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Abstract

Molecular modeling has come a long way during the past decades and in the cur-
rent thesis modeling of biological membranes is the focus. e main method of choice
has been classicalMolecularDynamics simulationswith all-atomisticmodels and for this
technique amodel Hamiltonian, or force eld (FF), has been developed for various lipid
molecules with the aim to be used for studies of complex, biologically relevant mem-
branes. Further, ways of more accurately simulate the interactions between small solutes
and model membranes and the corresponding partitioning have been investigated.

To address the problems associated with fully atomistic FFs for lipids a FF coined
Slipids was developed and carefully validated against a range of experimental data at dif-
ferent temperatures (Papers I-III). Several structural properties such as area per lipid,
various thicknesses, sca ering form factors and NMR order parameters obtained from
the simulations are in good agreement with available experimental data. Further, the
compatibility of Slipids with current state-of-the-art amino acid FFs was also proven.

is, together with the wide range of lipids that can be studied, makes Slipids an ideal
candidate for large-scale studies of more biologically relevant systems.

A solute’s electron distribution is changed as it is transferred from water to a lipid
bilayer, a phenomena that cannot be fully captured with xed-charge FFs. In paper IV
we propose a scheme of implicitly including these effects with the more common xed-
charge FFs in order tomore realisticallymodel water-membrane partitioning. A straight-
forward thermodynamic cycle together with pre-polarized atomic charges were intro-
duced and applied. e results are in good agreement with experimentallymeasured free
energies and further the differences between using this scheme and the more traditional
approach were highlighted by observing different binding modes. e present approach
could be of use in e.g. rational drug design or in studies of molecular mechanisms of
anesthesia.

e free energy landscape of solutes embedded in a model membrane is explored in
paper V. is was done using biased sampling methods and besides the obvious solute-
bilayer distance as a reaction coordinate intramolecular degrees of freedom were also
biased. First, the la er degrees of freedom were identi ed in bulk liquids of different
dielectric nature and then used in studies with lipid bilayers. e partitioning standard
binding free energies are in be er agreement with experimental data and the underlying
free energy landscapes describe the intramolecular conformational changes of the solute
that have to occur in order for the solute to penetrate the membrane. Besides this, the
pitfalls of using a one-dimensional reaction coordinate are highlighted.

Overall the work presented in the current thesis shows that if caution is executed in
molecular modeling in terms of e.g. sampling and if an accurate enough force eld is
chosen computer simulations of complex biological systems can be a powerful and even
predictive tool.
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Chapter

Introduction

. Cells and eirMembranes

On the length scale ofmicrons (10−6morµm) all living organisms have common build-
ing blocks, namely cells. ese building blocks are able to make up larger biological en-
tities, e.g. tissues and the organs of animals, and are therefore the basic structural and
functional units of the organism. e organisms that maintain important biomolecules
such as RNA, DNA, proteins and smaller molecules within the membrane are called eu-
karyotes whereas one-celled organisms that do not require a cell membrane are referred
to as prokaryotes. For the eukaryotes the individual cells are highly complex with a di-
verse composition. However, there are common features between the eukaryotes cells,
regardless if one is studying a bone cell, liver cell or a blood cell: they all use the same
type of the above-mentioned biomolecules and they consume chemically stored energy
in form of adenosine triphosphate (ATP). Within these cells numerous chemical pro-
cesses take place simultaneously (cellular respiration, protein synthesis, transportation
of different chemical entities etc.). e cells also duplicate through a process referred to
as cell division, where one cell duplicates and creates two daughter cells. Clearly, the life
of a cell is very complex andmany of the biomolecules that participate in these processes
have complex structures making the task of understanding the cell on a molecular level a
daunting one.¹

e membrane is made up by several components and the exact composition is of-
ten unknown and varies between different cells. Lipids, which are discussed in details
in the following section, are the main components of the membrane, although sterols
and proteins make up a considerable portion of this approximately nm thick layer. It is
important to stress that the surface of a biological membrane is very heterogenous and
the proteins are necessary for the cell to be able to transport substances to/from the cell
(transport proteins, e.g. ion channels) or to transfer extracellular signals (receptor pro-

And prokaryotes for that ma er.



. Introduction

teins, e.g. G-coupled receptors). Additionally, some enzymes are bound to the mem-
brane. e so-called uid-mosaic model is perhaps the most accepted model of a biolog-
ical membrane. As can be understood from the name the two components (lipids and
proteins) are present side-by-side with the proteins embedded in the lipidmatrix. In this
environment the proteins are still able to diffuse within the two-dimensional lipidmatrix
in order to e.g. form aggregates. Some proteins are fully integrated to the membrane,
either completely within it, in a transversemanner or only embedded into one side of the
bilamellar membrane. e distribution of the membrane components does not have to
be symmetric between the lea ets, the lipids, sterols and proteins are o en distributed in
a asymmetric fashion.¹

Eukaryotes, in contrast to prokaryotes, have organelles, which are parts of the cells
that have distinct functions and are surrounded by a separate membrane. Within the cy-
tosol (a gel-like substance found within the outer membrane of the cell) these organelles
are suspended and together they form the cytoplasmmeaning that every comprising part
of a cell can be found in the cytoplasm. Perhaps the most vital organelle of the cell is the
nucleus, which is surrounded by a nuclear-double-membrane andwithin this membrane
the important genetic information is stored in formof deoxyribonucleic acid, more com-
monly known asDNA. Another vital organelle that also is surrounded by a doublemem-
brane is the mitochondrion. Chemical reactions, namely oxidations, occur within the
mitochondria which provide the cell with the energy necessary for it to maintain func-
tional. On the other hand, the endoplastic reticulum (ER) only has a single-membrane
and is a ached to both the cell membrane and the nuclear membrane. e ER is present
in two forms, rough and smoothER,where the formerhas ribosomes (responsible for the
cell’s protein synthesis) a ached to it whereas the la er does not contain any ribosomes.
Clearly membranes are vital for the cell and its constituting parts and hence major ef-
forts have been made towards increasing the understanding of these membranes within
the scienti c community. As already mentioned, to study membranes in their natural
environment would be a far too complex system to start with and therefore simpler sys-
tems with a controlled composition have been studied in both laboratory and computer
experiments. e systems studied then are usually referred to as lipid bilayers. ¹

. Lipid Bilayers andModelMembranes

Lipids are the major components of biological membranes and they occur in many dif-
ferent forms: fa y acids, triacylglycerols, sphingolipids, phosphocylglycerols and glycolipids.
In Figure . some of themost common lipid types are illustrated. Due to the complexity
of biologically occurringmembranesmost studies are performed on systems with one to
four components with the aim to bring further detailed knowledge of the structural and
dynamic properties of these model systems. Historically speaking, , -Dimyristoyl-sn-
glycero- -phosphocholine (DMPC) has been one of the most studied one-component
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systems, mostly because of the fact that these lipid bilayers remain in the uid phase at
room temperature, making them convenient to work with in the laboratory.

DMPC DOPG

DOPSPOPE

16:0 SM

Cholesterol

Negativley charged
head group

Double
bond

Double
bond

Sphingosine

Amine 
head group

Negatively charged
head group

Double
bond Double

bond

Figure . A schematic comparison between selected lipid molecules with some differences
with respect to the common DMPC lipid highlighted.

Common for all types of lipids is that they are all partially soluble in water but fully
soluble in organic solvents. From a molecular point of view lipids are amphipihilic with
a polar head group and a longer, hydrophobic tail. e number of double bonds in the
hydrophobic tails can differ which gives rise to an even broader variety of lipids. ese
double bonds are usually found in a cis-conformation rather than a trans-conformation
and tend to increase the uidity of the lipid bilayer. Lipids with one or several double
bonds in the hydrophobic chain are called unsaturated lipids and lipids with no double
bonds present in the tail are called saturated lipids. ¹

In an aqueous solution the amphiphilic lipid molecules tend to assemble in e.g. a
bilayer due to the hydrophobic effect. e hydrophilic head groups of the lipids prefer
to stay in contact with water whereas the hydrophobic tails are excluded from the aque-
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Hydrophobic tailGlycerol
region

Head group

Polarity

a b

Figure . (a)A schematic illustration of a lipidmoleculewith a crude division into its different
parts. (b) A lipid bilayer in aqueous solution. e whole hydrophobic core is now
rendered as white.

ous environment. A one-component lipid bilayer is shown in Figure . . As the bilayer
has a hydrophobic core the transport through the membrane is controlled and polar or
chargedmolecules/ions cannot passively diffuse through themembrane; for these an ac-
tive transporter like a protein is required.

e bilayer can be ordered in form a gel phase (Lβ′ or Lβ), with the lipids packed
closely and all the chains are in all-trans conformations, or more disordered in a uid
phase (Lα) as can be seen in Figure . .

Basically the lipids behaves as a uid in the lateral plane of themembrane as the lipids
are highly exible in this plane. However, along the membrane normal the system is or-
dered as the hydrophilic parts of the lipids are facing the surrounding water and the lipid
tails are facing each other in order to minimize their contact with water. Hence the for-
mation of the bilayer structure is driven by the hydrophobic effect. e uidity of the
bilayer depends on several factors: the fraction of unsaturated lipids, temperature and
cholesterol content. Unsaturated lipids contains double bonds that creates kinks in the
tails, which increases the conformational freedomof the lipid tails andmakes itmore dif-
cult to pack them as tightly as saturated tails. As a result of this these lipid takes upmore
space in the lateral plane of the bilayer and the Lβ′/Lβ → Lα phase transition occurs at
lower temperatures compared to fully saturated lipids. e cholesterol content also af-
fect the uidity of themembrane as it enhances the rigidity and ordering of the lipid tails.
As can be seen in Figure . the cholesterol molecule has a rigid carbon skeleton which
interacts strongly with saturated lipid tails and promotes a straight-chain geometry of
the lipid tails. e interactions between cholesterol and unsaturated or polyunsaturated
tails are weaker than the interactions between this stiffmolecule and saturated tails. is,

Several other phases are also possible depending on the lipid composition. Examples are micelles,
hexagonal phase, inverse hexagonal phase and cylindrical micelle.
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Lα Lβ′ Lβ

Figure . Different phases of lipid bilayers: the uid phase (Lα), tilted gel phase (Lβ′) and
the straight gel phase (Lβ).

presumably, results in the formation of local domains enriched with cholesterol and sat-
urated lipids. ese domains are usually referred to as lipid ra s² and usually consists
of mixtures of cholesterol and sphingolipids (or other saturated lipids) and are believed
to be between - nm large in diameter. Despite the increase in mechanical stiffness
andordering these domains are still dynamic and several speci c proteins reside in them³
making them vital for cell signaling.² ⁴ It should also be mentioned that the occurrence
of lipid ra s and their functionality is still a topic of active research.

Earlier the lipid bilayer was looked upon as being merely a passive, hydrophobic
slab that separated two compartments from each other. Recent research has shown that
this image is far from correct and that lipid bilayers are highly dynamic and the mobil-
ity within the membrane plane is not to be over-looked. Even for the saturated lipids
the conformational freedom for each individual lipid is quite large, in Figure . several
conformations obtained from a computer simulation of a pure DMPC lipid bilayer are
presented. e distribution of lipids between the two lea ets that make up the bilayer is
not uniform in biologically occurringmembranes and diffusion of lipids along themem-
brane normal can actually be observed, although events like these are relatively rare on
a molecular time scale. Further it has been shown that the membrane composition af-
fects the proteins that reside in the bilayer and it is e.g. believed that cholesterol plays
an important part in the dimerization of β2AR receptors.⁵ In order to study the effect of
membrane compositionmolecular simulations are an alternative since they offer away of
directly obtaining details in an atomistic or molecular resolution. In this way computer
simulations are able to complement experiments, where mostly macroscopic behavior is
captured, or even offer further insights.

is diffusion is relatively slow, which makes it difficult to study with molecular simulations that
employ atomistic models. is will be covered in the following chapters.
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Figure . Different conformations obtained from aMolecular dynamics simulations of a pure
, -Dimyristoyl-sn-glycero- -phosphocholine (DMPC) lipid bilayer.

. Computational Chemistry andComputer
Experiments

Computational chemistry and molecular modeling/simulations offer scientists a direct
way of studying complex chemical/physical/biological systems onmany different length
and time scales, reaching from Ångströms (10−10 m) to micrometers (10−6 m) or even
longer, and femtoseconds (10−15 s) to milliseconds (10−3 s), depending on the applied
technique and available computational resources. It may seem contradictory and even
bizarre to claim that the major bene t of performing computer simulations is that they
are not limited by reality. In practice this materializes in a wide range of possibilities if
the simulations are performed in a clever way. Alchemical transformations and biased
sampling techniques are examples of these somewhat unphysical paths.

Earlier computer simulations were mostly used to reproduce and complement ex-
perimental observations but with the ever increasing computational resources available
and re nedmethods andmodels we have now reached a point where physics-based sim-
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ulation methods can be used to predict experiments, at least to a certain extent. In fact,
the Nobel prize in chemistry was given to three pioneers in the eld of molecular
modeling: Martin Karplus, Michael Levi and Arieh Warshel for their contributions to
the development of so-called multiscale models for complex chemical systems. Earlier,
in , the same price was given toWalter Kohn and John A. Pople for development of
quantum mechanically based modeling techniques that have had tremendous impact in
the eld of chemistry and other disciplines.

As it can be considerably difficult to obtain detailed (atomistic) information from
biological systems such as membranes or proteins computer simulations have emerged
over past decades. From detailed simulations, dynamical and structural properties can
be understood and one longterm goal is to be able to link these to the systems biological
functions. Again, as in experimental studies, simpler model systems are chosen in or-
der to simplify the problem as much as possible beforehand. is can mean that model
membranes are used or when a protein is the object of interest it is studied in a simple
aqueous environment instead of its native environment (this is however not the case for
membrane-embedded proteins).

Rational drug design is a eld where the interest in molecular simulations is large.
Knowledge of an active compound’s solubility and binding modes/constants at the tar-
get protein/receptor is crucial in the development of a new drug compound.⁶Within the
eld of rational drug design the partitioning of solutes between twophases of different di-
electric nature, e.g. water and n-octanol has also beenwidely studied as it gives ameasure
of how the solute would distribute betweenwater and the cell membrane (that is approx-
imated to sharemany common featureswith n-octanol). e actual partitioning between
water and a model membrane have not been studied to the same extent although several
studies have shown that a lipid bilayer can behave signi cantly different compared to a
simpler liquid like n-octanol. With the computational resources available to scientists it
is likely that also the uptake of drugmolecules will be studied using advanced simulation
techniques similar to the ones used for studying solubility and target binding.⁷ ⁸

Another area that have and further will bene t from simulations is the further explo-
ration of lipid ra s. As simulations are now able to probe the length and time scales of
these suggested domains they have and can offer great insights to how cell and model
membranes are organized. e interactions between lipids and membrane embedded
proteins and small peptides have been performed in order to validate⁹ and developmod-
els.¹⁰ e phase behavior of pure and mixed bilayers have also been of considerable in-
terest to the simulation community¹¹ ¹² as well as e.g. the translocon assisted insertion
of membrane proteins.¹³ ¹⁴ Further, the mechanisms of selectivity in membrane bound
channels¹⁵ have been elucidated using simulations techniques as well as the transloca-
tion and mechanism of such as the HIV- TAT peptide¹⁶ and antimicrobial peptides.¹⁷

e abovementioned studies are just a very small sample of what has been accomplished
using computer simulations, it would be outside the scope of this thesis tomention all of
the major achievements that have been made with the help of simulations.
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. Aim and Scope of esis

In this thesis computer simulations of both homogenous and heterogenousmodelmem-
braneshavebeenperformedusingmainly a techniquecalledMolecularDynamics (which
is brie y described in the following chapter). From a length scale perspective systems on
a nanometer scale have been studied in simulations reaching up to microseconds. En-
hanced sampling methods have been applied to understanding different molecular in-
teractions from a free energy perspective. Two aspects of modeling lipid bilayers have
been covered, rst a model Hamiltonian, which is an empirical potential energy func-
tion, usually referred to as a force eld, has been derived and thoroughly tested against
experimentally obtained data. While developing this we have tried to stay as loyal to the
AMBER parameterization procedure possible in order to make the derived parameters
compatible with current state-of-the-art xed-charged force elds for proteins and pep-
tides. e force eld has been validated for both single and two componentmodelmem-
branes in terms of both structural and dynamic properties. e aim of this part of the
thesis has been to develop a robust force eld that is able to describe versatile biological
membranes accurately and also be used as a basis for multiscale studies.

In the the second part of the thesis the interactions between small organic solutes,
such as drug compounds, with lipid bilayers are investigated. e effect of polarization
has been investigated in an implicit manner within the framework of simulations using
xed-charged force elds. Further, the free energy landscapes of solutes have been ex-

plored using two and three dimensional reaction coordinates in simulations where the
sampling has been biased. ese studies aim at improving the description of the inter-
actions and binding modes of solutes within membranes and also more accurately being
able to reproduce and ultimately predict the partitioning thermodynamics.

e thesis is divided as follows: in chapter themain theories andmodels applied are
described, in chapter molecular modeling of membranes is discussed, chapter sum-
marizes Papers I-III, Papers IV and V are summarized in chapters and , respectively,
and the thesis is concludedwith suggestions for possible extensions presented in chapter
.



Chapter

Overview of eory andModels

e aim of this Chapter is to offer a brief overview of the different methods and tech-
niques used in the work that this thesis is comprised of. e fundamental theory needed
for themore pragmatic applications described herein are also presented in a short format.
Naturally, this chapter will not cover everything; the ambitious reader is instead referred
to the given references.

. StatisticalMechanics

. . History andMotivation

Frommicroscopic parts and their corresponding interactions it is possible to predict and
derivemacroscopic observables, both static anddynamical, and the theory that offers this
powerful insight is statistical mechanics. is theory is able to treat so-called many-body
problemsmeaning that it offers away todealwith highly complex systems andhave there-
fore been used widely in chemistry, physics, biology, economics, social studies, mathe-
matics and in many cross-disciplinary elds. Some of the main contributors to this eld
were esteemed scientists like Josiah W. Gibbs, Ludwig Boltzmann, Rudolf Clausius and
James C. Maxwell. Most of the methods and techniques employed in the present thesis
are based on statistical mechanics and therefore it follows naturally that this theoretical
area is rst brie y covered.¹⁸

In the th century statistical mechanics was developed in order to linkmacroscopic
thermodynamics with the microscopic world of molecules. In a basic notation, macro-
scopic properties of a system do not depend on each and every particle’s motion to any
large extent; these microscopic details are averaged out. is means that the laws that
determine the behavior of the microscopic system can be applied in a statistical fashion.
As a consequence of this not only thermodynamics has been explained from amolecular
point of view but it also offers a way of computing other macroscopic observables. Per-
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haps themost important concept of statisticalmechanics is an ensemble, which is a (large)
collection of systems that share commonproperties (total energy, volume andnumber of
particles). Once averages are calculated over an ensemble a number of thermodynamic
properties as well as dynamic and other equilibrium properties can be computed.¹⁸

. . Ensemble eory

If one imagines an ensemble containing N particles, the probability of nding a system
with the energy Ei, Pi, would be

Pi =
e−βEi

Q(N)
( . . )

Where β = 1/kBT, where kB is the Boltzmann constant, 1.3806488× 10−23 J K−1, and
T the absolute temperature. Q is a factor that ensures that the sum of all probabilities
equals unity and is referred to as the partition function

Q(N) =
N∑
j=1

e−βEj ( . . )

e partition function plays a central part in statistical mechanics as virtually anymacro-
scopic property can be derived from Q. If equations ( . . ) and ( . . ) are combined
we end up with the well-known Boltzmann distribution. e thermal average value of an
observable A can then be calculated as

⟨A⟩ =
∑

j Aje−βEj

Q(N)
( . . )

If a system is obeying Hamilton’s equations of motion it can be shown that E = H(Γ),
whereH is known as theHamiltonian andΓ is the phase space vector. e Hamiltonian
is the total energy of a system expressed in the particles’ momenta and positions

H =
N∑
i=1

p2i
2mi

+ U(r1, . . . , rN) ( . . )

With these equations at hand it can be shown that the classical thermal average of ob-
servable A can be wri en as an integral

Q is o en only known for very simple model systems, which might seem unfortunate since it is so
powerful but as we will see later on the lack of this function keeps the modeling community busy (and
employed).

Phase space makes up an 6N dimensional space, where every axes is orthogonal, with ev-
ery particle’s position and momenta. A general point in phase space is usually denoted as Γ =
{r1, . . . , rN, p1, . . . , pN}.
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⟨A⟩ =
∫
A(Γ)e−βH dΓ∫
e−βH dΓ

( . . )

e above standing equation is crucial formolecular simulations and lays the foundation
for almost every classical simulations of many-body nature.¹⁸ ¹⁹

. . e ErgodicHypothesis

In order to obtain accurate averages all con gurations have to be visited, meaning that all
points in phase space have to be visited, at least the thermally accessible ones. A system
that visit all points in state space is said to be ergodic. According to the Boltzmann dis-
tribution states that are energetically unfavorable are improbable and carry a low weight
in the ensemble averages. erefore computer modeling becomes difficult when phase
space points are separated by large energetic barriers. If a system does not visit all points
in phase space a proper ensemble is not obtained and the average properties are not truly
representative of the system and in worst case inconclusive.

..

Covering Larger Parts of Phase Space

.

A commonway of circumventing the sampling problemswhile generating an
ensemble is to use so-called enhanced sampling methods. ese methods
enable one to explore phase spacemore efficiently and also offers free energy
differences between different points or regions which can be of great interest.
In section . two of these methods are described.

Another thing that should bementioned regarding the ensemble approach of statisti-
cal mechanics is that it differs somewhat from how experiments (and themainmodeling
technique used in the present thesis, Molecular Dynamics) are being carried out. Mea-
surements are usually carried in during a certain time interval in an iterative fashion from
which an average is calculated. Dynamical systems, i.e. almost any system studied, can
still be used to generate ensemble averages by simply computing time averages. Accord-
ing to the ergodic hypothesis ensemble averages can be replaced by time averages¹⁹

⟨A⟩ =
∫
A(Γ)e−βH dΓ∫
e−βH dΓ

= lim
τ→∞

1
τ

∫ τ

0
A(Γ) dt ( . . )

If the ensemble average is derived from an integrator that explores phase space in dis-
cretized time steps of∆t, like inMolecular Dynamics simulations, ⟨A⟩ can be calculated
simply as

In a following section a way to sample phase space and therefore offering an ensemble is presented.
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⟨A⟩ = 1
M

M∑
i=1

A∆t(Γ) ( . . )

. Electrons and theNon-Classical Picture ofMa er

In order to include electronic degrees of freedom in the treatment of microscopic ma er
classical mechanics cannot be applied and in the beginning of the th century quantum
mechanics, a theory that deals with the degrees of freedom. Famous contributors to the
eld of quantum mechanics (QM) and quantum chemistry (QC) includes names like
Erwin Schrödinger, Paul A. M. Dirac, Werner Heisenberg, Wolfgang Pauli, Max Born,
VladimirA. Fock,DouglasHartree and JohnA.Pople. AsQC follows from theprincipals
of QM the la er is rst presented in a condensed form.

. . QuantumMechanics

e wave function,Ψ, is the main concept of QM. It describes every particle’s evolution
over time and space

Ψ = Ψ(r, t); r ≡ r(x, y, z) ( . . )

e wave function indicates that all particles can be treated as waves, which is known
as the the wave-particle duality. Basically this states that particles can be treated both as
waves and particles and the circumstances should indicate which treatment that should
be applied. If the particle is treated as a wave one has to work with probabilities in order
to determine which state the particle is in. e probability density is de ned as |Ψ(r, t)|2
and if this entity is integrated between two points in space, a and b, the probability of
nding the particle between these points is obtained

P =

∫ b

a
|Ψ(r, t)|2 dr ( . . )

A direct consequence of this interpretation is that QM can only provide us the statistical
information about possible outcomes. One certain thing is that if one would integrate
over all possible space P = 1, meaning that the wave function has to be normalized.²⁰

In order to obtainΨ for a particle variable substitution can be used where the wave
function has a time dependent and a spatial part

Ψ = ψ(r)φ(t) ( . . )
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It can be shown that the time-dependent part can be wri en as φ(t) = Ce−iEt/ℏ, where
C is a constant and ℏ = h/2π, ifψ satis es the so-called stationary Schrödinger equation

− ℏ2

2m
∇2ψ + V̂ψ = Eψ ( . . )

Where∇2 is the Laplacian operator and

Ĥ = − ℏ2

2m
∇2 + V̂ = T̂+ V̂ ( . . )

Which is theHamiltonian that contains an operator for the particle’s kinetic (T̂) and po-
tential (V̂) energy. While solving equation ( . . ) an in nite number of solutions for
ψ is obtained and each wave function has an associated eigenvalue, which is the allowed
energy for the quantumparticle. One important point tomakewith these separable solu-
tions is that the obtained states are stationary. e wave function itself is time-dependent
but the probability density is not

|Ψ(r, t)|2 = |Ψ(r, t)∗Ψ(r, t)| = ψ∗(r)eiEt/ℏψ(r)e−iEt/ℏ = |ψ(r)|2 ( . . )

Where the complex conjugate ofΨ is used in order to obtain an actual number asΨ is a
complex function. An expectation value of a property A, ⟨A⟩ can be calculated from the
wave function²⁰

⟨A⟩ =
∫
φ∗(r)eiEt/ℏÂψ(r)e−iEt/ℏ dr =

∫
ψ∗(r)Âψ(r) dr ( . . )

e Born-Oppenheimer Approximation

For chemically interesting systemswithN electrons andMnuclei equation ( . . ) is gen-
eralized to

Ĥ = −
N∑
i

ℏ2

2me
∇2

i︸ ︷︷ ︸
T̂electron

−
M∑
k

ℏ2

2mk
∇2

k︸ ︷︷ ︸
T̂nucleus

− 1
4πϵ0

N∑
i

M∑
k

Zke2

rik︸ ︷︷ ︸
V̂electron-nucleus

+
1

4πϵ0

N∑
i<j

e2

rij︸ ︷︷ ︸
V̂electron-electron

+
1

4πϵ0

M∑
k<l

ZkZle2

rkl︸ ︷︷ ︸
V̂nucleus-nucleus

( . . )

Which is usually wri en in the more compact form Ĥψ = Eψ.
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Where Z the charge of the nucleus. If one tries to solve the Schrödinger equation using
this Hamiltonian it is quickly realized that it is impossible to solve. Approximations are
therefore needed in order to circumvent this problem. e Born-Oppenheimer approxi-
mation is one of these that is crucial for quantum chemistry. In an atom the nuclei are
considerably heavier than the electrons which means that the also move on a different
time scale. As the electrons move much faster it is natural to assume that the electrons
are moving within a eld of the nuclei and thus the term T̂nucleus can ignored in equation
( . . ). is gives us a purely electronic Hamiltonian where the electronic energy can
be calculated according to Ĥelecψelec = Eelecψelec. ψelec is the electronic wave function,
whichdependon thenuclei in a parametricway; as thenuclei are rearranged the electrons
will be in uenced and the system’s total energy must still include the nuclear-nuclear re-
pulsions. e cumbersome part of this approximation is the electronic repulsion term
which still renders these equations impossible to solve. e major efforts that have been
made in quantum chemistry have been done in order to make this equation possible to
solve with different approximations.²¹

. . QuantumChemistry

emain objective of quantum chemistry (QC) is to solve the Schrödinger equation for
larger, chemically interesting systems. In the many-electron wave function the electron’s
spin, the forth quantum number, must be speci ed. e electronic spin is included by
multiplying a spin functionwith the spatial wave function in order to form a spin function.

e la er functions are usually referred to as χ(x), which is the partial wave functions
multiplied by a spin function, which speci es the particle’s spin.²²

One early approximation to the many-electron wave function was the Hartree prod-
uct, which is a number of spin orbitals multiplied

ΨHP(x1, x2, x3, . . . , xN) =
N∏
i=1

χi(xi) ( . . )

e major issue with the Hartree product is that it does not ful ll the antisymmetry re-
quirement for fermions. is can be adjusted for by taking the proper linear combina-
tions of Hartree products with a so-called Slater determinant²²

Electronic spin in an intrinsic property of the electron which is needed to fully describe a particle’s
state with a wave function, Ψ(r, t, ω) = ψ(r)e−iE/ℏf(ω), where f(ω) is a spin function and ω is the
spin variable. e spin function is usually denoted either α(ω) or β(ω) depending on the spin of the
electron, which can be either 1

2 or−
1
2 .
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ΨSD =
1√
N!

∣∣∣∣∣∣∣∣∣
χi(x1) χj(x1) · · · χk(x1)
χi(x2) χj(x2) · · · χk(x2)

...
... . . . ...

χi(xN) χj(xN) · · · χk(xN)

∣∣∣∣∣∣∣∣∣ ( . . )

Which ful lls the antisymmetry requirement.

Hartree-Fock eory

Within the Hartree-Fock approximation, the many-electron problem is solved by using
approximative methods. is method is not regarded as the best, however, the more
sophisticated methods are largely based on this method and therefore it is of major im-
portance.²¹ ²² A single Slater determinant is used to describe aN-electron system, |Ψ0⟩

|Ψ0⟩ = |χ1χ2χ3 · · ·χN⟩ ( . . )

e best wave function is the one that yields the lowest energy according to the varia-
tional principle

⟨Ψ|Ĥ|Ψ⟩
⟨Ψ|Ψ⟩

≥ E0 ( . . )

Where E0 is the energy of the ground state. Consequently, |Ψ0⟩ has to be varied by using
the spin orbitals that gives the lowest energy. e most favorable spin orbitals are given
by the Hartree-Fock (HF) equation²²

f̂(1)χ(x1) = Eiχ(x1); i = 1, 2, 3, . . .N/2 ( . . )

Where f̂ is the Fock operator

f̂(1) = −1
2
∇2

1 −
N∑
k

Zk

r1k
+ vHF = h(1) + vHF ( . . )

As can be seen, the Fock operator treats the interaction between the i:th electron and
all the rest of the electrons in the system in an average, effective manner. is means
that inHF theory an one-electron problem is obtained with an average electron-electron
repulsion instead of an complicated many-electron system. O en f̂ is rewri en as

Here thewave function iswri en inDirac’s braket notation. A function canbewri en either as ⟨ψ|,
the bra-vector, or |ϕ⟩, the ket-vector. When these two vectors aremultiplied the resulting braket, ⟨ψ|ϕ⟩,
will transform these functions to a number. e braket is de ned as ⟨ψ|ϕ⟩ =

∫
ψ∗ϕ dτ ; ⟨ψ|Â|ϕ⟩ =∫

ψ∗Âϕ dτ .
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f̂(1) = h(1) +
N/2∑
j

2Jj(1)− Kj(1) ( . . )

Where Jj(1) represents the average local potential at a point r1 coming from an electron
in the j:th orbital

Jj(1)χi(1) =
(∫

χ∗
j (2)

1
r12
χj(2) dx2

)
χi(1) ( . . )

Where atomic units have been used to simplify the notation. Kj does not have a classical
interpretation like Jj but originates from the fact that |Ψ0⟩ is anti-symmetric and is the
exchange of electron 1 and 2, ormore commonly put, the reduction in repulsion between
electrons with parallel spin due to a correlation

Kj(1)χi(1) =
(∫

χ∗
j (2)

1
r12
χi(2) dx2

)
χj(1) ( . . )

In HF theory the Fock operator depends on its solutions, meaning that if equation
( . . ) is to be solved it has to be done in an iterative fashion by rst guessing χ(x1).
First the Fock operator is computed from the initial spin orbitals and new spin orbitals
can be obtained, which in turn are used to update theFock operator. is is then repeated
until the spin orbitals are eigenfunctions of the Fock operator. e way of iteratively solv-
ing these equations is called the self-consistent eld method (SCF).²¹ ²²

To determine the energy of an electron in the i:th orbital equation . . is used and
the result is

Ei = ⟨χi|̂f(i)|χi⟩ = ⟨χi|ĥ(i)|χj⟩+ ⟨χi|
N/2∑
j

2Jj(i)− Kj(i)|χi⟩ = hii +
N/2∑
j

2Jij + Kij

( . . )
However, the sum of {Ei} is however not the total electronic energy, Etot

elec as this sum
would contain twice the repulsion terms between electrons and therefore the correct ex-
pression for Etot

elec is

Etot
elec = 2

N/2∑
i

hii +
N/2∑
i

N/2∑
j

2Jij − Kij ( . . )

e initial guess of χ(x) will be based on the so-called basis set used. A basis set
is a linear combination of atomic orbitals, {φn}, that is used to describe the molecular
orbitals of the system
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|ψ⟩ =
∑
n

cn|φn⟩; n = 1, 2, 3, . . . ,m ( . . )

e constants cn will be optimized within the given basis set in order to nd the lowest
energy. Generally speaking, a larger basis set will give be er results and if m → ∞ one
can reach the basis set limit. An in nite basis set is usually referred to as theHF limit, and
the obtained wave function is then fully correct within the constraints of HF-theory.²²

Correlation Energy and Post Hartree-FockMethods

e major drawback of HF theory is the missing electron correlation. is means that
electron-electron repulsions will be overestimated and the resulting energy will be sys-
tematically too high. e correlation energy is the difference between the exact energy of
the system and the energy computed fromHF theory

Ecorr = Eexact − EHF ( . . )

O en Ecorr is on the magnitude of a few precent of the total energy making it relatively
small, however, these energies arewell within the reach of chemical reactions and confor-
mational changes meaning that HF theory is not always the optimal method of choice.

ere are methods that explicitly treat electron correlation, which are usually called
post-HF theories. ere are two types of electron correlations, the dynamic and the
static. e former stems from the correlated motion of electrons and the la er from the
representation of the wave function.²¹ In HF theory only a single Slater determinant is
used todescribe thewave function, whichmight not be exible enough for some systems.
Most post-HF methods use more than one Slater determinant, i.e. a linear combination
of them in order to cover both of these types of electron correlations. Popular meth-
ods are Møller-Plesset perturbation theory, coupled-cluster theory, the con gurational
interactionmethod, themulti-con gurational self-consistent eldmethod and quantum
Monte Carlo.²¹

Perhaps the most popular method that includes the electron correlation (in an ap-
proximateway, at least fromapractical point of view) is density functional theory (DFT),
whichdiffers somewhat fromHFtheory and thementionedpost-HFmethods.²¹ InDFT,
instead of using a Hamiltonian that depends on the coordinates of the electrons, the
Hamiltonian only depends on the electron density, ρ, which in turn depends on three
spatial coordinates r. In fact, the energy is a functional of ρ(r)

E[ρ(r)] = T[ρ(r)] + VM-e[ρ(r)] + Ve-e[ρ(r)] ( . . )

Where T is the kinetic energy of the electrons, VM-e is the potential energy between the
electrons and the nuclei and Ve-e is the electron-electron potential energy. e Born-
Oppenheimer approximation is still valid so there is no need to add a kinetic energy term
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for the nuclei. ere are two central cornerstones of DFT that makes the method tech-
nically feasible: the Hohenberg-Kohn theorems²³ and the Kohn-Sham self-consistent equa-
tions. ²⁴ e two theorems presented by Hohenberg and Kohn state that I) there exists a
ground state density that uniquely determinesVM-e which in turn determines theHamil-
tonian and II) that ρ(r) obeys the variational principle. With Kohn-Sham self-consistent
equations there is a one-electron operator just like in HF theory

hKSi = −1
2
∇2

i −
M∑
k

Zk

|ri − rk|
+

∫
ρ(r′)

|ri − rk|
dr′ + Vxc ( . . )

Where Vxc = δExc/δρ. Exc is the exchange-correlation energy, which is the non-classical
electron-electron interactions. hKS’s correspondingwave functions are called KS orbitals
and they are expressed in a basis set {φ}, analogous to HF theory, and these orbitals are
related to the electron density

ρ =
N∑
i

⟨χi|χi⟩ ( . . )

e procedure to solve the Kohn-Sham equations is more or less identical to the one
employed in HF theory: rst ρ(r) is guessed from which the one-electron operator can
be computed in order to obtain new orbitals which in turn can be used to compute the
new electron density, which is compared to the previous. Once the calculation has con-
verged the nal electron density is used to compute the energy. e difficulty with this
apparently simple scheme is how to express Vxc, which generally is unknown. O en
modern exchange-correlation functionals are ed against experimental thermochemi-
cal data and embodybothHFandDFTexchangewith differentweights. B LYP²⁵ ²⁶ ²⁷ ²⁸
is one popular example of these.²¹

. MolecularMechanics

Applying QC methods to biologically relevant systems like a membrane is an approach
that is doomed to fail due to the very large number of degrees of freedom, clearly the
Hamiltonian has to be simpli ed. Molecular mechanics (MM) is one way that the mi-
croscopic interactions can be dealt with. MM works on the ‘other side’ of the Born-
Oppenheimer approximation which means that electronic degrees of freedom are not
treated explicitly as in QC application but they are included in an implicit manner and
themain focus lies on the nuclei. In theBorn-Oppenheimer approximation the electrons
de ne the nuclei’s underlying energy surface and hence also the forces acting on them,
thus making the MM Hamiltonian an approximation of this energy surface. e com-
monway of simplifying the intra and intermolecular interactions is to separate the forces
acting within molecular systems on ve terms²⁹



. . Molecular Mechanics

UMM = Ubond + Uangle + Utorsion + Uelec + UvdW =

=
∑
bond

kb(b− b0)2 +
∑
angles

kθ(θ − θ0)
2 +

∑
torsion

kϕ(1+ cos(nϕ− δ))

+
∑
elec

4ϵij

((σij
rij

)12
−
(σij
rij

)6)
+
∑
vdW

qiqj
4πϵ0rij

( . . )

Where the rst three terms describe intramolecular interactions and the two other de-
scribe both the intra and intermolecular interactions, primarily the la er. ere exist
more complicated functional forms that can be used in MM, e.g. ones that include ex-
plicit atomic polarization terms. Equation ( . . ) can be used on everything from single
molecules to complex condensed systems like membrane-embedded proteins in a salt
solution.

Inorder to compute thepotential energy theparameter set{kb, kθ, kϕ, ϵ, σ, q}, which
usually is referred to as force eld (FF), needs to be derived. For frequently occurring
molecules such as solvents, ions, amino acids, lipids etc. parameter sets are available,
AMBER,³⁰ CHARMM,³¹ OPLS³² and GROMOS³³ are commonly used in the model-
ing community. In most FFs the intramolecular terms are relatively independent mean-
ing that they can easily be transferred between different sets of molecules without any
major drawbacks. is is generally also assumed to be true for the van derWaals interac-
tions. For someFFs this is also assumed for the partial atomic charges{q}, but not for all.

us, new parameters are not a necessity for every single newmolecule one is interested
in as the parameters are transferable. Below each term of equation ( . . ) is discussed in
more detail.

. . Covalent Bonds and Angles

Usually aharmonicpotential is used todescribe the interactionbetweencovalentlybonded
atoms. Hence there is an energetic penalty associated with stretching the bond from its
equilibrium length. e magnitude of this penalty is set by the force constant which has
the unit J mol−1 nm−2. At small deviations from the equilibrium bond lengthUbond be-
haves like a harmonic potential but at larger distances the true bondedpotential does not,
it rather behaves like a so-called Morse potential. e reason for not using a Morse po-
tential is that it requires twomore parameters thanHooke’s law (the harmonic potential)
which makes it more expensive to compute. O en the bond lengths are constrained in
order to facilitate a more effective exploration of phase space so the functional form for
the covalent bonds usually does not ma er too much.

For three connected atoms the angle is also described by a harmonic potential (Uθ)
just as for the covalentbond. Usually the covalent angles inmolecules arenot constrained.
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e FF parameters describing the covalent angles and bonds are usually derived from ei-
ther QC calculations or experimental data, such as IR-spectra.

. . Torsion Angles

An important part of equation ( . . ) is the torsional potential as it dictates conforma-
tional changes and the associated energetics to a considerable extent. A torsional angle is
the angle between the two planes that can be formed between four consecutive atoms. ϕ
is the torsional angle and δ is the phase factor which determines where the potential has
its minimum. e number of minima when rotating the torsional angle 360◦ (or 2π) is
set by the multiplicity n. ese functions can either be ed to data obtained from QC
calculations or experimental data.

If the torsional potential energy pro le is incorrect it can have a large impact on the
simulation. For lipid bilayers this is very important as the phase transition (liquid crystal
to gel phase) is very sensitive to trans→gauche ratio and its corresponding energy dif-
ference. Many issues with FFs for lipid bilayers are due to a faulty distribution between
these conformations, with a bias towards the trans conformation, making the lipid tails
too stiff, which in turn is re ected in the failure of reproducing the correct thermody-
namic phases.

. . Non-bonded Interactions

e largest part of the computational efforts needed in evaluating the potential energy is
spent on evaluating the non-bonded interactions. ere are two types of these interac-
tions: the van derWaals interactions and the electrostatic interactions.

van derWaals Interactions

van der Waals interactions are not of an direct electric nature but are rather a name for
a collection of different a ractive and repulsive interactions such as dispersion forces.
When the electron distributions of two atoms uctuate they do this in a correlated fash-
ion, inducing a dipole which, in turn, can induce electrostatic moments in neighboring
molecules or atoms which will result in an a ractive inductive effect. is can be com-
puted using post-HFmethods in QC or with DFT if the appropriate (empirical) correc-
tion factors or exchange-correlation functionals are used. In terms of MM this effect is
instead modeled with the a ractive part of the Lennard-Jones - function.²⁹ e sec-
ond part of the forth sum in equation ( . . ) represents this a raction. e rst part of
this term is the repulsive part of this potential and ensures that no atomic pair has any

It should perhaps be mentioned that in FFs error cancelations are quite common. us, errors in
certain parameters can be cancelled by errors in other parameters.
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signi cant overlap. is originates from the Pauli exclusion principle, which forbids any
two electrons in a system to have the same quantum numbers.²⁰

e two parameters describing these interactions, ϵ and σ, determine the depth and
position of the minimum. ϵ is the well depth and σ, also sometimes referred to as the
collision diameter, is the interatomic distance atwhich the van derWaals interaction goes
to zero. ere are different mixing rules when it comes to van der Waals interaction in
heterogenous systems, the most common one being the Lorentz-Berthelot rules

σij =
1
2
(σi + σj); ϵij =

√
ϵiϵj ( . . )

Obtaining {ϵ, σ} can be relatively difficult. Generally speaking there are two dif-
ferent methods: using high level QC calculations or using experimental data. For the
former it is difficult since the high level QC calculations necessary to fully capture the
above mentioned interactions. It is possible to obtain analytical expressions for the at-
tractive term but not for the repulsive termmaking this procedure further cumbersome.

e other, and most popular alternative, is to use experimental heats of vaporization
(∆Hvap) and densities.³² e well depth can generally be determined by trying to re-
produce∆Hvap, meaning that the intermolecular interactions should be properly tuned.
As σ basically determines the size of the atoms the density can be a target value during
the parameterization.

Electrostatic Interactions

Molecules that contain electronegative elements (O, N, F, Cl etc.) have uneven elec-
tron distributions which makes the molecule more or less polar. O en the molecules
have dipole moments or even higher electric moments such as quadrupole or octupole
moments. In MM this charge distribution is o en represented by single point charges,
centered on each constituting atom of the molecule, called partial atomic charges. Of-
ten these charges are assigned in order to reproduce electrostatic properties, sometimes
derived fromQC calculations, of the molecule. e interactions that are of electrostatic
nature between atoms and molecules are then accounted for by applying Coulomb’s law
(last sum in equation ( . . )). Electrostatic interactions are of great importance as they
are very long-ranged, meaning that they affect their environment to greater extent than
e.g. van derWaals interactions, the former decays as r−1 whereas the la er decays as r−6.
Many properties inmolecular modeling are sensitive to the partial atomic charges, solva-
tion free energies to mention one, and it is therefore important that the electrostatics of
a molecule is represented in the most physically accurate way possible.²⁹

It is difficult to reproduce higher electric moments than dipole moments with xed
partial atomic charges that are centered on every atom of a molecule. In order to solve
this charges that are not centered on any atoms can be placed out. O en the electro-
static potential (ESP) around themolecule will also bemore accurately representedwith
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these types of charges. However, for practical reasons, one usually omits these additional
charges and assume that atom-centered charges suffice.²⁹

Another drawback with partial atomic charges is that there are several different ways
of obtaining these. For several otherparameters advancedQCcalculations canbe applied
but partial atomic charges are not experimentally measurable quantities nor can they be
determined from thewave function in an unambiguousmanner. erefore there is no set
scheme for how to obtain them and several methods have been proposed. One common
way is to determine the ESP around a molecule using QC calculations and then use this
information to obtain atomic point charges. In the present thesis this approach has been
applied in order to derive partial atomic charges for both lipids and small organic solutes
and drug compounds. e ESP is a quantummechanical observable, meaning that it can
be computed from the wave function

Vψ(r) =
M∑
k

Zk

|r− r′|
−
∫
ψ∗(r′)

1
|r− r′|

ψ(r′) dr′ ( . . )

From classical point charges the ESP can also be computed

Vclassical =
M∑
k

qk
rk,P

( . . )

Where qk is the point charge, rk,P is the distance from the nuclei to the the point Pwhere
the ESP is calculated. is offers a way of computing the charges by ing the atomic
charges in order to reproduce the ESP computed from the wave function. is ing
is done by several numerical schemes. e ESP has to be sampled in discrete points and
there is no correct ing schemeas allmethodsdo this differently and the results between
the methods can differ quite signi cantly.²⁹

..

Force Fields forMembranes

.

For membranes and lipid bilayers specially parameterized force elds are
needed. In the current thesis a parameter set that is coined Slipids (Stock-
holm lipids) is presented and validated for a number of different one and two
component system. e results from this is presented in the following chap-
ter and in Papers I-III.

. Molecular Dynamics

Asmentioned, there are differentways of sampling phase space and generating an ensem-
ble fromwhich different properties can be computed with the help of statistical mechan-
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ics. e method of choice in the current thesis is Molecular Dynamics (MD). MD sim-
ulations offers a way to numerically obtain ensemble averages as it is impossible to com-
pute these analytically for chemically/biologically interesting systems. Newton’s laws of
motion are used to generate the dynamical behavior of the system, which makes it pos-
sible not only to extract thermodynamic and structural properties from the simulations
but also dynamic information such as diffusion and viscosity.¹⁸ To follow the system as
it evolves in time Newton’s second law is used

d2ri
dt2

=
Fi

mi
( . . )

e force is obtained from the potential of the system according to

−∇iU = Fi ( . . )

Where U can be obtained from equation ( . . ). Basically what is done in a MD sim-
ulation is that a model system is chosen withN particles and equation ( . . ) is solved.
Once equilibrium is reached the properties of interest aremeasured. e longer one runs
the simulations the more accurate the averages will be and the statistical noise will be
lowered. ere are other factors besides the simulation time that affect the quality of
the simulation, the most crucial elements are the potential energy function, how the ac-
tual interactions and forces are computed and how the equations of motion are solved.

e rst point was more or less covered in the previous section and the two other are
discussed below.

. . Moving Forward: Integrating the Equations ofMotions
e equations of motion are solved numerically with a so-called integrator. If the coor-

dinate of a particle with mass m is given by r at time t the coordinates a er one discrete
time step of∆t can be expressed as a Taylor expansion¹⁹

r(t+∆t) = r(t) + v(t)∆t+
a(t)
2

∆t2 +
...r
3!
∆t3 +O(∆t4) ( . . )

If all terms in higher order than∆t2 are dropped and if Newton’s second law is applied,
a(t) = F(t)/m, this expression can be wri en in the simpler form

r(t+∆t) ≈ r(t) + v(t)∆t+
F(t)
2m

∆t2 ( . . )

e particle’s position at time t−∆t can be wri en in a similar fashion

r(t−∆t) ≈ r(t)− v(t)∆t+
F(t)
2m

∆t2 ( . . )

By adding equations ( . . ) and ( . . ) a velocity independent scheme can be obtained
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r(t+∆t) = 2r(t)− r(t−∆t) +
F(t)
m

∆t2 ( . . )

As longas the initial velocities andcoordinatesof theparticles areknownequation( . . )
can be used to see how the system evolves over a number of discrete time steps∆t. is
numerical scheme is known as the Verlet algorithm. Velocities can also be computed ac-
cording to

v(t) =
r(t+∆t)− r(t−∆t)

2∆t
( . . )

As the Taylor expansions are truncated the new coordinates and velocities contain
errors of different magnitudes. One alternative to the Verlet algorithm is the Leap Frog
algorithm, which evaluates the velocities at time steps of ∆t/2 instead of ∆t. e new
coordinates for the particle is then obtained from

r(t+∆t) = r(t) + v(t+∆t)∆t ( . . )

And the velocity is determined according to

v(t+∆t/2) = v(t−∆t/2) +
F(t)
m

∆t ( . . )

Clearly the coordinates and velocities are not de ned at the same time and thus the total
energy cannot be computed directly as the kinetic and potential energy are not de ned
at the same time.²⁹ e advantages of using the Leap-Frog integrator is that it is sym-
plectic and time-reversible. e Leap Frog integrator is perhaps the most common and
is available in most major MD simulation packages, e.g. Gromacs.³⁴

. . Boundary Conditions Long Range Interactions

InMD simulations a number of particlesN are simulated by placing them in a simulation
box, whichmay or may not have constant volume, and the procedure described earlier is
applied in order to generate a representative ensemble. e number of particles is usu-
ally chosen to keep the computational efforts to aminimum. Clearly simulating a systems
with an order of 1024 particles is impossible from a computational point of view. How-
ever, if a smaller system is used, lets say on an order of 103-104 particles are placed in
a simulation box, there will be severe artifacts near the edges of the box and a bulk-like
behavior of the system will be impossible to obtain and this is clearly not desirable. To
solve this periodic boundary conditions can be applied.
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Figure . Periodic boundary conditions illustrated schematically in two dimensions. When
the particle with the a ached arrow is moved from the central box to the right it
enters again from the le and this applies to all replicas in the periodic system. and
all directions

Periodic Boundary Conditions

To keep the number of interacting particles to aminimumwhile still having a realistic de-
scription of the system periodic boundary conditions (PBC) have to be used. e simu-
lation box is replicated in every dimension and the coordinates of the replicated particles
are computed by adding integer multiplets of the box side in that dimension. is means
that theparticles near the sides of thebox interactwith virtual neighbors created from this
replication and if one or more of these particles leaves the box the image particle enters
it on the opposite side, see Figure . .²⁹

Clearly there are liabilities related to this treatment. e system have to be large
enough in order to ensure that the particles are not interacting with its mirror images,
which would be an error of very serious nature. Further, uctuations in e.g. density can-
not occur on a wavelength longer than the length of one cell.²⁹
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Long Range Interaction

e non-bonded interactions are of pronounced long range nature. e two types of
interactions described in equation ( . . ) are van derWaals and the electrostatics, where
the former decays as r−6 and the la er r−1, meaning that electrostatic interactions have a
longer reach.

As the van der Waals forces decay relatively rapidly a so-called cut-off is introduced.
is means that the interactions are accounted for up until a preset cut-off distance (usu-

ally between . - . nm), from beyond these interactions are ignored. Due to the weak
a ractions at greater distance this is usually safe to do. is saves a considerable amount
of computational time as a large number of interacting pairs simply are ignored. As sim-
ply turning off the van derWaals interactions at a distance could introduce artifacts when
particles are entering/leaving this cut-off region the Lennard-Jones potential can be ei-
ther switched to zero within a given buffer zone of e.g. . nm or shi ed towards zero
from r = 0 to r = rcut-off. In bulk liquids the a ractive contributions to the Lennard-
Jones potential that are le outwhile introducing a cut-off canhave considerable effect on
the liquid properties and therefore a correction term is used that is added to the potential
energy and thus also the force

Ucorr =
Nρ
2

∫
4πr2g(r)

(
U(r)− Vcut-off(r)

)
dr ( . . )

Where N is the number of particles, ρ the density, g(r) the radial distributions function
and Vcut-off the potential with a cut-off.

For the electrostatic interactions a cut-off would introduce severe artifacts due to
their long range nature and therefore more sophisticated approaches have to be applied.
Perhaps themost commonway of treating the electrostatic interactions is with the Ewald
summation method. Within this approach all particles interact with their surroundings
(real particles and image particles from the PBC) in an array of periodic cells. If a cubic
box containingN partial atomic charges has the side length L the position of each replica
of the central box can be computed via a vector n = (nxL, nyL, nzL), where nx, ny and nz
are integers. en the Coulomb interactions in the system can be wri en as

Uelec =
1
2

′∑
|n=0|

N∑
i=0

N∑
j=0

qiqj
4πϵ0|rij + n|

( . . )

Where the prime is to show that the series does not include the i = j interaction for
n = 0. All the image boxes are arranged in a spherical fashion around the central box
with a surroundingmedium. Now there are interactions between all particles in all boxes
and interactions between the array of boxes and the surrounding medium. e conver-
gence of the above presented summation is very slow and a number of tricks have to be
applied in order to ensure a faster convergence, one of such is Particle Mesh Ewald sum-
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mation.³⁵ ³⁶ e Ewald summation scheme is considered to be the most correct way of
handling electrostatics inmolecular simulations where long range forces need to be eval-
uated although there are alternatives that are equal in terms of accuracy.

. . Different Ensembles
While running MD simulations it can be of interest to conduct them at speci c condi-
tions, e.g. at a given temperature and pressure in order to be close some experimental
setup. is can be achieved using several techniques but the general name for the tem-
perature determiningmethods are thermostats and the pressure determiningmethods are
called barostats.

Temperature Coupling

e temperature of N particles in the canonical ensemble is related to the average ki-
netic energy

⟨K⟩NVT =
3
2
NkBT ( . . )

As the kinetic energy K = mv2/2 one can obtain a desired temperature by simply scal-
ing each particle’s velocity by a factor λ. ³⁷ is approach is simple and straightforward,
however, it does not produce a proper canonical ensemble, making it far from optimal.

Berendsen et al.³⁸ suggested to couple the system to an external heat bath in order to
x the simulation temperature. is heat bath either adds or removes thermal energy in

order tokeep the temperature at thedesiredvalue. By scaling the velocities of theparticles
the rate of change in temperature is kept proportional to the difference in temperature
between the heat bath and the actual system

dT(t)
dt

=
1
τ
(Tbath − T(t)) ( . . )

Where τ is the so-called coupling period and determines how tightly the bath and the
system are coupled. e change in temperature between each time step∆t is then

∆T =
∆t
τ
(Tbath − T(t)) ( . . )

e Berendsen thermostat gives an exponential decay of the system towards the desired
temperature and permits the systems to uctuate around the temperature. However, nei-
ther this approach provides us the canonical average. ere are more elaborate ways of
ensuring that the proper canonical ensemble average is obtained, such as the Anderson³⁹
or Nosé-Hoover⁴⁰ ⁴¹ thermostat.

Usually referred to as theNVT-ensemble, an ensemblewhere the number of particles, temperature
and volume is constant.
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Pressure Coupling

In order to change the pressure to obtain the isothermal-isobaric, NPT, ensemble the
volume of the simulation has to be changed during the run, which can be done in either
all or just in one or two dimensions. Usually the methods used to maintain the pressure
analogously to the ones that are used to control the temperature, namely by scaling of the
volume. Another approach is to couple the system to an imaginary pressure bath and like
for the Berendsen barostat³⁸ the change of pressure is

dP
dt

=
1
τ
(Pbath − P(t)) ( . . )

Where τ again is a coupling constant. e volume of the simulation box is scaled byλ by
scaling the coordinates of its constituting particles.

. Free Energy Calculations

From a thermodynamic point of view hardly any other property is considered to bemore
important than the ee energy. Manyprocesses in biological (andnon-biological) systems
aredeterminedby the changeof free energy along someorderparameter or reaction coor-
dinate. Solvation phenomena⁴² ⁴³, protein-ligand association,⁴⁴ ⁶ enzymatic reactions⁴⁵
and membrane-water partitioning⁴⁶ ⁴⁷ are some biologically relevant processes that are
determined by the underlying free energy. For several decades the predictions of free
energies have been a holy grail for computational chemists, especially in terms of ratio-
nal drug design. Due to major advances modern computational approaches have now
reached a point where they can be compared to each other and the method that is per-
forming the best for the problem at hand can be chosen.⁴⁸ Latelymajor efforts have been
put into studying the impact of e.g. toxins, drugs, anesthetics and other solutes in biolog-
ical or model membranes.⁴⁹ ⁵⁰ As several compounds are transported across the mem-
brane through passive diffusion the free energy pro le of this process is of great interest.
In the current thesis several free energy methods have been, both solvation free energies
and free energy pro les have been computed. Below thesemethods are brie y discussed.

. . Solvation Free Energies
e free energy difference ∆F between states A and B at a temperature T (which can

represent a solute molecule in ideal gas phase and in aqueous solution, respectively) can
be wri en as

∆FAB = FB − FA = −kBT ln
(
QB

QA

)
= −kBT ln

(
ZB

ZA

)
( . . )

Where ZB and ZA are the con gurational partition functions
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Z =

∫
e−βU(r1,...rN) drN ( . . )

In MD simulations we do not have access to the partition function which renders equa-
tion ( . . ) impossible to solve directly.¹⁸ What one can do is to switch the system from
state A to B along an adiabatic path. O en a switching variable λ is used to de ne a new
potential energy function that lies between the two states that are of interest

U(r1, . . . , rN, λ) = (1− λ)UA(r1, . . . , rN) + λUB(r1, . . . , rN) ( . . )

ere are severalwaysof computing free energydifferences from this intermediate poten-
tial energy and equation ( . . ) such as free energy perturbation theory, thermodynamic
integration, Expanded Ensemble⁵¹ and Bennet’s acceptance ratio (BAR) method.⁵²

Free Energy Perturbation

If we consider ZB and rewrite this integral in the following way

ZB =

∫
e−βUB(r1,...,rN) drN =

=

∫
e−βUB(r1,...,rN)e−βUA(r1,...,rN)eβUA(r1,...,rN) drN =

=

∫
e−β(UB(r1,...,rN)−UA(r1,...,rN))e−βUA(r1,...,rN)drN ( . . )

Substituting this into equation ( . . ) we obtain

∆FAB = −kBT ln
(
ZB

ZA

)
=

= −kBT ln
(

1
ZA

∫
e−β(UB(r1,...,rN)−UA(r1,...,rN))e−βUA(r1,...,rN) drN

)
= −kBT ln⟨e−β(UB(r1,...,rN)−UA(r1,...,rN))⟩A ( . . )

Hencedifferent particle con gurations are sampled fromstateA and these con gurations
are then used for state B by simply applying the potential UB to this ensemble. As long
as statesA and B have a signi cant con gurational overlap, i.e. the con gurations of state
Amust bear a high probability for state B as well. If this is not true the potential energy
difference will be considerable and the exponential factor becomes insigni cant. How-
ever, if the system is perturbed along a path as in equation ( . . ) the transformation can
be done in a number of prede ned steps and the con gurational overlap is signi cantly
improved and the free energy is obtained by summing up all the transformations along
this path.¹⁸
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ermodynamic Integration

In the canonical ensemble the free energy together with equation ( . . ) can be wri en
as

F(N,V,T, λ) = −kBT lnQ(N,V,T, λ) ( . . )

And the derivative of F(N,V,T, λ)with respect to λ yields

∂F
∂λ

= −kBT
Q

∂Q
∂λ

= −kBT
Z
∂Z
∂λ

( . . )

is expression can be expanded as

− kBT
Z
∂Z
∂λ

= −kBT
Z

∂

∂λ

∫
e−βU(r1,...,rN,λ) drN =

=
kBT
Z

∫ (
β
∂U
∂λ

)
e−βU(r1,...,rN,λ) drN =

⟨
∂U
∂λ

⟩
( . . )

Since the free energy difference FAB can be expressed as

∆FAB =

∫ 1

0

∂F
∂λ

dλ ( . . )

e above wri en equations can be combined and∆FAB can be wri en as

∆FAB =

∫ 1

0

⟨
∂U
∂λ

⟩
λ

dλ ( . . )

ermodynamic integration in practice is relatively straightforward. A number of points
along theλ-pathway have to be de ned and then aMDsimulation is performed at a given
λ value which generates ⟨∂U/∂λ⟩. All these averages are then plugged into equation
( . . ) and the integration is performed numerically in order to obtain∆FAB. ¹⁸

. . Potential ofMean Force

e change in free energy along a reaction coordinate, e.g. a distance or a torsional angle,
is known as the potential of mean force (PMF). PMFs offers great detail into the process
and can e.g. give kinetic information as the highest point on the PMF for a process cor-
responds to the transition state.²⁹ Below twomethods of obtaining PMFs are described.
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Umbrella Sampling

Within Umbrella Sampling (US)⁵³ a biased potential is used to sample states along the
reaction coordinate that are unlikely (i.e. high in energy). e modi cation to the po-
tential can be wri en as

U′(rN) = U(rN) + u(rN) ( . . )

Where u(rN) is the biasing potential that usually takes on a harmonic form u(rN) =
ku(rN − rN0 )2. is harmonic potential ensures that the sampling is performed along the
whole reaction coordinate and by choosing a set of rN0 -values in intervals between the in-
teresting points the full path is sampled. Due to this biasing potential we will not obtain
a Boltzmann distribution of the states, however, since the biasing is known the correct
Boltzmannaverages canbeobtained from thenon-Boltzmanndistributionobtainedwith
the US simulations

⟨A⟩ = ⟨A(rN)e+βu(rN)⟩u
⟨e+βu(rN)⟩u

( . . )

is average is based on the probability Pu(rN), which is determined by the themodi ed
potential energy functionU′(rN), as indicated by the subscript u. UsuallyUS simulations
are performed with a large number of simulations being conducted along the reaction
coordinate and the resulting PMF is then obtained a er all these are nished. Another
popular way of constructing a PMF from biased sampling simulations like US is to apply
the weighted histogram analysis methods.⁵⁴

Metadynamics

Metadynamics⁵⁵ is a different way of adding bias to the sampling in order to retrieve a
PMF. A history dependent bias potential is added to the Hamiltonian of the system and
this bias is a function of the reaction coordinate. A number of Gaussian functions are
continuously added to the potential energy along the trajectory in order to force the sys-
tem to explore other con gurations, discouraging previously visited con gurations. If s is
a set of n functions of amicroscopic coordinate r or the system, s(r) = (s1(r), . . . , sn(r)),
the bias potential can be wri en as

UG(s, t) =
∫ t

0
ω exp

(
−

n∑
i=1

(si(r)− si(r(t′)))2

2σ2
i

)
dt′ ( . . )

Where ω is the energy rate and σ the width of the Gaussian. ω is expressed as the ratio
between the Gaussian heightW and the deposition stride τ

ω =
W
τ

( . . )
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Once one local minimum is lled up the system is moving towards the next lying min-
imum of s(r) where a number of Gaussians are accumulated again. Once this second
minimum is lled the system moves towards yet another minimum (if present). is
continues until all minima along s(r) are lled and the system is free to diffuse along s(r)
and all energetic barriers have been removed due to the accumulated Gaussians. As the
system is free to visit all con gurations along the reaction coordinate once an appropri-
ate number of Gaussians have been added the free energy along this coordinate can be
recovered

UG(s, t → ∞) = −F(s) + C ( . . )
Where C is a constant, irrelevant for the free energy surface, and F(s) is de ned as

F(s) = −kBT ln
(∫

δ(s− s(r))e−βU(r) dr
)

( . . )

ere is one major drawback with the presented version of Metadynamics, namely that
UG does not converge to the constant free energy but rather oscillates around it. is
means that it is possible to over ll the system with Gaussians and makes it somewhat
difficult to know when to stop a Metadynamics simulations. With well-tempered Meta-
dynamics⁵⁶ the risk of over lling is eliminated as the deposition rate is decreased with
time, ensuring that theUG converges to the free energy surface.

. Methods Applied in the CurrentWork

During the course of the work presented in the current thesis several of the modeling
techniques presented in this chapter have been applied. e main technique has been
MD simulations, both in terms of equilibrium and enhanced sampling.

For papers I-III the focus was on developing FFs for heterogenous lipid bilayers. For
this the initial part of the work consideredQC calculations in order to derive new param-
eters for equation ( . . ). Post HF methods, such as DFT and CCSD(T)⁵⁷ were used
in order to compute partial atomic charges and torsional pro les. e QC calculations
were performed using the Gaussian so ware package⁵⁸. In order to conduct the MD
simulations of bulk liquids and lipid bilayer systems Gromacs³⁴ was used.

In paper IV the cost of rearranging the electron distribution of the solute while trans-
ferred from gaseous phase to condensed phase was computed by combining MM tech-
niques with high-level QC calculations. Free energy calculations in terms of BAR and
US were also employed in order test the present hypothesis.

In the last paper, V, two types of free energy techniques were employed: Metady-
namics in order to obtain free energy landscapes of solutes embedded in a model mem-
brane and BARwas used to compute solvation free energies in water. eMetadynamics
simulations were performed with the PLUMED plugin⁵⁹ to Gromacs.



Chapter

Computer Simulations ofMembranes

While conducting computer simulationsof anumberof properties canbeextracted. Dur-
ing the validation of a new FF one aim is to compare the same or similar properties to
the ones that can be obtained in experimental studies in order to ensure that the com-
puter model is in good agreement with the real world, that is the experimentalist’s world.
Clearly not all the structural information extracted form the simulations can be com-
pared to experiments due to practical reasons and due to the so ma er nature of these
systems.

. Verifying Simulations Against Experiments

Due to massive experimental efforts during the past three decades there are a lot of high
quality data for computational chemists to compare their simulations and modeling pa-
rameters to. Below some of the most common lipid bilayer properties are described.

. . Area and Volume per Lipid

To follow tradition, the area per lipid (AL) is usually the rst bilayer property that is in-
vestigated while simulating these hydrophobic ensembles. From a simulation point of
view this property is straightforward to determine, if the bilayer lies in the xy-plane the
average area of this plane is needed

AL =
2⟨Axy⟩
nL

( . . )

Where nL is the total number of lipids in the bilayer. Usually a small bilayer patch, com-
prising of roughly lipids in total is neededwhichmeans that not very large systems are

So ma er is usually ma er that have pronounced uctuations at room temperature, i.e. typical
potential energy barriers are on the kBT order of magnitude.
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required to determine this property. For larger systems the thermal uctuations become
more evident and special treatment is needed in order to accurately determine the AL. ⁶⁰
Further, o en relatively long simulations are needed in order to ensure that theAL is uc-
tuating around the correct average and this might occur once the simulations breaks the

ns limit.⁶¹ ⁶² ⁶³
Despite the fact that AL is easy to obtain from simulations it is a more daunting task

to estimate from an experimental point of view.⁶⁴ As fully hydrated lipid bilayers are far
from being in a crystalline phase lipid crystallography is difficult. ere are three com-
mon ways of experimentally determining AL: gravimetric methods, ⁶⁵ electron density pro-
le methods⁶⁶ and liquid crystallography. e gravimetric methods does not require the
electron density pro le the bilayer to be determined. AL is obtained according to

AL =
2(VL + nwVw)

D
( . . )

Where VL is the volume per lipid, nw is the number of water molecules and Vw is their
corresponding volume per molecule and D is the lamellar repeat. Historically speak-
ing, the usage of of this method resulted in overestimated AL-values as nW have included
molecules that are present in the defects between themultilamellar vesicles and not only
the water that lies between the well-stacked bilayers.⁶⁴

In electron density pro le methods AL is determined from the thickness of the bi-
layer,DHH, and VL. Caution needs to be used as these measurements rely on diffraction
pa erns,meaning that uctuations become very important andhas to be dealtwith prop-
erly.⁶⁴ e method that currently is mostly employed is to combine small angle neutron
sca ering with X-ray sca ering experiments.⁶⁷ ⁶⁸ e different methods available for de-
termining AL have made it quite difficult to obtain a single value for each lipid type and
new values are constantly published.

e volume per lipid is also crucial for the structure of a lipid bilayer and obtaining
this property from simulations is relatively straightforward

VL =
⟨Vbox⟩ − nwVw

nL
( . . )

Where ⟨Vbox⟩ is the average volume of the simulations box. Usually Vw is obtained from
a separate simulation of pure water, meaning that one assumes that the two-component
system is ideal, i.e. there are no effects on the volume upon mixing which may or may
not be a valid assumption. VL is however relatively straightforward to obtain from exper-
imental measurements.⁶⁴

. . Membrane ickness

ebilayer thickness is ameasure that canbemeasured fromexperiments in a convenient
manner. Various X-ray and neutron sca ering techniques exists and for the former this is
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usually determined from the peak-to-peak distance in the electrondensity pro les, which
is the phosphate-to-phosphate distance, DHH. e Luzzati thickness, DB, is determined
from neutron sca ering experiments where the high contrast between the protonated
lipids and heavy water de nes the overall thickness of the system.⁶⁸

In simulationsDB is determined from the water density pro le⁶⁷ ⁶⁹

DB = dz −
∫ dz/2

−dz/2
ρw(z) dz ( . . )

Whereρw is thewater probability distribution along themembrane normal (z-direction)
and dz is the repeat z-spacing of the simulations box. ρw is the time-averagedwater distri-
butions calculated by constructing histograms along themembrane normal with a thick-
ness of dz

ρw(z) =
nwVw

dV
( . . )

Where nw is the time-averaged number of watermolecules per slice and dV is the volume
of that slice.

e hydrophobic region thickness, 2DC, is calculated according to⁶⁷ ⁶⁹

2DC =

∫ dz

−dz
ρCH(z) dz ( . . )

Where

ρCH(z) = ρCH2(z) + ρCH3(z) ( . . )

Which is the hydrocarbon probability distribution. ρCHi is determined in an analogue
fashion to ρw, equation ( . . ).

. . ElectronDensity Pro les and Sca ering Form Factors

To obtain the electron density along the membrane normal is straightforward in molec-
ular simulations by simply creating a histogram of the electron distribution along the
membrane normal. If this electron density is the subject of an inverse Fourier transfor-
mation the electron sca ering form factor, Fz, is obtained

Fz(q) =
∫

(ρ(z)− ρw) cos(qz) dz ( . . )

e reason for performing this Fourier transformation is that experimentally it is quite
difficult to accurately determine the electron density without employing a number of as-
sumptions and models.⁷⁰ ⁶⁸ ⁷¹ ⁷² ⁷³ Fz on the other hand, can be obtained from experi-
ments in a relatively unambiguous way without any need for further re nement or ma-
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nipulation,making this structural property the optimal test for lipidsmodels. If the simu-
lations reproduce the experimental Fz-values it is likely that other bilayer properties such
asAL and thicknesses are in close agreement real, experimentally observed lipid bilayers.

. . NMROrder Parameters

Whereas as electron density pro les and sca ering form factors can describe the overall
structure of the bilayer relatively well the local orientations of e.g. the lipid tails are not
fully described. With nuclearmagnetic resonance (NMR) studies so-called order param-
eters can be measured. e NMR order parameters describe the local orientations of the
constituting parts of the lipid molecule with respect to the membrane normal. From an
experimental point of view these properties are measured with robust methods, making
the measurements reliable and easy to reproduce. In simulations this property is deter-
mined according to

SCD =
1
2
⟨3 cos2 θ − 1⟩ ( . . )

Where θ is the angle between the vector that goes along the C-D bond (in simulations
regular hydrogen is used instead so the vector goes along the C-H bond) and the mem-
brane normal. When SCD = 0 the system is either completely disordered (an isotropic
system) or the C-H vector is aligned at 54.7◦, which is the magic angle. If SCD = −0.5
the hydrophobic tails are perfectly aligned in trans-conformations and are aligned along
the membrane normal.

. . Mechanical Properties

ere are severalmechanical properties such as the isothermal area compressibilitymod-
ulus (KA) and bending modulus.⁷⁴ e former is a measurement of the resistance of the
system to be compressed in the membrane plane and therefore the reported values are
larger at lower temperatures or when a stiffening agent like cholesterol is added. KA is
determined from the uctuations of AL according to

KA =
2kBTAL

nLσ2
A

( . . )

Where σ2
A is the variance of AL. In order to obtain converged and accurate values of

KA in MD simulations the simulations have to be run for a signi cant time in order to
ensure that the correct and characteristic uctuations of AL are observed.⁶² Further, a
size-dependency have been seen in earlier MD simulations making the calculations of
KA more complicated.⁷⁵ ⁷⁶ ⁷⁷

As lipid bilayers have a very pronounced thermal dependency the in uence of tem-
perature on several structural properties can be investigated. e main reason for this
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sensitive temperature dependency is the trans-gauche isomerization of the carbon chain
which in turn effects other structural properties. ere is a ne-tuned balance between
the a ractive van derWaals interactions of the lipid tails and this conformation freedom
that determines the lowest free energy of the system. e thermal area expansivity αT

A
can be computed according to

αT
A =

1
AL

∂AL

∂T
( . . )

ermal dependencies of the bilayer thickness can be rationalized by contractivities

αT
DB = − 1

DB

∂DB

∂T
; αT

DC = − 1
DC

∂DC

∂T
( . . )
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Chapter

Development andValidationof Force Fields
for BiologicalMembranes (Papers I-III)

Historically speaking, it has been difficult to perform MD simulations in a fully atom-
istic resolution of lipid bilayers. e difficulties have been associated with that the wrong
phase is obtained,⁷⁸ ⁷⁹ ⁸⁰ which can be explained by the shortcomings of the available
FFs. O en, the trans-gauche ratio of the lipid tails have been biased towards the trans-
conformation, resulting in too ordered lipid tails and a free energy minimum in the Lβ′-
phase rather than the experimentally observed Lα-phase. With the increase in reliable
experimental data scientists have been able to systematically benchmark current lipid
FFs,⁸¹ ⁸² hence allowing them to highlight several pitfalls and suggest future improve-
ments. Major efforts have also been made in order to resolve these issues, with vari-
ous success.⁷⁸ ⁷⁹ ⁸³ ⁸⁴ ⁸⁵ ⁸⁶ For a FF to be able to properly describe both the inter and
intramolecular interactions within the system it has to balance the hydrophilic and hy-
drophobic forces as well as the trans-gauche ratio with the a ractive van der Waals inter-
actions between the tails.

Several FFs that include explicit hydrogens such as CHARMM,⁸³ ⁸⁴ ⁸⁷ ⁸⁸ GAFF,⁸⁵
⁸⁶ ⁸⁹ GLYCAM⁹⁰ ⁹¹ have been suggested. As already mentioned, many of the earlier FF
version had problems in theNPT-ensemble, which is the appropriate ensemble for simu-
lations of lipid bilayers,⁷⁶ ⁹² ⁹³ and instead theNPAT orNγPT ensembles had to be used.

e so-called united atommodels, with nonpolar and nonaromatic hydrogens included
in their heavier atoms, seem to have been spared from these issues.⁶¹ ⁶⁹ ⁹² ⁹⁴

. Parameterization Philosophy

Earlier work has shown that the behavior of the hydrophobic core of the membrane has
a major impact on which bilayer phase that is obtained.⁷⁸ ⁷⁹ Hence, a series of alkanes
(hexane to hexadecane) and one alkene (cis- -decene) were used as model compounds
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Figure . A schematic picture of the parameterization procedure. ( ) First new partial atomic
charges were computed from an average of an ensemble ofmolecular conformations
of hexadecane obtained from a MD simulation with modi ed parameters.⁷⁸ e
charge ing was done using the RESP approach⁹⁵ at a B LYP/cc-pVTZ level of
theory. ( ) A er new charges were obtained new Lennard-Jones parameters were
derived by ing the simulations to reproduce experimental values of the density
(ρ) and the heat of vaporization (∆Hvap). ( ) Upon reaching a satisfactory agree-
ment between the simulations and experiments new parameters describing the tor-
sional angles were obtained using QC calculations at a CCSD(T)/cc-pVQZ level
of theory. A er this it was necessary to reiterate step → in order to reach self-
consistency.

for the lipid tails. e potential energy function similar to equation ( . . ) was chosen,
the only difference is that an additional potential energy term for the covalent angles,
namely an Urey-Bradley term, was added. For the lipid tails, new torsional parameters,
Lennard-Jones and partial atomic charges were computed. New charges were also de-
rived for the other parts of the lipids. Bonded terms and Lennard-Jones parameters for
the glycerol region and head groups were taken from the Charmm FF.⁸⁴ e parame-
terization scheme is summarized in Figure . . e nal FF is referred to as Stockholm
lipids, or in short, Slipids.

. Results

. . Bulk Alkanes

In Figure . the results of the parameterization is shown in terms of correlation plots. As
expected, the agreement between the simulations and experiments is very good for the
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Figure . Correlation plots for heats of vaporization (∆Hvap), density anddiffusion constants
for the alkane series used for the parameterization of Slipids.

heat of vaporization and density. As some of these values were target values during the
parameterization a number of other structural and dynamic properties were computed
in order to further verify our newly derived parameters. e diffusion coefficients shown
in Figure . show good agreementwith experimentsmeaning that the overall dynamical
behavior of the alkanes is captured in the simulations. In Paper I, 13CNMRT1 relaxation
times and the number of gauche and trans bonds per alkane chain were also computed,
both showing promising agreement with experiments.⁹⁶ ⁹⁷ ese properties are of im-
portance as they imply that the local chain dynamics are within reasonable agreement
with experiments, which is important when studying e.g. solute partitioning or protein
inserted into the lipid bilayer. It was however found that the local dynamics around the
carbon chain for the longer alkanes were slightly too slow, indicating the need for future
improvements.

In Paper II, Slipids was extended to include e.g. unsaturated lipids and cis- -decene
was used as a model compound for the cis π-bond. In Table . the data for the param-
eterization is shown. Due to the electrostatics of the double bond, it turned out to be
rather difficult to improve the agreement with experiments for both properties simulta-
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Table . Results from the parameterization of cis- -decene compared to experiments.

Property Simulated value Experimental data
∆Hvap (kJ mol−1) 44.8± 0.11 42.9⁹⁸
Density (kg m−3) 742.2± 0.10 744.5⁹⁹

neously. As can be seen further on, the overestimation of∆Hvap had no major impact
on the actual lipid bilayer simulations.

. . One-component Bilayers

A number of lipid bilayer properties were investigated in order to validate the the Slipids
FF. Relatively long equilibrium simulations (∼ 0.5µs) were conducted in order to ex-
tract both structural and dynamic properties and below a summary of the results is given.

Structural Properties

As AL is an important property that indicates which phase the lipid bilayer is in and, fol-
lowing the general idea, the other bilayer properties tend to be in good agreement with
experiments if AL is close to the experimental estimation. In Figure . results from Pa-
pers I-III are shown for a range of temperatures. Although the presented data is not con-
clusive regarding the quality of the FF parameters it is safe to say that the correct phase is
obtained for all lipid types for all temperatures. For some lipids, e.g. DOPC, the agree-
ment with experiments is not excellent, but this posses no major problem as it is not
straightforward to estimateAL in experiments and for some lipid types the available data
is sparse. e fact that the trends, where AL increases, with an increasing temperature,
are reproduced indicates that the interactions between hydrophobic lipid tails and the
interactions between water and the polar head groups are well-tuned. Further, it indi-
cates that the FF might be able to reproduce the phase behavior of model membranes,
e.g. reproducing the Lβ′-phase, which was shown in Paper I for a DPPC lipid bilayer.

From the thermal behavior of AL in Papers I and II, values for the thermal area ex-
pansivity, αT

A, was calculated. ese values were in good agreement with experimental
ndings,⁶⁸ although in the simulations the bilayer tend to be slightly less expandable,
however, the relative values are well reproduced.

AsAL uctuates heavily during aMD simulation the isothermal area compressibility
was computed in Papers I-III. When comparisons with experiments were possible the
agreement was more than satisfactory, although one has to keep in mind that the statis-
tical errors, which are quite large due to uctuations on different time scales, contribute
toKA. Perhaps if longer simulations were performed, the errors would have been smaller
and the absolute values ofKA could have been in be er agreementwith experiments. e
earlier mentioned size-dependency⁷⁵ ⁷⁶ ⁷⁷ of KA was not investigated.
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Figure . Area per lipid for selected lipid bilayers as a function of temperature. Simulated
values are shown in solid lines/dots and experimental data⁶⁷ ⁶⁸ ¹⁰⁰ ¹⁰¹ is shown in
dashed lines with un lled dots.

e bilayer structure along themembranenormal canbe characterized inmanyways,
one being the bilayer thickness (DHH,DB and 2DC). In Papers I and II the Luzzati thick-
ness, DB, was found to be slightly underestimated, but not to any remarkable extent,
which is in agreement with earlier simulations studies.⁶³ ⁶⁹ ¹⁰² DB is a measurement of
how deep water is able to penetrate the bilayer structure. us, in order to balance the
hydrophilic and hydrophobic forces of the bilayer, this property has to be in good agree-
ment with experimental data. e penetration level of water could prove to be important
while studying the impact of small solutes and proteins on the membrane. In Paper III
the agreement between simulations and experiments forDB is again good, although the
values tend to be slightly overestimated. is means that for the neutral phosphatidyl-
choline (PC) and phosphatidylamine (PE) lipids the water is allowed to penetrate the
bilayer slightly toomuch and for the negatively charged lipid head groups the water does
not fully penetrate the bilayer as observed in experiments. e phosphate-to-phosphate
distance,DHH, is in be er agreement with experimental ndings, meaning that the over-
all thickness of the bilayer is reproduced. e thermal dependency of the thicknesses and
their corresponding contractivities are well within the experimental data, again demon-
strating that the FF is not temperature dependent and can be used for simulations at var-
ious temperatures. As can be seen in Papers I-III, the thicknesses are reduced as the tem-
perature is increased, which can be rationalized by the chain disorder. e gauche-trans
ratio is changed in favor of the gauche-conformation. is has a thinning effect on the
membrane in the direction of the membrane normal, z, and makes the bilayer expand in
the xy-plane and thus the thickness is reduced and AL is expanded.

e gauche-trans isomerization of the lipid tails clearly must affect the ordering and
orientation of the lipid tails. e deuteriumordering parameter |SCD|was computed and
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compared to experiments in an a empt to quantify the local structure of the lipid tails
and the results from Papers I and II are shown in Figure . . First, the spli ing of the
second sn- carbon is visible for all simulations, which is a crucial structural feature of
these model membranes. e ordering decreases closer to the membrane center, that is
towards the larger carbonnumbers. It is also evident that the sn- tail is oriented in amore
perpendicular positionwith respect to themembrane normal than the sn- tail. us, the
sn- carbonyl have slightly stronger interactions with the water molecules than the sn-
carbonyl and this has been veri ed in both experimental¹⁰³ ¹⁰⁴ and computational stud-
ies.⁶² ese ndings show that the local structure of the lipid tails are in good agreement
with available experimental observations and that the all-atomistic simulations here dif-
fers from earlier united-atom studies.⁸⁰ ⁹²

e overall structure of a lipid bilayer is given by the sca ering form factors, obtained
either fromelectronor neutron sca ering experiments. As alreadymentioned,F(q) is ac-
cessible directly from experiments making these properties the ultimate mark of quality
of a FF for lipid bilayers.⁶⁸ First, electron density pro les were computed for a series of
lipid bilayers in Papers I-III, which were objects of an inverse Fourier transformation ac-
cording to equation ( . . ). Some results are presented in Figure . . As can be seen,
the minima are reproduced as well as the relative peak heights, even at longer reciprocal
length, for both the X-ray and neutron sca ering form factors. is is a direct indica-
tion that the bilayer thickness, structure and water depth are all close to the real physical
structure of a one-component lipid bilayer.

Dynamical Properties

To obtain dynamical properties such as transport coefficients of molecules in a solution
possess no (theoretical) problem forMD simulations as a trajectory for every particle in
the system is obtained. However, the in uence of the thermostat and barostat together
with a limited box size is not to be neglected. In Paper I diffusion coefficients for DLPC,
DMPC andDPPC over a temperature range of - K was computed and compared
to experimental results. e (lateral) diffusion,Dlat, of a lipid in a bilayer is occurring on
two time scales: one short time scale (< 5 ns), where the center of mass of the lipid is
movingdue to the conformational freedomof thehydrophobic tailswhile theheadgroup
is relatively xed and one longer time scale where the whole lipid is moving within the
lea et.¹¹³ All simulated values were smaller than the experimentally observed values for
Dlat and a drastic decrease was observed for DPPC at K. e reason for the la er ob-
servation is due to the fact that aDPPC lipid bilayer at K is in the gel phase, where the
dynamics of the system is severely decreased (about two orders of magnitude). Pointing
out the source of error for the absolute values of Dlat is a bit more cumbersome as it is

e sn- tail of a lipid is the hydrophobic tail that has one carbon atom between the linker carbon
and the ester oxygen or the carbonyl group. e other tail, that is directly bonded to the linker carbon
of the head group via its ester oxygen is called the sn- tail.
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Figure . NMRorder parameters for aDLPC,DMPC,DPPC,DOPC,POPCandPOPE lipid
bilayer compared to experimental ndings.¹⁰⁵ ¹⁰⁶ ¹⁰⁷ ¹⁰⁸ ¹⁰⁹ ¹¹⁰ ¹¹¹

not completely clear whether it is related to the simulation setup, the FF parameters or
the size of the system. Earlier observations regarding the collective movement of lipids
and nite size effects in bilayers have been made.¹¹⁴ ¹¹⁵ ¹¹⁶ ¹¹⁷ It is also likely that a com-
bination of these factors lead to a discrepancy with respect to experiments. If the relative
diffusion constant is calculated instead, the agreement with experiments in both Papers I
and II is much be er, indicating that there might be a systematic error in the estimations
of the lateral movement deducted from theMD simulations.

. . Cholesterol and Lipids

In Paper III, Slipids was extended to include a crucial membrane component, namely
cholesterol (among other lipid types such as phosphatidylglycerol, phosphatidylserine
and sphingomyelins). e effectsof cholesterol on lipidbilayers are relativelywell-known.¹⁰⁸
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¹¹⁸ ¹¹⁹ ¹²⁰ ¹²¹ ¹²² ¹²³ ¹²⁴ ¹²⁵ ¹²⁶ e intimate relationship between lipids and cholesterol was
evident, especially the condensing effect.¹¹⁸ ¹¹⁹ ¹²⁰ AL was reduced as the acyl chains of
lipids pack tightly around the stiff carbon skeleton of cholesterol in order to maximize
the van der Waals interactions. e order in the two-component system increases as is
indicated by theNMRorder parameters in Figure . . In the region where the sterol ring
mostly reside the order parameters for both acyl chains are in close agreement with each
other (and experiments). e orientation of cholesterol in a DMPC/cholesterol mix-
ture is shown in Figure . and, as can be seen, the cholesterol molecule is almost aligned
perfectly with themembrane normal. Together, these order parameters indicate that the
parameters derived for cholesterol are robust and describe the general stiffening effect of
cholesterol on the local acyl chains well.
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Figure . NMR order parameters for a DMPC/cholesterol mixture with and mol
cholesterol compared to experiments.¹²⁷ ¹²⁸

When X-ray sca ering form factors are studied it is clear that the minima are shi ed
towards smaller q-values, indicating a thicker bilayer, which is to be expected and is in
good agreement with experiments.¹²⁹ ¹³⁰ ¹³¹ ¹³² e changes in lobe height at larger q-
values corresponds to increased ordering near the bilayer center and is a testamony of
the the ordering effects cholesterol possesses.

Water Permeability

e decrease in AL and the increase in ordering introduced by adding cholesterol clearly
must have an effect on the permeability of small solutes through the model membranes.
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In order to investigate this and the compatibility with the currentwatermodel, TIP p,¹³³
water permeabilities (Pw) where computed for a number of lipid/cholesterol mixtures
and compared to experiments¹³⁴ ¹³⁵ in Paper III. e PMFof transferring a single TIP p
water molecule across the membrane was computed and the results indicated a severe
change in the free energy in at depths between . - . nm from the bilayer center of
mass. Further, the effects in the PMFswasmost dramatic for the systems containing fully
saturated lipids, especially for sphingomyelin. is is in agreement with the ndings of
Wennberg et al.¹³⁶ AsDOPChas two double bonds and SOPChas one double bond the
enthalpic penalty for breaking the SOPC-cholesterol interaction is higher than the cor-
responding penalty for the DOPC-cholesterol interaction and as SM is fully saturated
this penalty is larger than the DOPC-cholesterol and SOPC-cholesterol interactions.

e permeability rates are in reasonable agreementwith experimental ndings,¹³⁴ ¹³⁵
they are systematically underestimated although theorder ofmagnitudes are correct. e
exact reason for the discrepancy remains unknown but two possible reasons can be high-
lighted: ) the FF parameters are simply not that compatible or ) the simulated systems
differ toomuch from the real systems observed in experiments. In the experimental stud-
ies it is plausible that within the macroscopic bilayers (compared to the microscopic bi-
layers simulated) domains are formed with higher and lower cholesterol concentrations,
respectively, due to cholesterol uctuations. is means that there are regions with a
higher local AL and thus having a higher water permeability. is has also been hypoth-
esized by Wennberg et al.¹³⁶ e ndings in paper III indicate no major aws in the FF
parameters as a number of structural properties are in good agreementwith experiments,
making this hypothesis slightlymore probable. Of course, there could be errors steaming
from the approximations made while calculating Pw as well, or a combination of all the
mentioned factors.



. . Results

. . Compatibility with Protein Force Fields

Biological membranes are highly crowded environments with complex lipid, sterols and
proteins compositions.¹³⁷ ¹³⁸ ¹³⁹ ¹⁴⁰ erefore it is crucial that a new FF is compatible
with current FFs describing amino acids, peptides and proteins. Slipids have been de-
signed to be compatible with the popular Amber FF family.¹⁴¹ ¹⁴² ¹⁴³ Two tests were per-
formed: transfer free energies between cyclohexane and water and explicit simulations
with a short, membrane-bound helix,WALP . e former test was used in order to test
the partitioning thermodynamics between a hydrophobic and hydrophilic phase. e
hydrophobic phase, cyclohexane was modeled with the alkane parameters derived for
the lipid tails and therefore this phase mimics the hydrophobic core of a lipid bilayer.

is approach has been used before to quantify lipid-protein interactions while combin-
ing FFs.¹⁴⁴ ¹⁴⁵ In Paper I the solvation free energies of amino acid side chain analogues,
modeled with the Amber FF¹⁴⁶, in water (∆Ghyd) and cyclohexane (∆Gcyc), and the
corresponding free energy of transfer (∆∆G) are presented. e root-mean-square er-
ror for∆Ghyd is . kJ mol−1 for∆Gcyc it is . kJ mol−1 and for∆∆G it is . kJ
mol−1. Hence, the largest errors of this hydrophobicity scale is related to the free energy
of hydration. In general∆∆G is of most interest as error cancellation and such may oc-
cur and the largest errors are obtained for GLN ( . kJ mol−1), ASN ( . kJ mol−1)
and PHE ( . kJ mol−1). e two former amino acids are highly polar but the la er is
of pronounced non-polar nature, showing that the errors are relatively spread across the
hydrophilicity spectra. Overall, the ndings presented in Paper I show that the Lennard-
Jones parameters are compatible.

In Slipids amajority of themethylene carbons and hydrogens of the lipid tails carry a
zero charge, meaning that the interactions between cyclohexane and the amino acid side
chain analogues are governed by the Lennard-Jones potential. As Amber and the Am-
ber family of FFs have the same Lennard-Jones parameters the solvation free energies
of these analogues for the la er will be the same as for the former. us, the conclusions
regarding the Amber compatibility are valid for other Amber amino acid FFs.

As for the explicit transmembrane simulations of theWALP peptide, the helix tilt
in two bilayers of different thicknesses was investigated, namely DLPC andDOPC. Due
to the hydrophobic length of the WALP peptide it has to be in a tilted position in or-
der to minimize its contact with the surrounding water. As the thickness between these
bilayers differs by almost nm the tilt angle should be very different between them. e
results presented in Paper II show that the Amber SB FF performs the best together
with Slipids, followed by the Amber SB-ILDN FF. From a quantitative point of view
all investigated Amber FFs work well with Slipids. It should be mentioned that the ex-
perimental interpretation is far from trivial,¹⁴⁷ ¹⁴⁸ ¹⁴⁹ hence making the direct compari-
son somewhat cumbersome. Further, the atomistic simulations conducted here lasted
for µs, which is quite short, simulation times of ∼ 5 µs are sometimes needed for
these properties to fully converge.¹⁴⁹ Perhaps the lack of sampling is to blame for some of
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the non-symmetric distributions observed in Paper III. However, since the aim of these
simulations was to make qualitative observations regarding the FF compatibility rather
than exact quantitative comparisons, we safely conclude that the FFs compatibility is ro-
bust enough for large-scalemembrane-embedded proteins. Perhaps the usage of someof
the enhanced sampling methods mentioned in chapter could bring be er, clearer and
stronger conclusions to these simulations from a quantitative point of view.



Chapter

Implicit Inclusion of Solute Polarization in
Water-Membrane Partitioning Studies
(Paper IV)

Small and medium sized solutes, such as drug molecules and toxins, interact with bi-
ological membrane in different ways. Usually the impact of the solutes is determined
by the partitioning between the aqueous and the hydrophobic phase, which is offered
by the membrane. While studying the impact of e.g. drug candidates and toxins the
passive diffusion across the membrane is of great interest.¹⁵⁰ Over the years, computa-
tional studies have been applied to investigate the impact of solutes on membranes in
terms of electrical, mechanical and dynamical properties.¹⁵¹ ¹⁵² ¹⁵³ ¹⁵⁴ ¹⁵⁵ From a ther-
modynamic point of view, the PMF of transferring a solute across a membrane offers
great insight regarding the membrane-solute interactions and the partitioning between
the two phases.¹⁵⁶ ¹⁵⁷ ¹⁵⁸ ¹⁵⁹ ¹⁶⁰ ere are, however, certain issues that need to be ad-
dressed while applying classical molecular simulation techniques to systems like these,
one being the issue with the polarization effects and the redistribution of the solute’s
electron density while being transferred from a medium with ϵ = 78 to a medium with
ϵ = 2.¹⁶¹ ¹⁶² ¹⁶³ ¹⁶⁴ With xed partial atomic charges it is very difficult to take this into
account without retreating to polarizable models. In Paper IV a way of including these
effects in an implicit manner is presented and the results show be er agreement with
experiments than the more traditional approach.

. ImplicitModeling of Solute Polarization

One way of including the solvent effects in classical MD simulations with a xed charge
FF is to use effectively polarized charges, an approach that have been used and proven

e dieletric constant, relative to the the dielectric permi ivity in vacuum, ϵ0.
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successful before.¹⁶⁵ ¹⁶⁶ In Paper IV two separate charge sets for small solutes were em-
ployed, one set for the aqueous phase and another for the hydrophobic core of themem-
brane. is was done for six molecules: , , -trichlorobenzene, chlorobenzene, chlo-
roform, , , -trichloroaniline, lidocaine and methanol. A relatively simple thermody-
namic cycle was suggested that allows for calculations of the PMF and standard binding
free energy with implicitly polarized charges. In Figure . the thermodynamic cycle is
presented. One set of charges is computed using the RESP approach in a polarizable
continuum with ϵ = 78.4 and another one in polarizable continuum with ϵ = 2.04.
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–ΔG(g)→(aq) =

–ΔG(g)→(aq) – ΔG(g)→(aq)

–ΔG(g)→(aq) ≈ Wd(aq)–d(g)

pol

polpol

solv

ΔG(aq)→(hex) ≈

ΔG(g)→(hex) – ΔG(g)→(aq)

+ W(hex)–d(g) – W(aq)–d(g) 
pol pol

Gas; {q(g)}

ΔG(g)→(hex) =

ΔG(g)→(hex) + ΔG(g)→(hex)

ΔG(g)→(hex) ≈ Wd(hex)–d(g) 

solv pol

pol pol

Figure . e polarization contributions to the free energy of transfer and solvation was com-
puted and added with this thermodynamic cycle. e energetic penalty associated
with the electron redistribution that occurs while transferring the solute from e.g.
gaseous phase to an aqueous phase is determined byWpol

d(aq)-d(g). is approach can
be applied to any two-phase system with different dielectric nature.

First, solvation free energies in water and hexadecane were computed using BAR in
order to verify the approach for a simpler two phase system than a membrane in water.

e solvation free energy was determined according to

∆G(g)→(i) = ∆Gsolv
(g)→(i) +∆Gpol

(g)→(i) ( . . )

Where the rst term is the solvation free energy determined by fromBARand the second
term is associated with the work needed to rearrange the electron distribution, which is
calculated according to¹⁶³ ¹⁶⁴

∆Gpol
(g)→(i) ≈ Wpol

d(i)−d(g) =
1
2
(µ⃗i − µ⃗g)

T(α−1)T(µ⃗i − µ⃗g) ( . . )

Where µ⃗i and µ⃗g are the dipole moments in condensed and gas phase, respectively. α
is the dipole-dipole polarizability tensor which is determined from ab-initio calculations.

e free energy of transferring a solute between solvents i and j can then be calculated

∆∆G(j)→(i) = ∆G(g)→(i) −∆G(g)→(j) +∆∆Gpol
(j)→(i) ( . . )
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FromFigure . it is clear that∆∆Gpol
(j)→(i) = Wpol

d(i)−d(g)−Wpol
d(j)−d(g), which corresponds

to the difference in polarization free energies between the solutes.
While this approach is straightforward to apply for solvation free energies it becomes

a bit more difficult to apply for PMF calculations. e effect of changing the environ-
ment, going from water to the membrane is accounted for by the US simulations, and
the free energy related to the electronic redistributionhas to be added a erwards. For the
hydrophobic core one set of charges is used and outside of this core another set is used.
Where the charge distribution is changed∆∆Gpol

(j)→(i) is subtracted from the PMF.How-
ever, this cannot be done in one point as this would result in a discontinuous PMF, so a
transition region was introduced where this energetic difference is introduced gradually.

. Solvation and Transfer Free Energies

As an initial test of the suggested approach solvation free energies in water, hexadecane
and hexane were computed using equations ( . . ) and ( . . ) with separate charge dis-
tribution for the solutes in the hydrophilic and hydrophobic phase, respectively. If the
charge sets and simulation setup are supposed to be able to describe themembrane-water
partitioning they have to be able to reproduce experimental transfer free energies as well.
In Table of Paper IV the solvation free energies are compared to experimental data and
it is clear that the agreement is be er when polarization effects are taken into account
compared to the more traditional approach of using one charge set, obtained from gas
phase ab-initio calculations.

Another way of validating the approach to validate the solute models is to compare
the free of transferring a solute from water to hexadecane/hexane to the difference in
PMF while transferring the solute from bulk water to the center of the lipid bilayer. is
approach have been used before in order to verify simulations parameters.¹³⁶ In Figure
. the results from this comparisons are shown in form of a correlation plot. Almost
every charge distribution presented is able to reproduce the experimental value relatively
well, with slightly be er results obtained with the implicitly polarized charges.

. Transferring the Solutes Across theModelMembrane

In Figure . the PMFs of transferring the investigated solutes across a DMPC lipid bi-
layer are shown. As can be seen for , , -trichlorobenzene thePMFs for both approaches
are quite similar upon reaching the distance of |z| ∼ 1 nm, where it reaches the hy-
drophobic core of the membrane. Two different bindingmodes are found, the gas phase
charges suggests that the molecules prefers to stay at a distance of∼ 0.9 nm away from
the bilayer center ofmasswhereas the implicitly polarizedmodel prefers the center of the
bilayer.
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Figure . Free energies (in kJmol−1) of transferring a solute fromwater to hexadecane, exper-
imental values, plo ed against the free energy transferring a solute from bulk water
to the hydrophobic core a lipid bilayer. Values denoted with an asterisk are assigned
the transfer free energies from simulations due to the lack of experimental data.

For chlorobenzene the magnitude of the membrane-solute interactions differ as the
hydrophobic core is entered, right below the ester region of the bilayer. One possible
explanation for this could be that the non-polarized chlorobenzene molecules does not
interact as strongly with the water hydrating the glycerol region of the bilayer and there-
fore the free energy is lower compared to the effectively polarized solute.

e effects of including the polarizations effects are drastic for chloroform, especially
in terms of magnitude of the PMFs. A well-de ned minimum is observed at |z| ∼ 1
nm for both PMFs and suggests the same bindingmode at the hydrophobic/hydrophilic
interface of the membrane. is binding mode is different from the one observed by
Vorobyov et al., ¹⁶¹whoobservedabindingmodeof chloroform inaDPPCbilayer, namely
in the center of the hydrophobic core. It is likely that this discrepancy can be explained by
the difference in temperature, K vs. K. In experimental studies it has been shown
that an increased temperature increases the chloroform affinity for the membrane cen-
ter.¹⁶⁷

An interesting case is , , -trichloroaniline as the implicitly polarizedmodel leads to
amore lipophilic solute than the traditional approach; generally the opposite would have
been expected. is can be explained by the pronounced electrostatic interactions that
occur between the solute and the membrane at the water interface and around the glyc-
erol region. Amorepolar solutewill interact strongerwith themembrane in these regions
and hence resulting in a lower PMF than observed for a non-polarized solute. When the
solute is introduced to the high density region of the bilayer, around the head groups,
strong interactions between the lipids are disrupted as the solute has to be accommo-
dated. If the solute is not polar enough the newly established electrostatic interactions
will be weaker than the previous lipid-lipid interactions and the enthalpy of the system
will increase.

ere are signi cantdifferencesbetween the twoPMFspresented for lidocaine. eir
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shapes are in good agreement but themagnitudes differs at distances |z| ∈ [0.2, 2.5] nm.
e predicted permeabilities (P) associated to the two PMFs would obviously differ as

P ∝ exp(+βw(z)). As the shapes of the PMFs are in close agreement they both repro-
duce the experimentally observed binding mode of lidocaine in a lipid bilayer.¹⁶⁸ ¹⁶⁹

Formethanol there are also quite signi cant changes; the barrier heights are different
andwith the traditional approach abindingmodenear the glycerol region is found,which
is not observed for the implicitly polarizedmethod. is bindingmode has not been ob-
served in earlier simulation studies¹⁵⁶ and again shows that great care has to taken before
large scale free energy calculations are initiated.

Overall a number of conclusions can be drawn from the ndings presented in Pa-
per IV. First, the binding mode of the solutes in a lipid bilayer may differ depending on
whether polarization effects are taken into account or not. is is crucial while studying
the working mechanisms and positioning of anesthetics in lipid bilayers. If not proper
care is taken faulty conclusions regarding the binding can be drawn. Further, the heights
and shapes of the PMFs also differs, which in turn will affect the standard binding free
energy (see the following section).

. Standard Binding Free Energies

From the obtained PMFs standard binding free energies can be calculated according to

∆G◦
bind = −kBT ln

(
1
2zb

∫ zb

−zb
e−βw(z) dz

)
( . . )

Where zb = 3.0 nm and de nes the distance from the bilayer center of mass where the
PMF goes to zero. In Figure . the agreement between the computed and experimental
standard binding free energies are shown. In all cases except one the implicit polarization
scheme results in be er agreementwith experiments. e differences in∆G◦

bindmight be
considered to be relatively small but as seen in the previous section the difference in the
PMFs ismore evident. As a result of this both thePMFand∆G◦

bind have to be considered
while evaluating the simulations. It seems plausible that some of the errors in∆G◦

bind can
be traced back to the free energies of hydration: if the polarization effects are ignored the
corresponding free energy of hydration will be too high, which results in a too lipophilic
solute. Not only the solute-water and solute-tail interactions are of importance but also
the solute-head group interaction in the high density regions of the bilayer, as was shown
by the PMF for , , -trichloroaniline. O en a binary system consisting of -octanol and
water is used to measure lipophilicity of e.g. drug candidates, despite the fact that this
relatively simple system is not able to accuratelymimic a lipid bilayer suspended inwater.
Again, the PMFs presented in Paper IV supports this and shows that lipid bilayers cannot
be treated as simple hydrophobic slabs.
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Chapter

Free Energy Landscape of Solutes
Embedded in Lipid Bilayers (Paper V)

. Background andMotivation

In the previous chapter the issueof polarizationwas discussed in termsof free energy pro-
les during simulations using enhanced sampling methods. Another issue that is acute

while performing these kinds of studies is the relaxation of degree of freedomorthogonal
to the reaction coordinate.⁴⁶ ¹⁷⁰ ¹⁷¹ ese degrees of freedom can be protrusions of the
lipid bilayer⁴⁶ or intramolecular conformational changes that have to occur during the
transfer from the aqueous phase to the hydrophobic core of the membrane. e la er
can become a problemwhen the solutes have certain functional groups, e.g. a carboxylic
acid.¹⁷⁰ ¹⁷¹ Some conformational changes that need to occur in order for the transition to
occur along the lowest free energy pathmight be related to such high free energy barriers
that they are not observed during e.g. US simulations with the center of mass distance
between the solute and the lipids as a reaction coordinate. erefore important parts of
phase space are not sampled during the simulation.

Obviously these effects can lead to unreliable results and decreases the predictive
power of the simulations. One major goal of computational chemistry is to apply the
methods in rational drugdesign.⁴³Manyof the candidate compounds are found tobeun-
t as drug compounds due to poor pharmacokinetic properties and bioavailability, o en
caused by the slow transport of the compounds through the cell membrane. Computer
simulations could be used as an alternative while studying the partitioning and perme-
ability of drugs.

One way of dealing with the sampling related issues is to design a reaction coordi-
nate that can bias more than just one of the slowly relaxing degrees of freedom. In Paper
V the partitioning of three common drug molecules (aspirin, ibuprofen and diclofenac)
that contain carboxylic groups betweenwater and amodelmembrane was studied. With
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a two or three dimensional reaction coordinate a larger part of the relevant phase space
can be sampled and therefore the computed free energies are more accurate. Important
intramolecular degrees of freedom that were biased, besides the obvious solute-bilayer
distance, were rst identi ed in bulk solvents such as water and hexane before being ap-
plied in lipid bilayer systems. e identi ed degrees of freedom are shown in Figure
. . All biased simulations were run using the well-tempered multiple walkers scheme
of Metadynamics.⁵⁵ ⁵⁶ ¹⁷²
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Figure . Biased degrees of freedom in the performedMetadynamics simulations.

. FreeEnergyLandscapesof theSolutes inaModelMem-
brane

For ibuprofen, a two-dimensional reaction coordinatewas chosen: the center ofmassdis-
tance between the solute and the bilayer and theC-O-O-H torsional angle. e results of
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the free energy calculations that lead to this choice is presented in the supporting infor-
mation of Paper V. e results from the Metadynamics simulations of the absorption of
a ibuprofenmolecule to a DOPC lipid bilayer is shown in Figure . . To compare to just
biasing one degree of freedom(the center ofmass distance), US simulationswith the car-
boxylic hydrogen in either a cis or trans conformation were conducted as well. Out in the
water phase the trans-conformation of the carboxylic group is preferred as itmakes it eas-
ier for ibuprofen to form hydrogen bonds with the solvent. As ibuprofen is moved closer
towards themembrane surface the preferred conformationof this functional group is still
trans, but at a distance of . - . nm for the membrane center three minima are found.
From this distance the molecule has to undergo a conformational transition in order to
follow the lowest free energy path towards the membrane center. While studying the
one-dimensional PMFs it is clear that there are signi cant differences based on which
starting conformation is chosen for the simulations with a one-dimensional reaction co-
ordinate and as expected the projection of the two-dimensional free energy landscape
has the characteristics of both US PMFs. e permeability is clearly affected as the free
energy barriers differs in each case.
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For aspirin and ibuprofena threedimensional reactioncoordinatewasdesignedbased
on the free energy landscapes presented in the supporting information of PaperV. In Fig-
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ure . the corresponding twoandone-dimensional projectionsof these four-dimensional
functions are shown. As in the case for ibuprofen there has to occur a conformational
change before the solutes enters the hydrophobic core of the membrane in order to pur-
sue the lowest free energy path. e intramolecular hydrogen bond is recovered in the
part of the membrane with the lowest dielectric constant as predicted by the prelimi-
nary Metadynamics simulations in bulk liquids of varying dielectric constant. All one-
dimensional PMFs have similar features with binding modes just below the carbonyl
groups at various depths. is is in agreement with both experimental and simulations
studies.⁴⁹ ⁵⁰ ¹⁶⁹ ¹⁷³ ¹⁷⁴
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. . Comparisons to Experiments
Asmultidimensional free energy landscapes are impossible to obtain experimentally the
easiest way of comparing the ndings presented in PaperV to available experimental data
is to compute the standard binding free energy, as done in Paper IV. In Table . the
simulations are compared to experimental studies.

Table . Standard binding free energies (in kJ mol−1) for the three compounds compared to
available experimental data.

Solute Method Computed Experiment
Aspirin DMetadynamics −12.0± 1.2 −14.2¹⁷⁵
Diclofenac DMetadynamics −22.2± 1.8 −25.8¹⁷⁶
Ibuprofen DMetadynamics −19.2± 1.7 −22.0¹⁷⁶
Ibuprofen D Umbrella sampling (cis) −19.5± 1.8
Ibuprofen D Umbrella sampling (trans) −17.5± 1.6

e agreement with the experiments is good and close the accuracy of current, generic
FFs.¹⁷⁷ It seems plausible that the agreement would have been worse if one or more im-
portant degrees of freedomwould have been ignored during the biased sampling but the
opposite is another scenario, where the agreement would have been be er. However, if
the la er would have been the case the obtained free energy would not have represented
the true free energy of the FF as important parts of phase would not properly been sam-
pled and the lowest free energy path would not have been obtained. Further, if crucial
degrees of freedom are le out of the reaction coordinate incorrect conclusions regard-
ing the binding modes can be expected and the accuracy of the FF (or method for that
ma er) cannot be estimated.
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Chapter

Concluding Remarks

In the current thesiswork focusingon re ning, developingandvalidatingmolecularmod-
els for biologically relevantmembranes is presented. A force eld (FF)namedSlipidswas
presented and developed in a consistent and physically groundedmanner. e results in-
dicate it is able to reproduce several experimentally investigated structural and dynamic
properties of lipid bilayers. A wide number of properties was studied during the valida-
tion of Slipids with the focus on sca ering form factors andNMRorder parameters. Due
to their close link to experimental data these properties should be prioritized during the
validation of a lipid bilayer force eld. Perhapsmost importantly is that this set of param-
eters works in a tensionless ensemblewhichmeans that the systems can be studied under
more realistic conditions. In ensembles where the surface tension (NγPT) or the lateral
area (NPAT) is xed the systems cannot fully relax around a solute or a protein, making
it somewhat difficult to study systems like this. As a number of components can be stud-
ied with Slipids, including proteins, the parameter set is potent for studies of complex
systems on a microsecond time scale in a detailed and accurate manner.

Another part of the current thesis have been devoted to studying the interactions
between small molecules such as drug candidates and model membranes. Two aspects
regarding the modeling of these systems were considered: the inclusion of polarization
effects on the solute and how to actually bias the sampling more effectively. For the for-
mer, the proposed thermodynamic cycle was able to partially account for the redistri-
bution of the solute’s electron clouds and the corresponding energetic costs for this. e
thermodynamicsof the solute-membranepartitioningwas greatly affectedby the implicit
inclusion of polarization, both from standard binding free energies and binding modes.
Models that treat polarization effects explicitly can of course be used as they are able to
treat these effects on the whole system. However, these models comes at a higher com-
putational price and are more difficult to use for versatile solutes. As phase space can be
sampled more efficiently with this implicit scheme it would be preferred in large-scale
studies of e.g. drug partitioning.

For the sampling issue regarding degrees of freedom orthogonal to the primary re-
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action coordinate, it was shown that the agreement with experimental partitioning free
energies is good. If certain vital degrees of freedom are not identi ed and not properly
sampled during the transportation of a solute through a bilayer the permeabilities and
perhaps even binding modes of the solutes could be erroneous – not due to the underly-
ing force eld but due to the lack of sampling. With the simpler simulations in bulk uids
important intramolecular degrees of freedomwere identi ed, meaning this can enhance
understanding regarding these solutes before embarking on larger scale simulations.

Overall, the work in the present thesis show, to a certain extent, that molecular mod-
eling as a eld has matured and together with accurate force elds and effective and ro-
bust free energymethods that themodeling community is now ready tomakepredictions
and even suggest experiments instead of simply reproducing them. It is now possible to
model biologically relevant systems and ask real questions about the physical properties
about certain biomolecules and ensembles and these answers should also be linked to the
biological functionality of these systems. e future formolecularmodeling looks bright
and very exciting.

. FutureWork

In science nothing is static, the explanations of the numerous phenomena around us are
always questioned and driven forward. Of coursemolecular modeling is no exception to
this and there are several of ways the presented work could be improved and extended.

For Slipids, it could certainly be extended further to include e.g. polyunsaturated
lipids and glycolipids and further re ne the head group parameters. One should also
keep in mind that a parameter set like this constantly need to be re ned and updated as
the experimental methods are ge ing more and more accurate. Experimental work, e.g.
in the group of prof. John Katsaras,⁶⁸ ¹⁰¹ have provided the modeling community a large
amount of data that can be used to re ne current membrane models.

To properly benchmark the thermodynamics of water-bilayer partitioning for differ-
ent FFs more elaborate studies with larger data sets are needed. ese studies would
be able to highlight the strengths and weaknesses of the methods and parameters avail-
able today. Further, more biologically relevant membranes should be used in order to
elucidate the impact of bilayer composition. An effective way of discovering important
intramolecular degrees of freedom could also be developed based on the different func-
tional groups of the solute. Other reaction coordinates such as the solute hydration and
coordination to the lipid head groups along the solute-bilayer distance couldperhaps also
enhance the convergence of the underlying free energy pro le. In order to combine the
two major parts of this thesis it would be highly interesting to study the adsorption of
the so-called Wimley-White pentapeptides¹⁷⁸ on a lipid bilayer surface in order to both

Please note that this is the author’s personal opinion.
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understand the free energy landscape of this adsorption but also to systematically bench-
mark the compatibility of current atomistic models of lipids and proteins/peptides.
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