
(4.1). The line tension used in the model fit was calculated independently from
additional simulations, and turned out to be γL ∼ 50 pN, which is in reasonable
agreement, albeit a little bit on the high side, with experiments [93] and other
computer simulations [73, 79].
Close to the transition point the PMCF exhibit very large fluctuations, and
the system is hard to bring to equilibrium. This is of course related to the quite
profound structural changes that take place at the transition, as discussed before.
If the system is forced along the reaction coordinate too fast, this will show up as
a hysteresis in the energy profile. As indicated in figure (4.6), a hysteresis could be
interpreted as an energy barrier, albeit not a free energy barrier since this would
constitute a non-equilibrium process. For the same reason, it takes a long time to
close a pore. Nevertheless, our calculations show that the reaction path that the
system will follow if it is allowed to remain in equilibrium during the whole process,
does not include a local free energy maximum.
There is a huge discrepancy in the lifetimes of pre-pores calculated from experiments compared to simulations. Evans et al. [98] and Melikov et al. [99] report
lifetimes of the order ∼0.1–10 s, whereas complete closure of pores has been observed in computer simulations on a nanosecond timescale [71, 79]. Obviously, these
two observations cannot be true at the same time, unless the processes they actually
describe is not completely the same. In reference [99], for instance, the experiments
are performed on BLM’s, and consequently there is a small but non-zero surface
tension in the system that would certainly act to stabilize the pre-pores. Experiments that measure pre-pore life times in unstressed lipid bilayers would certainly
be welcome.
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[7] O. Berger, O. Edholm, and F. Jähnig. Molecular dynamics simulations of
a fluid bilayer of dipalmitoylphosphatidylcholine at full hydration, constant
pressure, and constant temperature. Biophys. J., 72:2002–2013, 1997.
[8] J. Wohlert. Construction of lennard-jones potentials for lipid simulations. Master’s thesis, Royal Institute of Technology, 2001.
[9] D. A. McQuarrie. Statistical mechanics. Harper’s chemistry series. HarperCollinsPublishers, New York, 1976.
[10] J. P. Ryckaert, G. Ciccotti, and H. J. C. Berendsen. Numerical integration
of the cartesian equations of motion of a system with constraints; molecular
dynamics of n-alkanes. J. Comp. Phys., 23:327–341, 1977.
[11] B. Hess, H. Bekker, H. J. C. Berendsen, and J. G. E. M. Fraaije. Lincs: A linear
constraint solver for molecular simulations. J. Comp. Chem., 18(12):1463–
1472, 1997.
53

Bibliography
[12] S. Miyamoto and P. A. Kollman. Settle: An analytical version of the shake
and rattle algorithm for rigid water models. J. Comp. Chem., 13(8):952–962,
1992.
[13] L. Verlet. Computer ”experiments” on classical fluids. i. thermodynamical
properties of lennard-jones molecules. Phys. Rev., 159(1):98–103, 1967.
[14] R. W. Hockney and J. W. Eastwood. Computer simulations using particles.
McGraw-Hill, London, 1981.
[15] M. P. Allen and D. J. Tildesley. Computer simulation of liquids. Oxford
University Press, Oxford, New York, 1987.
[16] E. Lindahl. Computational modeling of biological membrane and interfacs dynamics. PhD thesis, Royal Institute of Technology, 2001.
[17] M. Patra, M. Karttunen, M. T. Hyvönen, E. Falck, and I. Vattulainen. Molecular dynamics simulations of lipid bilayers: Major artifacts due to truncating
electrostatic interactions. Biophys. J., 84:3636–3645, 2003.
[18] T. Darden, D. York, and L. G. Pedersen. Particle mesh ewald: An n · log(n)
method for ewald sums in large systems. J. Chem. Phys., 98(12):10089–10092,
1993.
[19] S. Toxvaerd. Molecular dynamics calculation of the equation of state of alkanes.
J. Chem. Phys., 93(6):4290–4295, 1990.
[20] R. Goetz, G. Gompper, and R. Lipowsky. Mobility and elasticity of selfassembled membranes. Phys. Rev. Lett., 82:221–224, 1999.
[21] S. J. Marrink, A. H. de Vries, and A. E. Mark. Coarse grained model for
semiquantitative lipid simulations. J. Phys. Chem. B, 108:750–760, 2003.
[22] W. F. van Gunsteren. Computer simulations of biomolecular systems: Theoretical and experimental applications, volume 2, page 27. ESCOM, Leiden,
The Netherlands, 1989. Edited by W. F. van Gunsteren and P. K. Weiner.
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