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Abstract

In the vicinit y of melting transitions in membranes, 
uctuations in enthalpy, volume, area and
concentration approach a maximum. Consequencesare the formation of domains, increasing elastic
constants and permeability, changesin the di�usion behavior and longer relaxation processes.

Moleculessuch as anesthetics,neurotransmitters and antibiotics play a functional role in biological
cells. They alsoin
uence the melting behavior of arti�cial membranesand thereby 
uctuation, domain
formation, di�usion and relaxation properties.

In this study, the emphasiswas on deepening understanding of the domain formation, 
uctuation,
di�usion and relaxation behavior in the melting regime of arti�cial membranes. Changesof these
processesby anesthetics,neurotransmitters and antibiotics were also investigated. Both experimental
and theoretical approacheswere used. Fluorescencecorrelation spectroscopy experiments by A. Hac
(Hac, 2004) and pressureperturbation calorimetry were accompaniedby statistical thermodynamics
simulations. All studied processesare related to each other and are intrinsic properties of the system.

We found that relaxation times slow down in the melting transition regimeand the addition of anes-
thetics, neurotransmitters or antibiotics reducesthe maximum relaxation times. Di�usion processes
are in
uenced by the time scaleof relaxation processes.Domain formation is accompaniedby large

uctuations at domain interfaces.

We argue that the studied processesmight play a role in the physiology of biological membranes.



Abstract

In der N•ahe von Schmelzprozessenin Membranen erreichen Fluktuationen der Enthalpie, des Volu-
mens,der Fl•ache und der Konzentration ein Maximum. Daraus erfolgen Dom•anenformation, gr•o�ere
elastischeKonstanten, eineerh•ohte Permeabilit•at, Ver•anderungendesDi�usionsv erhaltensund l•angere
Relaxationsprozesse.

Molek•ule wie An•asthetika, Neurotransmitter und Antibiotik a besitzen in biologischen Zellen eine
funktionelle Rolle. Sie bein
ussen das Schmelzverhalten von k•unstlichen Membranen und dabei die
Fluktuations-, Dom•anenformations, Di�usions- und Relaxationseigenschaften.

In dieser Arb eit wurde der Schwerpunkt auf das Vertiefen der Kenntnisse •uber
Dom•anenformationsprozesse,Fluktuationen, Di�usion und Relaxationsverhalten im Schmelzbere-
ich von k•unstlichen Membranen gelegt. Die Beein
ussung dieser Prozesse durch An•asthetika,
Neurotransmitter und Antibiotik a wurden ebenfalls untersucht. Sowohl experimentelle, als auch
theoretische Methoden wurden genutzt. Fluoreszenzkorrelationsexperimente bei A. Hac (Hac, 2004)
und drucksprungkalorimetrische Versuche wurden durch thermodynamische Simulationen begleitet.
Alle untersuchten Prozesseh•angen miteinander zusammenund sind intrinsische Eigenschaften des
Systems.

Wir fanden heraus, dass sich Relaxationsprozesseim Umwandlungsbereich verlangsamen und
die Hinzugabe von An•asthetika, Neurotransmitter oder Antibiotik a die maximale Relaxationszeit
verringert. Di�usionsprozesse werden durch die Zeitskala von Relaxationsprozessenbeein
usst.
Dom•anenformation wird von starken Fluktuationen an den Dom•anengrenzenbegleitet.

Wir argumentieren, dassdie untersuchten physikalischen Prozesseeine Rolle in der Physiologie von
biologischen Membranen spielen.
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Chapter 1

In tro duction

In recent years, research on the physical properties of lipid membranes (aggregatesof small
amphiphilic molecules)hasagain resumedpopularit y, having beena "hot topic" in the 1970s.
The interest in lipid membranes arises from its importance in the formation of biological
membranes, as it is explained in the �rst section of this chapter. Without biological mem-
branes, life as it is known nowadays would not have beenpossible. It is necessaryto study
the basic physical features of lipid and biological membranes. Di�eren t models of biomem-
branes and a putativ e role of membrane organization follow from these physical properties.
Di�eren t classesof moleculesin
uence the physical behavior of lipid membranes and these
moleculesin
uence again the function of cells. Examples are anesthetics,neurotransmitter
and antibiotics. They are shortly introduced. This thesis is mainly concernedwith deepening
the understanding of di�usion and relaxation processesof lipid membranes. Therefore, at the
end short, reviews about previous studies are given.

1.1 The Biological Mem brane: Its Imp ortance and Its Basic
Building Blo cks

Life would not have been possible without the evolution of biological membranes. They
allowed a de�nition of an inner and outer to protect life from a partially hostile environment.

The plasma membrane surrounds biological cells. In cells biomembranes again de�ne or-
ganellesof di�eren t functionalit y like the Golgi complex, the mitochondria or the endoplasmic
reticulum (see�g. 1.1).

Biological membranes,however, are not just of structural importance but also play a func-
tional role. Permeation processesthrough the membrane allow communication between the
inner and outer part of a cell. They o�er the possibility to maintain electrochemical gra-
dients too. Cell membranes are also involved in capturing and releasingenergy. Biological
membranesreducethe dimensionality of di�usion processesfrom the three dimensionalspace
to a di�usion in a two dimensional plane. This possibly controls the probabilit y of reactions
betweentwo reactants (Adam and Delbr•uck, 1968).

Thesefunctional rolesarepossibleand are in
uenced by the structure of biomembranes. The
main components of biological membranesare small amphiphilic molecules(lipids; 30-80wt%
of the membrane mass), polymers from amino acids (proteins; 20-60 wt% of the membrane
mass) and carbohydrates (sugars; 0-10 wt% of the membrane mass). Biological membranes
are self-assembled molecular aggregateswhere lipids play an extraordinarily structural role.

1



CHAPTER 1. INTR ODUCTION 2

Figure 1.1: Illustration of an animal cell. The plasma membrane de�nes the inner and outer part of a cell.

In the cell itself membranes con�ne di�eren t organelles lik e the Golgi complex, the endoplasmic reticulum

and the mito chondria. These organelleshave di�eren t functions. Where the mito chondria provide the energy

production of a cell, in the endoplasmic reticulum macromoleculesof amino acids (proteins) are synthesized.

The Golgi complex functions as a central delivery system of proteins of the cell. The picture is taken from

"h ttp://www.emc.maricopa.edu/facult y/farab ee/BIOBK/B ioBookCELL2. html".

1.1.1 Lipids, Lipid Mem branes and Cooperativ e Melting

Lipids aresmall amphiphilic molecules.Many di�eren t lipid species1 canbefound in biological
membranes. They can be divided into di�eren t families, e.g. sterolsor phospholipids. Sterols
and phospholipids are the most important lipid species.

CH2CH2CH2

CH3

CH3

CH3

CH2

CH

1,2-Dimyristoyl-sn-Glycero-3-Phosphatidylcholine

C

O 

O 

O C

O O P
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O 
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+

polar head group 

glycerol backbone

unpolar fatty acid chains

Figure 1.2: Schematic drawing of a DMPC lipid. Each of the two fatt y acid chains possesses14 carbon

atoms. The chains are drawn in their all trans con�guration. The rotated arrow indicates a possiblerotational

degreeof freedom.

Phospholipids are the most common lipids in biological membranes. They consist of a
phosphatecontaining headgroupand usually two hydrophobic fatt y acid chains2. Most of the
head groups belong to the group of phosphoglycerideswhich meansthat the head group and
the fatt y acid chains are each linked to a hydroxyl of a glycerol backbone (see�g. 1.2). The

1 It has to be noted that there is no generally accepted de�nition of the term lipid. This, however, will not be
discussedin this thesis. Here, mainly the special classof phospholipids is considered.

2 Phospholipids with just one unpolar chain can also be found. The majorit y of phospholipids, however, have
two.
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various kinds of phospholipids di�er in head group, chain length and degreeof saturation of
the fatt y acid chains.

In �g. 1.2 the chains are drawn in their all-tr ans con�guration. All C-C bonds are in their
trans con�guration meaning that the potential energy for a rotation about a carbon-carbon
bond is in its global minimum (see �g. 1.3). There are two more local minima (gauche
con�rmations). To perform a rotation to one of the two gauche con�gurations an energy
barrier of about 14:65 kJ

mol has to be overcome(Gennis, 1989).

Figure 1.3: Potential energy for rotations of C-C bonds. The potential energy for a rotation of a C-C bond

in an alkane is shown in dependenceof the dihedral angel. There are three minima. The global minim um is

the trans con�rmation and the two local minima are the two gauchecon�rmations g+ and g� . This picture is

taken from Gennis (1989).

The probabilit y of forming a gaucheconformation dependson temperature. This tempera-
ture dependencebecomesinteresting when talking about lipid aggregates.

Lipids spontaneously form aggregateswhen given into water, becauseof their amphiphilic
structure. Depending on the concentration and type of lipid, one can observe many di�eren t
kinds of aggregates(see �g. 1.4). Examples are micelles, inversemicelles and lipid bilayer.
The hydrophobic chains are shieldedby the head groups from contact with water molecules.

The lipid bilayer structure exhibits a high importance in the formation of biological mem-
branes. At low temperatures the lipids arrange on a hexagonal lattice (Janiak et al., 1979).
Lipids are ordered and the degreeof rotational freedomof the chains is low. The probabilit y
of �nding gauchecon�rmations is small. At high temperatures lipids are disorderedwith an
increaseddegreeof rotational freedom and the lattice structure is lost. In the �rst caseone
talks about a solid ordered (so) or gel membrane. In the secondcasethe terms liquid disor-
dered (ld) or 
uid 3 are used. The transition from the "so" to the "ld" phaseincreasesthe
enthalpy and entropy of the lipid bilayer system. For a one component system this melting
transition is highly cooperative, meaning that the melting of one lipid in
uences the melting

3 The terms gel and 
uid are from a physical point of view inexact. Therefore, in this thesis just the terms
solid ordered and liquid disordered are used. This terminology was �rstly intro duced by Ipsen et al. (1987)
in the context of the e�ects of cholesterol on lipid ordering. This is explained further on in the text.
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H2O

Figure 1.4: Schematic drawing of di�eren t lipid aggregates. Shown are representations of (left ) micelles,

(center) bilayer and (right ) inversemicelles.

of another. This is re
ected through the small half width of a heat capacity pro�le. An
example is shown in the right panel of �g. 1.5. The point at which the chemical potentials of
the two phasesequal each other is called the transition midpoint.

Figure 1.5: Melting transition of a lipid bilayer. (left ) The bilayer undergoes a transition from the solid

ordered (so) to the liquid disordered (ld ) phase. This causesa change in enthalp y (� H ) and in entropy (� S).

At the transition midp oint Tm the chemical potentials of the two phasesequal each other. (right ) The melting

processcan be seenin a heat capacity pro�le. The melting processfrom the "so" to the "ld" state requires

energy which results in an increase in heat capacity.

The transition midpoint, the enthalpy and the entropy all change. The cooperativit y of the
transition dependson several factors; the kind of head group, the length of the lipid chains,
the degreeof saturation, the pH, the ionic strength, the outer pressureand the kind of lipid
vesicle.

Multilamellar vesiclesconsist of a stack of bilayers which form vesicles. A suspension of
them shows a more cooperative melting than a suspensionof unilamellar vesicles.Lipids with
di�eren t lipid chain lengths also show di�eren t melting pro�les and they melt at di�eren t
temperatures (Koynova and Ca�rey , 1998). The melting processof the chains is in
uenced
by a balanceof competing e�ects. From an entropic point of view disorderedlipid chains are
in favor over highly orderedchains in the all-tr ans con�guration. Van-der Waals interactions,
however, are increasedby the presenceof ordered chains. Additionally , closelipid-lipid con-



CHAPTER 1. INTR ODUCTION 5

Figure 1.6: Structure of the three sterols cholesterol (left ), ergosterol (center) and sitosterol (right ). Where

cholesterol is mainly found in animal cells, ergosterol is a main part of fungi cells and sitosterol is a phytosterol

which is the replacement of cholesterol in plant cells.

tacts can be favored in the caseof hydrogen bondsor bridging metal cations. Closecontacts,
however, may be unfavorable wherebulky groups interact sterically or charged lipids electro-
statically. Lipids with ordered chains have a smaller cross-sectionalarea than the oneswith
disorderedchains.

Lipid membranesconsisting of lipid specieswith longer lipid chains melt at higher temper-
atures than lipid membranesof lipid specieswith shorter fatt y acid chains. The existenceof
double bonds inducesmelting at lower temperatures sincethe ideal interaction of the chains
is in
uenced by the non-existing rotational degreeof freedom around the double bond. It
is important to note that one component lipid membranes melt in a regime of physiological
relevance.

Besideschangesin enthalpy and entropy melting also results in an increaseof lipid area
of about 25% and an increaseof the membrane volume of about 4%. Interestingly phys-
ical properties like membrane permeability (Papahadjopoulos et al., 1973; Makarov, 2005)
and membrane compressibility and elasticity (Halstenberg et al., 1998; Heimburg, 1998) dis-
play maxima in the transition regime. These increasesin permeability, compressibility and
elasticity are related to area and volume 
uctuations.

In the beginningof this chapter it is mentioned that there are two particular families of lipids
which have a special status in biological membranes. These are phospholipids and sterols.
The �rst classis introduced in the �rst part of this section.

Sterols have a di�eren t structure in comparisonto phospholipids as can be seenin �g. 1.6.
Cholesterol is mainly an important component in animal cells. It is replacedby phytosterols
in plant cells and by ergosterol in fungi cells.

Physical research has, however, mainly beenconcernedwith cholesterol and its in
uence on
lipid (phospholipid) bilayer. Cholesterolhasthe tendencyto incorporate into the hydrophobic
part of the membrane. It in
uences the phasebehavior of a phospholipid membrane, which
was discussedfor the �rst time by (Ipsen et al., 1987). Recently, it has beenshown that the
samee�ect is true for ergosterol (Beattie et al., 2005). Sterols induce a third phasebesides
the already described "so" and "ld" phases.This phaseis called the liquid ordered (lo) phase.
Cholesterol and other sterols order the lipid chain con�guration, but at the sametime they
induce lateral disorder.
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1.1.2 Complex Lipid Mem branes and Phase Diagrams

As it is described in the previoussectiononecomponent lipid systemsof phospholipidsdisplay
a phasetransition from a "so" phaseto a "ld" phase4. This picture gets more complicated if
cholesterol is added. Besidesthe "so" and the "ld" phasesone�nds the lo phase( Ipsen et al.,
1987). A coexistenceof phasesis possible which depends on temperature and cholesterol
concentration. In the caseof more complex lipid systems with two di�eren t phospholipid
speciesstructural heterogeneitiesoccur over a broader temperature regime. This can be seen
in a heat capacity pro�le as it is shown in �g. 1.7.

Figure 1.7: Phase diagram and excessheat capacity pro�le of a two component lipid system. (right ) An

example of a measured � cp -pro�le of a two component lipid system is shown. From a seriesof heat capacity

pro�les of the same lipids with di�eren t molar ratios one can construct a phase diagram (left ). Out of this

phasediagram one can deduceat which ratios and temperatures the system is in one of the pure phases(either

"so" or "ld" ) or when it is in a coexistence regime.

A heat capacity anomalie is monitored over a broad temperature regime. At low tempera-
tures and at high temperatures the lipid membrane is in either the "so" or the "ld" phase.
In the region of non-zero � cp, coexistenceof "so" -like and "ld" -like domains occur. These
properties are equivalent to the onesof "so" and "ld" phases.Dependent of ratios, concentra-
tions or temperature, phasediagramsgive information whether one is in a coexistenceregime
or one of the pure phases(seethe left panel of �g. 1.7). They allow one to approximate the
ratio of ordered to disordered lipids in the coexistenceregime (Lee, 1977), but they do not
give any information about the morphology of domains. They can be constructed with the
help of excessheat capacity pro�les. The details of the construction is disputed (Sugar et al.,
2001).

Recently, phase separation of two component lipid bilayer systems of Giant Unilamellar
Vesicles(vesiclesof diameter 10�m � 500�m ; GUV) have beenvisualized by Confocal Flu-
orescenceMicroscopy (Korlach et al., 1999; Bagatolli and Gratton , 1999). Fluorescent labels

4 It is neglected that for MLVs one measuresa pre-transition. The lipid membrane undergoes a transition
from the "so" to the ripple phase. The ripple phase is due to line defects of disordered lipids (Heimburg,
2000). The enthalp y change is much smaller than the one for the main phasemelting transition. For reasons
of simplicit y this transition stays neglected in most parts of this thesis.
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which partition di�eren tly into the two kinds of domains or whose 
uorescence light wave-
length dependson the state of the lipid environment are incorporated into the lipid bilayer.
After excitation through a laserthe 
uorescenceis monitored. An exampleis shown in �g. 1.8
(provided by M. Fidorra; (Fidorra, 2004)).

Figure 1.8: Confocal FluorescenceMicroscopy picture provided by M. Fidorra (Fidorra , 2004). Two 
uores-

cent markers are included into the phospholipid bilayer (DLPC:DPPC 67:33) of a Giant Unilamellar Vesicle

(GUV; vesiclesof diameter 10�m � 500�m ). One of them preferentially partitions into "so" domains whereas

the other one prefers a "ld" environment. After excitation the two markers emit light of di�eren t wavelengths

which allows one to monitor the di�eren t domains. The red and greencolors represent "so" and "ld" domains.

The scalebar is 10 �m .

The size of these domains is debated in the literature. Where 
uorescence pictures
show domains in the range of a few �m (Korlach et al., 1999; Bagatolli and Gratton ,
1999; Seegeret al., 2005), Atomic Force Microscopy (AFM) 5 of supported lipid bilayer6

systems suggest domains in the nm regime (Nielsen et al., 2000b; Kaasgaardet al., 2002;
Tokumasuet al., 2003).

1.1.3 Mem brane Mo dels

In the previous two sections it is discussedthat lipid systemsconsisting of one or two dif-
ferent kinds of phospholipids, with or without cholesterol, display a complex phasebehavior.
Depending on temperature and lipid ratios, heterogeneitiesin the lateral membrane struc-
ture can be found. This can already be deduced from heat capacity pro�les, but is visu-
alizable by Confocal FluorescenceMicroscopy or Atomic Force Microscopy. The �rst mea-
surements of heat capacity anomaliesof lipid membrane systemsand also biological mem-
branes date back to the late 1960s and the 1970s (Steim et al., 1969; Reinert and Steim,
1970; Hinz and Sturtevant , 1972; Melchior and Steim, 1976; Mabrey and Sturtevant , 1976;
Jackson and Sturtevant , 1977). This would suggest that a picture describing a biological
membrane is a rather heterogenousthan homogenousone.

However, the acceptedtext book picture of a biological membrane is still the 
uid mosaic
model (Singer and Nicolson, 1972). The 
uid mosaic model is basedon a 
uid ("ld" ) lipid

5 Atomic Force Microscopy allows one to gain a hight pro�le of a surface. Applying it to the study of lipid
membranes it detects hight di�erences of the di�eren t lipid membrane phases.

6 A supported lipid bilayer is a bilayer which is brought onto a surface and which has closecontact to this one.
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membrane which builds a matrix for randomly distributed proteins. Proteins might incor-
porate into the membrane (integral proteins) or are attached onto the membrane surface
(peripheral proteins).

Figure 1.9: Fluid mosaic model of cell membranes. The lipids (small objects with tails) are in a disordered

state and provide a 
uid matrix for the randomly distributed proteins (rigid bodies). The picture is the same

as �g. 3 in Singer and Nicolson (1972).

This model suggests a rather homogenous picture of a biological membrane.
Singer and Nicolson (1972), however, it expressedthe idea of possibleheterogeneitiesin the
vicinit y of proteins. In addition, the idea that physical or chemical perturbations of the mem-
brane might a�ect or alter membrane components hasbeenmentioned. In summary, however,
the lipid components do not receive much attention besidesproviding a viscousmedium for
the membrane proteins.

For the �rst time a membrane model implementing clusters of lipids was formulated by
Jain and White (1977): " ... the biomembrane continuum is broken up into a number of rela-
tively rigid platesor patchesthat are in relative motion with respect to each other.". Though,
this model did not gain much attention. After the proposition of the existenceof specialized
domains, so called \rafts 7" (Simonsand Ikonen, 1997), this idea is under discussion. "Rafts"
are seenas being lo lipid domains which are rather static in structure. They 
oat in a "ld"
environment. From a thermodynamical point of view this is rather unlikely since"rafts" are
seenas being small clusters (Simonsand Vaz, 2004). Small lipid domains are likely to show
strong local 
uctuations in lipid chain state and therefore, they are more likely dynamic than
static (Seegeret al., 2005).

The insu�ciency of the 
uid mosaic model also becomesclear from di�usion studies on
biological membranes. A rather complex di�usion behavior is revealed which cannot be ex-
plained by a homogenousmembrane system (Jacobsonet al., 1995). One possiblereasonfor
the occurrenceof inhomogeneitiesis the existenceof lipid domains, which are governed by
7 In the literature the de�nition of the term raft is rather confusing. Most authors talk about it in the context

of the formation of domains with a high content of cholesterol and sphingolipids (phospholipids where the
glycerol backbone is replaced by a sphingosine).
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Figure 1.10: Matress model of lipid-protein interactions. It has been proposed by Mouritsen and Bloom

(1984). The hydrophobic mismatch between the proteins and the lipids result in a deformation of the lipid

matrix so that the hydrophobic mismatch is kept as small as possible (�g. 1 from (Mouritsen and Bloom,

1984)).

lipid-lipid and lipid-protein interactions. The latter oneshave beenincluded in the mattress
model by Mouritsen and Bloom (1984). The lipid membrane is deformed so that the hy-
drophobic mismatch between proteins and the lipid membrane is minimized (see �g. 1.10).
The principal of hydrophobic matching is seenas an important factor in in
uencing protein
function (Dumas et al., 1999; Jensenand Mouritsen, 2004).

Another putativ e reasonfor the occurrenceof heterogeneitiesis aggregationof proteins or
peptides. Light-induced aggregation behavior of bacteriorhodopsin, a proton transporting
membrane protein, has beenmeasuredthrough a change in di�usion behavior (Kahya et al.,
2002). Aggregation behavior has also beenfound in numerical simulations for di�eren t pro-
teins and peptides (Heimburg and Biltonen, 1996; Ivanova et al., 2003). These simulations
are basedon comparison to measuredheat capacity pro�les. They also provide information
about the lateral membranestructure. Proteins might favor oneof the lipid membranephases.

All in all one can concludethat the simple picture as it is drawn in the 
uid mosaicmodel
has to be re�ned. If one thinks about a biomembrane one should rather think of a het-
erogenousthan of a homogenouslateral structure. A visualization of this picture is shown
in �g. 1.11. The membrane lipids can be in di�eren t states and might form domains with
di�eren t physical behavior ("so" , lo and "ld" ). Proteins might have a tendency towards one
of the particular lipid domains and might aggregateto clusters themselves. It is known that
the lipid composition of the two monolayer of the samemembrane may vary (Bretscher, 1972;
Devaux, 1991). Whether the state of the lipid might di�er in both lea
ets is not answered,
yet.

Despite the representation in �g. 1.11the topology of a biological membrane is morecomplex
and includes curvatures due to di�eren t domain heights and hydrophobic matching.

This modern view of a biological membrane allows the triggering of biochemical reaction
cascadesdue to the physics of the lipid membrane. Di�usion properties of proteins change.
Protein function might alsobe in
uenced by the lipid environment and the state of the lipids.
The lipid itself gets a more active role concerningthe physiology of a cell than is the casein
the 
uid mosaicmodel. This possiblerole is discussedin more detail in a later chapter (see
ch. 5).
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Figure 1.11: A modern picture of a biological cell membrane. The di�eren t colors of the smaller objects

represent lipids with an ordered (red) or disordered (green) con�guration. Lipid domains with di�eren t physical

properties are formed. The aggregation of proteins (rigid, big objects) is allowed. Proteins might prefer ordered

or disordered lipids. The two monolayers of the bilayer di�er in lipid composition and the lateral domain

structure may be dissimilar, too. This model allows the control of biological function becauseof the physics

of the lipid membrane.

1.2 General Anesthetics, An tibiotics and Neurotransmitters

The most important components in biological membranes are lipids, proteins and sugars.
In this thesis sugars and their importance and in
uence on membrane physiology are not
considered.Thus, they are not discussedfurther.

Proteins are assumedto be the functional units of biological membranes. The physical
properties and the structure of a biomembrane might in
uence the function of a protein.
Di�eren t proteins and peptides accomplishdi�eren t tasks. The peptide gramicidin A acts as
an antibiotic, whereasother proteins, so called channel proteins, are thought to play a role
in nerve pulse propagation.

The function of a biological membrane, however, can also be in
uenced by small molecules
like octanol or halothane. These two moleculesbelong to the class of general anesthetics.
Neurotransmitters like serotonin have an in
uence on e.g. the mood of human beings.

In this thesis, studies on phospholipid membranes with gramicidin A, the two anesthetics
halothane and octanol and with serotonin are presented. Therefore, the physical and chem-
ical properties of these moleculesand the current hypothesizedaction of these moleculesis
introduced in the following three sections.

1.2.1 The An tibiotic Gramicidin A

The hydrophobic peptide gramicidin A (see �g. 1.12) is thought to be a channel forming
peptide speci�c for monovalent cations. The channel is a dimer of the peptide (Gennis (1989)
and citations therein). Its size is 30 �A in length and the inner and outer diameters are 5 �A
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and 15 �A, respectively.

Figure 1.12: The peptide gramicidin A. It is a channel forming peptide which acts as an antibiotic. The

picture is generated from a protein data bank �le of the Research Collaboratory for Structural Bioinformatics

of the Brookhaven National Laboratory (www.rcsb.org; see�le 1Mag.pdb).

Gramicidin A acts as an antibiotic. This is believed to be due to its channel forming
behavior. Cations can freely di�use through the channel and ion gradients get destroyed.
This leadsto the death of the cell.

1.2.2 The Neurotransmitter Serotonin

Neurotransmitters are moleculeswhich mainly occur in the nerve system, but can also be
found in other parts of a body. They can be classi�ed into two groups: small molecule
transmitters and neuroactive peptides. It is assumedthat they play an important role in
nerve pulsepropagation. During a nerve pulsethey are releasedinto the synaptic gapbetween
a pre- and postsynaptic neuron8. The releasedneurotransmitters bind to receptors of the
postsynaptic neuron. It is believed that the e�ect of the neurotransmitter is dictated by the
receptor. One classof receptors are protein channels which go into an open or closedstate
after the binding of a neurotransmitter. This allows triggering of the membrane potential. A
secondclassof receptorsis coupledto intracellular secondmessengercascadeswhich, however,
also in
uence protein channelsand therein again the membrane potential. Neurotransmitters
can be excitory or inhibitory , meaning that they can induce or prevent a nerve impulse.

Serotonin (5-Hydroxytryptamin; see�g. 1.13) is a small molecule transmitter which has
two aromatic rings. It is believed to play an important role in depression,migraine and
anxiety. Serotonin acts as an excitory neurotransmitter which is extensively found in the
human blood stream. It is also present in the human gastrointestinal tract. 1%� 2% of the
Serotonin concentration in the human body is localized in the brain region.

8 Synapsesare junctions between nerve cells (neurons). Nerve pulses are accompanied by directed action
potentials. The neuron which seenfrom the direction of the action potential is before the synaptic cleft is a
presynaptic one. The one after the gap is the postsynaptic neuron.
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Figure 1.13: The neurotransmitter serotonin. It consists of two aromatic rings and is an excitory neuro-

transmitter. serotonin is involved in systemsof human brain regions which are responsible for mood, emotional

behavior and sleep.

1.2.3 Octanol, Halothane and the Action of General Anesthetics

In the mid 19th century it was found that certain gasesallow the blocking of pain, con-
sciousnessand other sensations. This state is called anesthesiaand since then has gained
importance in medicine. Nowadays, one divides anesthetics into general, local or regional
anesthetics. The latter one meansa reversible loss of sensationand possibly movement in
a certain region of the body through blocking brain or nerve sectionswhich are responsible
for this region. Local anestheticsact reversible in a de�ned part of the body through direct
injection of anesthetics. The �rst one,generalanesthetics,inducea reversiblelossof conscious
and sensation. Here, the focus is on generalanesthesia.

Figure 1.14: The general anesthetics octanol (left ) and halothane (right ). The alcohol 1-octanol and the

halogenatedhydrocarbon halothane act asgeneralanesthetics. There is no generally acceptedtheory of general

anesthesia,yet.

Di�eren t kinds of small molecules induce general anesthesia. One has chosen a some-
how arbitrarily and rough division of anesthetics into three classes: volatile and anes-
thetics gasses,alcohols and intravenous anesthetics. Halothane (2-Bromo-2-chloro-1,1,1-
trifuoro ethane;B r CH (Cl)CF3; see�g. 1.14), a halogenatedhydrocarbon belongsto the �rst
classof anesthetics. Alcohols up to a chain length of ten carbon atoms act also as anesthetic
drugs. An example is octanol (C8H18O; see�g. 1.14) which has eight carbon atoms. To the
last group of intravenousanestheticsbelong barbiturates like pentobarbitone.

The pioneering works in the �eld of anesthetics were independently published by Meyer
(1899) and Overton (1901). They showed that the anestheticpotency of a substancedepends
on their solubilit y in olive oil (Meyer-Overton rule). As well, they showed that the e�ect of
anestheticsadd up. A whole variety of di�eren t substancescould induce anesthesiaand it
could be concludedthat thoseanestheticsusedacted nonspeci�cally . The e�ect of anesthetics
can be reversedby applying pressureor by heating (Spyropoulos, 1957).

Already Overton (1901) suggestedthat anesthesiais a result of the perturbation of the
lipid membrane. The �rst theories of anesthesiawere dominated by explaining the action of
anestheticson the lipid membrane and an indirect lipid-mediated mechanism (Lee, 1976b;
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Trudell, 1977). Three main objections have beenbrought up against lipid-mediated theories.
These are the failure of the Meyer-Overton rule of explaining the lack of anesthetic activit y
of long-chain alkanesand alcohols, the small magnitude of e�ects of anestheticson the lipid
membrane at clinical relevant concentrations and the third argument is the stereoselectiv-
it y9 of some substances. This has led to the dominance of theories explaining anesthetics
action becauseof the in
uence of anesthetics on protein function (Franks and Lieb, 1994;
Krasowski and Harrison, 1999; Bovill , 2000).

Still others argue in favor of the in
uencing e�ect of the anestheticson the lipid membrane.
Ueda and Yoshida(1999) claims that it is a combination of e�ects on proteins and lipids. The
actual sideof action is the lipid/w ater interface. Cantor (Cantor , 1997, 1999b, 2001b) believes
that the lateral pressurepro�le of lipid bilayer controls the function of channel proteins. He
discussesthe action of anesthetic moleculesin the context of their in
uence on the lateral
pressurepro�le.

In a recent paper, Heimburg and Jackson (2005) challenge the traditional picture of nerve
pulsepropagation. They claim that the nerve pulse is a soliton which is the natural result of a
jump through or into the transition regimeof a biological membrane. Taking this theory they
explain the action of general anestheticsas being due to the in
uence of anestheticson the
transition pro�le of the lipid membrane (Heimburg and Jackson, 2006). Short chain alcohols
shift the pro�le to lower temperatures and therewith increasethe threshold of the evolution
of a soliton.

In total one can conclude that despite the fact that the e�ect of general anesthesiahas
been known for more than 150 years, still the precise reasonof anesthesiais still not fully
understood.

1.3 Di�usion Studies on Mem brane Systems

In previous sectionsit is already mentioned that a modern picture of a biological membrane
includes heterogeneities. Nowadays, it is more and more acceptedthat these homogeneities
play a crucial role in membrane function. They in
uence di�usion properties which are
believed to be important in tra�c king processes.

The di�usion behavior in a biological membrane is rather complex (Jacobsonet al., 1995).
Di�usion in biomembranesoften deviates from normal di�usion, where the mean-squaredis-
placement (msd) is proportional to time (Einstein (1905, 1906); msd = 4Dt, with D the
di�usion constant). Di�usion in biological membranes can sometimesbe described by an
anomalous di�usion behavior. The proportionalit y of the msd with time t is replaced by
t � , where 0 < � � 1. Formally speaking, this means that the di�usion constant is not a
constant any more but a variable depending on time. Di�usion in con�ned areas,from which
the di�using particle cannot escape, can be monitored too. Due to active processesdi�usion
might be directed.

In order to gain a deeper understanding of the underlying physical processesexperimen-
tal and theoretical studies have beenapplied to arti�cial and biological membrane systems.
A range of di�eren t experimental techniques have been chosen. The most common ones

9 The enantiomers of etomidate, which is an intravenousanesthetic, were shown to have a 15-fold di�erence in
the anesthetic potency on tadp oles. They show, however, identical e�ects on the physical properties of the
lipid bilayer (Tomlin et al., 1998).
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are 
uorescence recovery after photobleaching10 (FRAP; (Vaz et al., 1982; Schneider et al.,
1983; Vaz et al., 1982, 1989; Almeida et al., 1992; Feder et al., 1996)), 
uorescence cor-
relation spectrscopy11 (FCS; (Eigen and Rigler, 1994; Korlach et al., 1999; Schwille et al.,
1999; Wachsmuth et al., 2000; B•ockmann et al., 2003)), single particle tracking12 (SPT;
(Simsonet al., 1995; Sch•utz et al., 1997; Sonnleitner et al., 1999; Ritchie et al., 2005)), nu-
clearmagnetic resonance13 (NMR; (Kuo and Wade, 1979; Crawford et al., 1980; Or•add et al.,
2002; Arnold et al., 2004; Scheidt et al., 2005)), electron spin resonance14 (ESR; (Shin et al.,
1991)), 
uorescence quenching15 (Galla et al., 1979) or quasielastic neutron scattering16

(QENS; (Pfei�er et al., 1988; Tabony and Perly, 1990)).
The various methods measuredi�usion on di�eren t length scales. FRAP and FCS map

di�usion on long length scales,whereas 
uorescence quenching and QENS monitor it on
short length scales.SPT, NMR and ESR can be usedfor studying di�usion on long and short
length scales,depending on the details of the experiment. Measuring of short and longerange
di�usion in one experiment is possibletoo (Shin et al., 1991).

Measurements mapping di�usion on di�eren t length scalesshow di�erences in the di�usion
constants. Discrepanciesare explained by di�eren t di�usion processes.Microscopic (short
length scales)and macroscopic(long length scales)di�usion is distinguished in the literature
(Vaz and Almeida, 1991; Shin et al., 1991). Almeida and Vaz (1995) argue that methods
which measurelipid movements over the order of lipid sizeare not likely to be related to the
di�usion coe�cien t since the latter one is an averageproperty. The macroscopicaldi�usion
coe�cien t is smaller than the microscopicalone.

Not considering the discrepancybetween microscopic and macroscopicdi�usion constants
one also �nds deviations of reported di�usion constants which measuredi�usion over long
length scales.This is especially the casefor di�usion in the "so" phase. Authors using FRAP
report di�usion in "so" membraneswhich is much smaller (several ordersof magnitude) than
the onesgained with FCS.

For a complete understanding of di�usion processesin biological and arti�cial membranes
theoretical approaches need to be found. For the description of protein di�usion in a
homogenousenvironment hydrodynamic theories succeeded(Sa�man and Delbr•uck, 1975;
Hugheset al., 1982). The protein is consideredas a cylinder which di�uses in a viscous
medium, the lipid membrane. This theory, however, fails in the description of the di�usion of
lipids sincethe lipids are of the sizeof the particles of the viscousmedium. A hydrodynami-

10 Fluorescencelabels in a de�ned area in the system under investigation becomebleached by a high intensity
of laser light. After that di�usion of other labels results in a recovery of the detected 
uorescence signal.

11 Concentration 
uctuations of 
uorescence labels in a confocal volume result in 
uctuations of the monitored

uorescence signal. In di�usion studies these 
uctuations depend on the di�usion properties.

12 The track of a single particle is monitored. This allows the determination of the msd.
13 In nuclear magnetic resonancemeasurements one excites the spins of the atom's nuclei. There is a variety

of NMR techniques which allow the study of di�usion processes.The NMR echo contains information of the
di�usion processes.

14 Electron spins of labels are excited and the spectral intensity is monitored. Dynamic imaging allows the
analysis of the data by means of di�usion processes.

15 A 
uorescence molecule in the ground-state and one in an excited state might form an excimer (t wo molecules
bound in an electronic excited state). A di�usion constant can be de�ned which depends on the ratio of the

uorescence intensity of the excimer and the monomer.

16 A monochromatic neutron beam is scattered. Due to molecular motion, energy is transfered between the
neutrons and the sample and results in a broadening of the energy pro�le. The broadening depends on the
time scale of the molecular motion. The broadening depends also on the angle of the neutron beam which
again yields information about the type and spatial extend of the motion.
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cal theory requires that the size of the particle under consideration is much bigger than the
particles of the viscousmedium. In the caseof lipid di�usion, phenomenological"free volume
theories" have been successfullyapplied (Galla et al., 1979). In these theories the di�usion
of a particle is possibleif there is enough"free volume" which the particle can occupy.

However, both the hydrodynamical theoriesdescribingprotein di�usion and the "free volume
theories" fail to describethe di�usion processesin heterogenoussystems.Therefore,especially
M. Saxton (Saxton, 1987, 1990, 1992, 1994, 1996) has usednumerical methods to model and
understand possiblehindrances to di�usion in biological membranes. Saxton applies hard-
coremodels and evaluates them by meansof Monte-Carlo simulations. He describesdi�eren t
reasonsfor an in
uence of di�usion processes.These are the existenceof mobile obstacles
(Saxton, 1987), aggregationbehavior (Saxton, 1992) or binding processes(Saxton, 1996). He
analyzessomeof the results by meansof anomalousdi�usion (Saxton, 1994, 1996).

One problem of these hard-core models, however, is that they do not contain any ther-
modynamical information. In more recent works (Polson et al., 2001; Hac et al., 2005;
Sugar and Biltonen, 2005) simple lattice models, that can describe the thermodynamics of
lipid/sterol or two component lipid systems, are used for the study of di�usion processes.
They allow the examination of di�usion in arti�cial membrane systemsand its dependence
on temperature and composition. The results are discussedelsewhere(seech. 4 and 5).

The importance of di�usion processesin biological functions was pointed out in the mid
1980s(McCloskey and Poo, 1984; Axelrod, 1983). After the start of the discussionabout
"rafts" and its implications in tra�c king processesit has becomeeven more evident. As it
has been explained earlier, heterogeneitiesin biomembranes, e.g. becauseof lipid domains,
in
uence the di�usion behavior and therefore, possibly allow the triggering of biochemical
reaction cascades.

1.4 Relaxation Time Studies on Mem brane Systems

The putativ e role of phasetransitions in biological membraneswas already discussedin the
beginning of the 1970s(Chapman, 1971; Tr•auble, 1971). After the publication of the 
uid
mosaicmodel (Singer and Nicolson, 1972) evidenceof the importance of the mechanical and
thermodynamical properties of lipid membranesweregathered(van Osdol et al., 1989). This
included studies of statical properties of phasetransitions, but also kinetic measurements of
the phasetransition process.

The �rst kinetic experiments were conducted in the early and mid 1970s(Tr•auble, 1971;
Tsong, 1974; Tsong and Kanehisa, 1977). They were basedon a sudden jump in tempera-
ture. In the following yearsstudies with a variety of di�eren t techniquesand detection meth-
ods followed. Perturbation techniques like temperature perturbation (Holzwarth and Rys,
1984; Holzwarth , 1989; J�rgensen et al., 2000; de Almeida et al., 2002), pressureperturbation
(Clegg et al., 1975; Gruenewald et al., 1980; Elamrani and Blume, 1983; Yager and Peticolas,
1982; Cheng et al., 1994; Grabitz et al., 2002), volume perturbation (van Osdol et al., 1989)
or changing pH or ion concentration (Strehlow and J•ahnig, 1981) were used. Di�eren t non-
and thermodynamical methods were used for the detection of the kinetic behavior. Opti-
cal detection modeslike turbidit y measurements (Tr•auble, 1971; Elamrani and Blume, 1983;
Holzwarth and Rys, 1984), 
uorescence techniques (Genz and Holzwarth , 1986; Genz et al.,
1986; Holzwarth , 1989; J�rgensen et al., 2000; de Almeida et al., 2002), light and Ramanscat-
tering (Tsong, 1974; Tsong and Kanehisa, 1977; Yager and Peticolas, 1982), x-ray di�rac-
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tion (Cheng et al., 1994) and infrared spectroscopy (J�rgensen et al., 2000) were chosen.
van Osdol et al. (1989) using volume perturbation calorimetry analyzed heat releaseor ab-
sorption and the rate of volumechangeaccompanying a phasetransition. Grabitz et al. (2002)
monitored the time courseof the answer of a calorimeter. These studies are complemented
by ultrasonic methods (Mitaku and Date, 1982; Halstenberg et al., 2003) and dynamic heat
capacity measurements (Yao et al., 1994; Naganoet al., 1995).

With the variety of methods employed the measuredrelaxation processesrange from the
ns to the hour regime. Results have been analyzed using up to �v e di�eren t relaxation
processes.Sometimesthe monitored relaxation processesare not interpreted as a result of
the phase transition of the lipid membrane but as an artefact of the experimental setup
(van Osdol et al., 1989).

Genz and Holzwarth (1986) �t their data with �v e di�eren t relaxation times. Their relax-
ation times lie in the 1ns , 100ns, 1�s , 1ms and 10ms regime. The interpretation is that
the lowest relaxation time represents the building of kinks in the fatt y acid chains of the
phospholipids, followed by a weakly cooperative processinvolving the free rotation of the
head groups on the hexagonal lipid lattice. The third time is attributed to the formation
of rotational isomers in the hydrocarbon chains. As it is the casewith the remaining two
relaxation processesthe third processis highly cooperative. The last two times are attributed
to the formation of the coexistenceof di�eren t lipid domains. Grabitz et al. (2002) report
one relaxation process.They yield results in the s-regimeand relaxation times are as long as
45s depending on the studied system. J�rgensen et al. (2000) and de Almeida et al. (2002)
measurerelaxation processesin two component lipid systemswith a relaxation time of several
hours. Biltonen and Ye (1993) describe two relaxation processesin binary lipid mixtures. The
long times lie in the secondregime. In the last four articles relaxation processesare related
to domain formation processesin the lipid membrane.

Despite the fact that the setup, detection mode and details of the systemsdi�er in each
article most of the studies conclude that the kinetic slows down at the transition midpoint
(Tr•auble, 1971; Tsong and Kanehisa, 1977; Mitaku and Date, 1982; Gruenewald et al., 1980;
Elamrani and Blume, 1983; Holzwarth , 1989; van Osdol et al., 1991; Grabitz et al., 2002;
Halstenberg et al., 2003). An exception is the work by Yager and Peticolas (1982). Coopera-
tiv e processesgovern most of the described relaxation behaviors. It hasalsobeenshown that
cholesterol, which lowers the cooperativit y of the transition, leadsto a decreasein relaxation
time (Tr•auble, 1971; Grabitz et al., 2002).

At �rst, theoretical approaches focused on cluster growth models (Tsong and Kanehisa,
1977). Recently, Grabitz et al. (2002) have suggesteda non-equilibrium theory relating coop-
erative 
uctuations in enthalpy with relaxation processes.They have assumedonerelaxation
processand have found that this one is proportional to excessheat capacity.

It can be summarizedthat di�eren t techniqueshave beenusedto study kinetic processesof
the phasetransition of lipid membrane systems.One has to take great care to comparethese
studies becauseof di�eren t observablesand di�eren t underlying physical processes.All in all
the studies have mainly con�rmed that the kinetics are governed by cooperative processes
with a slowing down in the transition regime. It can be speculated that this slowing down
and the characteristic time scaleshave an implication on cell physiology.
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1.5 Motiv ation

A high diversity of di�eren t lipid speciescan be found in biological membranes. Currently, the
reasonfor this is not fully understood. One can �nd bacteria like Escherichia Coli or Bacil-
lus Stearothermophilus which adopt their lipid synthesizedepending on growth temperature
(Melchior and Steim, 1976; McElhaney and Souza, 1976; Jain and White , 1977; Pollakowski,
2003). This leads to the suggestionthat lipids display a high importance in biological func-
tion. Therefore, it has been claimed that "not all the answers to biological function can be
derived from the genome" (Mouritsen and Zuckermann, 2004) and the diversity of lipids are
believed to play a major role. The decade of the lipids has been proclaimed (Hilgemann,
2003).

Lipid aggregates self-assemble on the macro-, nano- and meso-scale
(Mouritsen and J�rgensen, 1995). Starting from the 1970s the importance of phase
transitions and the formation of heterogeneitiesof pure lipid membraneshasbeenformulated
(Chapman, 1971; Tr•auble, 1971; Sackmann, 1984; Biltonen, 1990). Kinetic aspects have not
beenleft out of theseconsiderations(Tr•auble, 1971; Biltonen, 1990). It has taken, however,
sometime beforedomain formation processesin biomembraneshave beenconsideredasputa-
tiv ely being an important part in biological function. Considerationsabout this have become
popular with the discussion about a highly specialized kind of domain, so called "rafts".
They are believed to be enriched in cholesterol and sphingolipids (Brown and London, 1998;
Simonsand Vaz, 2004). Since their introduction a lot of research has focused on their
implications and importance in tra�c king processesin biological cells (Brown and London,
1998; Simonsand Vaz, 2004; Brown and London, 2000; Mukherjee and Max�eld , 2000;
Ikonen, 2001; Bodin et al., 2003; Matteis and Godi, 2004; Helms and Zurzolo, 2004). Still,
it is surprising that the focus lies on these kinds of domains. Domain formation processes
in general can have an in
uence on di�usion properties (Vaz et al., 1989; Saxton, 1999)
and protein activit y (Kamp et al., 1974, 1975; Gabriel et al., 1987; Lichtenberg et al., 1986;
Grainger et al., 1989; Burack and Biltonen, 1994; Bolen and Sando, 1992; Dibble et al.,
1996; H�nger et al., 1997; Hinderliter et al., 2004). Inhomogeneitiesalso in
uence in-plane
reactions and therein protein activit y. That might act as an on- and o�-switc h (Melo et al.,
1992; Vaz and Almeida, 1993; Thompson et al., 1995; Salinaset al., 2005).

Lipids in general have an in
uence on the activit y of proteins, as was discusseda few
years after the publication of the 
uid mosaic model (Sandermann, 1978). Changes in
lipid composition might induce cell dysfunction and lead to diseases(Bienven•ue and Marie,
1994; Peet et al., 1999). The activit y and function of proteins can depend on lipid chain
length (Ca�rey and Feigenson, 1981; Brown, 1994) or mechanical properties (Brown, 1994;
Wiggins and Phillips , 2005). Proteins might show a higher activit y in a "ld" than in a "so"
environment (Lee, 2003, 2004).

In the beginning thesee�ects were attributed to the 
uidit y17 of a membrane. There has,
however, been evidence against the triggering of protein activit y and function by 
uidit y
(Lee, 1991). Hydrophobic matching (Mouritsen and Bloom (1984); seesect. 1.1.3) of the
lipid bilayer and the protein is widely acceptedas in
uencing protein function (Dumas et al.,
1999; Jensenand Mouritsen, 2004). It has also beensuggestedthat the lateral pressurepro-
�le through a membrane bilayer a�ects protein conformation and therewith function (Cantor ,
1999a,b). Thermodynamical 
uctuations in density and lateral composition arealsodiscussed

17 The term 
uidit y has never gotten a clear de�nition. It refers to the lateral disorder of the lipid membrane.
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in the context of protein function (Biltonen, 1990; Mouritsen and J�rgensen, 1995). Fluctua-
tions, however, might also in
uence cell function becauseof in
uences on passive permeation
properties of a membrane (Cruzeiro-Hanssonand Mouritsen, 1988; Makarov, 2005).

For a complete understanding of biological function on the cell level an understanding of
lipid-lipid, lipid-protein and protein-protein interactions is necessary. In a biological mem-
brane all these interactions lead to an inhomogeneoussystem with domains of a di�eren t
nature (Parsegian, 1995). Lipid domain formation putativ ely plays an important role in the
control of biological function. Therefore, an understanding of domain formation processesis
necessary. Heterogeneitiesin
uence the di�usion properties of lipids themselvesand those of
proteins too. Relaxation phenomenadetermine the life time of domainsand in
uence the time
scaleof domain formation processesafter a perturbation. The latter one gains importance
since "Ther e is nothing so dead as a system at equilibrium." (Parsegian in Edidin (1992)).
Fluctuations are an intrinsic property of model, aswell asbiological membranes. Fluctuation
time scalesmight determine characteristic time scalesin biological function.

This thesis is a combination of experimental and simulation techniques. Di�usion, relax-
ation, domain formation and 
uctuation propertiesand their relation to each other are investi-
gated in the proximit y of melting transitions of arti�cial membranes. Di�usion measurements
are basedon 
uorescencecorrelation spectroscopy18 and pressureperturbation calorimetry is
applied for the evaluation of relaxation processesin model membranes19. Theseexperimen-
tal results are accompaniedby the evaluation of a thermodynamical model using numerical
simulations. Domain formation and 
uctuation properties are further studied using the sta-
tistical thermodynamics simulations. The validit y of the results can be indirectly deduced
from measuredexcessheat capacity pro�les.

In the proceedingchapter the experimental techniques and procedureswill be introduced.
This is followed by a chapter about the theoretical aspects of this work. In chapter 4 some
results are presented that are later discussedin the �nal chapter which also includes remarks
on a possiblerole of the �ndings in the physiology of cells. Suggestionsabout further research
directions and perspectivesare also given.

18 Experiments were performed by A. Hac; Hac (2004).
19 A seriesof measurements on DMPC/Gramicidin A systems was done by M. Gudmundsson; Gudmundsson

(2004).



Chapter 2

Material and Metho ds

In this chapter the experimental methods and the sample preparation are explained. Re-
sults from di�eren t experimental techniques are presented in this thesis. These techniques
are mainly Di�eren tial Scanning Calorimetry (DSC), Pressure Perturbation Calorimetry
(PPC) and FluorescenceCorrelation Spectroscopy (FCS). The principal construction of a
chip calorimeter is alsoexplained. The numerical model which accompaniesthe experimental
work is not mentioned in this chapter, but is explained in a separatechapter (seechapter
3.1.2).

2.1 Di�eren tial Scanning Calorimetry

Di�eren tial Scanning Calorimetry (DSC) is a powerful experimental technique which al-
lows one to study endothermic or exothermic processesin a large variety of di�eren t ma-
terials or solutions. Since the late 1960s DSC was used for the study of melting pro-
cessesin arti�cial or biological membrane systems (Steim et al., 1969; Reinert and Steim,
1970; Hinz and Sturtevant , 1972; Melchior and Steim, 1976; Mabrey and Sturtevant , 1976;
Jackson and Sturtevant , 1977; Blume, 1983; Heimburg and Biltonen, 1996; Ebel et al., 2001;
Pollakowski, 2003; Heerklotz, 2004). It is also used for the study of protein denaturation
(Privalov et al., 1986; Plotnik ov et al., 1997). In this work DSC is usedfor the measurement
of heat capacity pro�les of di�eren t lipid membrane model systems.This includessimple one
component lipid systems,binary lipid systemsor lipid membranes with added peptides or
neurotransmitters or anesthetics. For thesemeasurements we mainly usedthe VP-DSC from
Microcal (Northhampton/MA, USA; (Plotnik ov et al., 1997)). A few measurements were
performed on the MSC from Microcal (Northhampton/MA, USA). The principal of both
calorimeters is the same and the di�erence lies in the technical realization and sensitivity.
The VP-DSC is the more modern one and is one of the most sensitive DSCs on the market.

The principal of a DSC is very simple (see�g. 2.1). A DSC consistsof two cells which are
surrounded by an adiabatic shield. One of the two cells is �lled with a referenceand the
other one is �lled with a sample substance. In our casethe referencecell is usually �lled
with a bu�er and the sample cell with a lipid/bu�er solution. The temperature of the cells
is changedwith a constant scanrate and the temperature di�erence betweenthe two cells is
kept at zero. If processeshappen in onecell which do not happen in the other, the calorimeter
requiresa di�eren t power to heat or cool the referencecell than it doesthe samplecell. This
power di�erence doesnot equal zero (� P = Psample � Preference 6= 0). One can show that the

19



CHAPTER 2. MATERIAL AND METHODS 20

Figure 2.1: Schematic drawing of a di�eren tial scanning calorimeter. A sample and a reference cell are

protected from the outer environment through an adiabatic shield. The temperature di�erence between the

two cells � T is kept zero. The di�erence between the powers which are needed to heat each of the cells is

proportional to the excessheat capacity.

measuredpower di�erence and the excessheat capacity are proportional to each other.
For a short time interval � t one gets for the heat di�erence � Q:

� Q =
Z t+� t

t
� Pdt � � P � t: (2.1)

Using basic thermodynamics one �nds:
�

dH
dT

�

p
= � cp =

�
@Q
@T

�

p
�

� Q
� T

�
� P
� T
� t

; (2.2)

where H is the enthalpy and � T=� t is the scanrate.
This meansthat by measuringthe power di�erence of the two cellsonehasa direct measure

of the excessheat capacity of the samplesubstance,in our caseof the lipid model system.
The calorimeters of MicroCal allow one to de�ne the starting and ending temperature plus

the scanrate. With the VP-DSC one can also adjust the integration time and the feedback
mode of the calorimeter. The integration time gives the time interval in which calorimetric
data is collected and averaged. The calorimeter reacts with the highest possible response
time if the feedback is set to be high, but the sensitivity is decreasedin comparisonto a low
feedback. The heat capacity measurements were performed at di�eren t scan rates, using a
high feedback and a 10s integration time in all cases.

2.2 Pressure Perturbation Calorimetry

One of the aims of this thesis is the thermodynamical study of kinetic properties of arti�cial
membrane systems. Therefore, one needsto �nd possiblemethods in perturbing the mem-
brane system. Fig. 2.2 shows DSC scansof a dispersion of multilamellar DMPC vesiclesat
di�eren t pressures.A higher pressureleads to a shift of the melting pro�le to a higher tem-
perature. However, the shape is not changed. An additional pressureof � P = 40bar results
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in a shift of � T = 0:95K. Multilamellar vesiclesshow a highly cooperative melting transition,
meaning that the half width of the �c p-pro�le is small (� 0:1K ). Therefore, the two pro�les
measuredat ambient pressureand at an increasedpressureof 41bar do not intersect.

Figure 2.2: Heat capacity pro�les of multilamellar DMPC vesiclesat ambient pressureand at an increased

pressureof 41 bar. One can clearly recognize that a bigger pressure leads to melting at higher temperatures.

The shape of the transition pro�le does not change.

This pressuredependencecan be used to jump into or out of the transition regime. One
possibility is to adjust the temperature so that with additional pressurethe membrane is in
its \so" phase,whereasdomain coexistenceis present at atmospheric pressure. This means
that by putting the lipid systemunder an additional pressureonecan jump into the transition
regimewhen releasingthe pressure. In the other casethe temperature is set so that the lipid
membrane displays a domain coexistenceif pressureis added to the system. Then increasing
of pressuremeansthat one jumps from the \ld" phaseinto the melting regime.

Here, we are interested in relaxation processesafter a jump into the transition regime.
Depending on whether one jumps from above or below the transition regime the membrane
system releasesor absorbsheat. The heat is taken from, or releasedinto, the surrounding
water. This again shall be compensatedby the calorimeter which tries to keep the sample's
temperature constant.

In the investigation of the relaxation processeswe usetwo di�eren t methods. One method
assumesthat the calorimeter can keepthe sample'stemperature constant and the calorimeter
responseon a pressurejump is analyzed (Method I). The secondmethod measuresa tem-
perature change in the surrounding water, since it is assumedthat the idealized situation of
no temperature change at all times cannot be achieved experimentally (Method I I). In the
following sectionsboth methods are explained.

2.2.1 Metho d I

The Microcal VP-DSC givesonethe possibility to operate it in a scanningor isothermal mode.
The isothermal mode allows one to keepthe calorimeter cells at a constant temperature and
to monitor the power di�erence of the heaters of the two calorimeter cells as a function of
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time. One can set the integration time and the feedback of the VP-DSC calorimeter. For
the pressurejump experiments the integration time is chosento be 1s and a high feedback is
adjusted.

A self-built pressurecell which can hold a pressureof up to 200bar is �lled with the lipid
sample. It is put into the sample cell of the calorimeter. The sample and referencecell of
the calorimeter are �lled with millip ore water. The pressurecell is connectedto a nitrogen
pressurebottle through a systemof hoses.A pressurereducer (MesserGriesheim, Frankfurt,
Germany) allows one to adjust the maximum additional pressureonto the lipid systemfrom
5� 200bar. Manual valves(Nova Swiss,E�retik on, Switzerland) are usedto control a pressure
increaseor release. The additional pressureapplied on the system through the nitrogen is
measuredwith a pressuregage(Nova Swiss,E�retik on, Switzerland). The time evolution of
the pressureincreaseor releaseis well described with an one component exponential �t. The
characteristic time scalesare faster than 200ms. This is much faster than the time resolution
of the calorimeter.

After a pressurejump the calorimeter response results in a characteristic curve like it is
shown in �g. 2.3. In this �gure two calorimeter responsesare shown. One after a negative
pressurejump (npj ) when the additional pressureis releasedand another oneafter a positive
pressurejump (ppj ) when pressureon the systemis suddenly increased.In this case(�g. 2.3)
the temperature was chosenso that one jumps into the transition regime with a npj and out
of it with a ppj.

Figure 2.3: Example calorimeter responsesafter a pressure jump at constant temperature. In the displayed

example a sudden decreasein pressure results in a jump into the transition regime. With increasing pressure

one jumps out of the melting regime. The area under the curvesof the responseafter a negative pressurejump

(npj ) and a positive one (ppj ) are the same. From the di�erence in amplitude one can qualitativ ely deduce

di�eren t relaxation behaviors. The relaxation time in the �rst caseis higher than in the secondone.

One notices the di�eren t amplitudes of the two signals. The area below both curves must
be equal which meansthat for the npj the relaxation processis longer than for the ppj. The
calorimeter response gives us a measureof the characteristic time scalesof the relaxation
processes.
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Figure 2.4: Examples of calorimeter responseswhen jumping to di�eren t regions of the transition. Jumping

to di�eren t points of the transition result in di�eren t calorimeter responses.The area below the curves,as well

the relaxation times di�er.

In �g. 2.4 npj exampleshave beenselectedto show jumping to di�eren t parts of the tran-
sition. One example depicts the caseof a jump to the beginning of the transition, another
to the end and lastly one to the midpoint of the transition, wherein the excessheat capacity
is at its maximum. The areasbelow the curves di�er and the more one jumps through the
transition the bigger the areasget. A normalization of the curves' amplitudes allows one to
comparethe time scalesof the responses.One clearly seesthat the jump to the midpoint re-
sults in a higher relaxation time than the jumps to the beginning or the end of the transition.
In the latter two casesthe relaxation times are about the same.

Grabitz et al. (2002) have developed a model to analyzethe calorimeter responseafter such
pressurejumps. We have adopted this approach for the evaluation of our data. This model
is basedon the assumption that the responseof the calorimeter is a convolution of the lipid
signal with the instrument response.

The latter one is a result of the experimental setup and originates from the responseof the
water and the pressurecell walls:

Pw (t )
water

k1� !
Pc (t )

cell wall
k2� !

Pd (t )
detector (2.3)

The instrument responsecan be experimentally gained through pressurejump experiments
on pure water samplesor through pressure jumps which are far away from the transition
regime. In the latter case,there is no contribution from the lipids sincethe lipid membranes
do not changetheir phasestate. This is equivalent to the casewith pure water. In thesecases
it is assumedthat there is only a need for a minor release,or absorption, of heat. This can
be described as a � � pulse. In the caseof heat release,heat is transfered to the cell wall with
a rate constant k1 and then from the cell walls to the detector with a rate constant of k2.
The functions Pw(t), Pc(t) and Pd(t) are time dependent functions of the heat in the water,
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in the cell wall and the detector. This leadsto the following coupled di�eren tial equations:

dPw(t)
dt

= � k1Pw(t)

dPc(t)
dt

= k1Pw(t) � k2Pc(t) (2.4)

dPd(t)
dt

= k2Pc(t);

with Pw(0) 6= 0 and Pc(0) = 0. Using method I one evaluates the calorimeter response
which is described by Pd(t). Solving the three di�eren tial equations (eq. 2.5) one �nds:

Pd(t) = P0
d (e� k2 t � ek1 t ): (2.5)

This solution can be usedfor the de�nition of a normalized instrument responsefunction:

Rinst (t) =
�

k1k2
k1+ k2

�
(e� k2 t � e� k1 t ) t � 0

Rinst (t) = 0 t < 0 (2.6)
Z 1

0
Rinst (t)dt = 1

Eq. 2.5 is the solution for the instrument responseas it is expected after a jump far away
from the melting transition or after a jump using a pure water sample. The valuesfor k1 and
k2 can be gained through �tting this curve to experimental results.

It has already been mentioned that the calorimeter responseafter a jump into or out of
the transition regime is a convolution of the lipid signal with the instrument response. After
a pressurejump the membrane system releasesor absorbsheat and the relaxation process
dominates the calorimeter responsewith respect to the perturbation signal described by the
instrument response. The schemefrom eq. 2.3 can be modi�ed:

Pmem (t )
membrane kmem� !

Pw (t )
water k1� !

Pc(t )
cell wall k2� !

Pd (t )
detector (2.7)

It is assumedthat the relaxation processof the membrane system can be described by a
singleexponential decay (seealsosec.3.2) and therefore, the heat releaseor absorption of the
lipid membrane can be written as:

Pmem(t) = P0
meme� kmem t t � 0

(2.8)

Pmem(t) = 0 t < 0:

The monitored calorimeter responsecan then be described by:

Pcal (t) =
Z t

0
Pmem (� ) Rinst (t � � )d� + Pd(t) (2.9)

This convolution processallows oneto increasethe time resolution of the experiment. In the
caseof a �t of the decreasingpart through an exponential decay, the time resolution is limited
to about 5 s. Using the convolution processone reaches a time resolution of approximately
3 � 4 s (Grabitz et al., 2002). This time resolution, however, is still not high enoughfor our
purposes.Therefore, we have developed a secondmethod to evaluate relaxation times. This
method is basedon measuring the temperature change of the sample after a pressurejump
and analyzing its time course. This new method is explained in the following section.
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2.2.2 Metho d I I

As explained in the previous section relaxation times after a pressurejump can be evaluated
using the responseof the VP-DSC calorimeter in the isothermal mode. This yields a time
resolution in the secondtime regime. Grabitz et al. (2002) argue that relaxation times are
proportional to heat capacity. Relaxation times of lipid systemswith decreasedcooperativit y,
therefore, are assumedto have fast relaxation processesthat are di�cult to resolve with
the previously introduced method. Large unilamellar vesicles(LUVs; diameter of about
100nm) such as DPPC are example systemswhich display a decreasedcooperativit y and
fast relaxation processes. For DPPC LUVs Grabitz et al. (2002) measured a maximum
relaxation time of about 3 s. The data showed high scattering becauserelaxation times
where at the resolution limit. It is estimated that biological membranes have relaxation
times in the 10 � 100 ms regime (Grabitz et al., 2002). Finding a method that yields a
higher resolution but still measures relaxation times by thermodynamical means might
be a step further towards the study of relaxation phenomena on biomembranes. The
situation that the temperature after a pressurejump stays constant is idealized. Measuring
the temperature changeof the sampleafter a pressurejump seemsto bea promising approach.

Setup: Mec hanical Parts

Figure 2.5: Pressure cell for method I I. A pressurecell with two capillaries has been built. Thermocouples

can be let into the two capillaries. Changesin temperature after a pressurejump can be monitored with these.

Pressure releaseor increaseis realized with computer controlled coaxial solenoid valves.

For this purposea pressurecell which can hold a pressureof about 80 bar has been con-
structed (see �g. 2.5). This pressurecell has two capillaries instead of just one unlike the
one which was used in \metho d I". One is for the referenceand the other is for the sample
substance. It exactly �ts into the two calorimeter cells of the VP-DSC.

For the control of the pressurereleaseor addition two coaxial solenoidvalves (Nova Swiss,
E�retik on, Switzerland) are connected to the pressurecell. They have maximum opening
and closing times of 20 ms. One of these valves is connectedto a pressurereducer (Messer
Griesheim, Frankfurt, Germany). This again is connectedto a nitrogen bottle with a maxi-
mum pressureof 200bar and allows one to adjust betweenpressuresof 5 and 200bar.

A self-constructedMicrosoft Visual C++ program controls a power supply which permits
one to open (current on) or close(current o� ) each of the valves. Due to a high increasein
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the temperature of the valveswhilst in the open state, the valvesare not allowed to be open
for more than 60s.

Opening the valve which allows the nitrogen to enter the cell (valve-in) results in a pressure
increasewith a time constant of 90 ms. The pressurereleasecan be described with a time
constant of 250ms. The latter pressurevs. time curvescan be very well �tted with a single
exponential function, whereasthe �rst oneshows somedeviations. The time constant of 90ms
setsan upper limit. This deviation is probably due to the function of the pressurereducer.

The usedvalvesshow a high sensitivity to impurities in the setup (personal communication
with Nova Swiss). Even though the nitrogen used has a high purit y it is still not pure
enough to meet to the valves requirements. The valve-in has gotten soiled so that it does
not perfectly closeany more. The valve-in leaks,meaning that in the casewhen the pressure
has been releasedand the valve-out has been closedagain (closing after 30 s), the pressure
in the cell increaseswith time. This process,however, is rather slow (approx. +0 :1 bar

min ). On
the other hand if the pressurein the cell is increasedto 41bar, leaks at the screwingsof the
pressurecell lead to a decreasein pressure. Again, the processis slow (approx. � 0:1 bar

min ).
Both leak processesare assumednot to distort the relaxation time measurements.

Setup: Electronic Parts

After a pressure jump the temperature evolution in the sample capillary is monitored1.
Thermocouplesshow a high time resolution in measuringtemperature changes.Thermocou-
ples were bought from Thermocoax (Stapelfeld, Germany). The diameter of a thermocou-
ple cable is 0:25 mm. Each thermocouple cable is a combination of the two thermocouple
conductors, an insulation and a metal protecting sheath. For our experiments so called K-
thermocouplesare used. This meansthat oneof the two conduction wires is madeof the alloy
chromel (nickel-chromium) and the other oneof alumel (nickel-aluminum). The advantage of
K-thermocouplesis that in the temperature regime of interest they show a constant sensitiv-
it y of 41�V

K . A version of the thermocoupleshas beenchosenwere the coresof the chromel
and alumel wires are welded to the sheath. This allows a fast responsetime. It is faster than
in the casewhere the connection of the two conductors lies in the insulation. The intrinsic
responsetime2 is about 7 ms.

The thermocouplesignal is ampli�ed by a nanovolt ampli�er (Nanovolt Preamp Model 1801,
Keithley Instruments Inc., Cleveland/OH, USA) and is monitored by a multimeter Keithley
Model 2001 (Keithley Instruments Inc., Cleveland/OH, USA). The nanovolt ampli�er, the
connections of the compensating cables with the thermocouples and the contacts between
the compensating cable wires of the thermocouples and the copper wires of the nanovolt
ampli�er are thermally isolated from their environment. This is necessaryin order to prevent
slow but strong 
uctuations in the mean thermocouple signal without perturbation of the

1 The actual idea was monitoring the di�erences of the two thermocouple signals in the referenceand sample
cell. The signal was in
uenced by mechanical perturbations which result after opening of one of the valves.
The thermocouple signal was perturb ed and did not show any responsefrom the lipid sample. It could not be
used for the evaluation of relaxation processes.The reasonof these problems could not be found and solved.
Becauseof di�erences of the two capillaries and of the used thermocouples it seemsanyways questionable
whether a direct monitoring of the di�erence would have beenpossible. Measuring the voltages of the single
thermocouples in pure water after each other showed that the signals had di�eren t voltage o�sets. The
amplitudes of the signals after a pressure jump di�ered, too.

2 The intrinsic responsetime is the time neededfor the heat to 
o w through the surrounding medium and the
thermometer.
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Figure 2.6: Example thermocouple signal after a positive pressure jump. The pressure on the system was

increased. The temperature was chosen so that one jump ed from the "ld" phase into the domain coexistence

region. It can be seenthat the temperature increases.The signal is a contribution from a perturbation signal

and a contribution originating from the lipid membrane. Jumping from the "ld" phase into the coexistence

regime meansthat somelipids freezeagain, which is an exothermic process.Therefore, the temperature of the

surrounding water increases.

system. The nanovolt ampli�er has to be kept at least 1m away from possiblestrong sources
of electromagnetic waves. These can perturb the signal. The measureddata can be read
out from the multimeter with a Keithley GPIB card PCI-488 (Keithley Instruments Inc.,
Cleveland/OH, USA). This card also allows the control of the parametersof the multimeter
as such as integration time, time interval between measurement points and voltage range.
The nanovolt ampli�er allows three voltage settings (maximal voltage: 2 mV , 200�V and
20�V ). The best resolution is achieved on the maximal voltage setting of 20 �V . This one
cannot be used since the voltage measuredbefore the pressurejump is usually higher than
20 �V . Actually , one would expect to obtain the temperature in the pressurecell from this
voltage. However, this is not true becausecontact voltages in the connectionsbetween the
compensating cablesand the copper wires lead to voltage o�sets. This o�set is constant and
therefore, doesnot play a role when studying the time courseof the voltage or temperature
signal. To avoid problems, a maximum voltage of 2 mV has been chosen. This resolution
was su�cien t in all our experiments. Times between measurements varied throughout the
recording so that long data traces could be monitored. The integration time was set to
auto. The multimeter adjusts the most optimal integration times in dependenceon the times
betweensuccessive data points itself. The time resolution of the calorimeter is increasedby
turning o� the LCD display and disabling the autozeroingprocessof the multimeter during a
measurement. This is crucial at the beginningof the temperature monitoring sinceall running
processesof the multimeter lead to a degradedtime resolution. At �rst, signalsare recorded
every 25 ms. This time interval is increaseda few times during the measurement. This is
necessarybecausethe internal storagebu�er of the multimeter is limited to 401 data points.
Therefore, it is not possibleto make measurements up to a few minutes with a time of 25ms
betweeneach recording.
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In the experiment the VP-DSC calorimeter is used as a water bath. It is run in the
isothermal mode with a high feedback and an integration time of 1 s.

Temp erature Course and Fitting of the Resp onse

An example of a temperature change after a pressure jump is plotted in �g. 2.6. The
measuredcurvesshow an o�set, which was corrected. The thermocouple measuresvoltages,
which are related to temperatures. As mentioned the sensitivity of the usedthermocouplesis
41�V

K . In the caseshown the temperature and the pressurewere chosenso that a jump into
the coexistenceregime of a lipid membrane was made. Before the jump the lipid membrane
was in the "ld" state. During the domain formation processsomelipids undergo a freezing
process.This is an exothermic process.The producedheat is transfered to the water so that
the temperature increases.Jumping from the "so" phaseinto the coexistenceregime results
in a decreaseof temperature (data not shown).

Performing pressurejump experiments at temperatureswhich are far away from the melting
transition regime or in a pure water environment also result in changesof temperature (data
not shown). These signals are a result of an answer of the water, the pressurecell and its
capillaries with their construction di�erences. The signal is temperature dependent, which
is probably due to a change in water volume. This e�ect was recently used to measure
the temperature dependenceof thermal expansioncoe�cien ts for di�eren t solutes(Lin et al.,
2002). The amplitude of the temperature changeis temperature dependent and increaseswith
growing temperature. In the following this signal is addressedas the perturbation signal. An
expressionfor this perturbation signal shall be formulated in the following.

Changingpressureresults in a perturbation which inducesa heat change� Qper = cp � � Tper.
This one inducesa change in temperature which dependson the heat capacity of the setup.
The heat capacity is assumedto be constant, sothat consideringheat or temperature changes
is equivalent. The water temperature changes depending on the rate constant k1 of the
perturbation and on the rate constant k2 of the temperature compensationdueto the coupling
to a water bath (the calorimeter). This can be described with the following scheme:

� Tper (t )
perturbation k1� !

� T (t)
capillary water k2� !

� Tw b(t )
water bath (2.10)

This model leadsto coupled di�eren tial equations similar to eq. 2.5:

d� Tper(t)
dt

= � k1� Tper(t)

d� T(t)
dt

= k1� Tper(t) � k2� T(t): (2.11)

(2.12)

The thermocouple measuresthe temperature of the capillary water. At long times the
temperature change is zero. For the time dependenceof the water temperature one �nds:

� T(t) = T0;2e� k2 t � T0;pere� k1 t ; (2.13)

where T0;2 and T0;per are respective amplitudes.
It has been phenomenologicallyfound that for the description of the perturbation signal

the assumptionof two processeswhich lead to a temperature compensation result in a better
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agreement of �t and actual signal. This has also beenveri�ed performing pressurejump ex-
periments on systemswherethe two pressurecell capillarieswereeither �lled with ethanol (de-
natured; VWR International, Roskilde, Denmark) or ethylene glycol (Fluka, Buchs, Switzer-
land). This meansthat there are two processeswhich couple the temperature of the capillary
water to the water bath. One processhappenson the 300ms, whereasthe other on the 3 s
time scale. The reasonwhy there are two processes,is not understood.

The expressionfor the perturbation signal equalsthen:

� T(t) = T0;2e� k2 t + T0;3e� k3 t � T0;pere� k1 t ; (2.14)

where T0;2, T0;3 and T0;per are respective amplitudes.
From this we can de�ne the instrument response:

Rinst ;T (t) =
T0;2

T0;3
e� k2 t + e� k3 t t � 0

(2.15)

Rinst ;T (t) = 0 t < 0;

where the factor T0;2
T0;3

weights the two processeswhich lead to a temperature compensation.

Figure 2.7: Thermocouple Signal: Original , perturbation and lipid signal. The temperature change as it is

measuredwith the thermocouple (green curve) is a result of a perturbation signal (red curve) and the signal as

it is in
uenced by the relaxation kinetics of the lipid sample (blue curve). The perturbation signal originates

from the water, the pressurecell and the imperfections of the two pressurecell capillaries.

In all performed experiments with the lipid/w ater systemsperturbation signalswere mea-
suredat six di�eren t temperatures, three well above and three well below the temperaturesof
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the transition regime. Fitting the responses3 with eq. 2.14allows an estimation of the average
values for k1; k2 and k3. T0;per, T0;2 and T0;3 are temperature dependent. From the depen-
dencefound one can calculate values for T0;per, T0;2 and T0;3 at the transition temperature.
The perturbation signal is assumedto be constant over a short temperature interval.

Performing pressurejump experiments into the transition regime one gets a signal which
dependson the perturbation signal and the signal which originates from the lipids. With the
estimation of the perturbation signal onehasthe possibility to extract the lipid responsefrom
the whole signal.

In �g. 2.7 an exampleof a thermocouple signal, the corresponding perturbation signal and
the lipid responseare plotted. Sincethe perturbation is calculated with the analytic eq. 2.14
one does not �nd noise in the curve. Subtracting the perturbation signal from the original
responseallows one to �t only the lipid response. The advantage of this is explained below
and is visualized in �g. 2.8.

The lipid responsedependson the time scaleof the relaxation processand the heat transport
rates k2 and k3. It is assumedthat the relaxation processcan be described by a single
exponential decay (e� k lipid t , with � lipid = 1

k lipid
). The temperature development is seenas a

convolution of the lipid responsewith the instrument response:

� Tl ipid (t) = T l ipid
0

Z t

� =0
e� k lipid � Rinst ;T (t � � )d� ; (2.16)

whereT l ipid
0 dependson the total heat production or absorption of the lipid membrane after

a pressurejump.
Fig. 2.8 is a representation of the behavior of the thermocouple signal at di�eren t tem-

peratures after an increaseof pressure. These results were gained after measurements on a
suspensionof 40mM DMPC plus 20wt% halothane.

The thermocouplesignal is a voltage. Using the sensitivity of the K-t ype thermocoupleone
can calculate temperature changesout of it. The original, baselinecorrected thermocouple
signal and the lipid responseare plotted. Each time in absolutevaluesand normalized4. The
perturbation signal (T = 297:546K ) is drawn in order to compare it with the signals after
jumps into the transition. If one jumps from the "ld" phase into the melting regime heat
is released. Here, the heat capacity maximum is at 298:080K . The farther one jumps into
the transition the more heat is released. This means that at lower temperatures a bigger
heat releaseis observed. The maximum temperature change depends not only on the heat
releasebut also on the relaxation behavior of the lipid membrane. In the upper, left panel of
�g. 2.8 it can be seenthat in the shown examplesthe maximum temperature alteration is the
highest at the lowest temperature. This lowest temperature was chosen to lie at the lower
temperature limit of the transition. The smallest temperature perturbation is as expected
after a jump outside of the transition regime. In the lower, left panel the absolutevaluesof the
temperature changesas a result of the lipid responseare plotted. They were obtained after
a subtraction of the perturbation from the total thermocouple signal. Often these changes
are smaller than the onesinduced through the perturbation. This depends on the point of
transition one jumps to and the lipid concentration.
3 Before the signal can be �tted, a correction of the thermocouple signal is done. This is necessarybecausethe

thermocouple signal is not ideal and usually the voltage doesnot go back to the value before the jump. This
is corrected with �tting a baseline. This also allows to correct the curve so that the start and end voltage

uctuates around 0 V .

4 All amplitudes are normalized to one.
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Figure 2.8: Original and lipid signals at di�eren t temperatures. Positive PressureJumps were performed at

di�eren t temperatures. One jumps into di�eren t regions of the melting transition. Therefore, the relaxation

behavior di�ers. This is re
ected in the shape of the temperature evolution. An example of a response of a

jump into a non-transition region is plotted as a reference. In the upper panel the original signals (left ) and

the normalized (normalization of amplitudes) signals (right ) are shown. In the lower panel the signal without

the perturbation signal is drawn ( without (left ) and with (right ) normalization).

When plotting the normalized original temperature changesagainst each other one realizes
that the relaxation processesmust di�er. The perturbation signal is the fastest process,
whereasthe signal gained at T = 298:076K shows the slowest decay. This is more evident
when plotting the normalized lipid responses.Therefore, for the quantitativ e analysis of the
thermocouple signal just the signal after subtraction of the perturbation signal is used.

As shown later (seech. 4) this method allows a time resolution of lessthan 500ms which is
about a factor of 6 � 8 better than the time resolution of method I.

2.3 Fluorescence Correlation Spectroscop y

FluorescenceCorrelation Spectroscopy (FCS) is a method which uses
uctuations in 
uores-
cenceintensity to analyze time dependent processes(Magde et al., 1972; Elson and Magde,
1974; Magde et al., 1974). It canbeusedfor the study of translational di�usion (Magde et al.,
1972; Arag�on and Pecora, 1976; Rigler and Mets, 1992; Rigler et al., 1993; Schwille et al.,
1997; Korlach et al., 1999; Schwille et al., 1999; Hac et al., 2005), rotational di�usion
(Ehrenberg and Rigler, 1974; Arag�on and Pecora, 1976) or chemical kinetic rate constants



CHAPTER 2. MATERIAL AND METHODS 32

(Magde et al., 1972, 1974).
In this thesis simulations of lateral di�usion processesare evaluated with FCS and related

to experimental studies which were performed by A. Hac (Hac, 2004). In the following two
sectionsFCS is mainly explained in respect to lateral di�usion and the setup is explained.

2.3.1 Mathematical Foundations

In this part an expressionof the autocorrelation of 
uorescenceintensity 
uctuations is to be
derived. The main focus is on di�usion processes.At �rst the caseof normal di�usion of one
particle is considered.

The intensity of the 
uorescencesignal F (t) of 
uorescencelabels in a de�ned confocal vol-
ume changesdue to translational or rotational di�usion, chemical reactions or photophysical
e�ects. The signal is evaluated through an autocorrelation of the signal:

G(� ) =
hF (t)F (t + � )i

hF (t)i 2 = 1 +
h� F (t) � F (t + � )i

hF (t)i 2 ; (2.17)

with � F (t) = F (t) � hF (t)i is the 
uctuation of the signal at a given time t and hF (t)i is the
averageintensity signal. Eq. 2.17 shows that it is physically seenequivalent to correlate the
signal itself or its 
uctuations, sincethe di�erence is just an additiv e factor of +1. Therefore,
the following derivations are basedon the correlation of the 
uctuations � F (t):

Gf luct (� ) = G(� ) � 1 =
h� F (t)� F (t + � )i

hF (t)i 2 : (2.18)

Assuming the presenceof just one
uorescencespeciesin the confocal volume, onecan write
the 
uorescencesignal as:

F (t) = � � Q
Z

V
CEF (~r ) � I (~r ) � C(~r ; t) dV; (2.19)

where � is a constant which depends on the e�ciency of the setup, Q is the product of
the absorptivit y and 
uorescencequantum e�ciency , CEF (~r ) (collection e�ciency function)
re
ects the probabilit y to detect a signal and dependson the actual setup, e.g. the pinhole
size(Rigler et al., 1993). I (~r ) represents the laserintensity and C(~r ; t) the label concentration
and dV is the volume element.

Looking at the 
uctuations in concentration and using I em(~r ) = I (~r ) � CEF (~r ) one obtains
an expressionfor the 
uctuations in the 
uorescencesignal � F (t):

� F (t) = � � Q
Z

V
I em(~r ) � � C(~r ; t) dV : (2.20)

The autocorrelation of eq. 2.20 can be written as:

Gf luct (� ) =
h� F (t)� F (t + � )i

hF (t)i 2

=

R
V

R
V 0 I em(~r )I em(~r 0)h� C(~r ; t)� C(~r 0; t + � )i dVdV0

� R
V I em(~r )hC(~r ; t)i dV

� 2 : (2.21)
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If the concentration 
uctuations are a result of isotropic di�usion processes5 they can be
described by Fick's secondlaw. Then one can �nd an expressionfor the concentration corre-
lation �( ~r ;~r 0; � ) (Elson and Magde, 1974):

�( ~r ;~r 0; � ) = h� C(~r ; t)� C(~r 0; t + � )i =
hCi

(4 � � � D � � )
3
2

� e� (~r � ~r 0) 2

4�D � � ; (2.22)

with hCi is the mean concentration of 
uorescencelabels in the confocal volume.
In FluorescenceCorrelation Spectroscopy oneusually assumesa Gaussianlaserbeampro�le

(Arag�on and Pecora, 1976):

I (~r ) = I 0 � e
� 2� x 2+ y 2

r 2
0 � e

� 2� z 2

z 2
0 ; (2.23)

whereI 0 is the maximum laser intensity at the origin of the laserbeamand r 0 and z0 are the
lateral and axial distancesat which the laser intensity is decreasedto e� 2. These distances
allow us to de�ne the confocal volume in which the 
uorescence intensity 
uctuations are
monitored6:

Vconf = � 3r 2
0z0: (2.24)

Analysis of eq. 2.21 using eqs. 2.22 and 2.23 results in (Arag�on and Pecora, 1976;
Rigler et al., 1993):

G3D
f luct (� ) =

1
Vconf � hCi

 
1

1 + �
� d

!

�

0

B
B
@

1
r

1 + r 2
0 �

z2
0 � d

1

C
C
A ; (2.25)

with

� d =
r 2

0

4 � D
: (2.26)

� d is the averagedi�usion time of a di�using label and hN i = Vconf � hCi is the meannumber
of labels in the confocal volume. This meansthat if r 0 and z0 are known one automatically
gains the di�usion constant of the di�using label with autocorrelating the 
uorescencesignal
or its 
uctuations:

G3D
f luct (� ) =

1
hN i

 
1

1 + �
� d

!

�

0

B
B
@

1
r

1 + r 2
0 �

z2
0 � d

1

C
C
A : (2.27)

In the caseof lateral di�usion the third term in eq. 2.27 can be neglected:

G2D
f luct (� ) =

1
hN i

 
1

1 + �
� d

!

: (2.28)

5 In this project FCS is used for the study of isotropic di�usion processesin lipid membranes.
6 The exact values of r 0 and z0 and therefore of the confocal volume depend on the experimental setup.
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So far just the caseof normal di�usion has beendiscussed.Often in the caseof di�usion in
cell membranesonetalks about anomalousdi�usion in which the MSD is not linear with time,
but is linear to t � (0 < � � 1). Schwille and collaborators have introduced an expressionfor
the autocorrelation function in the caseof anomalousdi�usion (Schwille et al., 1999):

Gano;2D
f luct (� ) =

1
hN i

0

@ 1

1 + � � �

r 2
0

1

A ; (2.29)

where � is the transportation coe�cien t.
The introduced result of the autocorrelation function can also be modi�ed in the casethat

there are di�eren t di�using specieswhich meansthat there are labels with di�eren t di�usion
constants. Korlach et al. (1999) have introducedan expressionfor two di�using specieswhich,
however, can easily beengeneralized:

G2D
mcomp =

1
hN i

X

i

r i

1 + 1
� d;i

; (2.30)

with � d;i the mean di�usion time of speciesi and r i the respective ratios.

2.3.2 Exp erimen tal Setup

FCS uses
uctuations in the 
uorescencesignal to get information about e.g. chemical rate
constants or di�usion processes. It is necessaryto de�ne a small confocal volume as it is
realized through a confocal setup which is schematically shown in �g. 2.9. Our FCS setup
was built by A. Hac and a detailed description of the usedsetup can be found in Hac (2004).

A Nd:Yag laser from Crysta Laser (Reno/NV, USA) with an emissionmaximum at a wave-
length of 532nm (green) emits coherent, linearly polarized light. The laser light is re
ected
through a dichroic mirror into a water immersion objective (Olympus, Hamburg, Germany).
Fluorescencemarkers which are stimulated by the laser light emit 
uorescence light of an-
other wavelength than the laser light wave length. The wave length of the 
uorescencelight is
chosensothat the dichroic mirror is transmittan t. It passesthrough a pinhole which is crucial
in de�ning the detected confocal volume of the setup. Changing its size results in a bigger
or smaller detection volume. Two avalanche photodiodes(Perkin Elmer, Boston/MA, USA)
monitor the 
uorescence signals of the parallel or the perpendicular polarized light. These
signalsare correlated by a hardware correlator card from Correlator.com (Bridgewater/NY,
USA).

In �g. 2.10 results from example FCS measurements are shown. They directly show the
principle of our experiments and simulations. Three examples in which the di�usion con-
stants di�er are shown. Rhodamine 6G is a small 
uorescent molecule. TRITC is a lipid
analog with 
uorescenceproperties. The latter one can be used for di�usion studies in lipid
membranes. Di�usion of TRITC in a lipid membrane is slower than di�usion of Rhodamine
6G in water. Therefore, the 
uctuations in 
uorescenceintensity of Rhodamine 6G are faster.
The autocorrelation pro�le decreasesat shorter times since the mean di�usion time of Rho-
damine 6G is smaller than the one of TRITC. Since the di�usion of TRITC markers in the
"ld" phaseis faster than in the "so" phase, the 
uctuations in the �rst caseare also faster
than the onesof the secondcase. This is also re
ected by the autocorrelation pro�les. The
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Figure 2.9: Schemeof a FCS setup. Laser light is re
ected by a dichroic mirror into the microscope objectiv e.

In the sample the laser light stimulates 
uorescence labels. These onesemit light of another wavelength. This

travels through the dichroic mirror and a pinhole. Depending on polarization the photons are monitored by

one or the other avalanche photodiode.

faster 
uctuations result in a decay at short times. The mean di�usion time is shorter. Us-
ing eq. 2.27 for di�usion in 3D or using eq. 2.28 in 2D the autocorrelation curves allow a
quantitativ e evaluation of the di�usion processes.

2.4 Sample Preparation

In this thesisresultsof studieson arti�cial phospholipid membranesarepresented. Di�eren tial
scanningand pressureperturbation calorimetry experiments were carried out by the author
of this thesis. Experimental di�usion measurements were performed by A. Hac (Hac, 2004).

For the calorimetric experiments multilamellar and large unilamellar lipid vesicleswere
used. Di�usion measurements were done on stacks of supported lipid bilayers. Here just
the preparation of the calorimetric samplesis described. The preparation of the supported
samplesfor FCS measurements can be found in the dissertation of A.Hac (Hac, 2004).

Lipids werepurchasedfrom Avanti Polar Lipids (Birmingham/AL, USA) and usedwithout
further puri�cation. All lipid sampleswere dissolved in a 10 mM Hepes bu�er with 1 mM
EDTA and pH 7. The pH of the bu�er was adjusted through adding natriumhydroxid to a
millip ore water, 10 mM Hepes, 1 mM EDTA solution. Where Hepes bu�ers between pH 6
and 8, EDTA binds calcium which shall prevent the growth of bacteria.
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Figure 2.10: Example 
uorescence intensity traces and their autocorrelation pro�les. (left ) Fluorescence

intensity traces of 
uorescence labels with di�eren t di�using properties. In this example the small 
uorescent

molecule Rhodamine 6 G di�uses in water. Its di�usion is faster than the di�usion of the TRITC labels in a

lipid membrane in "ld" or "so" phase. The di�usion of the TRITC labels in the "ld" lipid membrane are faster

than in the "so" lipid membranes. The di�eren t di�usion behavior can already be seen in the 
uctuations

and the speed of the changes. (right ) If the di�usion of a particle is faster its mean di�usion time through

the confocal volume is lower and the autocorrelation pro�le decreasesat shorter times than if the di�usion is

slower.

The measurements weredoneon multilamellar (MLVs) or large unilamellar vesicles(LUVs;
diameter of about 100nm), meaning the vesiclesoriginated from one bilayer formed to a
vesicle(LUV) or a stack of bilayers lay on each other and formed a vesicle(MLV).

Pure multilamellar lipid vesicleswere prepared through adding the bu�er to the dry lipid
powder and stirring it above the melting transition midpoint for 1 h. During the stirring
processthe suspensionswere vortexed 3 � 4 times.

For the preparation of unilamellar lipid samplesat �rst suspensionsof multilamellar lipid
vesicles(MLV) were prepared. Then theseMLV suspensionswere extruded with an Avestin
extruder (Avestin Europe GmbH, Mannheim, Germany). The extruder exists of a system of
two syringeswhich are connectedwith each other through a special �lter system. The whole
can be placed in a metal block. It is temperature controlled with a heat bath. Before �lling
the syringesof the extruder setupwith the lipid solution they werekept in the heatedextruder
block (T = 320:9K ) for 15 minutes. After that 1ml of the lipid solution wastaken into oneof
the two syringes. Next the syringeswere put back into the extruder block and the extrusion
processwas not started for another 15 minutes. At last the extrusion processstarted and the
lipid samplewas pressedthrough polycarbonate membraneswith a pore diameter of 100nm
for one hour. During the extrusion each of the syringes was emptied approx. 60 times. At
the end of the extrusion processthe LUV solution was used which remained in the syringe
which was not �lled at the beginning of the extrusion process.Taking the sample from this
syringe ensuresthat all lipid vesicleswent through the polymer �lter at least once.

Samplesof two component lipid vesicleswere prepared through dissolving each of the lipid
components separately in organic solvent (dichloromethane : methanol 2:1). Then the two
components were mixed. This mixture was dried through heating and a nitrogen or air
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stream. The remaining organic solvent was removed through desiccatingthe samplein a high
vacuum desiccatorover night. The further preparation is equivalent to the already described
preparation of multilamellar vesicles.

In someof the measurements anesthetics, neurotransmitters or peptides were added. As
anestheticsoctanol (1-octanol; Sigma-Aldrich, St. Luis/MO, USA) and halothane (Sigma-
Aldric h Inc., St. Luis/MO, USA) were used. Further on the neurotransmitter serotonin
(Hydro chloride; Sigman-Aldrich Inc., St. Luis/MO, USA) or the peptide gramicidin A (Fluka,
Buchs, Switzerland) were added to the lipid vesicles.

Concerning the preparation of the lipid/anesthetics samples,anestheticswere added to an
already prepared bu�er/lipid sample solution. This solution was stirred above the melt-
ing transition again for 30 min before it was put into the fridge for 15 min . Then the
sameprocedure was repeated at least two times. This was done becausethe permeability
of a lipid membrane increasesin the phasetransition regime (Papahadjopoulos et al., 1973;
Cruzeiro-Hanssonand Mouritsen, 1988; Makarov, 2005), which was thought to help an incor-
poration of the alcohol molecules.Through heating and cooling with the choiceof appropriate
temperatures one automatically goes through the transition regime. However, the partition
coe�cien t of alcoholsalsodependson the lateral structure of the lipid membrane. It displays
a maximum in the melting transition (Trandum et al., 1999). It might be that the processof
repeated heating and cooling givesno advantagesbut it is de�nitely not disadvantageous.

In the caseof lipid/serotonin mixtures serotonin was added to the bu�er solution and the
wholestirred for 30min . Then, the lipid powder wasdissolved in the bu�er/serotonin solution.
The rest of the preparation procedure equals the one of the preparation of MLVs. During
the preparation the samplewasalsocooled below the melting transition midpoint and heated
again at least two times. The lipid membrane goesthrough the phasetransition regimewhen
it is cooled below and heated above the melting temperature. The permeability increasesin
the phasetransition regime. Therefore, it is believed that the serotonin moleculesincorporate
better into the multilamellar vesiclesgoing through the phasetransition regime.

The preparation of lipid/gramicidin A systems equals the one of the preparation of two
component lipid mixtures. The dry lipid powder and the dry gramicidin A were separately
dissolved in organicsolvent (dichloromethane:methanol2:1). Then both solutionsweremixed.
The samplewas dried through heating and the application of a nitrogen or air stream. Over
night the samplewas kept in a high vacuum desiccator. After that the bu�er was added and
the sample was stirred above the transition midpoint temperature for 1 h. Additionally the
samplewas vortexed 3 � 4 times.

Sampleswhich were used for DSC measurements and pressurejump experiments were de-
gassedfor at least 15min .

2.5 The Chip Calorimeter

The main focus of this thesis is the study of domains formation processesin arti�cial mem-
brane systems. This study is also aimed at gaining a deeper understanding of processesin
biological membranes. Domain formation processesin biomembranesareestimated to happen
in the 100ms regime or even faster. Therefore, relaxation time measurements on biological
membranes cannot be investigated with the two previously described methods. Therefore,
it seemsworthwhile to think about new strategies. One possibility is the usageof a com-
mercially available chip (NCM-9928, Xensor Integration, Delft, Netherlands). It is assumed
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that this chip can recognizeheat transfer processeswith a time resolution below 100 ms
(Caspary et al., 1999). Chips of this kind are already successfullyin usageasscanning,batch
and 
o w-through calorimeters (Lerchner et al., 1998). In generalalso thesetechniques are of
use in our lab, so that the constructed calorimeter shall ful�ll the following criteria:

� possibleto useas a di�eren tial scanningcalorimeter,

� usageas a titration calorimeter,

� allowing the study of relaxation processes,

� possibility to extend it for 
o w-through applications.

Up to now mainly the construction of the mechanical parts is �nished. Electronic equipment
still needsto be built. Therefore, no data can be presented, but the principal construction is
explained. Further stepsand suggestionsfor possiblerealizations are mentioned, too.

Figure 2.11: NCM-9924 chip. (left ) A back view of the chip is shown. One seesthe PGA and its 68 gold pins.

One can recognize the silicon layer, the integrated thermopiles and therewith the chip's active area. (right )

A schematic drawing of the chip is displayed. Thermopiles are incorporated into a silicon layer. A heater is

implemented into the layer as well. Two additional aluminum heaters lie on top of the silicon membrane.

The chip calorimeter is basedon the chip NCM-9928 (see�g. 2.11) from Xensor Integration
(Delft, Netherlands). The chip consists of silicon-aluminum thermocoupleswhich are con-
nected in seriesand which are integrated into a silicon epitaxy layer. These thermocouples
de�ne the sensorof the chip. The whole silicon membrane is encapsulatedin a ceramic Pin-
Grid-Arra y (PGA) with 68 gold pins of size68mm � 68mm. The chip itself sits in the PGA
and has a dimension of 10mm � 10mm with a membrane size of 8:3 mm � 8:3 mm. The
thicknessof this membrane is 45 �m . The thermocouplesmeasuretemperature di�erences
betweenthe active site and the rim of the silicon layer with a sensitivity of 50 mV

K . Integrated
into the silicon layer is a resistor heater with 800
. Two aluminum heater (1 k
 and 250
)
are brought onto the silicon layer and are galvanically isolated from the thermopiles. In the
realization of our calorimeter two chips are used.

The principal construction of the calorimeter is basedon three parts. It is an isolation, an
outer calorimeter and an inner calorimeter shell. Each of these parts can be opened. The
isolation shell separatesthe calorimeter shells and the outer environment. It is constructed
from aluminum. Isolation material shall be brought betweenthe isolation shell and the outer
calorimeter shell, too. The inner and outer calorimeter shellsare the parts which realize the
function of the calorimeter. The outer calorimeter shell acts asa heat bath, whereasthe chips
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Figure 2.12: Dimensions of the chip calorimeter. The chip calorimeter consists of an isolation, an outer

calorimeter and an inner calorimeter shell. All given values are in units of mm .

can be found in the inner shell. The dimensionsof the shells can be seenin �g. 2.12. Two
tub esare added so that the pressureof the inner calorimeter shell can be varied.

The outer calorimeter shell is mounted on ceramic feet and is built out of brass. On its
lower part a peltier device (Telemeter Electronic, Donauw•orth, Germany) is attached. It
adjusts the outer shells temperature which is measuredwith a PT 100 (platin um resistor,
100
 at 0 � C, Farnell, Denmark). The inner calorimeter shell sits in the outer shell and it
is held through the two pressuretub es. To minimize heat conduction to or from the inner
shell, ceramic contacts are attached. Still, heat conduction might be present. The inner
calorimeter shells temperature is controlled through the outer shells temperature which acts
as a heat bath. For �ne adjustments a 10 W power heater is mounted on the shell. The
inner calorimeter shell is mainly constructed out of brass. On the bottom, however, a glass
epoxy plate with copper coating is mounted. It is glued onto the bottom by a conductive
epoxy glue (ITW Chemtronics, Kennesay/GE, USA). The glassepoxy plate has a hight of
1:6 mm with a copper coating of 50 �m on each side. In it two grid sockets with 68 pins
each are installed. They allow the mounting of the two chips and electrical contact with the
control electronics. Betweenthe two sockets a PT 100with 100
 at 0 � C (Farnell, Denmark)
is placed for measuring the inner calorimeter shells temperature. On the bottom the glass
epoxy plate is supported by another brassblock.
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Figure 2.13: Chip calorimeter perspective views. A cross-sectionalview (left ) and a top view (right ) of the

calorimeter are drawn. It is composedof the isolation shell (transparent), the outer calorimeter shell (red and

blue) and the inner calorimeter shell (brown). Tubes (grey) allow the adjustment of the inner pressure. A

peltier device (yellow) is attached to the outer calorimeter shell and allows the adjustment of the outer shells

temperature. On the outside of the inner shell a power heater is mounted. It is not shown in the drawing.

The two calorimeter chips are sticked onto the two grid sockets (grey).

In �g. 2.13 two perspective views of the calorimeter are given. One shows the crosssection
(left ) and the other one a top view (right ) of the calorimeter. The transparent part is the
isolation shell, the red and blue parts are the upper and lower parts of the outer calorimeter
shell. The brown part is the inner calorimeter shell with the glassepoxy plate and the grid
sockets (grey). The gas tub es, its isolation (white) and the peltier device (yellow) can also
be easily seen.Not shown is that the lids of the inner and outer shell have holeswhich allow
the insertion of two syringe needles.Theseholescan be closed.

The control of the calorimeter shall be realized with a self-written Labview (National In-
struments, Austin/TX, USA) program. When �nished it controls a PCI A/D card (PCI AD
16 DAC4, Kolter Electronics, Erftstadt, Germany), a Keithley GPIB card PCI-488 (Keithley
Instruments Inc., Cleveland/OH, USA) and the printer port of the control PC. The latter one
is used for the control of two coaxial solenoid valves (Nova Swiss, E�retik on, Switzerland)
which allow pressureincreaseor decreasethrough addition or releaseof nitrogen gas. The
GPIB card is neededfor the control of a Keithley 2001 multimeter (Keithley Instruments
Inc., Cleveland/OH, USA) and the belonging nanovolt ampli�er Nanovolt Preamp Model
1801(Keithley Instruments Inc., Cleveland/OH, USA). It reads in the voltage signalsof the
di�erence signal of the two NCM chips. The PCI A/D card is used for the regulation of
the peltier device'scurrent and voltage, the current through the power heater, the control of
heat signals of the chip's heaters and the read out of the outer and inner calorimeter shells
temperatures. The two temperatures are neededas a feedback mode of the current and volt-
ageof the peltier device and power heater. It is chosento control the peltier device and the
power heater currents and voltagespurely with the Labview program. Additional electronic
devicesare not used. The inner calorimeter's temperature of coursegives also the sample's
temperature. The chip heaters are useful for the calibration of the calorimeter chips. They
also �nd application in calibrating the setup beforeeach experiment. They can also perturb
the systemthrough inducing a short heat pulse.
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Currents and voltages of the peltier device and the power heater are adjusted with a self-
built device using power transistor technology. Signals from the PT-100 thermometers are
ampli�ed with a self-constructeddevice.

So far the calorimeter has not beenusedfor any experiments. It is still under construction,
meaningthat details of the construction still needto be adjusted. The principal construction,
however, is currently not under discussion. In the following paragraphssomeremarks about
possibleapplications and problems shall be given.

As mentioned in the beginning of this section the calorimeter can in principal be used for
di�eren tial scanning calorimetry, titration calorimetry, perturbation calorimetry and 
o w-
through calorimetry.

Sincethe usedsamplesubstancesare small in volume evaporation might occur which a�ects
the signal. To avoid this it is planed to add some spongeswhich are soaked with bu�er
solution. This should lead to a constant vapor pressureand should avoid evaporation of the
sample.

For all techniques the characteristics of the chips need to be known like the thermopiles
sensitivity as a function of temperature. Thesecan be determined using the chip heaters.

Using it as a di�eren tial scanningcalorimeter should be realized without encountering big
problems. Of course, an exact temperature control with a constant scan rate has to be
established.

More problematic is using it as a titration calorimeter. The temperature needsto be kept
constant, which should be easily realized. Addition of titration liquid can be realized through
a simpleHamilton syringesystemin the beginning. In later stagesmoresophisticatedsoftware
controlled techniques could be applied. Addition of the titration substance,however, might
lead to an o�set in the signal (Lerchner et al., 1999). As well, mechanical forcesmight perturb
the calorimeter signal. Thesemight occur becausethe liquid drop coming from the titration
syringetouchesthe chip and exerts forces. This canbemorepronouncedusinga pump system
(personal communication J. Lerchner and Gert Wolf, University of Freiberg, Germany).

Using it for perturbation calorimetry one can follow two strategies. One is the addition or
releaseof pressure. A secondmethod is increasing the sample temperature for a short time
through a heat pulse of one of the chip heaters.

The �rst method seemsto lead to many problems. One problem is the mechanical stabilit y
of the chip membrane. Its size is 10mm � 10mm at a thicknessof 45�m . After a pressure
changethe pressurebuilds up in the calorimeter cell. In an ideal experiment the pressureon
both sidesof the chip membrane is the sameat all times. In reality, however, this must not
be the caseor elsepressuregradients might destroy the chip. A support of the membrane is
technically di�cult to realizeand might lead to a changedchip time resolution, resulting in a
worsetime resolution. This meansthat just small pressurechangescan be donewhich might
lead to a weak signal from the membrane system becausethe calorimetric pro�les overlap
and therefore the heat releaseor absorption is little. A secondproblem is the temperature
stabilit y in the inner calorimeter shell. Performing pressurereleaseleads to cooling because
of the expansionof the gas. Adding pressurerequires that the gasis preheatedsincethe gas
temperature and the inner calorimeter temperature might be di�eren t. The compressionalso
leadsto a temperature increase.

At this stage of the planing it looks more promising to use one or more of the built-in
chip heaters to induce a heat pulse. The sample temperature will increase,but then relax
back to the inner calorimeter's temperature. An important question, of course, is the time
scaleof the temperature relaxation. This one might be a limit to the time resolution of the
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relaxation process.The method with changing temperature has the advantage that di�eren t
temperature changescan be easily induced.

The last mode is to usethe calorimeter as a 
o w-through calorimeter. Thesechips have al-
ready beenusedby thesemeans(Lerchner et al., 1998). The principal construction should be
easyusing the chosencalorimeter layout. One application might be to perturb the membrane
systemsthrough a changein pH or ion concentration asdoneby Strehlow and J•ahnig (1981).
The di�erence would be, however, that relaxation processescan be studied by meansof ther-
modynamics and not by 
uorescencetechniques, as done by Strehlow and J•ahnig (1981).

It can be concluded that the introduced calorimeter might be a helpful tool in the study
of di�eren t thermodynamical processesin arti�cial and biological membranes. Undoubtedly
there are still a lot of design and construction problems that will arise and require solving
beforea successfulchip calorimeter is realized.



Chapter 3

Theory

3.1 Mo deling Lipid Mem brane Systems

Di�eren t kinds of models to describe the physical behavior of lipid membrane systemscan
be found in the literature. These range from analytical to numerical models. In the �rst
part of this chapter a short review about models as they can be found in the literature is
presented. In the secondpart a statistical mechanics model for the description of the phase
behavior of a two component lipid system is explained in detail. This model is used for
di�usion, relaxation and 
uctuation studies of the modeled system. The last part introduces
an analytical approach to explain the relaxation behavior of domain formation processesas
suggestedby Grabitz et al. (2002). The validit y of the results of this analytical model is
shown using the statistical physicsmodel introduced in the secondpart of this chapter.

3.1.1 Mo dels in the Literature

Sincethe 1970sphasetransitions of bilayer membranesystemsare theoretically describedwith
the help of statistical physics. In the beginning di�eren t mean-�eld theories were presented,
which have nowadays beenovertaken by numerical methods like Monte Carlo simulations or
Molecular Dynamics.

Nagle (1973) was the �rst one, who gave a statistical mechanical description of lipid bilayer
melting phenomenaby meansof a cooperative change in the intrachain conformation distri-
bution of the lipid chains. This is a very minimalistic model which can be exactly solved. It
includes steric repulsions,rotational isomerization and attractiv e interactions. It is, however,
not very closeto reality.

In the sameyear Marcelja (1973) published a mean-�eld approach which was further elabo-
rated in Marcelja (1974). It neglectssteric interactions, but puts its emphasizeon the internal
energyof a single lipid and dispersive or van der Waals interactions. One result of this study
is that the melting transition, while being �rst order in character, is rather closeto a critical
point. Doniach (1978) simpli�ed the description further and was the �rst to intro ducea two-
state model for a better understanding of lipid bilayer melting transitions. Doniach (1978)
used the model to relate lateral compressibility and 
uctuations in bilayer density with bi-
layer permeability. Further on, Doniach concludesthat the transition is weakly �rst order and
closeto a critical point. He points out that this might be important for the thermodynamical
understanding of interactions in lipid mixtures with and without proteins.

43
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Marcelja (1976) was the �rst one to report a model about lipid-mediated protein interac-
tion. It wasan extensionof his earlier work on lipid membraneswithout proteins. Interactions
betweenlipids and proteins were modeled through the addition of a constant interaction pa-
rameter. For their research on protein-lipid interactions Pink and Chapman (1979) used a
lattice model. Lipid chains were taken to be either in a ground or excited state as done by
Doniach (1978). Nearestneighbor van der Waals and steric interactions were introduced and
it was assumedthat the polar group interactions of lipids can be represented by e�ectiv e
pressure-areaterms. The interaction with the protein was modeled by adding additional
interaction terms. Later the sameauthors published a model to describe experimental Ra-
man scattering results (Pink et al., 1980). In the literature this model is known as the "Pink
Model". Its main feature is that it assumesone all-trans, one melted and eight intermediate
chain con�gurations. At the time of publication it was evaluated by means of mean-�eld
theory. Pink's model, however, has becomeimportant in the numerical study of melting pro-
�les using the Monte Carlo simulation technique. Sperotto and Mouritsen (1991) combined
Pink's model with the microscopicinteraction model as introduced in the already mentioned
paper by Pink and Chapman (1979) and the mattress model (Mouritsen and Bloom, 1984)
which is explained in section 1.1.3. Further, it wasalsosuccessfullyusedfor the description of
two component lipid systemsand their melting behavior (Mouritsen, 1990; J�rgensen et al.,
1993; J�rgensen and Mouritsen, 1995). For the description of the melting pro�le of one and
two component lipid systems(Sugar et al., 1994; Jerala et al., 1996; Sugar et al., 1999) and
lipid/protein systems(Heimburg and Biltonen, 1996) a two-state model basedon the ideas
of Doniach (1978) is su�cien t.

One advantage of numerical methods in comparison to mean-�eld approaches is that be-
sidesthe evaluation of averagethermodynamical parameterslike heat capacity they allow the
analysis of the distribution of lipids. The domain structure of these systemscan be evalu-
ated (Sugar et al., 2001; Hac et al., 2005; Seegeret al., 2005). Domain formation on di�eren t
length scalescan be found.

Due to increasing computer power the usage of Molecular Dynamics has become more
popular (Feller, 2000). Atomistic models are usedand Newton's equationshave to be solved,
which is very time consuming. Therefore, the time scalesimulated using this technique has
still not exceededthe 100ns regime. Considering that many biological processeshappen in
the ms regimeonehasto becareful using this technique and especially with the interpretation
of results obtained (seei.e. (Almeida et al., 2005)).

In this thesis the model by Sugar et al. (1999) is adopted and re�ned in order to accompany
experimental work. This model is evaluated by numerical means(Monte Carlo simulation).
It can describe the melting behavior of a two component lipid system(DMPC/DSPC). It is a
lattice model considering just nearestneighbor interactions and assumingtwo di�eren t lipid
chain states. Di�usion stepsare included as well. A more detailed description is given in the
following section.

3.1.2 A Mo del for Describing the Phase Behavior of a DMPC:DSPC Sys-
tem

As mentioned in the previous section, a two state (Ising) model for the description of the
melting of one component lipid membranes was introduced by Doniach (1978). This model
wasadoptedby Sugar et al. (1994) and evaluated by meansof Monte Carlo simulations. Later
this model was further developed for the study of the phasebehavior of a two component
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lipid system (Sugar et al., 1999).
Here, the model as introduced by Sugar et al. (1999) is used and is re�ned for studying

di�usion 1, relaxation and 
uctuation properties of a two component (DMPC:DSPC) lipid
system. DMPC is a phospholipid whosetwo chains have 14 carbon atoms each. DSPC has
longer chains which have 18 carbon atoms.

In the model each lipid is represented through its two chains. These are assumedto be
either in an ordered or a disorderedstate. It is possiblethat the two chains of one lipid are
in opposite states. The enthalpies and entropies of ordered and disordered chains vary and
depend on the lipid species. The enthalpy and entropy di�erences between disordered and
orderedchains areassignedthe symbols � H i and � Si , wherei = 1; 2 denotesthe two di�eren t
lipid species2. Lipid chains are arranged on a hexagonallattice, meaning that each chain has
six nearestneighbors; the coordination number z equals6. Periodic boundary conditions are
assignedfor the lipids at the lattice boundaries.

N is the total number of chains, N i the number of chains of speciesi , N m
i is the number

of chains of speciesi = 1; 2 in state3 m = o;d, N mn
ij the total number of nearest neighbors

of speciesi and j in states m and n. One �nds a connection between the total number of
lipid chains and the number of given pairs of nearest neighbor chains. The sameis true for
the number of chains of certain state and speciesand the number of given pairs of nearest
neighbor chains:

z
2

N = N oo
11 + N od

11 + N dd
11 + N oo

12 + N od
12 + N do

12 + N dd
12 (3.1)

+ N oo
22 + N od

22 + N dd
22

zN m
i = 2 � N mm

ii + N mn
ii + N mm

ij + N mn
ij ; (3.2)

where (i 6= j ) and (m 6= n). This expressionis neededfor an algebraic transformation of
the system'sHamiltonian.

First, the Hamiltonian of the systemneedsto bederived. A lipid chain of speciesi in state m
has an assignedenergyof E m

i . The degeneracydue to di�eren t localizations and orientations
of the rotational isomersin the lipid chain is represented by f m

i . Nearest neighbors interact
with each other and thereforeoneneedsto considernearestneighbor interaction energiesE mn

ij
with the degeneraciesf mn

ij . For a certain matrix con�guration S one�nds for the energyE(S)
and the degeneracyf (S):

E(S) =
2X

i =1

dX

m= o

E m
i N m

i +
dX

m= o

dX

n= o

2X

i =1

2X

j =1

E mn
ij N mn

ij (3.3)

and

f (S) =
2Y

i =1

dY

m= o

(f m
i )N m

i �
dY

m= o

dY

n= o

2Y

i =1

2Y

j =1

(f mn
ij )N mn

ij : (3.4)

1 Applying the model to the study of di�usion in two component lipid membranes has already been part of
my master's thesis (Seeger, 2002). In the past years the model has beenchanged in somedetails and studies
have been extended.

2 Here i = 1 refers to the DMPC and i = 2 to the DSPC lipid chains
3 It is chosen that m = o denotes the ordered and m = d the disordered chain state.
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The probabilit y to �nd a certain con�guration S is given by:

p(S) =
e� � ( S)

k B T

Q(N1; N2; T; V )
; (3.5)

with � (S) = E(S) � kB T ln f (S), kB the Boltzmann constant, T the temperature and
Q(N1; N2; T; V ) the partition function.

Using eqs. 3.1, 3.2, 3.3 and 3.4 one can derive an expressionfor � (S) which is the sum of a
con�guration dependent and a con�guration independent part:

� (S) = � const: (S) + � conf :(S); (3.6)

with

� const: (S) = N1f (E o
1 � kT ln f o

1 ) +
z
2

(E oo
11 � kT ln f oo

11)g

+ N2f (E o
2 � kT ln f o

2 ) +
z
2

(E oo
22 � kT ln f oo

22)g

and

� conf :(S) = N d
1 (� H1 � T � S1) + N d

2 (� H2 � � S2)

+ N od
11 ! od

11 + N oo
12 ! oo

12 + N od
12 ! od

12 (3.7)

+ N dd
12 ! dd

12 + N do
12 ! do

12 + N od
22 ! od

22;

where the following de�nitions are used:

� H i = f E d
i +

z
2

E dd
ii g � f E o

i +
z
2

E oo
ii g; (3.8)

� Si = kB ln f d
i � kB ln f o

i �
z
2

kB ln
�

f oo
ii

f dd
ii

�
; (3.9)

! mn
ij =

�
E mn

ij �
E mm

ii + E nn
j j

2

�
� kB T ln

f mn
ijq

f mm
ii f nn

j j

: (3.10)

During the simulation only the free energydi�erence betweentwo con�gurations is needed.
Therefore, the con�guration independent part does not play a role and is neglected. This
means that in the caseof the binary lipid mixture ten parameters have to be determined.
Theseare the enthalpy and entropy changesfor each lipid speciesand a total of six interaction
parameters. As explained in the following section all interaction parameterscan be obtained
from heat capacity pro�les measuredby Di�eren tial ScanningCalorimetry (seesec. 2.1).

3.1.3 Determination of Mo del Parameters

As mentioned in the previous section there are ten parameterswhich needto be determined
if onewants to describe a two component lipid system. All theseparameterscan be obtained
from experiments.

The enthalpy and entropy changesof the single chains going from the ordered to the disor-
dered state can be obtained from heat capacity pro�les of the one component lipid systems.
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Figure 3.1: Excessheat capacity pro�les of one component lipid systems. The shown excessheat capacities

were measuredon suspensionsof multilamellar DMPC and DSPC lipid vesicles.They allow the determination

of the enthalp y and entropy changesof each of the two melting transitions.

Fig. 3.1 shows the two excessheat capacity pro�les of multilamellar DMPC and DSPC lipid
suspensionsas measuredby DSC. The areasof the heat capacity curvesde�ne the enthalpy
changesbetweenan orderedand a disorderedlipid of the respective species.At the transition
midpoint, Tm , the Gibbs free energy is zero since the chemical potentials of the ordered and
disorderedphasesare identical:

� Gi (Tm;i ) = � H i � Tm;i � Si = 0: (3.11)

Knowing the enthalpy di�erence, � H i , and the transition midpoint, Tm;i , one can easily
determine the entropy di�erence:

� Si =
� H i

Tm;i
: (3.12)

There are six remaining parameterswhich needto be found. Theseare the result of inter-
actions betweenunlike nearestneighbors. They can be indirectly obtained from excessheat
capacity pro�les of two component lipid systems.

As described later in the text, the Monte Carlo simulation allows one to calculate the heat
capacity pro�les of DMPC:DSPC membranes of di�eren t composition (seesec. 3.1.5). The
shape of the curves strongly dependson the choice of the interaction parameters. Compar-
ing the results of simulations of various di�eren t DMPC:DSPC systems to measuredheat
capacity curves, including the onecomponent systems,onecan deduceall neededinteraction
parameters. The parametersusedare shown in table 3.1. It is important to note that for the
determination of these parameters several excessheat capacity pro�les were used and they
are constant for all compositions.
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Parameter J
mol �chain Parameter J

mol �chain

� H1 13165 � S1 44.31

� H2 25370 � S2 77.36

! od
11 1353

! od
22 1474

! oo
12 607

! dd
12 251

! od
12 1548

! do
12 1716

Table 3.1: Parameter values used in the Monte Carlo simulations. They are slightly di�eren t from those
used in Sugar et al. (1999). All numbers are given per lipid chain.

3.1.4 Evaluation by Means of Mon te Carlo Simulations

In section 3.1.2 a statistical mechanical model for the description of a two component lipid
system was introduced. This model is numerically evaluated by meansof Monte Carlo sim-
ulations. A MC simulation performs a random walk through phase space. Every possible
phasestate is acceptedwith a certain probabilit y. A MC simulation brings the system to its
equilibrium and allows calculations of thermodynamical averagesin the equilibrium state.

In order to perform Monte Carlo simulations it is essential to de�ne Monte Carlo stepsand
Monte Carlo cycles. Here, two Monte Carlo steps are de�ned: state changesand di�usion
steps. They are displayed in �g. 3.2. Lipid chains can be either in an ordered or disordered
state. During the simulation changesfrom an ordered to a disordered state, or conversely,
are allowed. There are two kinds of di�usion steps. One step is a possiblerotation if the four
involved chains form a rhombus4 (see�g. 3.2 b). The other is a lateral movement of the lipid
chains. In the caseof a rotational di�usion step, only two lipid chains changetheir position.
In the other caseof lateral translation, the position of four chains is shifted. Concerning
translational di�usion steps one has to add that during the simulation of the equilibrated
system just neighboring lipids can be involved in a di�usion step. In the non-equilibrated
system,when one tries to �nd the system'sequilibrium, the exchangeof the positions of two
lipids which are not necessarilyneighbors is also allowed. Thesenon-physical di�usion steps
help to hasten the �nding of the system'sequilibrium.

Changing the matrix con�guration in the MC simulation is based on the MC steps, the
swapping of lipid chain states or di�usion. A step can be acceptedor not, which dependson
the free energydi�erence of the old and new systemcon�guration.

The exact procedureis the following:

� One starts from the actual system con�guration S1 . A new con�guration S2 is gener-
ated.

4 The lipid chains are arranged on a triangular lattice. A rotation of a lipid needs the exchange of two lipid
chains. This is only possibleif the four chains, when connectedby imaginary lines, form a rhombus. Rotations
of � 60� are possible.
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Figure 3.2: Lipid chain states and di�usion steps. (left ) The lipid chain state can change from an ordered

(red) to a disordered (green) con�guration or vice versa. (right ) Nearest neighbor lipids can undergo di�eren t

di�usion steps. The bar represents the chemically link ed lipid chains, which form one lipid. During the

simulation this link has to be kept, since a lipid cannot exchange its chains.

� One calculatesthe free energydi�erence of the two con�gurations:

� G = � conf (S2) � � conf (S1)

.

� The free energydi�erence allows one to calculate a Boltzmann factor:

K = e� � G=(RT ) ;

with R being the gasconstant and T the temperature.

� A probabilit y P = K
1+ K is compared to a generatedrandom number RAN 5, with 0 <

RAN < 1.

� If RAN � P one acceptsthe new con�guration S2 . If RAN > P one discards the new
con�guration and keepsthe old con�guration S1.

This is the so called Glauber algorithm (Glauber, 1963). The �rst time a Monte Carlo
simulation was used the probabilit y was set to P = K or P = 1, if K � 1. This is the
Metropolis algorithm (Metropolis et al., 1953). Both algorithms lead to the sameresult.

With the introduced procedure and the Monte Carlo steps one can de�ne Monte Carlo
cycles. This de�nes order in which the MC stepsare to be performed. Here, the Monte Carlo
cyclesare usually de�ned as follows: In the �rst N steps,a random chain is chosenand it is
asked whether this chain shall changeits state. In the next N stepstwo lipids are randomly
picked out which might perform a lateral di�usion step. Then, in the last N steps of the
cycle, four chains are chosen which might do a rotational step. N is the total number of
lattice points which meansN=2 is the total number of lipids. In the casesthat the Monte
Carlo cycle is rede�ned it is mentioned in the text.

5 In the simulation a pseudo random number is calculated after the method of L'Ecuy er (L'Ecuy er, 1988;
Press et al., 1997). With one initialization the pseudo random numbers will start to repeat after about
2:3 � 1018 pseudo random numbers.
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3.1.5 Simulation of Heat Capacit y Pro�les

Using the introduced model and evaluating it by meansof Monte Carlo simulations one has
the possibility of studying di�eren t properties. Sugar et al. (1999) were the �rst ones to
evaluate a Doniach model for the description of the phasebehavior of a two component lipid
system by Monte Carlo simulations. They extended their studies to the understanding of
cluster sizesand percolation thresholds of DMPC:DSPC lipid systems (Sugar et al., 2001;
Michonova-Alexova and Sugar, 2002).

For the description of the phase behavior one analyzesheat capacity pro�les. The heat
capacity value (� cp) of a de�ned DMPC:DSPC lipid system at a certain temperature is a
direct consequenceof macroscopic
uctuations in enthalpy:

� cp =
hH 2i � hH i 2

N RT2 ; (3.13)

with H being the enthalpy, hH i the averagedenthalpy, hH 2i the averagedenthalpy squared,
N the total number of chains, R the gas constant and T the temperature. This is the

uctuation-dissipation theorem which can be derived from simple statistical physicsrelations
(Hill , 1962) or from linear responsetheory (Kub o, 1966).

Figure 3.3: Enthalp y 
uctuations and heat capacity. (left ) Enthalp y traces from a simulation of an equimolar

DMPC:DSPC lipid system at two di�eren t temperatures. (right ) Simulated and measuredexcessheat capacity

pro�les of a DMPC:DSPC 50:50 lipid system.

As shown earlier (Seeger, 2002) the excessheat capacity values calculated using the 
uc-
tuation dissipation theorem agree well with the ones calculated from the derivative of the
averagedenthalpy:

� cp =
�

@hH i
@T

�

p
: (3.14)

In the left panel of �g. 3.3 enthalpy traces of a DMPC:DSPC 50:50 lipid system at two
di�eren t temperaturesare shown. It can be seenthat the strength of the 
uctuations depends
on temperature. In the right panel an experimental excessheat capacity pro�le is �tted by a
simulated one. Comparing the heat capacity results with the enthalpy traces, one �nds that
stronger 
uctuations can be found at high excessheat capacity values.
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3.1.6 Time Scales in Enthalp y Traces: Relaxation Time Studies

One can use
uctuations in enthalpy to calculate the excessheat capacity value of the chosen
lipid system at temperature T. The strength of the 
uctuations, say the quadratic standard
deviation, is proportional to the excessheat capacity. The enthalpy traces, however, contain
more information. An autocorrelation6 pro�le of an enthalpy trace

G(� ) =

R1
0 (H (t) � hH i )(H (t + � ) � hH i )dt

R1
0 (H (t) � hH i )2dt

: (3.15)

contains information about the time scalesof the enthalpy 
uctuations. This allows one to
study the relaxation properties of the lipid system (seesection 3.2).

Figure 3.4: Auto correlation curves of the enthalp y traces of �g. 3.3. One can seethat the curves decay on

di�eren t time scalesand several relaxation processesmight occur.

The autocorrelation pro�les of the enthalpy traces of �g. 3.3 are displayed in �g. 3.4. The
two curves decay at di�eren t times. The relaxation behavior can be governed by di�eren t
time scalesas can be clearly seenfor the curve at T = 303:6 K .

3.1.7 Simulation of Fluorescence Correlation Spectroscop y Exp erimen ts

FluorescenceCorrelation Spectroscopy (FCS) allows one to measuredi�usion properties of
arti�cial and biological membrane systems(seesection 2.3). One part of this thesis is based
on studying di�usion properties in the two component lipid system of DMPC and DSPC.
Experimental studies performed by A. Hac and described in Hac (2004) are accompaniedby
Monte Carlo simulation studies (this work) using the introduced two state model (see the
previous sections).

6 The determination of the autocorrelation pro�le was done using the program Igor (WaveMetrics, USA).
An autocorrelation is a convolution of the signal with itself. This can be expressedby means of Fourier
transformations: (f 
 f )( � ) = F � 1 [F [f ](� ) � F [f ]� (� )], with F [f ] being the Fourier transformation of function
f . Igor provides a packagefor calculating an autocorrelation of a given vector using a Fast Fourier Transform
(FFT) algorithm.
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Di�usion Steps: Lateral Translation and Rotations

Monte Carlo simulations do not include realistic time scales,but allow one to describe
average thermodynamic properties. For this study this means that one needs to de�ne
carefully the underlying di�usion steps. Di�usion steps have already been intro duced in
section 3.1.4. These are possible rotations and translational di�usion of two lipids (see
�g. 3.2). If one is just interested in thermodynamical averagesit does not matter how one
gets to an equilibrium state. Non-physical di�usion steps of distant lipids still allow one to
predict correctly excessheat capacity pro�les. In the study of di�usion processes,however,
this is not appropriate. Therefore, just lipid exchange of two neighboring lipids is allowed.
This doesnot mean that one has found a relation betweenMonte Carlo time and real time.
This relation can only be found through comparisonof experiments and numerical results.

In tro duction of Micro viscosit y in the Mo del

Figure 3.5: Fluorescence intensity trace and autocorrelation. Displayed are (left ) a 
uorescence intensity

trace from a simulation of a FCS experiment and (right ) the corresponding autocorrelation pro�le.

In the Monte Carlo simulation onehasto implement the fact that di�usion in a pure ordered
lipid environment is about a factor of 80 slower than in a membrane with only disordered
lipids. To achieve this a microviscosity is de�ned in the model, which relates the frequencyof
acceptanceof a di�usion step in a pure disordered lipid environment with the one in a pure
ordered lipid environment:

r (f c;o) = r0 � e
� f c;o

� E
k B T ; (3.16)

with r (f c;o) being the rate function describing the probabilit y of the acceptanceof entering
the di�usion step routine7, r0 the probabilit y of entering the di�usion routine of the MC
simulation in a pure disordered lipid membrane, f c;o the fraction of ordered lipid chains, kB

the Boltzmann constant, T the temperature and � E the activation barrier of di�usion in an all

7 The di�usion step routine is where one calculates the free energy di�erence of the old and new con�guration
after a rotation or lateral movement. In addition, one decideswhether to accept the new con�guration. This
routine is entered with a probabilit y corresponding to r (f c;o ).
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ordered lipid environment. For the determination of f c;o takesinto account not only the lipid
chains which are involved in a di�usion step, but also their nearestneighbors. The activation
barrier needsto be calibrated by comparisonof simulation results with experimental data.

Figure 3.6: Calibration of exchange activation barrier. In eq. 3.16 a rate function is intro duced which

describes the activation di�erence of di�usion between an all ordered and an all disordered environment. The

value of � E
k B T is determined to be � E

k B T � 4:25. This is done by �tting experimental autocorrelation pro�les of

solid ordered and liquid disordered membranes using results from simulations of FCS experiments at the given

temperatures. Here, experimental results from measurements on DMPC:DSPC 50:50 at 290:5 K (\so" ) and

322:5 K ("ld" ) and the corresponding simulation results with � E
k B T = 4:25 are shown.

As explained below, 
uorescence intensity traces (see sec. 2.3) can be calculated from
the Monte Carlo simulations and further analyzed by an autocorrelation (see �g. 3.5).
The autocorrelation curve gives information about the di�usion processes(see sec. 2.3).
Performing FCS experiments on lipid membranes either in the "ld" or \so" state results
in two experimental curves with di�eren t di�usion times (see �g. 3.6). MC simulations at
the chosen temperatures again allow the calculation of two autocorrelation curves. The
parameter � E

kB T needsto be adjusted so that the two autocorrelation pro�les �t the respective

experimental ones. This is the caseif � E
kB T equalsapproximately 4:25.

Laser Focus and Fluorescence In tensit y

In the FCS experiment 
uorescence labels di�use through a confocal volume, which is as-
sumedto have a Gaussiancrosssection (seesection 2.3). This needsto be mimicked by the
MC simulation.

A given number of lipid chains are randomly labeled as being a 
uorescent marker (see
�g. 3.7). It is excluded that one lipid has two marked chains. In an experimental realization

uorescence dyes have di�eren t physical properties than the lipids and their chains. This,
however, is not consideredin this model. In FCSexperiments the concentration of 
uorescence
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markers is low8. Hence,the perturbation of the lipid membrane becauseof the labels is small.
Further, it is assumedthat the 
uorescencelife time is shorter than a typical di�usion step.

A typical 
uorescence life time is around 4 ns, whereasthe mean time to move in an "ld"
environment a distance of one lipid diameter is about 30 ns (B•ockmann et al., 2003). In the
simulation this meansthat a 
uorescencemarker emits immediately after excitation.

As has beenmentioned before a Gaussiancrosssection of the confocal volume is assumed
(see also �g. 3.7). Throughout a simulation 
uorescence markers di�use in the simulation
matrix. The 
uorescencesignal which is emitted by a single lipid marker is calculated by:

I (~r ) = I 0 � e� (~r � ~r 0 ) 2

2� 2 ; (3.17)

where I (~r ) is the 
uorescence intensity of a single marker at physical position ~r , I 0 the
intensity of a marker in the laser focusorigin, ~r 0 is the focusorigin and � determinesthe size
of the laser focus. The total signal is the sum of the intensities of the individual markers.
The 
uctuations in 
uorescence intensity are evaluated by means of an autocorrelation in
which the exact intensity does not play a role. Therefore, I 0 can arbitrarily be chosen to
be any number bigger than 0. Here, I 0 is set to one. A typical 
uorescence trace and its
autocorrelation curve are shown in �g. 3.5.

Figure 3.7: Laser Focus in the FCS Simulation. Depending on temperature and DMPC:DSPC ratio a certain

domain structure can be found (red b= ordered, green b= disordered, light colors belong to DMPC and dark to

DSPC chains). A focus with Gaussian cross section (concentric circles) is intro duced and a de�ned number

of lipid chains are labeled (white dots). Conducting FCS simulations one can monitor 
uorescence intensity

traces. The dependenceof di�usion processeson temperature and composition can be studied.

8 Hac (2004) used a lipid to label ratio of 40 � 106 : 1.
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Virtual Extension of the Di�usion Matrix

Eq. 3.17showsthat oneneedsto know the physical position of a label on the matrix. Periodic
boundary conditions are introduced (seesec.3.1.2). For a di�using particle this meansthat
e.g. di�using out of the matrix at the right side, it enters again on the left side. Becauseof
this the di�usion is not re
ected correctly leading to a bias in the autocorrelation pro�le (data
not shown). This e�ect is negligible if the focussizeis small in comparisonto the matrix size.
Sincedomain sizesmight be of the order of the matrix size,underestimating one or another
domain (\ld" or \so" ) is possibleif the focussizeis too small. Therefore, the focussizeneeds
to be of the sizeof the matrix. The problem with di�usion over boundaries,however, can be
solved through introducing \virtual matrices". For di�usion processesthe simulation matrix
is extendedthrough itself in all directions. This meansthat a label di�using out of the right
sideof the matrix still enters it on the left sideagain. This allows to calculate the free energy
changeof a di�usion step. However, for describingdi�usion the direction of the di�usion step
is followed. The physical position of the marker is changedwith respect to the one it has in
the original simulation box. The physical position is the one it has in the original simulation
matrix plus an extension. The extensiondependson the di�usion direction and is related to
the size of the simulation matrix. The index number of the label on the original matrix is
(N ; M ), where N and M are integers between one and the matrix size. For calculating the
physical position one needsto use the index (N + n � M W; M + m � M W ), with M W being
the matrix size and n; m integers between � Amax and Amax . Amax is a chosen integer
which de�nes the number of \virtual matrices". If Amax equals2 it meansthat on each side
of the simulation box two more matrices are attached. When di�using over boundaries, n
and m can only changeby � 1. The sign dependson the direction of di�usion. In principal a
label can di�use back into the focus by repeatedly leaving the matrix in one direction. This
is becausea label which di�uses from a virtual matrix with n = Amax out of the box on the
right side would enter it again on the left side with n = � Amax .

Using this method one can usea laser focus that covers the whole matrix and the contribu-
tion of the di�usion in domainsof a certain physical state is not underestimatedin comparison
to domains of the other physical state . In addition the focus sizeremains small in compari-
son to the whole extended simulation matrix. Concerning �g. 3.7 this meansthat the white
sphereswhich mark a labeledlipid chain are consideredto be in the samematrix in relation to
the calculation of the freeenergyof the system,but they might be in di�eren t virtual matrices
or the original simulation matrix concerning the di�usion processes.A marker which stays
in one of the virtual matrices is more distant from the laser focus, than one which residesin
the actual simulation box. The intensity contribution to the whole 
uorescencesignal is also
smaller.

After the equilibration process,a de�ned number of lipid chains are randomly assignedto
be 
uorescencemarkers. Integersbetween � Amax and Amax are randomly appointed to n
and m. The physical position of the label is in either the original simulation matrix or in one
of the virtual matrices.

3.1.8 Evaluation of Lo cal Fluctuations

One advantage of Monte Carlo simulations of lipid membrane systems in comparison with
analytical mean �eld models is that they yield information about the structural properties
of the lipid membrane. Thesecan be indirectly studied by analyzing the di�usion processes
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in an equilibrated system, but also a direct visualization of the lipid chain state distribution
on the matrix is possible. After a Monte Carlo cycle the distribution of lipid chains can be
saved in a �le. Later, this information can be visualized using ray tracing or other graphical
programs (seethe left picture of �g. 3.8).

Figure 3.8: Lipid chain state distribution and local 
uctuations. (left ) A snapshot of the lipid chain state

distribution during a MC simulation is drawn. Dark red or green colors stand for a chain of a DSPC lipid and

light colors for DMPC lipid chains. Red indicates that the chain is in an ordered con�guration, whereasgreen

re
ects a disordered chain. (right ) Local 
uctuations in chain state werecalculated for the matrix con�guration

as seenin the left panel. Large 
uctuations are represented through a bright yellow, while small 
uctuations

are black.

Not only can the static distribution of the lipid chain state be studied, but also local 
uc-
tuations in chain state, by turning o� the di�usion stepsduring a simulation. For a de�ned
number of MC cyclesthe statesof a chain aremonitored, a state parameterS(i; j; t) is assigned
and the local 
uctuation of a chain f (i; j ) is de�ned as:

f (i; j ) = hS(i; j; t)2i � hS(i; j; t)i 2: (3.18)

Assigning valuesof S(i; j; t) = 1 in the caseof a disorderedand S(i; j; t) = 0 for an ordered
chain, 
uctuations can be calculated, which lie between 0 and 0:25. The higher f (i; j; t)
is the higher the 
uctuation. Introducing a color code (black=lo w, red=in termediate and
yellow=high 
uctuations) one gets pictures like the one in the right panel of �g. 3.8.

3.1.9 Simulation of Temp erature Jump Exp erimen ts

In section 2.2 pressureperturbation calorimetry was introduced. Changing the pressureon
a lipid suspensionone can jump from a pure membrane phaseof the lipid membrane (\so"
or "ld" ) into a domain coexistenceregion. A change in pressureis equivalent to a change
in temperature. A temperature jump can easily be simulated in a Monte Carlo simulation.
One starts from an equilibrated system and at a given Monte Carlo cycle one changesthe
temperature of the system. This results in a change of the matrix distribution and can
be quantitativ ely studied by analyzing the time courseof the number of 
uid chains or the
enthalpy (see�g. 3.9). This time coursedependson the relaxation process.Thesejumps show
a lack of statistical accuracy in comparison to the autocorrelation of enthalpy 
uctuations.
Many temperature jump simulations have to be performed so that one gets a statistically
relevant result.
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Figure 3.9: Enthalp y courseafter a temperature jump. The time-dependent development of the enthalp y of

a lipid membrane after a sudden change in temperature in a simulation is shown.

3.2 Relaxation Times in Mem branes: An Analytical and Nu-
merical Approac h

As mentioned in sec. 1.4 many studies about relaxation processesin arti�cial membranes
are based on detection methods which are not founded on thermodynamical grounds. In
this work the measuredrelaxation behavior is described by thermodynamical means. This
includes measurements using pressurejump calorimetry (seesec. 3.9), as well as theoretical
explanations basedon statistical thermodynamics.

In this section it is shown that the measured relaxation processescan be related to

uctuations in enthalpy. Based on non-equilibrium thermodynamics a proportionalit y
between relaxation time and heat capacity can be derived. The presented theory has been
introduced by (Grabitz et al., 2002). Monte Carlo simulations of a two state model verify
the analytical results (Ivanova, 2000; Grabitz et al., 2002).

An Analytical Approac h

The distribution of enthalpy statesP(H � hH i ) is related to the Gibbs freeenergyof a state
(G(H � hH i )) (Lee and Kosterlitz , 1991):

G(H � hH i ) = � RT ln P(H � hH i ) + const:; (3.19)

where hH i is the mean enthalpy, R the gasconstant and T the temperature.
Assuming that the distribution of enthalpy states is Gaussian9:

P(H � hH i ) =
1

�
p

2�
e� ( H �h H i ) 2

2� 2 ; (3.20)

9 This assumption is always true for systems which undergo contin uous phase transitions. It loses, however,
its validit y for �rst order transitions at their transition midp oint, but might be still true away from the
transition midp oint.



CHAPTER 3. THEORY 58

where � 2 = hH 2i � hH i 2. Further evaluation of eq. 3.19 leadsto:

G(H � hH i ) = RT
(H � hH i )2

2� 2 + const: (3.21)

Using expression3.21 and S(H ) = H � G
T one �nds:

S(H � hH i ) =
H � hH i

T
�

R(H � hH i )2

2� 2 �
const:

T
: (3.22)

Assuming that the quadratic term is the leading one, the linear and constant term can be
neglected. The entropy can be seenas a harmonic potential:

S(H � hH i ) = �
R(H � hH i )2

2� 2 : (3.23)

In non-equilibrium thermodynamics10 one introduces thermodynamical forces X i which
drive a system back to its equilibrium. It can be shown that these thermodynamical forces
are the secondderivative of the entropy with respect to 
uctuations � i of the system:

X i =
X

j

�
@2S

@� i @� j
� j

�
: (3.24)

Further, in non-equilibrium thermodynamics one considerstime dependent changesof the

uctuations, the 
uxes:

J i =
@� i

@t
=

X

j

L ij X j ; (3.25)

with L ij being phenomenologicalcoe�cien ts. Thermodynamical 
uxes are, therefore, re-
lated to the thermodynamical forces.

For arti�cial membrane systemsit can be shown that in the melting transition changesin
volume, enthalpy and areaare proportional to each other (Heimburg, 1998; Ebel et al., 2001).
Hence,it is su�cien t to considerone independent 
uctuation � = H � hH i . Using eqs. 3.23
and 3.24 one �nds that the related thermodynamical force is given by:

X (H � hH i ) =
�

@2S(H � hH i )
@(H � hH i )2

�

0
(H � hH i ) (3.26)

= �
R(H � hH i )

� 2 :

Using the 
ux of enthalpy J back to equilibrium one obtains:

J (H � hH i ) =
@(H � hH i )

@t
= LX (H � hH i ) = � L

R(H � hH i )
� 2 : (3.27)

The di�eren tial equation 3.27 can be easily solved and one �nds that the time dependent

uctuations in enthalpy can be described by a single exponential function:

(H � hH i )( t) = (H � hH i )(0)e� RL
� 2 t : (3.28)

10 For an intro duction seefor example the excellent textb ook by Kondepudi and Prigogine (1998).
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The factor � 2

RL is in units of time, which allows one to de�ne the relaxation time � :

� =
� 2

RL
: (3.29)

The 
uctuation dissipation theorem (Hill , 1962) relates the 
uctuations in enthalpy to the
heat capacity of the system:

cp =
hH 2i � hH i 2

RT2 =
� 2

RT2 : (3.30)

Using eq. 3.29 and 3.30 one �nds a linear relation between heat capacity and relaxation
time:

� =
T2

L
cp: (3.31)

The proportionalit y factor between the relaxation time and the heat capacity is � p � T 2

L .
The phenomenologicalcoe�cien t L has to be obtained from experiments. No theoretical
justi�cation can state that the phenomenologicalcoe�cien t is the same for all membrane
systems. Grabitz et al. (2002), however, have found that in their experiments on MLVs, it
seemedto equal independent of the lipid speciesused.

In the same work, and also in Ivanova (2000), results from Monte Carlo simulations
were presented to show the validit y of the proportionalit y between heat capacity and the
relaxation times. The model they useddi�ers slightly in comparisonto ours. Ivanova (2000)
arrangeslipids on a triangular lattice and not the lipid chains. The whole lipid can be either
in an ordered or disordered state. Again just nearest neighbor are considered. Relaxation
times were obtained from single exponential �ts of autocorrelated enthalpy traces. In the
following, our model is used to verify these �ndings and the linear relation between heat
capacity and relaxation times.

Mon te Carlo Sim ulation Approac h

In chapter 3.1.2 a two state model is introduced to describe the phasebehavior of a two
component lipid system. This model alsoallows oneto characterizethe melting pro�le of a one
component lipid system. The number of parametersneededin the simulations reducesfrom
ten to three. One needsto de�ne the enthalpy, � H , and entropy, � S, change between the
orderedand disorderedsystemand the interaction parameter betweenorderedand disordered
lipid chains ! .

The following results were obtained from simulations with the parameters � H =
13168J=(mol chain) and � S = 44:31 J=(mol chain K ). These are the onesobtained from
DSC measurements on multilamellar DMPC vesicles(seesec.3.1.3). The ordered-disordered
interaction parameter was set to ! = 1311:79J=(mol chain). Three enthalpy tracesat di�er-
ent temperatures are shown in �g. 3.10. One temperature equals,another one is above and a
third one is below the transition midpoint temperature.

Already in thesetracesonecan seedi�erences in the time scaleof the 
uctuation depending
on where one is in the melting transition. The trace which is a result of a simulation at the
transition midpoint shows the slowest 
uctuations compared to the traces above and below
the transition midpoint. An autocorrelation of the enthalpy 
uctuations allows a further
analysis of the data (seeeq. 3.15).
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Figure 3.10: Enthalp y 
uctuations. Simulations of a onecomponent systemwith � H = 13168J=(mol chain ),

� S = 44:31 J=(mol chain K ) and ! = 1311:79 J=(mol chain ) at di�eren t temperatures were performed. The


uctuations in enthalp y at di�eren t temperatures di�er in strength and in the time scaleof the 
uctuations.

In �g. 3.11 the results of the autocorrelations of the three enthalpy traces from �g. 3.10 are
shown. The autocorrelation pro�le of the trace at the transition midpoint decays at longer
times than the pro�les below or above the transition midpoint. The relaxation processis
slower than in the other two cases. The autocorrelation pro�les can be �tted to a single
exponential decay (e� t

� ;dashed black lines).

Figure 3.11: Auto correlation pro�les of the enthalp y traces as shown in �g. 3.10. The decay of the

autocorrelation curveshappenson di�eren t time scales.This meansthat the relaxation times di�er depending

on temperature. Dashed black lines are respective single exponential �ts.

The Monte Carlo simulation allows one to perform simulations with various ordered-
disorderedinteraction parameters. From thesesimulations one can record enthalpy traces at
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Figure 3.12: Simulated heat capacity pro�les for a one component lipid system with � H =

13168J=(mol chain ), � S = 44:31J=(mol chain K ). The interaction parameter betweenordered and disordered

chains di�ers. The two values chosenwere ! = 1269:94 J=(mol chain ) and ! = 1311:79 J=(mol chain ).

various temperatures. Sinceheat capacitiesare related to the strength of enthalpy 
uctuations
(
uctuation-dissipation theorem; seeeq.3.13) oneobtains � cp-pro�les. In �g. 3.12two pro�les
simulated with two di�eren t interaction parameters are shown (! = 1269:94 J=(mol chain)
and ! = 1311:79 J=(mol chain)). The entropy and enthalpy changes were again � H =
13168J=(mol chain) and � S = 44:31 J=(mol chain K ). A reduction in interaction pa-
rameter results in a broadening of the heat capacity curve. In addition, the heat capacity
maximum decreases.The parameter ! describes the cooperativit y of the melting transition.
The higher the parameter the more cooperative the transition and the smaller the half-width
of the pro�le. The area below both curvesis the same. It gives the transition enthalpy � H .

Figure 3.13: Comparison between heat capacity pro�les shown in �g. 3.12 and the calculated relaxation

times. One �nds that the excessheat capacity and the relaxation times are proportional to each other. The

scaling of the heat capacity and relaxation time axes di�er in the two graphs. This is in accordancewith the

�nding of the analytical non-equilibrium thermodynamics approach.

Evaluating the enthalpy traces through an autocorrelation and �tting it with the assump-
tion of an exponential decay one obtains relaxation times for the di�eren t simulations at
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all temperatures. In the two simulated casesthe relaxation times are proportional to heat
capacity pro�les (�g. 3.13).

This is an important �nding since the shapesof the curvesdi�er. Also the maximal relax-
ation times di�er from each other. The more pronouncedthe transition pro�le the slower the
relaxation process.

Thesenumerical results are in accordancewith the analytical �nding that relaxation times
and heat capacity are proportional to each other (seeeq. 3.31; (Grabitz et al., 2002)).

Grabitz et al. (2002) werethe �rst onesto present a thermodynamical theory which explains
the experimentally found proportionalit y betweenrelaxation time and heat capacity. In order
to prove their �nding they performed pressurejump calorimetry on various lipid membrane
systems.They concludedthat the proportionalit y is true for all onecomponent lipid systems.
This was also valid for a multilamellar DMPC/c holesterol system. They also claimed that
the phenomenologicalconstant L stays the samefor all systems.

It is non-trivial to claim that more complex systemsstill behave in the sameway. For this
reasonmeasurements on lipid systemswith di�eren t concentrations of peptides, anesthetics
and neurotransmitters were performed. The results of theseare presented in chapter 4. The
study of relaxation phenomenais extendedto binary systemsusing the numerical approach.



Chapter 4

Results

In this chapter experimental and simulation results are presented. First the validit y of the
introduced numerical model for the description of the phasebehavior of DMPC:DSPC lipid
membranesis shown. After that the model is successfullyusedfor the description of di�usion
experiments with 
uorescencecorrelation spectroscopy (FCS). In the following sectionexper-
imental heat capacity pro�les of di�eren t arti�cial membrane systemsare presented. In most
of the casesrelaxation measurements were performed on these systems, too. Monte Carlo
(MC) simulations help to deepen the understanding of the measuredrelaxation behaviors.
They also allow one to extend the studies to lipid mixtures. So far pressureperturbation
experiments have not been successfulon binary lipid mixtures. The �nal section is a pure
numerical analysis of 
uctuations and domain sizesof the DMPC:DSPC lipid system.

4.1 Exp erimen tal and Simulated Phase Diagrams of
DMPC:DSPC

A two state model of lipid chain states with nearest neighbor interactions is analyzed by
meansof MC simulations. Sugar et al. (1999) usedthis model for the description of the phase
behavior of a two component lipid system,in this caseDMPC:DSPC. As hasbeenpointed out
earlier in the text 
uctuations in enthalpy are related to heat capacity. Therefore, monitoring
enthalpy with time at di�eren t temperatures allows one to calculate the heat capacity at
various temperatures. With the right set of nearest neighbor interaction parameters one is
able to �t measuredheat capacity pro�les 1.

Calorimetric measurements were doneby T. Schl•otzer on suspensionsof multilamellar vesi-
cles (MLVs) with the Microcal MCS as described in Schl•otzer (2002) at a scan rate of 5K

h .
Simulations were performed on normal PC workstations with Pentium I I I processors.

Becauseof �nite sizee�ects the sizeof the simulation matrix has to be varied depending on
the simulated mixture. An increaseof the matrix size beyond a certain threshold size does
not change the calculated heat capacity pro�le. At sizessmaller than the critical size one
clearly seesa dependenceon matrix size. Minim um matrix sizesfor the di�eren t DMPC:DSPC
mixtures are given by Sugar et al. (1999). Theseminimum sizesdependon the molar ratios of
the two lipid species.Wechosesizesbigger than the minimum ones. In the caseof the mixtures
70 : 30, 60 : 40, 50 : 50, 40 : 60 and 30 : 70 the matrix sizewasset to 60chains � 60chains. It

1 These are results which were already published in my master's thesis. For reasons of completenessand
becauseof the importance of the model it is given again.

63
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Figure 4.1: Experimental and theoretical phase diagrams and heat capacity pro�les. (left ) The phase

diagrams of the DMPC:DSPC lipid system were obtained by analyzing excessheat capacity pro�les from DSC

experiments (�l led circles) and MC simulations (open circles). (right ) The calculated heat capacity values

(open circles) describe the measuredexperimental pro�le (solid curve) of an equimolar DMPC:DSPC mixture.

This is also true for other DMPC:DSPC mixtures (data not shown; (Hac et al., 2005; Seegeret al., 2005)).

The experiments were performed by T. Schl•otzer (Schl•otzer, 2002).

was increasedto 100chains � 100chains for the mixtures 90 : 10, 80 : 20, 20 : 80 and 10 : 90.
For the onecomponent systemsthey werechosento be 350chains � 350chains (DMPC) and
300chains � 300chains (DSPC).

Sincehigh valuesin heat capacity are related to strong 
uctuations in enthalpy (
uctuation-
dissipation theorem; seeeq. 3.13) one needsto collect long traces of enthalpy 
uctuations in
thesecases.Therefore, the number of MC cycleswas varied for di�eren t temperatures. In a
temperature region of � 4K around the maxima of the heat capacity pro�le 10000M C cycles
were performed to �nd the equilibrium position, followed by 100000M C cycles in the equi-
librium. At all other temperatures cycle numbers were chosen to be 7500M C cycles and
75000M C cycles, respectively.

An exampleof a calculated excessheat capacity pro�le is shown in the right panel of �g. 4.1.
The MC simulation �ts the measuredpro�le with reasonableaccuracy. Deviations from the
two curvescan be noticed especially at the two 
anks and at temperatures around the local
� cp minimum. The latter is more pronounced in simulations of other mixtures (data not
shown). Still, the simulated pro�les �t the measuredcurveswell.

A MC simulation needsthe de�nition of MC stepsand cycles. MC stepsare the elementary
stepsof the simulation. Here, theseare changesin lipid chain state and di�usion. During a
MC cycle the MC stepsare performed in a given manner. Di�eren t de�nitions of MC cycles
should not in
uence the simulation result. This requirement is known as detailed balance.
We tested this using di�eren t numbers of di�usion steps in the de�nition of a MC cycle. No
deviations were found (data not shown).

The experimental and theoretical phasediagramswereconstructed from a tangent construc-
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tion at the upper and lower temperature limit of the heat heat capacity pro�les. The points
of intersection with the temperature axis are interpreted as marking the phaseboundaries.
Fig. 4.1 (left panel) shows that the experimental and the calculated phasediagrams are in
agreement.

Therefore, it can be concluded that a simple two state model is su�cien t to describe the
phasebehavior of the two component DMPC:DSPC lipid system. Sincethe parameterswere
chosen to characterize excessheat capacity pro�les of MLVs the model is applied to the
description of experimental di�usion investigations on stacks of supported bilayers. In the
following sectionsthe model is also used for the study of relaxation processes,perturbation
experiments, domain formation and 
uctuation properties.

Summary

The minimalistic two state model gives good �ts to measuredexcessheat capacity pro�les
and correctly describesthe phasediagram of the DMPC:DSPC lipid system.

4.2 Di�usion Studies on Planar Mem branes

FCS was used for the investigation of di�usion processes.The di�usion of the 
uorescence
label TRITC DHPE was monitored in a stack of supported bilayers of DMPC:DSPC
mixtures. Experiments were performed by A. Hac (Hac, 2004; Hac et al., 2005). TRITC
DHPE partitions equally well into the two lipid membrane phases. These studies were
accompaniedby MC simulations2.

The Sim ulation

In the model, di�usion is mimicked by exchangeof neighboring lipids or through rotations.
Di�usion in a "so" membrane (D � 5� 10� 10 cm2

s ) is about a factor of 80 slower than in a "ld"
membrane (D � 4 � 10� 8 cm2

s ). This di�erence is modeled by introducing a microviscosity.
A rate function is formulated (seeeq. 3.16). An additional parameter � E

kB T is needed,where
� E de�nes the activation barrier of di�usion in an all ordered lipid environment. In order
to de�ne this parameter simulations were compared with results from measurements on a
DMPC:DSPC 50:50mixture at T = 290:5K and T = 322:5K , where the membrane is in the
"so" and "ld" phases,respectively. We �tted both curves using a parameter, � E

kB T , of 4:25
(see�g. 3.6).

Usually, simulations were performed with a matrix sizeof 60chains � 60chains. Periodic
boundary conditions are usedin the simulation meaning that a lipid di�usion out of e.g. the
right boundary of the simulation box enters the matrix from the left side again. This does
not re
ect the di�usion correctly and leads to errors. Virtual matrices are intro duced to
circumvent this problem and to follow the di�usion direction. For purposesof determining
the nearest neighbors, a marked chain di�using out of the original matrix is assumedto

2 A �rst report about the possibility to simulate di�usion processeswas already given in my master's thesis.
The model, however, experienced some re�nements such as the intro duction of a microviscosity and of
virtual matrices. In an earlier stage of the model the di�erence of di�usion in \so" and \ld" membranes
was implemented as being purely based on the states of the four involved lipid chains. Becauseof a lack
of experimental data simulations could not be compared with experiments in my master's thesis. The
simulations were further extended in the past years.
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Figure 4.2: Experimental and simulated FCS autocorrelation pro�les. For three DMPC:DSPC mixtures at

di�eren t temperatures experimental (markers) and simulated (red, solid curves) FCS autocorrelation pro�les

are plotted. (left ) A mixture of DMPC:DSPC 70:30 was chosen and measurements and simulations were

performed at temperatures of 289:3 K , 303:0 K , 309:2 K and 319:2 K . With this choice of temperatures one

ensuresstudies of the di�usion behavior below, in and above the melting regime. (center) Measurements and

simulations were also done for an equimolar DMPC:DSPC mixture. Again the temperatures were selected

so that di�eren t points in the phase diagram were mapped. (right ) Studies on a third system, DMPC:DSPC

30:70, were carried out as well. These were done at temperatures of 291:0K , 317:6K and 330:0K . The curves

calculated from MC simulations describe the measuredautocorrelation pro�les well. It is noteworthy that they

are predictions rather than �ts (Hac et al., 2005).

re-enter the same matrix according to periodic boundary conditions. But for a correct
treatment of the di�usion the physical position is extended by the matrix size. In the
computer a marker might have the indices (i; j ), but it gets a physical position depending
on the indices and a multiple of the matrix size. Generally an extension of Amax = 2 was
chosen,which meansthat two virtual matrices are extended to all sides. A label can di�use
back into the actual matrix just by di�using in onedirection. This ensuresthat at long times
not all 
uorescencemarkers have di�used away from the laser focus. It could be argued that
boundary e�ects still in
uence the di�usion processes,but it is unlikely to be a big e�ect.
Auto correlation curves obtained from di�usion simulations in the pure phases could be
perfectly �tted by the expected Lorentzian shape (seeeq. 2.28). Simulations with di�eren t
values of Amax showed deviations of the di�usion constant. Deviations were smaller than
10 %. Smaller box sizesmight lead to an underestimation, which, however, is small. It
seemsthat simulations using Amax = 2 correctly mimic the di�usion processes.Focus radii
equal 25 chains. Depending on temperature and therewith the di�usion rates simulations
were performed over 2 � 106, 6 � 106 or 8 � 106 M C cycles. 8 � 106 M C cycles were chosen in
the caseof slow di�usion (low temperatures). When di�usion was fast (high temperatures)

uorescenceintensity traces were collected during 2 � 106 M C cycles. In each case,however,



CHAPTER 4. RESULTS 67

traces of 
uorescenceintensity of at most 1 � 106 points were collected, meaning that the 
u-
orescencesignal wasnot monitored after each M C cycle, but after every 2nd, 6th or 8th cycle.

Comparison of Exp erimen t and Sim ulation

In �g. 4.2 representativ e simulated and measuredautocorrelation pro�les for three di�eren t
mixtures at di�eren t temperatures are shown. Temperatures were chosenso that they cor-
respond to di�eren t points in the phasediagram. It can be clearly seenthat the calculated
results describe the measuredoneswell. It has to be noted that theseare predictions rather
than �ts since just the di�usion time scalesin the pure "so" and "ld" membraneswere used
for obtaining the neededparameter � E

kB T of the rate function. All other curvesfollow directly
from the thermodynamics of the system.

Figure 4.3: Variation of autocorrelation pro�les in FCS experiments. The thin black curves and the curves

shown with markers are measured autocorrelation pro�les from a DMPC:DSPC 70:30 sample. The experi-

mental pro�les vary from measurement to measurement. This is possibly due to 
uctuations of the sample

temperature during a seriesof experiments. The curvesindicated through the blue markers are the onesshown

in �g. 4.2. The red curvesdisplay the simulated results (Hac et al., 2005).

The experimental autocorrelation pro�les from di�eren t experiments vary at the same
temperature (�g. 4.3) probably becauseof inaccuracies in the adjustment of the sample
temperature. In �g. 4.3 measurement results of a DMPC:DSPC 70:30mixture are displayed.
The red curves are from MC simulations and the blue curves are the experimental results
as seen in �g. 4.2. The black ones are a selection of measurements at the respective
temperatures. Experimental curves in �g. 4.2 are not a biased selection. The selection is
basedon the received autocorrelation curvesfrom all measurements at the sametemperature.
The chosen autocorrelation curves correspond to a curve with an averaged di�usion time.
The simulated curves also show variations from simulations at the samemixture and same
temperature. These deviations are, however, due to the statistics of the system and still
result in the samedi�usion time scales(data not shown).
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Focus and Matrix Size

Figure 4.4: Auto correlation pro�les and dependenceon focus size. Simulations with di�eren t matrix and

focus sizes of DMPC:DSPC 70:30 at T = 289:3 K , T = 303:0 K and T = 319:2 K were performed. The

autocorrelation pro�les are corrected so that each of them corresponds to a di�usion through a focus of a

radius of 25 chains . Auto correlation pro�les are only slightly in
uenced by the system size (Hac et al., 2005).

One objection towards the simulations might be that the simulated system has a size of
about 30 nm � 26 nm, with a focus radius of approximately 12:5 nm. The focus radius of
the experimental setup dependson the used pinhole size, but is much bigger (r � 500nm).
Therefore, simulations with di�eren t matrix and focussizeswereperformed to check whether
changing the matrix size in
uences the autocorrelation pro�le.

In �g. 4.4 simulated autocorrelation pro�les of a DMPC:DSPC 70:30 system at three
di�eren t temperatures are shown. Matrix sizeswere chosen to be 60 chains � 60 chains,
80 chains � 80 chains and 200chains � 200chains with the corresponding focus radii of
25 chains; 35 chains and 95 chains. The displayed autocorrelation curves are normalized
to di�usion through a focus of radius 25 chains. Increasing matrix and focus size have
just minor e�ects on the autocorrelation pro�le. These are due to the limited amount
of 
uorescence data and could probably be eliminated with longer and time consuming
simulations. It can be concluded that the deviations are small even though system sizes
range from 30 nm � 26 nm to 100nm � 87 nm. The latter case is still smaller than the
experimental system, but gets into its size range. Still, size e�ects cannot be completely
ruled out, but at least seemto be small.

Timescales in the Sim ulation

The good agreement betweenexperiments and simulations allows oneto usethe simulations
for further evaluation of additional information obtained indirectly from the experimental
results. At �rst the following case is considered. Assuming that di�usion processesjust
depend on the di�usion properties of the pure lipid membrane phasesone would expect that
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Figure 4.5: Simulated autocorrelation pro�les and their comparison to a superposition of di�usion in pure

"so" and pure "ld" membranes. Auto correlation pro�les as they result from MC simulations of a DMPC:DSPC

50:50 system at three di�eren t temperatures are shown (red, solid curves). The temperatures were chosenso

that di�usion properties in a pure "ld" , in a pure "so" membrane and in the domain coexistence regime

were mapped. At temperatures of 290:5 K and 322:5 K also the respective �ts (Lorentzian pro�les; dashed

curves) are drawn. At a temperature of 309:7 K the system is in a domain coexistence region. The according

Lorentzian pro�le is a superposition of di�usion properties in the pure lipid membrane phases. The respective

ratios follow from the phasediagram (Hac et al., 2005).

any autocorrelation pro�le in the phase coexistence regime is a superposition of the ones
in the pure phases. From phasediagrams one can extract the ratio between "so" and "ld"
domains. In �g. 4.5 this was done for an equimolar DMPC:DSPC mixture at 309:7 K (black
curve). The red curvesare simulated autocorrelation pro�les which successfullypredicted the
experimental pro�les. The superposition clearly deviatesfrom this pro�le. For further analysis
of this e�ect MC simulations were performed with a rede�ned MC cycle. The di�erences lie
in the weighting of di�usion processesagainst state changes,representing di�erences in time
scalesof di�usion to 
uctuations in chain state. During the time a marked lipid chain passes
the laser focus it can 
uctuate in chain state. Ratios between state changesand di�usion
steps varied from 1 : 1 to 1 : 1 . In the last caseno state changeswere allowed after the
equilibration. At a certain temperature the amounts of ordered and disordered lipid chains

uctuate around a mean value. In the casethat there are no state changesanymore one
needsto perform di�usion studies with a matrix con�guration whosenumber of ordered and
disorderedchains is closeto the average.

Fig. 4.6 shows results of simulations of a DMPC:DSPC 70:30 membrane with di�eren t
ratios of state changesto di�usion steps. Auto correlation pro�les in the pure phasesare not
a�ected and therefore just one curve at the appropriate temperature is drawn. In the phase
coexisting regime at T = 303:0 K autocorrelation pro�les depend signi�cantly on the ratio
of state changes to di�usion steps. The more di�usion steps are performed (meaning the
slower the 
uctuations in chain state comparedto di�usion stepsin a MC cycle the later the
autocorrelation curve decreases).
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Figure 4.6: Di�eren t timescales and their in
uence on autocorrelation pro�les. The MC simulation allows

one to study the in
uence of the ratio betweenstate changesto di�usion stepson the calculated autocorrelation

pro�les. In the extreme caseno state changeswere allowed. It can be seenthat the lessprobable is a changeof

state during a di�usion step, the slower the decay of the autocorrelation pro�le. This shows that the di�eren t

time scalesin the simulation have an in
uence on the di�usion behavior. This information is also hidden in

the experimental pro�les (Hac et al., 2005). The red curves are the corresponding �ts assuming anomalous

di�usion.

Korlach et al. (1999) analyzedFCS measurements on DLPC:DPPC LUVs with �tting auto-
correlation pro�les using a two component �t assuminga fast and a slow di�using component
(seeeq. 2.28). Empirically they have found that di�usion constants of the two components
changedepending on the lipid composition. Thesecurvescan alsobe examinedby an anoma-
lous di�usion �t, where the mean squaredisplacement is not linear with time, but depends
on t � , with 0 < � < 1 (seeeq. 2.29). The autocorrelation curves of �g. 4.6 at T = 303:0 K
were described by both means. The following results were obtained:

1. Two component �t (data not shown):

� 1 = 113M C time; � 2 = 1497M C time; r a = 0:21; r atio = 1 : 1

� 1 = 187M C time; � 2 = 2648M C time; r a = 0:29; r atio = 1 : 100

� 1 = 346M C time; � 2 = 2999M C time; r a = 0:48; r atio = 1 : 1000

� 1 = 665M C time; � 2 = 22438M C time; r a = 0:65; r atio = 1 : 1

2. Anomalous �t (red curves in �g. 4.6):

� = 296M C time; � = 0:83; r atio = 1 : 1

� = 279M C time; � = 0:79; r atio = 1 : 100

� = 190M C time; � = 0:73; r atio = 1 : 1000

� = 117M C time; � = 0:63; r atio = 1 : 1 ;



CHAPTER 4. RESULTS 71

with r atio always referring to the ratio of state changesto di�usion stepsand r a is the ratio
of the fast to slow di�usion component.

One seesthat the phenomenologicalconstants which are a result of the �t procedures
depend on the di�usion and relaxation timescales. Therefore, one can conclude that the
�tting proceduresdo not give any information about the underlying physical processes.This
�nding is further discussedin sec.5.1.

E�ect of In teraction Parameters

Figure 4.7: Heat capacity pro�les of DMPC:DSPC 70:30 with changed interaction parameters. Lowering

the interaction parameters between ordered and disordered chains to 90% or 80% of their original values (see

table 3.1) a�ects the melting pro�le. The pro�le broadenswith lower interaction parameters and therefore the

maximum heat capacity value decreases.Higher interaction parameters mean that contacts between ordered

and disordered chains are less favorable than for lower parameters.

In the following another aspect is studied. In section4.3 it is shown that small moleculeslike
alcoholsor neurotransmitters broaden the excessheat capacity pro�le and shift the pro�le to
lower temperatures. Formally speaking, broadening meansthat the interaction parameters
in our model are reduced. The model and the evaluation by meansof MC simulations allows
one to study the e�ect of a reduction of ordered-disorderedinteraction parameterswithout a
shift of the pro�le to lower temperatures. In �g. 4.7 three calculated heat capacity pro�les
of a DMPC:DSPC 70:30 mixture with di�eren t ordered-disorderedinteraction parameters
are displayed. One re
ects the caseof using the interaction parameter valuesneededfor the
description of the phasediagram of the DMPC:DSPC membranesystem(seetable 3.1). In the
simulations of the other pro�les ordered-disorderedinteraction parameters were reduced to
90%or 80%of their actual values. The curvesare broadened,but not shifted. The decreaseof
interaction parametersand therewith the broadening of the � cp-pro�les also meansthat the
lateral membrane order changes(see�gs. 4.30 and 4.31 in sec.4.5). Simulations of di�usion
processeswith reduced interaction parameters were performed to study the in
uence of the
structural order and changesof 
uctuation properties (seesec.4.5) on di�usion processes,as
it might be in
uenced by alcoholsor neurotransmitters.
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Figure 4.8: FCS simulations with di�eren t interaction parameters. Small molecules can reduce the interac-

tions at domain interfaces. Interaction parameters decrease,and this results in a changeof matrix con�guration

and 
uctuations (see sec. 4.5). The di�usion behavior is changed too. A reduction in interaction parameters

can lead to a normal di�usion behavior. Here, simulation results of a DMPC:DSPC 70 : 30 mixture at 309:2K

are shown. In the two casesthe ratio between state changesand di�usion steps is di�eren t (1 : 100 (left ) and

1 : 1000 (right )).

In �g. 4.8 autocorrelation pro�les of 
uorescence intensity traces from simulations of a
DMPC:DSPC 70 : 30 at 309:7 K are presented. Ordered-disorderedinteraction parameters
are set to 100%,90%and 80%of the originally determined values. In the left and right panel
of �g. 4.8 simulations were performed with a ratio betweenstate changesand di�usion steps
of 1 : 100 and 1 : 1000, respectively. In the caseof a ratio of 1 : 100, di�usion deviates from
normal di�usion when ordered-disorderedinteraction parameters are set to 100% and 90%.
The autocorrelation pro�le simulated with 80% ordered-disorderedinteraction parameters
can be described by normal di�usion (�ts not shown). As described above the ratios between
state changesand di�usion steps in
uence the autocorrelation pro�les. The slower the state
changes in comparison to di�usion steps the higher becomesthe � -value describing the
anomalousdi�usion behavior. Therefore, in the caseswith changed interaction parameters
also the state changeto di�usion ratio a�ects the di�usion behavior. With a ratio of 1 : 100,
di�usion is normal on the length scaleof the focusat parametersreducedto 80%. This is not
true any more at a ratio of 1 : 1000, where all pro�les can only be described by anomalous
di�usion or two component di�usion �ts. Just concentrating on anomalous di�usion �ts,
one �nds that � -values are � 100% = 0:738, � 90% = 0:939 and � 80% = 0:965. The deviation
from normal di�usion behavior is bigger in the caseof high interaction parameters. This is
true for all conducted simulations at DMPC:DSPC ratios and temperatures as of �g. 4.2.
Decreasingordered-disorderedinteraction parameterscan speedup or slow down di�usion.

Summary
Fluorescenceintensity autocorrelation pro�les can be predicted by our MC simulations.

Di�usion processesin binary lipid membranesof DMPC and DSPC in the domain coexistence
regimedisplay a behavior deviating from normal di�usion. Di�usion properties are in
uenced
by the time scalesof di�usion steps and 
uctuations in chain state. This information is
hidden in measured
uorescenceintensity autocorrelation pro�les. The reduction of ordered-
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disordered interaction parameters in
uences the melting behavior and therein the di�usion
behavior.

4.3 Melting Transitions of Arti�cial Mem branes

Figure 4.9: Heat capacity pro�les of one component lipid membranes. The melting temperature and the

pro�le's shape depend on chain length and the vesicle type. MLV vesiclesshow a higher cooperativit y than

LUVs (top panel left and right, respectively ). The melting temperature di�ers as well. Longer chain length

results in higher melting temperatures (upper panel right and lower panel).

As explained in the introductory part of this work (see ch. 1) melting processesin lipid
membranes depend on di�eren t parameters like chain length, head group, pH, pressure,ion
concentration and vesicletype. In this work unchargedphospholipidsare usedwhosemelting
pro�le is hardly a�ected by ion concentration or pH. As shown below they, however, depend
on lipid chain length, sizeof the lipid vesiclesand the addition of extra moleculeslike alcohols,
neurotransmitters or peptides. In the following, data is presented which shows excessheat
capacity pro�les of di�eren t phospholipid membrane systems. All measurements were done
with lipid vesiclesformed in a 10 mM Hepes bu�er with 1 mM EDTA at pH 7. All scans
were done with the VP-DSC, with the exception of the DMPC:DSPC plus 1-octanol system.
Melting pro�les of the latter system were conducted with the MSC. All curves shown, with
the exception of the DMPC/Gramicidin A system, were measuredat scan rates of 5K

h with
increasingtemperatures with time. In the caseof the DMPC/Gramicidin A systemthe scan
rate was 1K

h .
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Figure 4.10: Heat capacity pro�les of phospholipid membranes (MLV) with small molecules or peptides.

DSC scans were performed on suspensions of DMPC MLVs with addition of di�eren t concentrations of 1-

octanol (top panel, left ), serotonin (bottom panel, left ) and gramicidin A (bottom panel, right ). Another

series of measurements was done with equimolar mixtures of DMPC:DSPC MLVs and addition of various

concentrations of 1-octanol (top panel, right ). The addition of 1-octanol, serotonin and gramicidin A leads to

a broadening of the pro�les and a shift of the transition regime to lower temperatures.

In �g. 4.9 melting pro�les of pure lipid membranesare depicted. The �rst two graphs(upper
panel left and right ) display curvesof pure DMPC membranes. DMPC is a phospholipid with
14 carbon atoms in each of its chains. It can be seenthat the DMPC MLV system shows
a higher cooperativit y than the LUVs. In the latter casethe pro�le is broadenedand the
heat capacity maximum is shifted to higher temperatures. Comparing heat capacity curvesof
LUVs of DMPC and DPPC (16 carbon atoms per chain) it is seenthat the DPPC membranes
melt at higher temperatures.

Addition of the alcohol 1-octanol broadensmelting pro�les of onecomponent DMPC MLVs
and of equimolar DMPC:DSPC MLVs and shifts them to lower temperatures (�g. 4.10 top
panel left and right ). It is important to note that the amount of 1-octanol in the bu�er and
the membranes is given with respect to the lipid weight. Alcohol moleculespartition into
water and lipid membranes. Thus, one has to know the partition coe�cien t to calculate the
molar amount of 1-octanol partitioned into the lipid membrane. This is discussedin more
detail elsewhere(seesec.5.1.3). The neurotransmitter serotonin and the antibiotic peptide
gramicidin A also shift the pro�les to lower temperaturesand broaden them (�g. 4.10bottom
panel left and right ). In �g. 4.10 the concentration of serotonin is given as it was dissolved in
the bu�er solution. The molar ratio of gramicidin A is the one in the lipid membrane.

In the following section results from relaxation time measurements on the di�eren t systems
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(with exception of the two component lipid system) are shown. The addition of small
moleculesor peptides in
uences heat capacity pro�les. The underlying question is whether
measuredrelaxation processesare still related to heat capacity as proposedby Grabitz et al.
(2002).

Summary

Anesthetics, neurotransmitters and antibiotics broaden melting pro�les and shift them to
lower temperatures.

4.4 Relaxation Pro cessesof Arti�cial Mem branes

Relaxation experiments with arti�cial lipid membraneswereperformedusing pressurepertur-
bation calorimetry. Two methods are usedfor the evaluation of relaxation processes.One in
which we monitor the responseof our VP-DSC calorimeter after a rapid pressurechangewith
the assumption of constant temperature. A secondmethod measuresa temperature change
directly in the sample. (Grabitz et al., 2002) applied already successfullythe method using
the responseof the calorimeter. Evaluating the temperature behavior after a pressurejump
hasbeendeveloped in the context of this thesis in order to increasethe time resolution of our
relaxation time experiments. In the next two sectionsthe principal �ndings and problems of
the two methods are described and compared. After that results of relaxation measurements
on di�eren t systemsare presented.

4.4.1 Pure DMPC Mem brane: Metho d I

The calorimeter responseafter a negative or positive pressurejump (npj or ppj ) gives infor-
mation about the relaxation processof the lipid system. The calorimeter responseis assumed
to be the result of a convolution of the instrument responseand the lipid signal. One of the
simplest systemsto study is a solution of multilamellar DMPC vesicles. In the left panel of
�g. 4.11 an excessheat capacity pro�le is compared to measuredrelaxation times. Experi-
ments were performed on a 50 mM DMPC suspension (MLV; 14 carbon atoms per chain).
The shown � cp-curve wasmeasuredwith the VP-DSC at a scanrate of 5K

h . The solution was
�lled into the pressurecell whosevolume is not exactly known. This meansthat no absolute
values of heat capacity can be obtained directly, since for that the lipid concentration, the
cell volume, the scan rate and the calorimeter signal are needed. However, measurements
on a 10mM solution directly in the calorimeter cell which has a de�ned volume allowed us
to determine the transition enthalpy3 in units of J

mol . This does not depend on the lipid
concentration and therefore, the curve from a solution with a concentration of 50mM should
yield the sametransition enthalpy. This allows the recalculation of the measuredpro�le of
lipid membranes in the pressurecell to absolute values. In this casethe transition enthalpy
was determined to be 21:5 kJ

mol .
Pressureperturbation experiments were done by changing pressurewith � p = � 40 bar.

Three jumps at the sametemperature were evaluated and averaged. Results from negative
pressure jumps (npjs; circles) and positive pressure jumps (ppjs; squares) are drawn
together. Relaxation times are as long as 31:0 s and standard deviations are usually not

3 The transition enthalp y is the area below the heat capacity pro�le.
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Figure 4.11: Heat capacity and relaxation times of DMPC (MLV). (left ) An excessheat capacity pro�le (solid

curve; left axis) and relaxation times (markers; right axis) of a 50mM DMPC (MLV) solution are shown. The

maximum of the relaxation times is at a temperature where the heat capacity displays a maximum too. The

relaxation times were measured with npjs (circles) and ppjs (squares). The temperatures of the ppjs needed

to be corrected to lower temperatures, since the melting temperature dependson pressureand becomeshigher

with increasing pressure. (right ) Relaxation times are plotted against heat capacity. The measureddata (red,

open circles) can be �tted by a linear function (black, solid curve). The �t does not intersect the origin. The

reason for this is believed to originate from the experimental limitations.

bigger than 0:5 K . A comparison of the heat capacity pro�le and the relaxation pro�les
reveals (seethe left panel of �g. 4.11) that relaxation processesslow down in the proximit y
of the melting regime. The maximum relaxation time is found at a temperature where
also the heat capacity displays a maximum. Plotting relaxation times against respective
heat capacities shows that relaxation time and heat capacity display a linear relationship
(right panel of �g. 4.11). The corresponding linear �t does not intersect the origin. An
intersection with the origin was, however, expected from the theoretical considerationsand
conclusionsof Grabitz et al. (2002). This were that relaxation time and heat capacity are
related to each other by: � = T 2

L � cp, where � is the relaxation time, T the temperature,
L the phenomenologicalcoe�cien t and � cp the heat capacity (see also sec. 3.2). Later
in the text we argue that this results rather from experimental limitations than from the
physics of the system. Further, we want to determine the phenomenological constant
of the investigated system. From the heat capacity value at the transition midpoint,
� cm

p = 2:32 kJ
mol K , the transition midpoint, Tm = 296:77 K , and the relaxation time at the

transition midpoint, � m = 31:0s, onecalculatesa phenomenologicalcoe�cien t of 6:6�108 J K
mol s .

Comp ensation of Heat Release and Absorption

Doing npjs one jumps from the "so" phaseinto the coexistenceregion so the calorimeter
needsto heat the sample. In the other caseof performing ppjs into the coexistenceregime it
needsto cool. The heating and cooling needsto compensatethe heat absorption or release
of the lipids. If, however, one jumps through the whole transition or through a major part of
it the calorimeter fails to compensatethe heat releaseor absorption. This problem is more
pronouncedin the caseof ppjs sincecooling of the cells is slower. This meansthat the cell's
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temperature cannot bekept constant. In a caselike this an analysisof the calorimeter response
is not possible. The high cooperativit y of the lipid membrane transition requires a good
control of temperature sothat the point in phasestate is not shifted during the measurement.
In �g. 4.12two situations arepresented. One in which heat could becompensated(left ) with a
temperature 
uctuating around an averageand another onewhere the temperature increased
after a ppj. Even though this problem is, becauseof the slow cooling, more common for
ppjs it also occurs in the caseof npjs. A high lipid concentration, of course, in
uences the
likelihood of the occurrenceof a failure in compensation.

Figure 4.12: Temperature course after a pressure jump (method I). (left ) A typical calorimeter response

(upper graph) after a npj and the temperature development (lower graph) are shown. (right ) The answer of

the calorimeter and the temperature versustime curve after a ppj are displayed. One should note the di�eren t

sizesof the two temperature axes of the left and right graph.

For npjs oneusually getsproblemsat temperaturescorresponding to the upper temperature
limit of the transition. For ppjs it is at the lower temperature limit. Therefore, results from
npjs and ppjs are plotted together. The results complement each other. In �g. 4.11 results
from npjs are shown using circles, whereas the ones from ppjs are indicated by squares.
Since the transition under pressure happens at higher temperatures (� Tm � 0:95 K at
� p = 40 bar) the latter results have to be temperature corrected. Usually, one expects a
correction of 0:95 K to lower temperatures, but the temperature scalehad to be shifted by
� 0:90K . Unexpectedly, also, the relaxation times from npjs have to be corrected by shifting
the relaxation times by � 0:01K . Already Grabitz et al. (2002), who worked with the same
calorimeter and setup, reported a shift of their data of � 0:04 K . They claimed that it was
due to di�erences in the temperature calibration of the isothermal and scanning mode of
the VP-DSC. This, however, cannot explain why values from ppjs have to be corrected by
� 0:90 K and not the expected value of � 0:96 K . A possible physical explanation lies in
another e�ect which is known as hysteresis.

Hysteresis E�ects

Fig. 4.13displays heat capacity pro�les of the samelipid suspensionas in �g. 4.11 obtained
with di�eren t scanrates and scandirections. Doing scansfrom lower to higher temperatures
with faster scanrates result in melting at higher temperatures and broader pro�les than the
onesmeasuredat slower scan rates. Scanning from high to low temperatures (down scan)
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Figure 4.13: Hysteresis e�ects in a DMPC Suspension. Di�eren t DSC-scanswith di�eren t scan rates and

with di�eren t scandirections result in unequal � cp -curves. The pro�les display di�eren t degreesof broadening

and also di�eren t transition midp oints. In one of the graphs the absolute heat capacity values are plotted

(left ), while in the other one the normalized pro�les are shown (right ).

leadsto melting at lower temperatures than in the caseof scanningthe opposite direction (up
scan). In the caseof down scanshigher scanrates lead to melting at lower temperatures. The
maximum chosenscanrate was5 K

h . An even faster scanwould shift the melting temperature
to even higher (up scan) or lower (down scan) temperatures.

Measurements showed that in the caseof a pro�le measuredwith 10 K
h , the relaxation times

did not needshifting. This suggeststhat a suddenchangein pressureshould be comparedto
a pro�le measuredat high scanrate. Becauseof the small half width of the melting pro�les,
however, it does not make senseto present curves measuredat a scan rate of 10 K

h . If one
comparesthe relaxation times to heat capacity pro�les measuredat slower scanrates a shift
of the relaxation data becomesnecessary. This shift corresponds to the fact that the heat
capacity maxima of pro�les measuredwith di�eren t scanrates occur at varying temperatures.
Still, the general messagethat relaxation times and heat capacity are linearly related stays
true.

Performing ppjs one jumps from a "ld" environment into the phase coexistence regime.
Therefore, it seemsreasonablethat one should considerheat capacity pro�les measuredwith
downwards scanning . Since measuredpro�les from down scansand up scansat the same
scan rate di�er, it is not surprising that the relaxation time values have to be shifted by
another value instead of the expected one of � 0:96 K . The shift in melting temperature
betweena down scanand an up scan,both measuredat a scanrate of 5 K

h , is about 0:11K .
This meansthat the necessaryshift of � 0:90K di�ers from what onewould expect (� 0:84K )
consideringthe down scanat 5 K

h .

Transition En thalp y and Heat Release/Absorption

A last aspect of the evaluation of relaxation processeswith method I concernsthe total heat
releaseor absorption of the calorimeter after a pressurejump. This should be proportional to
the transition enthalpy. In �g. 4.14 the solid curve shows the transition enthalpy dependence
on temperature. It is the integral of the excessheat capacity. Plotting also the total area
of the calorimeter responsesat di�eren t temperatures veri�es that it is proportional to the
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Figure 4.14: Transition enthalp y and total area of calorimeter response versus temperature. It is veri�ed

that the area of the calorimeter response after npjs (markers) and the transition enthalp y (solid curve) are

proportional.

transition enthalpy.
Before further results obtained with this method are presented, the next section intro duces

method I I, where the temperature signal after a pressurejump is monitored. Both ways of
analysis should yield the samerelaxation behavior.

4.4.2 Pure DMPC: Metho d I I

Using method I it is assumedthat the temperature in the lipid solution stays constant after
a pressurejump. This is, however, just an idealized situation and in reality the temperature
changes. The temperature sensorsof the calorimeter are not able to monitor this, but
thermocoupleswhich are directly led into the pressurecell capillaries can be used for this
purpose. Again, we assumethat a convolution of the instrument response with the lipid
signal describesthe measuredtemperature course.

Multilamellar Vesicles

Experiments on a suspension of multilamellar DMPC vesiclescan be compared to mea-
surements from method I as shown in �g. 4.11. In �g. 4.15 a � cp-pro�le measuredfor a
40 mM DMPC in a 10 mM Hepes bu�er with 1 mM EDTA at pH 7 at a scan rate of 5 K

h
is presented. The heat capacity values were corrected so that the area of the curve equals
21:5 kJ

mol . Markers in the same graph display relaxation times as obtained after ppjs of
+15 bar. The shown values are averagesfrom two jumps at the same temperature. They
are shifted so that they �t onto the heat capacity curve at atmospheric pressure(� 0:33K ).
It is again observed that relaxation times becomelonger at temperatures where the heat
capacity displays anomalies. The longest relaxation time is found at a temperature were
the heat capacity is the highest. Where the maximum relaxation time was determined as
� m = 31:0 s with method I, it was measuredas � m = 25:2 s with method I I. The sample
preparations usedweredi�eren t. Performing DSC scansof the two samplesit was found that
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Figure 4.15: Relaxation times of a multilamellar DMPC solution evaluated with method I I. Shown are a

heat capacity pro�le (solid curve) and relaxation times (open circles) of multilamellar DMPC vesicles. The

relaxation times were obtained by evaluating the temperature development of the sample solution.

the two pro�les di�ered. The heat capacity curve of the sample which was used during the
evaluation with method I I was broader and the maximum heat capacity value was decreased
in comparisonto the pro�le of the samplewhich wasusedduring the evaluation with method
I. The transition temperature, however, was the same in both measurements. One �nds
a phenomenologicalconstant of L = 6:8 � 108 J K

mol s from the measurements of method I I.
Besidesa small deviation it equalsthe one obtained with method I (L = 6:6 � 108 J K

mol s ). The
phenomenologicalconstants, obtained from both methods, should be the samerather than
the absolute relaxation times. Therefore, it can be concluded that the analysis of pressure
perturbation experiments with method I or method I I give the same relaxation behavior.
This is further discussedin sec.5.1.4.

Large Unilamellar Vesicles

The advantage of method I I in comparisonto method I is its time resolution. Method I has
a time resolution of about 3 � 4 s. The direct measurement of the temperature courseallows
one to measurerelaxation times with a resolution of lessthan 500ms. An example can be
seenin �g. 4.16. Pressure jump experiments on a 40 mM extruded DMPC solution with
changing pressureof +40 bar were performed. At each temperature two experiments were
used to �nd an averagerelaxation time. The longest relaxation processin DMPC LUVs is
much faster than the longest one found in DMPC MLVs. A linear relationship between the
excessheat capacity and relaxation time is again present. The maximum relaxation time was
found to be � m = 1:5s. We estimate a phenomenologicalconstant of L = 15:7� 108 J K

mol s . This
phenomenologicalcoe�cien t is more than a factor of two bigger than of DMPC multilamellar
vesicles.

Problems of Metho d I I

A few problems related to this method are present. One problem is due to the weakness
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Figure 4.16: Relaxation times of a LUV DMPC solution. Relaxation times (open circles) were determined

on experiments with a suspension of 40 mM DMPC (LUV). The corresponding heat capacity pro�le (solid

curve) is shown too. LUVs of DMPC are lesscooperative than DMPC MLVs. The maximum relaxation time

(� m = 1:5 s) is much faster than the one of DMPC MLVs (� m � 25 s or even slower).

of the signal originating from the lipid membranes (further on called the lipid signal) at
the upper temperature limit of the heat capacity curve. Performing ppjs means that at
higher temperatures the change in enthalpy after a pressurejump is smaller than at lower
temperatures. The weaker strength of the lipid signal at higher temperaturescomplicatesthe
resolution of the lipid signal. The determination of relaxation times is di�cult and results in
a lack of data at higher temperatures. Sincethe time resolution of npjs is not high enoughone
cannot usemeasurements with pressurereleasefor complementing the kinetic measurements
with ppjs.

Another problem might occur becauseof the width of the melting transition. In experiments
of lipid systems with high cooperativit y an additional pressureof 40 bar shifts the pro�le
away from the one at atmospheric pressure.The two curvesdo not intersect. In casesof less
cooperative processesthis, however, is not the case(data not shown) and pro�les overlap.
If a temperature is chosenat which the two pro�les overlap, one jumps from a point in the
coexistenceregime into another one in the coexistenceregime by increasing pressure. This
leadsto a smallerheat releasethan in the caseof jumping from a pure "ld" membrane into the
coexistenceregime. This meansthat with further lowering of temperature the heat release
decreasesinstead of increasing. The problem is, however, less pronounced than at higher
temperatures. This meansthat the added pressureshould be chosento be as big as possible.
Varying pressuredoes not change relaxation times (data not shown). With higher pressure
changesthe perturbation signal increasesas well. A pressurechange of 40 bar when doing
experiments on suspensionsof LUVs was chosen,which was su�cien t in our experiments.

Of course,the lipid signal also dependson the lipid concentration. If the concentration is
higher the lipid contribution grows. At some temperatures this can lead to a total signal
which shows too big a temperature change and the relaxation processcannot be evaluated.
This is becausethe point in the coexistence regime changesduring the measurement and
the temperature course would re
ect several relaxation properties. This problem is more
pronouncedin studieson MLVs than on LUVs. The cooperativit y is much higher and already
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minor temperature changescan change the phasestate. Parameters like concentration and
pressurechangehave to be carefully chosen.

Summary

In the previous two sectionstwo methods have been introduced which allow one to study
relaxation processesin arti�cial lipid membranes. First experimental results of simple one
component systems(MLV and LUV) were described. Heat capacity and relaxation time are
found to be proportional to each other. Further, these two methods were used for studying
the relaxation behavior of di�eren t systemswith addition of anesthetics,or neurotransmitters
or antibiotics. The type of vesiclesystem (MLV or LUV) was varied too. The question of
interest was whether the linear relationship between relaxation times and heat capacity is
valid for a diverseof systems.

4.4.3 Addition of Small Molecules or Peptides and T yp e of Vesicle

In the previous two sectionsit is described that one can determine relaxation times of lipid
suspensionsafter a pressureperturbation using the response of a VP-DSC calorimeter or
evaluating the directly measuredtemperature behavior. First measurements on pure lipid
membrane systemsdisplay a linear relation between relaxation times and heat capacity, as
theoretically predicted (Grabitz et al., 2002). Since the transition of LUVs shows a lower
cooperativit y than the one of MLVs, relaxation times at a temperature of maximum heat
capacity are much faster in LUV systems.

This �nding raisesnew questionsabout whether this linear relation is still valid for systems
with additional moleculesin the lipid bilayer. Further experiments werebasedon the addition
of moleculeswhich display a functional role in biological membranes. These moleculesare
the anesthetics1-octanol and halothane, the neurotransmitter serotonin and the antibiotic
gramicidin A. As described in sec.4.3 thesemoleculesin
uence the transition behavior of the
lipid membrane. All of them shift the pro�le to lower temperatures and broaden the pro�le 4.

Pressurejump experiments with di�eren t systemswere performed changing pressurewith
� 40 bar. At each temperature three pressurejumps were evaluated with method I and the
obtained relaxation times were averaged. In the graphs (�g. 4.17 and 4.18) the displayed
heat capacities were measured with a scan rate of 5 K

h , where the transition enthalpy is
standardized to 21:5 kJ

mol . Relaxation times wereshifted by � 0:01K for npjs and by � 0:90K
for ppjs. It is, however, not indicated which points comefrom npjs and which from ppjs.

In
uence of Anesthetics

In order to verify the in
uence of anesthetics, di�eren t amounts of 1-octanol given in
percentagesof the lipid weight were given into a 50mM suspensionof multilamellar DMPC
vesicles(see�g. 4.17). Addition of the anesthetic1-octanol broadensthe transition pro�le and
shifts it to lower temperatures. The higher the concentration the bigger the e�ect. It is also
found that the maximum heat capacity decreaseswith increasing 1-octanol concentrations.
This also a�ects the relaxation process.The region of increasedrelaxation times is as much
shifted as is the heat capacity pro�le. The longest measuredrelaxation processbecomes

4 No data in the caseof halothane is shown in sec.4.3. The conclusion is the sameas in the caseof 1-octanol.
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Figure 4.17: Relaxation times of a DMPC solution (MLV) with addition of the anesthetic 1-octanol. In

the di�eren t panels heat capacity pro�les (solid curves) and relaxation times (open circles) are shown from

measurements with addition of di�eren t concentrations of 1-octanol: (top panel, right ) pure DMPC Membrane,

(bottom panel, left ) DMPC membrane plus 0:1wt% 1-octanol and (bottom panel, right ) plus 0:5wt% 1-octanol.

One should note that 1-octanol shifts the heat capacity pro�le to lower temperatures and broadens it (top

panel, left ). Therein, the maximum heat capacity value becomessmaller. Relaxation times are also a�ected.

The maximum relaxation time decreaseswith increasing anesthetic concentration and the regime of slowed

down relaxation processesis shifted to lower temperatures too. Note the di�eren t scaling of the heat capacity

and relaxation time axes of the graphs displaying relaxation times and the respective � cp -pro�le.

faster the more the maximum heat capacity value decreases.This �nding supports that heat
capacity and relaxation times areproportional alsoafter the addition of 1-octanol. Depending
on the degreeof broadening the maximum relaxation time decreases.In the caseof adding
0:1 wt% 1-octanol one �nds a relaxation time of 17:7 s and when adding 0:5 wt% 1-octanol
we determined � m = 14:8 s at the transition midpoint. Calculating the phenomenological
constants one �nds from both measurements L = 6:3 � 108 J K

mol s . These values lie in the
same order as determined from experiments on the DMPC MLVs (L = 6:6 � 108 J K

mol s and
L = 6:8 � 108 J K

mol s). Another measurement with addition of 0:1 wt% 1-octanol (di�eren t
preparation) resulted in a phenomenologicalconstant of L = 7:2 � 108 J K

mol s , which is higher
than the one from the measurement with the other preparation. This discrepancy can be
explained with experimental problems. This is that DSC scans of the same sample on
successive days can result in heat capacity pro�les which show small di�erences. Often it is
found that pro�les broaden with time. A broadening automatically results in a decreaseof
the maximum heat capacity and as seenfaster relaxation processes.Taking a heat capacity
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pro�le from an earlier day as a referenceresults in a bigger phenomenologicalconstant. In
the latter series of measurements a broadening of the heat capacity curves was recorded.
However, no scanafter �nishing the relaxation measurements wasdone. A further broadening
might explain the small deviation of the two phenomenologicalconstants. Another reasonfor
the small discrepancy is that small di�erences in the maximum determined relaxation time
can make a deviation in the phenomenologicalconstant. In the measurements of the two
DMPC plus 0:1 wt% 1-octanol suspensionsmaximum relaxation times of 17:7 s and 17:2 s
were measured.Standard deviations of a few tenth of a secondare usually found.

In
uence of Neurotransmitters

Figure 4.18: Relaxation time measurements on DMPC (MLV) solutions with addition of the neurotrans-

mitter serotonin. Relaxation times (open circles) and heat capacity pro�les (solid curves) of DMPC (MLV)

membranes were measuredafter addition of various concentrations of serotonin: (top panel, right ) pure DMPC

membrane, (bottom panel, left ) plus 0:5 mM and (bottom panel, right ) with 3 mM serotonin. Higher concen-

trations of serotonin lead to broader heat capacity pro�les, a decreasein the maximum heat capacity value and

a shift of the pro�le to lower temperatures (top panel, left ). The maximum relaxation time is also in
uenced

and becomessmaller with increasing serotonin concentration. The temperature region of increasedrelaxation

times is shifted in the samemanner lik e the heat capacity pro�le. Note the di�eren t scaling of the heat capacity

and relaxation time axes in the three graphs displaying relaxation times and heat capacity.

Another seriesof experiments wereconductedon a DMPC/Serotonin system(see�g. 4.18).
DMPC lipid powder was dissolved in a bu�er solution with di�eren t concentrations of
serotonin. Relaxation times and excessheat capacity display again a linear relationship.
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Not only � cp-pro�les, but also the relaxation time pro�les shift to lower temperatures and
broaden. Relaxation times are faster than in DMPC vesicleswithout serotonin. Relaxation
times at the transition midpoint are � m = 21:6 s (1 mM serotonin) and � m = 9:0 s
(3 mM serotonin). Calculated phenomenological constants are L = 6:5 � 108 J K

mol s and
L = 7:5 � 108 J K

mol s , respectively. It has to be mentioned that measurements at two other
serotonin concentrations (1 mM and 2:5 mM ) showed a proportionalit y of heat capacity
and relaxation time, but phenomenologicalconstants are found to be 11:7 � 108 J K

mol s and
8:7 � 108 J K

mol s . In the one caseit is almost a factor of two higher than the oneswhich were
found before. In these measurements the deviations seem to arise from a broadening of
the phase transition pro�le. DSC scansof the samplesshowed that the curves broadened
with time. Heat capacity pro�les were measuredon successive days before the relaxation
time measurements. The later scansshowed a broader transition regime than earlier ones.
This suggeststhat the actual pro�les during the relaxation time measurements were even
broader. This again means a smaller maximum heat capacity value and therewith also a
smaller phenomenologicalconstant. This presumably also explains the slightly higher value
of L = 7:5 � 108 J K

mol s in the measurement with 3mM serotonin .

In
uence of An tibiotics

Pressure perturbation experiments were also performed with DMPC MLVs and the
addition of the antibiotic gramicidin A (measurements were done in collaboration with M.L.
Gudmundsson;see(Gudmundsson, 2004)). The usedpressurecell was the one of method I I,
but still the calorimeter responsewas analyzed. The displayed relaxation times are averages
of two measurements at the same temperature. DSC scans on successive days revealed
that the pro�les di�ered. The maximum in heat capacity was shifted to sometimeslower
and sometimeshigher temperatures. The shifts were in the few hundreds of Kelvin regime.
Often no broadening was observed, but if there was a broadening it was in a range as also
seenin the experiments with addition of neurotransmitters or anesthetics. Based on DSC
scansof 10 mM solutions in the calorimeter cell temperatures were corrected. Scanswere
performed with scan rates of 1 K

h or slower. The shown pro�les are results with a scan
rate of 1 K

h . From other experiments it is known that the temperature shift between a
scan with 5 K

h and 1 K
h is constant (� T = � 0:03 K ). We shifted the heat capacity pro�les

and also the relaxation times with this value of � T = � 0:03 K so that the transition
midpoint temperature equalsthe expected one for a scanwith 5 K

h . Despite theseproblems
one can conclude that again a proportionalit y between the heat capacities and relaxation
times is found. The maximum relaxation times and the phenomenologicalconstants at
the transition midpoint are � m = 20:8 s and L = 7:9 � 108 J K

mol s (plus 0:5 mol% gramicidin
A) and � m = 13:1 s and L = 5:8 � 108 J K

mol s (plus 1:5 mol% gramicidin A). The found
phenomenologicalconstants deviate from each other. These might be due to errors in the
determination of the relaxation times. E.g. in the caseof the measurements resulting in a
phenomenologicalconstant of 5:8 � 108 J K

mol s a maximum relaxation time of 12:0 s would lead
to a phenomenologicalconstant of 6:3� 108 J K

mol s . Looking at the data one �nds that the value
which leads to a relaxation time of 13:1 s might be an error and the maximum relaxation
time is rather around 12:0 s. The higher phenomenologicalconstant as obtained in the mea-
surement on DMPC plus 0:5mol% gramicidin A might have occurredbecauseof a broadening.
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Figure 4.19: Relaxation times of a DMPC plus gramicidin A (MLV) suspension. Heat capacity pro�les (solid

curves) and relaxation times (open circles) are a�ected by addition of various concentrations of gramicidin A

to DMPC (MLV) membranes: (top panel, right ) pure DMPC membrane, (bottom panel, left ) with addition of

0:5 mol% and (bottom panel, right ) 1:5 mol% gramicidin A. The maximum relaxation time and the maximum

heat capacity become smaller with increasing gramicidin A concentration. The pro�les are shifted to lower

temperatures and are broadened. For a better visualization the measuredheat capacity pro�les are plotted in

one graph (top panel, left ). Note the di�eren t sizesof the heat capacity and relaxation time axes in the three

graphs displaying relaxation times and the respective heat capacity curve.

Calorimeter Resp onse: Perturbation and Lipid Signal

In sec.4.4.1 it has beenshown that the total area below the calorimeter responsedepends
on the transition enthalpy and that it is proportional to the releasedtransition enthalpy.
The total signal originates from a perturbation of the setup and the releaseor absorption of
heat from the lipids. If there is merely onerelaxation process,area of the perturbation signal
should stay constant in a small temperature interval. It should not show any temperature
dependence. As it can be seenin �g. 4.20 (left panel) the area of the perturbation signal
changesas expected if it dependson a contribution originating from the lipids. This signal
must be the sum of a perturbation and a lipid contribution of a fast relaxation process.
The area of the response belonging to the slow relaxation process(�g. 4.20, right panel)
makes about 95% of the responseoriginating from the lipids. In general, the fast relaxation
processaccounts for about 5 � 8 % of the total signal coming from the lipids. Therefore, the
contribution of the fast relaxation processis small.
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Figure 4.20: Transition enthalp y and areaof the perturbation and lipid signal (method I) versustemperature.

(left ) The temperature dependent transition enthalp y (green, solid curve) and the area of the perturbation

signal (open circles) are shown and can be compared. (right ) The area of the response originating from the

lipid (open circles) is compared to the temperature dependent course of the transition enthalp y (green, solid

curve). Both, the responseoriginating from the lipid and the perturbation are proportional to the transition

enthalp y. The temperature dependenceof the perturbation response reveals a relaxation processbelow the

time resolution limit of the experiment.

Large Unilamellar Vesicles

Experiments on unilamellar vesiclesystemsusing method I I have not revealedany further
faster relaxation processes.Temperature versustime curves were �tted with one relaxation
process. One explanation of not �nding faster processesmight lie in the di�eren t vesicle
systems,another one in the weak contribution of the fast relaxation process.A limitation of
the time resolution is a third possiblereason.

Concentrations in the experiments with LUVs were chosento be 40mM . Twice one com-
ponent lipid suspensions(DMPC and DPPC) and oncea lipid/halothane system (DMPC +
20wt% halothane) werechosen. DPPC membranesmelt at higher temperatures than DMPC
ones. Halothane shifts the pro�le to lower temperaturesand broadensthe pro�le. In the pres-
sure perturbation experiments the pressurechangewas +40 bar and at each temperature two
pressurejumps were done and relaxation times were averaged. � cp-curveswere measuredat
a scanrate of 5 K

h and the transition pro�les werestandardizedto 20 kJ
mol (DMPC membranes)

and 30 kJ
mol (DPPC system). The transition enthalpies were determined through DSC scans

directly in the calorimeter cells with 10mM DMPC and DPPC solutions.
A proportionalit y betweenheat capacity and relaxation time wasfound in all measurements

(�g. 4.21). The maximum relaxation times weremeasuredto be � m = 1:5s (40mM DMPC),
� m = 1:0s (40mM DMPC + 20wt% halothane) and � m = 2:0s (40mM DPPC). Thesevalues
and the respective heat capacity and melting temperature valuesallow to estimate the three
phenomenologicalconstants L = 15:7� 108 J K

mol s (40mM DMPC), L = 20:0� 108 J K
mol s (40mM

DMPC plus 20wt% halothane) and L = 18:4 � 108 J K
mol s (40mM DPPC). Thesevaluesdi�er,

but it seemsthat one can estimate an averagedvalue of (18:0 � 2:16) � 108 J K
mol s .

At the upper and lower temperature limits of the transition bigger deviations from the
proportionalit y can be found. This is possibly due to too weak lipid signals at especially
the upper temperature limit. The limited time resolution of around 500 ms is another
explanation.
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Figure 4.21: Relaxation times of large unilamellar vesicle systems. Heat capacity pro�les (solid curves)

of DMPC (top panel, left ), DMPC plus 20 wt% halothane and DPPC (bottom panel) LUVs are displayed.

Relaxation times (open circles) of these membrane systems were collected after analysis of the temperature

development of the sample solution after a ppj. Halothane broadens the heat capacity pro�le of DMPC LUVs

and shifts it to lower temperatures in comparison to the measurement without halothane. This a�ects the

maximum heat capacity value and maximum relaxation time. DMPC LUVs melt at lower temperatures than

DPPC LUVs. The temperature regime of slowed down relaxation processeslies at lower temperatures in

the case of DMPC and at higher temperatures in the case of DPPC. The maximum heat capacity of the

pro�le measuredwith the DPPC LUV suspension is higher than the one determined with DMPC LUVs. The

maximum relaxation time of DPPC LUVs is longer than the one of DMPC LUVs. In all three measurements

it is found again that relaxation times are proportional to heat capacity.

Linearit y between Relaxation Times and Heat Capacit y

In �g. 4.22 relaxation times from all measurements are plotted against respective heat
capacity values. The left panel shows results with multilamellar vesicles,with and without
addition of non-lipid molecules(red circles), with DMPC LUVs, with and without halothane
(blue squares) and with DPPC LUVs (green crosses). The obtained results with LUVs are
also shown in the right panel of �g. 4.22. Solid and dashed lines are respective linear �ts.
It is evident that none of the �ts intersects with the origin as expected from the theoretical
�ndings (� = T 2

L � cp; seealsosec.3.2). It seems,however, that this is becauseof experimental
and evaluation limitations rather than a physical characteristic of the system. The response
of the calorimeter doesnot allow a determination of relaxation processesfaster than 3 � 4 s.
Faster relaxation processesare detected monitoring directly the temperature of the sample
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Figure 4.22: Relaxation time vs. heat capacity plots. (left ) Relaxation times from all measurements are

plotted against respective heat capacities. Measurements with DMPC MLVs with or without addition of other

molecules are marked with red, open circles. A linear �t (black, solid curve) of these measurements is drawn

too. It doesnot intersect the origin. Results from measurements with DMPC LUVs with and without addition

of halothane (blue, open squares) and DPPC LUVs (green crosses) are included too. (right ) The obtained

results from pressureperturbation experiments with LUVs are drawn in a separategraph. Measurements with

DMPC LUVs are again marked by blue squares,where green crossesmark results from suspension of DPPC

LUVs. The black, solid and the black, dashed line are respective linear �ts. In all graphs the scaling of the

heat capacity and relaxation time axes di�er.

solution. The resolution limit is about 300� 400ms. It could be arguedthat with this method
one should have obtained shorter relaxation times at the upper and lower temperature limit
of the transition. This was,however, not the case(see�g. 4.15). This again can be attributed
to experimental reasons. Temperature curves were collected after ppjs. This meansthat at
the upper temperature limit lipid signalsare weak and the determination of relaxation times
is di�cult. At the lower temperature limit the signal originating from the lipid is strong since
one jumps through a major part of the transition. This induces relatively big temperature
changes. For MLVs these changes might mean that one obtains a temperature evolution
which is dominated by slower relaxation processesas they would have been expected from
the temperature given by the calorimeter.

We proposethat relaxation times and heat capacity are proportional to each other. The
reason why linear �ts do not intersect the origin arise probably becauseof experimental
limitations.

Summary

In table 4.1 all results of the maximum relaxation times and the corresponding phenomeno-
logical constants are given. Concerning the measurements on MLVs in especially two cases
phenomenologicalconstants deviate strongly from the other measuredones. Still it seems
that the phenomenologicalconstant doesnot depend on the lipid membrane system. Neglect-
ing the two exceptionsone �nds an averageof (6:7 � 0:7) � 108 J K

mol s . The phenomenological
constants of the LUV suspensionsdi�er from the onesof the MLVs. They suggest,however,
that they are constant for the LUV suspensionswith a mean value of (18:0 � 2:2) � 108 J K

mol s .
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Lipid Membrane System � m=s L=(108 J K
mol s)

Method I

DMPC (MLV) 31.0 6.6
DMPC + 0:1 wt% 1-octanol (MLV) 17.7 6.3
DMPC + 0:5 wt% 1-octanol (MLV) 14.8 6.3
DMPC + 0:5 mM serotonin (MLV) 21.6 6.5
DMPC + 3:0 mM serotonin (MLV) 9.0 7.5
DMPC + 0:5 mol% gramicidin A (MLV) 20.8 7.9
DMPC + 1:5 mol% gramicidin A (MLV) 13.1 5.8

Method I I

DMPC (MLV) 25.2 6.8
DMPC (LUV) 1.5 15.7
DMPC + 20wt% halothane (LUV) 1.0 20.0
DPPC (LUV) 2.0 18.4

Table 4.1: Relaxation times and phenomenological constants at the transition midp oint of various studied
systems.

It can be summarized that the prediction from Grabitz et al. (2002) (seeeq. 3.31) that re-
laxation times are proportional to heat capacity is true for onecomponent lipid systemswith
and without addition of small moleculesand peptides. Addition of anesthetics,neurotrans-
mitters or antibiotics leadsto a decreaseof the maximum relaxation time and shifts the region
of slow relaxation processesto lower temperatures. The theory by Grabitz and collaborators
relatesrelaxation processesto 
uctuations in enthalpy. It is, however, not automatically clear
whether relaxation times from pressureperturbation experiments are equivalent to the time
scalesof enthalpy 
uctuations.

In the next section simulated temperature jump experiments are used for the study of the
in
uence of di�eren t temperature jump sizeson the relaxation behavior. These results can
be compared to the autocorrelations of simulated enthalpy traces. Later, this allows one to
discusswhether relaxation times from our pressureperturbation experiments are related to

uctuations in enthalpy and whether they give the sametime scale.

4.4.4 Temp erature Jump Exp erimen ts: Simulation

As it is shown in the previous section relaxation times and the respective heat capacities
display a linear relation. This is true for one component phospholipid systemsindependent
of the vesicle type, as well for one component phospholipid systems with the addition of
small moleculesor peptides. These results are explained by the introduced non-equilibrium
thermodynamics theory of Grabitz et al. (2002) (see also sec. 3.2). This theory relates

uctuations in enthalpy to relaxation processes.The experimentally determined relaxation
times are measured after pressure changes which result in rather big enthalpy changes.
Therefore, the question ariseswhether time scalesof the enthalpy 
uctuations and relaxation
times obtained after pressureperturbations are equal.
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Time Dep endence of Lipid Chain State Distribution

MC simulations using the introduced numerical model (seesec. 3.1.2) allow one to study
the di�erences of relaxation times as obtained from enthalpy 
uctuations in the equilibrium
and from enthalpy coursesafter a jump in temperature. Temperature changesare equivalent
to pressurechanges.

Figure 4.23: Snapshotsof the distribution of lipid chain state after a temperature jump. A one component

lipid system with � H = 13168J=(mol chain ), � S = 44:31 J=(mol chain K ) and an interaction parameter

of ! = 1269:94 J=(mol chain ) was equilibrated at a temperature of 290:0 K . At time t = 0 M C cycles the

temperature was increased to 297:1 K , so one jumps into the transition regime. Snapshots of the lipid chain

state distribution are plotted as a function of time. Ordered chains are painted red, whereas disordered are

green.

MC simulations alsoallow oneto follow the state distribution of the lipid chainswith time. A
onecomponent lipid systemwith � H = 13168J=(mol chain), � S = 44:31J=(mol chain K ),
! = 1269:94 J=(mol chain) and Tm = 297:1 K was chosen. The matrix size was set to
60 chains � 60 chains. After equilibration of the system the temperature was changed
from 290:0 K to 297:1 K . At time t = 0 M C cycles the lipid chains are mainly in the
ordered state. A jump into the transition regime leads to melting of lipid chains and to the
formation of domains of ordered and disordered lipid chains (see�g. 4.23). This is re
ected
by a characteristic time. Analyzing snapshots,however, does not allow one to determine a
relaxation time. One possibility is monitoring the time courseof the change in enthalpy or
the number of ordered or disorderedchains after a temperature jump.

Temp erature Jump Sim ulations: One Comp onent Lipid Mem brane

The samevaluesfor the enthalpy and entropy changeasabove wereusedto perform temper-
ature jump simulations with two di�eren t interaction parameters(! = 1186:24J=(mol chain)
and ! = 1269:94 J=(mol chain)). The matrix size was set to 60 chains � 60 chains. At
�rst 10000M C cycles were conducted to equilibrate the system. Then the simulation of the
equilibrated lipid system was performed. After another 200M C cycles the temperature was
changed to the transition midpoint temperature (Tm = 297:1 K ). The initial temperature
wasvaried. For each starting temperature �v e simulations werecarried out. Relaxation times
from thesesimulations were averaged.

One question to answer is whether the initial temperature hasan in
uence on the relaxation
time. In �g. 4.24 two enthalpy curvesafter a temperature changeare displayed. In this case
the interaction parameter equaled! = 1269:94J=(mol chain). The two starting temperatures
are above and below the transition midpoint temperature. In the one caseone jumps from
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Figure 4.24: Simulated temperature jump experiments. A one component lipid system with � H =

13168J=(mol chain ), � S = 44:31J=(mol chain K ) and an interaction parameter of ! = 1269:94J=(mol chain )

was used for the simulation of temperature jump experiments. Shown are results of jumps into the transition

midp oint from temperatures below (red) and above (blue) the transition regime. In the upper panel the en-

thalp y axis of the jump from 304:2 K to 297:1 K is reversed(right, upper axis), so one can easily compare the

time scalesof the two curves. The greencurve is the respective single exponential �t belonging to the enthalp y

course which was obtained after the jump from 304:2 K to 297:1 K .

the "so" (290:0 K ! 297:1 K ) and in the other casefrom the "ld" (304:2 K ! 297:1 K )
phaseinto the transition regime. This meansthat changing temperature leadsto an increase
(290:0 K ! 297:1 K ; bottom panel, red curve) or decrease(304:2 K ! 297:1 K ; bottom
panel, blue curve) in enthalpy. After the systemis relaxed into its equilibrium both enthalpy
curves 
uctuate as expected and required around the equilibrium value. The time scaleof
the relaxation seemsto be the same. For a better recognition the enthalpy axis of the jump
from the temperature above the transition midpoint is reversed(�g. 4.24 top panel).

The time development of the enthalpy curves can be described by a one component expo-
nential �t. The respective �t of the jump from 304:2K to 297:1K is displayed (green curve).
Averaging relaxation times from �v e simulations at the sameinitial temperature we found
times of 272� 123M Ccycles (290:0K ! 297:1K ) and 242� 62M Ccycles (304:2K ! 297:1K ).
The determined relaxation times are of the sameorder.

The deviations are possibly due to statistical uncertainties. This seemsthat averaging with
results from just �v e curvesis not su�cien t and averagingof more curveswould be necessary.
Becauseof the strong 
uctuations in enthalpy at the transition midpoint onesometimes�nds
ambiguous �tting results. This might explain that results from jumps with other starting
temperaturesresult in higher relaxation times like 323� 241M Ccycles or 345� 162M Ccycles.
Averagingall �tted relaxation times oneobtains a relaxation time of 289� 140M Ccycles. This
is in the time rangeof the relaxation time which is calculated from the autocorrelatedenthalpy
tracesasit is presented in sec.3.2. In the evaluation of the autocorrelation pro�les of enthalpy
tracesat a �xed temperature one�nds that at the transition midpoint (297:1K ) the relaxation
is ashigh as307� 2M C cycles. Relaxation times received from temperature jump simulations
and from autocorrelations of enthalpy traces presumably equal. This statement probably is
valid, even though the average relaxation time from the temperature jump simulations is
shorter, but shows a high standard deviation. The sameis true for the simulations conducted
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with a lower interaction parameter of ! = 1186:24 J=(mol chain). The relaxation time from
an autocorrelation curve of an enthalpy trace at 297:1 K is 71 � 2 M C cycles, whereasthe
averaged relaxation time from the temperature jump is 61 � 20 M C cycles. The obtained
relaxation times do not depend on the size of the lipid system (data not shown). This is
expected becausethe heat capacity value at one temperature is independent of the matrix
size5. If heat capacitiesare the samerelaxation times should also stay constant.

Figure 4.25: Temperature jump simulation of a two component lipid mixture. An equimolar DMPC:DSPC

system was chosento perform temperature jump experiments from di�eren t temperatures to a temperature of

303:6K . The temperature waschangedafter the �rst 500M C cyles in the equilibrated system. The whole trace

was followed over 0:5 � 106 M C cyles. (left ) After the temperature change the �rst 500M C cyles are displayed.

(right ) The trace is plotted over a longer time. One seesthat in all three casesthe enthalp y 
uctuates around

an equilibrium value at later times. There are long and short relaxation processes.

Due to statistical uncertainties one cannot make an unambiguous statement, but it
seemsthat relaxation times obtained from enthalpy 
uctuations in the equilibrium and
from temperature jumps equal each other. Relaxation times do not depend on starting
temperature. This means that our pressurejump experiments result in time scaleswhich
equal the onesof enthalpy 
uctuations in equilibrium.

Temp erature Jump Sim ulations: Binary Mixtures

Sofar wehavenot beenable to perform successfulsystematicexperiments on two component
lipid mixtures. Again using MC simulations we can mimic a pressurejump experiment on a
lipid mixture.

Temperature jump simulations were performed on a DMPC:DSPC 50 : 50 mixture. The
system sizewas chosento be 80chains � 80chains. Three initial temperatures were chosen
(295:0K , 310:0K and 325:0K ). After equilibration of the systemat the starting temperature,
temperatureswerenot changedfor the �rst 500M Ccyles. After that the system'stemperature
was instantaneously changed to 303:6 K and the enthalpy values were monitored up to a
time of 0:5 � 106 M C cylces. Results are plotted in �g. 4.25. In the left panel the enthalpy
developments for the �rst 500M C cycles after the temperature changecan be followed. In the
right panel the enthalpy courseis shown for 200000M C cycles. It is obvious that the enthalpy

5 This is at least true for matrix sizesbigger than a critical one (�nite size scaling; seesec. 4.1).



CHAPTER 4. RESULTS 94

curves cannot be �tted by one relaxation term. The enthalpy development during the �rst
500M C cycles after a temperature jump, however, can be described by a single exponential
�t. All three curves can be �tted with the sametime constant of about 40 M C cycles just
consideringthe �rst 500M C cycles after the change in temperature. We �nd, that after the
�rst 500M C cycles after the pressurejump in the two caseswhen jumping from outside of the
transition regimeinto it (295:0K to 303:6K and 325K to 303:6K ) enthalpy 
uctuations seem
to bearound the sameaverage. When jumping from a point in the transition regime(310:0K )
to the point at 303:6 K 
uctuations are around another averagedenthalpy. At long times all
enthalpy curves 
uctuate around the sameaveragedvalue of about 1212 J

mol chain . This one
is as anticipated equal to the averagevalue one �nds in equilibrium simulations. This means
that the relaxation behavior is more complex and it cannot be explained by one relaxation
process.At least one fast and one slow processexist. Evaluating the enthalpy curve after a
temperature jump doesnot give any unambiguous information. The statistics of the system
would require the evaluation of many simulations. Therefore, it is more favorable to study
the timescalesof enthalpy 
uctuations in the equilibrated systemthrough an autocorrelation
of enthalpy traces.

4.4.5 Relaxation Pro cessesof DMPC:DSPC Mixtures: Simulation

With the help of temperature jump simulations on binary lipid mixtures of DMPC:DSPC it
is found that the relaxation behavior of binary mixtures can be more complex than for one
component lipid systems(seeprevious section). The time scaleof enthalpy 
uctuations of
one component systemsis related to relaxation processes(seeprevious section and sec. 3.2).
Similarly to one component systems autocorrelation pro�les of 
uctuations in enthalpy of
two component lipid systemsin equilibrium can be used to study the behavior of relaxation
processes.

Dep endence of Relaxation Pro cesses on Temp erature

In the left panel of �g. 4.26the black curvesare autocorrelation pro�les of enthalpy tracesat
di�eren t temperaturesof a DMPC:DSPC 50 : 50mixtures (systemsize: 60chains� 60chains).
In each simulation 106 enthalpy data points were recorded and autocorrelated. The shapes
of the autocorrelation pro�les depend on temperature. The corresponding simulated heat
capacity pro�le (right panel of �g. 4.26) allows to �nd out that heat capacity values and
the phasestate at the four di�eren t temperatures di�er. At 290:5 K and 322:5 K the lipid
membrane is in the "so" or "ld" phase, respectively. The small values in heat capacity
mean that enthalpy 
uctuations are small. From the decay of the autocorrelation curvescan
be followed that 
uctuations are small and happen on a fast time scale. This changesat
temperatures when domains coexist (303:6 K and 309:7 K ). At a temperature of 303:6 K
the heat capacity is the highest comparing the valuesat the chosentemperatures. Therefore,
enthalpy 
uctuations are also the largest. The decay of the autocorrelation pro�le is the
slowest of the shown pro�les. Short and long relaxation processesmust be present. This is
alsotrue at a temperature of 309:7K . At this temperature, however, enthalpy 
uctuations are
not asstrong asat 303:6K and the autocorrelation pro�le decays faster. These�ndings agree
with the onesfrom the temperature jump simulations of a �nal temperature of 303:6 K (see
�g. 4.25). In our experiments we would probably monitor the fast process,since this one is
accompaniedwith a relatively strong changein enthalpy. The slower processresults in rather
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Figure 4.26: (left ) Auto correlation curves of enthalp y 
uctuations. Enthalp y traces of a DMPC:DSPC

50 : 50 mixture at di�eren t temperatures were autocorrelated. The pro�les show that relaxation processescan

be more complex than previously described. Phenomenologically, these curves can be �tted with one, two or

three relaxation times. Red curvesare respective �ts. Relaxation times can take up to about 2:7�104 M C cycles

(Hac et al., 2005). (right ) The simulated heat capacity pro�le of an equimolar DMPC:DSPC membrane is

displayed. Comparing the heat capacity values at the temperatures of the corresponding autocorrelation

pro�les one �nds that they di�er. At the temperature of the highest heat capacity value (303:6 K ) the

autocorrelation curve decays the slowest.

small enthalpy changes.The releaseor absorption of heat would therefore be stronger in the
�rst case.The releaseor absorption of heat is what we measurein our pressureperturbation
experiments.

Phenomenologically, we tried to �t the autocorrelation pro�les with one, two or three com-
ponent exponential �ts. The red curves in �g. 4.26 are the respective �ts of the simulated
pro�les. Fluorescenceintensity autocorrelation pro�les depend on the di�usion time scales
and the time scalesof chain state 
uctuations (see�g. 4.6). Fits using two di�usion compo-
nents or assuminganomalousdi�usion gain good �t results, but they do not allow a deeper
understanding of the underlying physics. This proposesthat oneshould take great care�tting
the enthalpy autocorrelation pro�les with phenomenologicalfunctions.

The autocorrelation curvesat 290:5 K and 322:5 K are described with a single exponential
term. At 290:5K the pro�le decays slowly at longer times. This decay is not consideredin the
�t. The pro�les at 309:7 K and 303:6 K are described by two or respective three exponential
terms. At a temperature of 309:7 K the �t might also suggest that at even longer times
a third term would give a better description. In the �rst hand, it is surprising that using
just two MC steps (changesin chain state and di�usion) three relaxation processesshall be
present. This might proposethat there are physical properties which lead to autocorrelation
pro�les which seemto re
ect more than two relaxation processes,which are actually not
present.

Di�usion and Fluctuations in Chain State

In an earlier section (see sec. 4.2) it is described that di�usion processesare sensitive to
variations in the ratio betweenchain state changesand di�usion steps. This was also tested
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Figure 4.27: Enthalp y correlation dependence on the rate of state changes and interaction parameters.

Enthalp y traces of an equimolar DMPC:DSPC system at 303:6 K were simulated. (left ) The ratio between

state changesand di�usion stepswas changed. (right ) The ratio was kept constant, but the ordered-disordered

interaction parameters were varied. Both e�ects in
uence the shape of the autocorrelation pro�le. Red curves

in both graphs are respective phenomenological �ts.

for autocorrelation pro�les of enthalpy 
uctuations. Enthalpy valueswererecordedeach time
the algorithm for the state changeswas �nished. Traces of a length of 1 � 106 M C cycles
were monitored and autocorrelated. The number of di�usion steps between state changes
was varied (1, 10 or 100). Simulations were performed on di�eren t systems(DMPC:DSPC
70 : 30, 50 : 50and 30 : 70) at various temperatures. From the comparisonof the experimental
with the simulated 
uorescence intensity autocorrelation pro�les we cannot draw a de�nite
conclusionabout the ratio of chain state changesto di�usion steps. It seemsthat the ratio is
rather 1 : 100 or 1 : 1000instead of 1 : 1.

The black curvesin the left panel of �g. 4.27wereobtained from simulations of an equimolar
DMPC:DSPC mixture at 303:6 K . They show that the shape of the enthalpy autocorrela-
tion pro�le is dependent on the rate of di�usion steps and the rate of chain state changes.
Relaxation processesare in
uenced by the rates of the two steps.

Phenomenological�ts show that found fast time scalesare independent of the di�usion rate,
where relaxation on longer time scalesis in
uenced by the ratio of the two MC steps.

As mentioned beforetemperature jump simulations to a �nal temperature of 303:6 K show
that there is a fast processresulting in relatively big enthalpy changesand a slow process
accompaniedwith small changes.After the fast relaxation enthalpies start to 
uctuate around
an averagewhich dependson the initial temperature. However, at long times all traces show

uctuations around the sameaverage, which is independent of the temperature before the
jump (see�g. 4.25). In this context it seemsthat the fast relaxation processis due to changes
in chain state. The slow relaxation processis dominated by di�usion.

The heat capacity pro�le of �g. 4.26 was calculated from simulations with the parameters
as they are neededfor the description of the experimentally measuredphasebehavior of the
DMPC:DSPC system. Reducing the ordered-disorderedinteraction parameters to 90 % or
80% of the actual values(seetable 3.1) lead to a broadeningof the heat capacity pro�le (see
�g. 4.28). At a temperature of 303:6 K this means that the respective heat capacities get
smaller with decreasinginteraction parameters. From the 
uctuation-dissipation theorem
it automatically follows that macroscopic
uctuations becomesmaller too. From the right
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Figure 4.28: Heat capacity pro�les of an equimolar DMPC:DSPC mixture with di�eren t ordered-disordered

interaction parameters. Lowering the interaction parameters between ordered and disordered chains to 90%

or 80% of their original values (see table 3.1) a�ects the melting pro�le. The pro�le broadens with lower

interaction parameters and therefore the maximum values decrease.Higher interaction parameters mean that

contacts between ordered and disordered chains are less favorable than with lower parameters.

panel of �g. 4.27 it follows that relaxation processesbecomefaster. It is also found that the
time scalesof the two relaxation processesget closer to each other, which can be seenfrom
the curve from the simulation with interaction parameters reducedto 80%. The pro�le can
be described by one relaxation time. This and the �nding that curvescan be �tted assuming
one,two or three exponential terms suggestthat the relaxation processescannot beseparated.

Fluctuations in the Fraction of Disordered Lipid Chains

Macroscopic 
uctuations in enthalpy are related to the fraction of disordered lipid chains.
In the MC simulation one can also directly count the total number of disordered chains or
di�eren tiate between the two lipid species. In �g. 4.29 the fractions of disordered DMPC
and DSPC lipid chains of a DMPC:DSPC 50 : 50 mixture at 303:6K are plotted. Interaction
parameters are the original ones of table 3.1 and the ratio of state changes to di�usion
steps was set to 1 : 1. The strength of 
uctuations in the fraction of disordered lipid
chains of DMPC and DSPC di�er. The fraction of disordered chains of the DMPC lipids

uctuates stronger than the one of the DSPC chains. DMPC membranes melt at lower
temperatures than DSPC ones. Therefore, in the vicinit y of the �rst peak of the heat
capacity pro�le mainly DMPC chains melt. The �rst maximum of the heat capacity pro�le
of a DMPC:DSPC mixture is at 303:2 K . Therefore, at a temperature of 303:6 K DMPC
chain state 
uctuations are stronger. It can be shown that this changesat the secondheat
capacity peak (Seeger, 2002). Analyzing the autocorrelation pro�les of the 
uid fractions
one �nds that the relaxation properties of both lipid speciesare the same and they agree
with the onesobtained from the enthalpy 
uctuations.
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Figure 4.29: Fraction of disordered DMPC and DSPC chains. From the simulations one can extract in-

formation about the fraction of disordered chains. Here, the fractions of DMPC and DSPC disordered lipid

chains were obtained from a simulation of a DMPC:DSPC 50 : 50 mixture at 303:6 K . The ratio between

state changesand di�usion steps was set to 1 : 1. The ordered-disordered interaction parameters equaled the

original set of parameters.The strength of the 
uctuations di�ers. The fraction of disordered DMPC chains


uctuates stronger.

Summary

It is found that the relaxation behavior of lipid mixtures is more complex than the one
of one component lipid systems. A fast relaxation processis due to changesin chain state,
where a slow one is di�usion controlled. Theseprocessescannot be seenindependently from
each other. Phenomenological�tting of the autocorrelation pro�les is successful,but doesnot
allow a correct description of the underlying physical principles. The two relaxation processes
cannot be separated. High values in heat capacity indicate strong and slow 
uctuations in
enthalpy.

4.5 Domain Formation and Fluctuations in Lipid Mem branes

One advantage of applying MC simulations to the study of the phase behavior of lipid
systemsis that one does not only obtain information about thermodynamical averages,but
one can also deduceinformation about the distribution of lipid chain states and 
uctuations
in chain state (see�g. 4.30). The lipid chain state distribution givesthe matrix con�guration
during one particular MC cycle. Local 
uctuations in chain state are an averageproperty.
They are calculated by assigninga state parameter S(i; j; t) to chain, (i; j ), at time, t, and
calculating the mean square deviation. Values of S(i; j; t) = 0 and S(i; j; t) = 1 are given
to an ordered and disordered chain, respectively. Fluctuations can assumevalues between
0:25 and 0. In the snapshotsof local 
uctuations large 
uctuations are indicated through
a yellow color, where low ones are black. Simulations were performed with an equimolar
DMPC:DSPC mixture of size80chains � 80chains at various temperatures. At each of the
temperatures simulations were run with three di�eren t setsof ordered-disorderedinteraction
parameters. They were set to 100%(�g. 4.30 top), 90% (�g. 4.30 center) and 80% (�g. 4.30



CHAPTER 4. RESULTS 99

Figure 4.30: Dependenceof 
uctuations and the lipid chain state distribution on temperature and ordered-

disordered interaction parameters. The lipid chain state distribution and the respective 
uctuations were

obtained from simulations of an equimolar DMPC:DSPC lipid system. The matrix sizewas set to 80chains �

80chains . Simulations were performed at di�eren t temperatures. Interaction parameters betweenordered and

disordered lipid chains were set to 100% (top), 90 % (center) and 80 % (bottom) of the original values (see

table 3.1). Local 
uctuations of a distribution snapshot are plotted below the lipid chain state distribution.

In the snapshots of the lipid chain state distribution ordered chains are indicated through red colors, where

disordered chains are painted green. The lighter color represents DMPC lipid chains, the darker ones DSPC

lipid chains. Large 
uctuations are yellow, small onesblack and intermediate onesred (Seegeret al., 2005).

bottom) of the original values which are needed to describe the experimentally measured
heat capacity pro�les (seetable 3.1). Changedinteraction parametersmimic e�ects of small
moleculeslike general anesthetics or neurotransmitters (see �g. 4.10). As it is shown in a
previous section heat capacity pro�les depend on the choice of interaction parameters (see
�g. 4.7 and 4.28). Pro�les broaden reducing ordered-disordered interaction parameters,
unlike-state nearestneighbor contacts becomemore favorable. Fig. 4.28 shows the simulated
heat capacity pro�les of the three sets of interaction parameters. At temperatures of
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302:0 K , 303:0 K , 317:0 K and 319:0 K heat capacity values decreasewith reducing the
ordered-disorderedinteraction parameters. This meansthat 
uctuations in enthalpy become
smaller. Here, it is important to point out that there is a di�erence between 
uctuations
in enthalpy and 
uctuations in chain state. The �rst kind of 
uctuation is a macroscopic
property of the system,wherethe secondkind of 
uctuation (asseenin �g. 4.30) is a local one.

Temp erature Dep endence and Dep endence on In teractions of Ordered and
Disordered Lipid Chains

Macroscopic phase separation can be found in the intermediate temperature regime per-
forming simulations with the ordered-disorderedinteraction parameter set which is needed
for the description of the experimentally determined phase behavior of the DMPC:DSPC
system. Only one large domain of ordered and one of disordered lipid chains is present. At
temperatures closeto the heat capacity maxima (T = 303:2 K and T = 317:5 K ) one �nds
that one of the two phasesdominates and lipid chains of opposite chain state form domains
smaller than system size. Small domains can be found in macroscopicdomains, in general.
Thesedomains are characterized by large 
uctuations. It is also found that 
uctuations are
enhancedat domain boundaries. Fluctuations in domainsof disorderedlipid chains are larger
than in domains of ordered chains. This gets evident from comparing 
uctuation snapshots
at 290:0 K and 330:0 K . It should also be noted that the di�eren t lipid speciesdo not order
randomly in the casethat chains are of samestate. Domains of di�eren t lipid chain species
are present.

A reduction in interaction parametersof ordered-disorderedcontacts leadsto an increaseof
domain boundariesand in total to a di�eren t domain pattern. Microscopic phaseseparation
is present. Fluctuations in chain state becomeenhanced.As mentioned heat capacitiesdi�er
using the three di�eren t setsof ordered-disorderinteraction parameters,such do macroscopic
enthalpy 
uctuations. At temperaturesof 302:0K , 303:0K , 317:0K and 319:0K 
uctuations
in enthalpy are stronger the higher interaction parameters. Local 
uctuations in chain
state, however, are increased if ordered-disordered interaction parameters are smaller.
This becomesevident from comparing the 
uctuation snapshots of �g. 4.30 at the same
temperature, but di�eren t ordered-disorderedinteraction parameters.

Dep endence of Domain Sizes on System Size

The impact of changed interaction parameters gets even more evident performing sim-
ulations at one temperature, but with di�eren t simulation matrix sizes. These were done
on a DMPC:DSPC 50 : 50 mixture for the given three parameter sets at a temperature
of 310K . System sizeswere varied to be 30 chains � 30 chains, 60 chains � 60 chains,
120 chains � 120 chains and 180 chains � 180 chains. If one �nds macroscopicdomains
formation an increase of the simulation matrix automatically leads to an increase of the
macroscopicdomains. They stay on the size of the whole matrix. This also meansthat the
relative proportion of domain boundary decreases. Local 
uctuations decreaserelatively,
since these are enlarged at domain interfaces. Reduced ordered-disordered interaction
parameters lead to microscopic phaseseparation. The domain pattern does not depend on
the sizeof the simulation matrix. Fluctuation properties di�er too. Due to a decreaseof the
interfacial boundaries in the caseof macroscopicdomain separation one �nds that 
uctua-
tions do not dominate the system. Lower interaction parameters result in a domain pattern
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Figure 4.31: Snapshots of the lipid chain state distribution and 
uctuations at di�eren t matrix sizes

(30 chains � 30 chains , 60 chains � 60 chains , 120 chains � 120 chains , 180 chains � 180 chains ). At a

temperature of 310K simulations of a DMPC:DSPC 50 : 50 mixture were performed. The left column shows

the snapshots of the lipid chain state distribution. Ordered chains are red, disordered ones green. Lighter

colors indicate DMPC lipid chains and the darker onesDSPC lipid chains. The belonging 
uctuations can be

found in the right column. Low 
uctuations are drawn black and large ones yellow. The ordered-disordered

interaction parameters were varied (100% (top), 90% (center) and 80% (bottom) of the interaction parameters

of table 3.1). In the caseof high interaction parameters domains grow with matrix size. Macroscopic phase

separation gets lost with decreasing ordered-disordered parameters. In the latter case local 
uctuations in

chain state dominate the matrix (Seegeret al., 2005).

which inducesstrong local 
uctuations which dominate the matrix. This is already obvious
for the system with a reduction to 90% of the interaction parameter valuesof table 3.1, it is
even clearer with parameters lowered to 80%. In the latter casethe whole matrix is dom-
inated by strong local 
uctuations due to an almost total lossof large-scaledomain formation.

Summary

Small changesin ordered-disorderedinteraction parametershave strong implications on the
distribution of lipid chain state and local 
uctuation properties of lipid membranes. Domain
formation happenson di�eren t length scales.Macroscopicand microscopicphaseseparation
canbefound, dependent on temperature and the interaction of unlike-statelipid chains. Local
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uctuations are enhancedat domain boundaries. A loss of large scale domains formation
leads to a dominance of local 
uctuations. Not only domain formation properties describe
the physics,but also 
uctuations enter the picture.

Domain formation depends on temperature, composition and the addition of small
molecules. These processesare interesting since they are related to the di�usion and re-
laxation behavior, as described in previous sectionsof this chapter.



Chapter 5

Discussion

The purposeof this thesis was to achieve a deeper understanding of melting transitions and
accompanying in
uences on various physical properties in arti�cial membranesthrough both
experiments and simulations. The emphasisis put on di�usion, relaxation, domain formation
and 
uctuation processes. Experimental techniques are mainly based on calorimetry, but
also results from FCS are used. The latter oneswere performed by A. Hac and described in
detail in Hac (2004). A numerical model accompaniesthe experimental results. Molecules
like general anesthetics, neurotransmitters or antibiotics in
uence the melting behavior of
arti�cial phospholipid membranesand therein a�ect domain formation, 
uctuations and also
the di�usion and relaxation behavior.

The model is able to describe and predict measured
uorescenceintensity autocorrelation
pro�les. It has already beenpart of my master's thesis (Seeger(2002)), but the model went
through some further re�nements and extensions in the context of this work. Further it
is found that di�usion depends on domain formation and time scalesand the strength of

uctuations in chain state.

From our experimental and numerical studies it becomesevident that relaxation times
are related to macroscopic 
uctuations in enthalpy. In the proximit y of phase transitions

uctuations in enthalpy enhanceand happen on longer time scales. Hence, changesin the
melting behavior have an impact on relaxation processes.

Finally, a pure theoretical study is concernedwith domain formation on di�eren t length
scalesand 
uctuations in chain state. Addition of anestheticsor neurotransmitter lead to a
di�eren t domain pattern. Macroscopicenthalpy 
uctuations diminish, but local 
uctuations
in chain state becomelarger. A complete physical picture of domain formation must include
domain structure and 
uctuations.

In the �rst part of this chapter the presented results and their relationship is discussed.
Next, the relevanceof thesestudies for biological membranes is illustrated. The �nal section
of this thesisdealswith suggestionsabout new research perspectivesin the topic of biological
membranesand the triggering of the physiology of biomembranesby physical mechanisms.

5.1 Discussion of Results

Heterogeneitiesin biological membranes are believed to be important in biological function
(Chapman, 1971; Tr•auble, 1971; Sackmann, 1984; Brown and London, 1998). In biomem-
branes di�eren t kinds of domains can be induced through processessuch as protein aggre-
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gation or lipid domain formation. In this thesis the focus is put on lipid domain formation.
Equilibrium and non-equilibrium experimental studies were carried out including di�usion
studies, di�eren tial scanningcalorimetry and pressureperturbation calorimetry. A numerical
two state model as introduced by Sugar et al. (1999) was re�ned for a further evaluation of
the experimental data. At �rst, a discussionof the model's possibility in describing the phase
behavior of a two component lipid system and its limitations are given. Then the results
about di�usion properties in a two component lipid systemare explained and comparedwith
previous studies. The next section dealswith the in
uence of anesthetics,neurotransmitters
and antibiotics on melting pro�les of phospholipid membranes. Implications on biological
function due to a change of the melting behavior are suggested. Then the �ndings on the
relaxation behavior of arti�cial membranes are discussedand compared to previous studies
as they are reviewed in sec.1.4. Domain sizes,their dependenceon order-disorder interac-
tion parametersand accompanying 
uctuations are disputed, as well. The discussionof the
presented results endswith a short summary, which intends to explain that all investigated
processescannot be seenindependently.

5.1.1 Mo deling of Melting Pro cessesin a Tw o Comp onent Lipid System

Sugar et al. (1999) introduceda two state model of chain state in order to describe the phase
behavior of a DMPC:DSPC membrane system. Lipid chains are arranged on a hexagonal
lattice and just nearestneighbor interactions are accounted. Rotations of neighboring lipids
and lipid exchangeof neighboring or distant (non-physical exchange) lipids are incorporated.
Sugar et al. (1999) alsousedthe model for the analysisof geometricalproperties of clustering
of ordered and disorderedchains (Sugar et al., 2001). We have re�ned the model by limiting
lipid chain exchange to the swapping of neighboring lipids. Our model also includes di�er-
encesof the rate of di�usion in the \so" and \ld" phase. The model allows the calculation of
heat capacities. Changesin the simulation details, like another de�nition of the Monte Carlo
cycle, must not lead to other results in heat capacity, since this would mean a violation of
detailed balance. It was veri�ed that various de�nitions of the Monte Carlo cycle lead to the
sameheat capacity pro�les.

Considerations about Sources of Error

The model requiresthe determination of ten parameterswhich just depend on the usedlipid
speciesand must not di�er usingdi�eren t lipid compositions. All parameterscanbeestimated
directly or indirectly from measuredheat capacity pro�les. A comparisonof experimental and
simulated heat capacity pro�les shows that they agree. Small deviations can be monitored
at the low temperature and high temperature regime of the transition and in the regime of
phasecoexistence. In the latter casecalculated heat capacity valuesare always slightly lower
than the measuredones. In the �rst caseone �nds that in the simulation melting processes
start at lower temperatures and end at higher temperatures. This is indicated through a
smoother increaseof simulated heat capacity pro�les. Still using tangents on the lower and
upper temperature limits of the � cp-pro�les one�nds that the two determinedphasediagrams
agreewell.

Inconsistenciesamong of heat capacity pro�les and phase diagrams can be explained by
the strong simpli�ed model, the limitation in determining a perfect set of parameters and
experimental errors. Experimental errors canbedue to uncertainties in the weighting process,
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the mixing processof the two lipid solutionswhendissolved in organicsolvent and the addition
of the bu�er solution to the dried lipids. This again meansthat the parameters applied in
the simulations are inexact. Better accuracy of the parameters used would lead to a better
description. Limits of the model are the strong simpli�cation using a two state model of chain
state, arranging lipid chains on a lattice and neglectionof topologicale�ects like the formation
of the ripple phase. In suspensionsof multilamellar vesiclesone �nds a pre-transition from
the "so" to the ripple phaseor vice versa. In the ripple phaseline defectsof disorderedlipids
are present. This transition happensat a temperature well below the one of the main phase
transition.

Limiting the number of chain states to an ordered or disordered con�guration does not
correspond to the experimental situation. Simulations with ten states of chain order do
not show any advantage in the description of macroscopicproperties like heat capacity or
macroscopic 
uctuations. They are favorable in studies describing microscopic properties
(Pink et al., 1980).

The used model is based on arranging lipid chains on a hexagonal lattice structure. It
is, however, well known that lipid membranes lose their lateral order throughout a melting
process(Janiak et al., 1979).

Determined experimental heat capacity pro�les are measured on multilamellar vesicles,
which show besides the main phase transition a pre-transition at lower temperatures.
Heimburg (2000) has presented a model which includes coupling of the two monolayers of
a bilayer and curvature. With this model the pre-transition, as well as the main transition
are successfullydescribed. Our model is not su�cien t for a description of the pre-transition.

Even though the model hasconsiderablesimpli�cations, it is still able to describe the phase
behavior of a two component lipid systemin our casea DMPC:DSPC lipid system. Therefore,
it seemsthat it is valid to useit in studying di�usion, relaxation and 
uctuation properties.

5.1.2 Di�usion in Planar Mem branes

Experimental determined FCS autocorrelation pro�les (measuredby A. Hac; seeHac (2004))
are well predicted by the introduced minimalistic numerical model. Deviations are due to
experimental problems like the scattering in gained autocorrelation curvesat the samelipid
composition and temperature (see�g. 4.3) or due to the simpli�ed model. The emphasisof
this thesis is the modeling of the di�usion processes.Therefore, further on the experimental
problems are not discussedand the reader is referred to Hac (2004).

The Mo del

The modeling of di�usion processesis basedon the exchange or a rotational movement of
two neighboring lipids. In the �rst casefour lipid chains are involved, in the secondtwo.
A microviscosity is introduced which models the di�erence between di�usion in a "so" and
"ld" membrane. At domain boundarieslipids have an environment of orderedand disordered
lipids. Therefore, it is assumedthat lipid exchangerates display an intermediate behavior at
domain interfaces. At theseelasticconstants might be increasedbecauseof strong 
uctuations
(Ivanova et al., 2003). This may lead to defect formation and di�usion becauseof a defect
mechanism. There is, however, a lack in experimental data, sothis possibility is not considered
in our model.

Chains are arranged on a hexagonal lattice at all temperatures. This is not true in an
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experimental situation since melting of a lipid membrane includes melting of the lipid and
the lattice structure (Janiak et al., 1979). The melting of the lattice structure, however, is
re
ected in the choice of the di�usion barrier as introduced in eq. 3.16.

A further problem is that the experimental di�usion studies were performed on stacks of
bilayers which form a ripple phase. A pre-transition from the "so" to ripple phasehappens
several degreesbelow the main phase transition. The latter is characterized through the
formation of line defects of disordered lipids (Heimburg, 2000). It has been suggestedthat
di�usion in an arti�cial membrane in the ripple phaseis along defects(Schneider et al., 1983).
The usedmodel, however, cannot describe the ripple phase. The experimental results might
be in
uenced by di�usion along line defects. In the model this again is depicted through the
choice of the activation barrier.

All this suggeststhat the model is a strong simpli�cation which might turn out to be
oversimpli�ed in the long run. It fails in the microscopic description. The strength of our
MC simulation lies in the description of macroscopicproperties, as it is successfullyshown
in this study.

Comparison to Previous Studies

In the past mainly phenomenologicalfreevolume theorieshave beenusedfor the description
of lipid di�usion (Galla et al., 1979; Vaz et al., 1985; Clegg and Vaz, 1985). In recent years
Molecular Dynamics simulations have becomepopular (B•ockmann et al., 2003; Falck et al.,
2004). The latter method is based on �rst principles, but simulation times are limited to
roughly 100ns. Studying di�usion processesin this time regime has to be regarded as not
su�cien t if no direct comparisonsto experiments can be made. Sugar and Biltonen (2005)
have used the samemodel as we, but they varied the size of a di�usion step basedon free
volume considerations. Our model using a phenomenologicalmicroviscosity and the free
volume approach can be translated into each other. E.g. in the caseof di�usion in a "so"
phase,the free volume is small and the di�usion rate in our simulation is decreased.Neither
of the two approaches can be favored over the other. Both models, however, have presently
an advantage over Molecular Dynamics simulations, becauseof their possibility to describing
di�usion processesover longer time scales.

The introduced model might be an oversimpli�cation. Still, it is successfulpredicting
experimental 
uorescence intensity autocorrelation pro�les (see �g. 4.2). This allows us to
believe that additional results from simulations could be valid for the experimental system.
One objection might be that the simulated and the experimental systems are of di�eren t
size. As it is shown in �g. 4.4 the autocorrelation curves from simulations do probably not
depend on the choice of matrix size, and if they do the e�ect is minor. Deviations of the
pro�les simulated with di�eren t matrix sizescan be explained by a lack of di�usion data
especially in the caseof the biggest matrix size.

Timescales in the Sim ulation

Monte Carlo simulations allow us to change the timescalesof 
uctuations in state change
and di�usion steps. It is shown that di�eren t timescales in
uence 
uorescence intensity
autocorrelation pro�les (see�g. 4.5). Due to the scattering in the experimental data we are
not able to determine the most probable ratio between di�usion and relaxation time scales,
even though it is hidden in the experimental curves. Superposition of di�usion processesin
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the "so" and "ld" phasesfails in describing measuredautocorrelation pro�les in the case
of ordered/disordered domain coexistence (see �g. 4.5). This suggeststhat experimental
pro�les contain information which is not re
ected in the superposition of di�usion processes
in the pure phases.We suggestthat this is becausethe di�usion properties are in
uenced by

uctuations in chain state.

Korlach et al. (1999) measureddi�usion processesin LUVs of di�eren t DLPC:DPPC com-
positions with FCS. They evaluated their data by �tting oneor two di�usion processes.They
assumedthat there might be a fast and a slow di�using component. Interestingly, the fast
di�usion constants di�ered when di�using in a pure "ld" membrane or in the phasecoexis-
tenceregime. Theseresults wereveri�ed by studieson supported stacks of DLPC:DPPC and
DMPC:DSPC bilayers (Hac, 2004). In the latter caseit was found that in the coexistence
regime di�usion of the slower di�using component is faster in comparisonto di�usion in the
pure "so" phase. Applying the same �t algorithm using two di�using components to our
simulated 
uorescence intensity autocorrelation pro�les reveals that di�usion times of the
slow and fast di�usion component depend on the timescalesof 
uctuations in chain state and
di�usion steps. They do not equal di�usion times in the pure phases.As in the experimental
systems,di�usion of the slow component is faster and the di�usion of the fast component
becomesslower. These results question the validit y of interpreting autocorrelation pro�les
of measurements in the phasecoexistenceregime purely by meansof fast and slow di�usion
component. Instead, autocorrelation curves depend on the time scalesof state changesand
di�usion steps.

Measured and simulated autocorrelation pro�les can also be �tted applying a �t with an
anomalousdi�usion term (Schwille et al., 1999). In our study, simulated pro�les are equally
well �tted using two di�using components or anomalousdi�usion. The ratio between chain
state changesand di�usion steps in
uences also the di�usion time � and the exponent � .
The di�usion time and the exponent decreasewith a slower rate of chain state changes.
It is also explained that the choice of order-disorder interaction parameters in
uences the
mean di�usion time and the exponent � (see�g. 4.8). In the domain coexistenceregion it
is found that on the length scaleof the focus the anomalousdi�usion coe�cien t increases
with decreasinginteraction parameters, so in some casesdi�usion even gets normal. This
can be understood as being due to the labeled chain's 
uctuations in chain state during
the time in the focus. With smaller interaction parameters local 
uctuations in chain state
dominate the membrane system(see�g. 4.30and �g. 4.31). Calculating averagedchain states
one �nds that on averagethe whole matrix is occupied by chains of almost the samechain
order and the averagesystemis closeto being homogenous(data not shown). In other cases,
with bigger interaction parameters, the distribution of averagedchain states shows a higher
degreeof heterogeneity (data not shown) sincelocal 
uctuations are not dominant. They are
enhancedat domain interfaces and small domains also show strong local 
uctuations. The
same is true for comparing results from di�eren t ratios of chain state changesto di�usion
steps. With slower local 
uctuations and longer domain life times di�using lipids experience
more hindrances. Again, this means that measuredautocorrelation pro�les give indirectly
information about local 
uctuations of the lipid membrane. A �nding about underlying
physical processeswhich cannot be found by only using phenomenological�t procedures,
assuminga fast and a slow di�using component or anomalousdi�usion. With the help of
our simulations we are able to interpret the experimental autocorrelation pro�les in their full
complexity.

Theoretical studies about anomalousdi�usion in biological membranes were mainly done
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by M. Saxton. Hard-core lattice models were used. Di�eren t kinds of obstacleswere de�ned
and the in
uence on di�usion properties could be studied. The pure presenceof obstacles
might induce anomalous di�usion (Saxton, 1994), but also binding in
uences di�usion
properties (Saxton, 1996). A shortcoming of Saxton's works, however, is that they are not
dependent on temperature and that they do not depict situations in a real membrane. This
is the strength of the presented model. It describes thermodynamical averagesof arti�cial
lipid membranescorrectly and heterogeneitiesarise from the physics of the lipid membrane.
Before the publication of parts of this study (Hac et al., 2005) one theoretical paper about
di�usion in a lipid/sterol system based on thermodynamics information was published
(Polson et al., 2001). Recently, Sugar and Biltonen (2005) useda similar model. Our study,
however, has the advantage of direct comparisonto experiments.

Summary and Conclusion

The strength of this study lies in a combination of numerical and experimental 1 results.
Neededparameters for the description of the phasebehavior are taken from calorimetric ex-
periments. Di�erences betweendi�usion in the pure phasesare consideredthrough intro duc-
ing a microviscosity. The parameter which is neededfor implementing di�erences of di�usion
in \so" and \ld" membranes is again obtained from a comparisonto FCS experiments. Our
Monte Carlo simulations can predict the expectedexperimental di�usion behavior. Simulated
and measuredpro�les agreewell. This allows us to gain information from the simulations
and from theseconclusionsabout the physicsof the experimental arti�cial membrane system
can be drawn. It is found that 
uctuations have a great in
uence on the di�usion behavior
of two component lipid membranes. It is also shown that one has to be careful with applying
phenomenological�t routines to the analysis of experimental 
uorescenceintensity autocor-
relation curves,sincethey do not necessarilyreveal a deepinsight on the underlying physical
mechanisms.

5.1.3 Melting Pro�les of Arti�cial Mem branes

Phospholipid membranes display a melting transition from a highly ordered to a highly
disorderedstate at physiological relevant temperatures. Details like the transition midpoint
and the cooperativit y of the transition depend on e.g. the kind of lipid, chain length,
degreeof saturation, vesicletype, pH, ion concentration and pressure. Addition of non-lipid
moleculesin
uence the melting behavior. In this thesis it is shown that general anesthetics
(1-octanol, halothane), neurotransmitters (serotonin) and peptides (gramicidin A) shift the
temperature regime towards smaller temperatures and broaden the pro�le.

The An tibiotic Gramicidin A

Gramicidin A is a channel forming peptide which acts as an antibiotic. From its in
uence
on the melting behavior one can deducethat gramicidin A clusters and 
uctuations increase
in the vicinit y of the peptide clusters (Ivanova et al., 2003). It decreasesthe permeability of
phospholipid towards the 
uorescence marker rhodamine (Makarov, 2005). It is, however,
known as forming cation speci�c pores(Gennis, 1989).

1 The experimental work on di�usion properties was performed by A. Hac (Hac, 2004).
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The Neurotransmitter Serotonin

Here, the in
uence of the neurotransmitter serotonin on the melting behavior waspresented.
The same behavior is found for other neurotransmitters (Pollakowski, 2003). The general
consensusof the action of neurotransmitters is that they act on proteins. In somediseaseslike
schizophrenia the phospholipid metabolism is perturb ed (Peet et al., 1999). This suggests
that not just proteins, but also the lipid membrane needsto be consideredexplaining the
function of neuronal systems. Pollakowski (2003) speculates that neurotransmitter change
the state of neuronal membranesand act indirectly on channel protein activit y.

The General Anesthetics 1-Octanol and Halothane

Anesthetics like 1-octanol and halothane in
uence the melting behavior of phos-
pholipid membranes. In this study it has been veri�ed on DMPC membranes.
Mengel and Christiansen (2005) have analyzedthe behavior of the samealcoholson the melt-
ing behavior of DPPC lipid vesicles.They could relate the shift in melting temperature and
clinical concentrations with each other. Alcohols do not completely dissolve in the lipid mem-
brane, but partition in the lipid and the water phase. 1-octanol partitions stronger in the
lipid membrane than halothane. The clinical concentration of halothane is about a factor of 4
higher. In their experiments Mengel and Christiansen (2005) neededabout a 7 times higher
concentration of halothane to yield the same shift in melting temperature. It has already
beenshown that the higher the anestheticpotency of solutesthe more they shift the melting
temperature (Kharakoz, 2001). Heimburg and Jackson (2006) try to relate a recently pub-
lished theory on soliton propagation in nerve membranes(Heimburg and Jackson, 2005) and
the decreaseof melting temperature with generalanesthesia.In their view a nerve pulse is a
soliton. They claim that a reduction in melting temperature meansan increaseof the thresh-
old of soliton propagation. The theory by Heimburg and Jackson challengesthe acceptedone
of Hodgkin and Huxley (1952).

Knowing the partition coe�cien t of 1-octanol in DPPC (P = 200; see (Jain and Wray,
1978)) they can calculate the molar ratio of 1-octanol in the lipid membrane. They can
determine the shift in transition temperature using:

� Tm = �
RT2

m

� H0
x; (5.1)

with � Tm the change in melting temperature, Tm the melting temperature, R the gas
constant, � H 0 the transition enthalpy and x the molar ratio of the anesthetic. We can
perform the sameanalysis,sincethe partition coe�cien t of 1-octanol in DMPC membranesto
our knowledgehas not beendetermined. Taking the samepartition coe�cien t as the one for
DPPC membranes, calculating with it the concentration of 1-octanol in the membrane and
applying the whole to eq. 5.1 one estimates the expected shift of the melting temperature.
The obtained values are, however, in all caseshigher than the measured shifts. From
theoretical considerations on the partition of ethanol in binary lipid mixtures it is known
that alcohols partition di�eren tly well in di�eren t lipid environments (Cantor , 2001a). It
should be noted that partition coe�cien ts increasein the transition regime with a maximum
at the transition midpoint (Trandum et al., 1999). For a �nal discussionthe determination
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of the partition coe�cien t is needed.

Summary and Conclusion

Interestingly, all three groups of molecules(anesthetics,neurotransmitters, antibiotics) in-

uence the melting behavior of lipid membranes. In this way, they also change other phys-
ical properties like di�usion properties, relaxation behavior, domain structure and local and
macroscopic 
uctuation properties. This e.g. in
uences permeability (Makarov, 2005) or
elastic constants (Heimburg, 1998), which are coupled to 
uctuations.

5.1.4 Relaxation Time Measuremen ts

Pressureperturbation calorimetry is used to study relaxation phenomenaof domain forma-
tion processesin arti�cial membranes. Systemsrange from one component lipid systemsof
di�eren t vesicle type to one component lipid systems with addition of anesthetics, neuro-
transmitters or antibiotics. Relaxation processesare monitored by measuringthe calorimeter
responseof the VP-DSC or following the temperature courseof the sample solution after a
changein pressure.The �rst method givesa time resolution of about 3 � 4 s and the second
method one below 500ms.

All measurements re
ect a linear relation between relaxation times and the respective
excessheat capacities(see�gs. 4.15, 4.17, 4.18, 4.19 and 4.21). This is an interesting �nding
sincemembranesof di�eren t lipid speciesmelt at di�eren t temperatures, the half width and
melting temperature of the transition depends on the type of vesicle and on addition of
other non-phospholipid molecules. Through Monte Carlo simulations and a non-equilibrium
thermodynamics theory one can relate these relaxation times to cooperative 
uctuations in
enthalpy (Grabitz et al., 2002). Relaxation times are a function of the �nal temperature.

Evaluation of the Calorimeter Resp onse

As mentioned method one usesthe responseof a calorimeter to keepthe temperature con-
stant after a change in pressure. The strength of the lipid signal depends on the point of
transition one jumps to and the lipid concentration. The latter one needsto be high enough
sothat the lipid signal is strong enoughin comparisonto the perturbation signal, which arises
from the setup. On the other hand it should not be too high. This is becausethe calorimeter
needsto compensatethe heat releaseor absorption. If it is too high the calorimeter fails in
its compensation and the temperature cannot be kept constant. This is especially a problem
after positive pressurejumps (ppjs), when the calorimeter needsto cool which is slow.

The heat compensation of the calorimeter is not perfect and after a pressure jump the
sample's temperature changes,which again is compensatedwith time. The phasebehavior
at the maximal and minimal temperature are di�eren t. How much it di�ers depends on
the di�erence between the maximal and minimal temperature and the cooperativit y of the
melting transition. At temperatures in betweenthe both extremesthe phasebehavior might
again vary. If temperature changesare small thesedi�erences are, becauseof the 
uctuations
of the system, not distinguishable. The calorimeter responsecan be analyzed in this case.
This is di�eren t when temperature changesare big. Then the system is not in a de�ned
state. The relaxation behavior of the systemchangeswith time and the measuredrelaxation
processre
ects a superposition. Whether a temperature changehas to be seenas being big
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or small depends on the system. In the caseof very cooperative melting transitions (lik e
for MLVs) with transition half widths of around 0:1 K the temperature change must be
kept smaller than this. For LUVs with transition half widths of several degreesa di�erence
of 0:1 K would not have a strong in
uence on the phase state. High lipid concentrations
enhance this problem. Performing npjs one �nds that problems mainly occur at higher
temperatures, whereasit is the lower temperature regime for ppjs. One can useresults from
both jump directions, so that they complement each other.

Temp erature Corrections

Temperatures usedfor ppjs needto be corrected, sincemelting temperatures under higher
pressuresincrease. Even the temperatures from npjs have to be corrected by � 0:01 K , if
comparedto a � cp-pro�le measuredat 5 K

h . This might lie in hysteresise�ects (see�g. 4.13).
Excessheat capacity pro�les depend on scandirection and scanrate. Fast pressurechanges
lead to fast changes, which might be re
ected by a heat capacity curve measured with
higher scan rates. Melting pro�les from scanswith high scan rates shift pro�les to lower
temperatures. In this context, it is, however, puzzling why relaxation time pro�les measured
with ppjs need to be shifted by 0:90 K and not 0:84 K as expected from the previous
arguments. This is not understood at this point. The sameshifts needto be usedfor results
gainedwith method I I, where the temperature development of the lipid solution is evaluated.

Broadening of Heat Capacit y Pro�les

In somecasesit seemsthat the relaxation time pro�le is broadenedin comparison to the
excessheat capacity curve. This canbeunderstood with a broadeningof the respective transi-
tion pro�le during the experiments. A seriesof relaxation time measurements wereperformed
on successive days. Comparison of � cp-pro�les which were measuredon di�eren t days some-
times showed a broadeningof the heat capacity pro�le with time. This alsomeansan altering
of the relaxation behavior. Already Grabitz et al. (2002) reported about a measurement were
they measureddi�eren t relaxation times on the samesample. They claimed that this arose
from a swelling of the sampleand therefore a changein melting behavior. They, however, did
not do another DSC-scansince the e�ect was discovered too late. Their samplewas kept in
the fridge for a week between the two di�eren t measurements. Therefore, our sampleswere
kept in the fridge for a few days after preparation. DSC-scans,however, often resulted in the
samepro�le independent of how long the samplewas kept in the fridge.

One possiblereasonfor a broadening might be contaminations of the pressurecell or the
sample itself. Impurities usually lead to a broadening and in a shift in melting temperature.
Shifts in temperature were usually not found. If a contamination of the lipid samplewas the
reasonfor the broadening, still the in
uence of the melting behavior becauseof the addition
of anesthetics, neurotransmitters or antibiotics was dominating. Therefore, the change in
relaxation behavior is attributed to mainly the anesthetics,neurotransmitters or antibiotics.

Another putativ e reasonmight have beena swelling of the vesiclesduring the measurements
which were performed on several days.

Comparing relaxation times and heat capacity curvesone notes that stronger deviations of
the pro�les usually occur at the upper and lower temperature limits of the transition. One
reason might be a possible broadening of the transition pro�le. This would be especially
evident at temperatures where fast relaxation processesare expected. The limited time
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resolution is another explanation.
Broadeningof the heat capacity pro�le canalsoexplain why in somecasesphenomenological

constants strongly deviated from other measurements since broadening also meansa reduc-
tion in the maximal relaxation time. Comparing measuredrelaxation times to the wrong
heat capacity pro�le automatically means a wrong determination of the phenomenological
constant.

Faster Relaxation Pro cess

Comparison of the areas of the calorimeter response at di�eren t temperatures veri�es
that the area is proportional to the releasedtransition enthalpy (see �g. 4.14). This is
also true for the area of the lipid and of the perturbation signal (see �g. 4.20). Since the
perturbation signal displays a proportionalit y to the transition enthalpy, there must be a
contribution of the lipid in the perturbation signal. We can concludethat the lipid membrane
also displays a faster relaxation processwhich happens on a time scale below the second
regime. The contribution of thesefast processesis small in comparisonto the oneof the slow
relaxation. As discussedbelow faster relaxation processeshave beenreported in the literature.

Evaluation of Temp erature vs. Time Curv es

Results from analyzing the temperature courseof the samplesolution (method I I) have not
revealed faster relaxation processeseither. All curves could be described by one relaxation
time. This doesnot meanthat there are no more processes.The �ndings of the evaluation of
the calorimeter responsesuggestthat the contribution of the fast processis small. Therefore,
it might lead to a temperature changewhich is not resolvable with our method.

In our evaluation only results after a pressure increase were used. The choice of lipid
concentration is crucial. Concentrations needto be high enoughso that relaxation processes
can be detected at higher temperatures where the heat releasefrom the lipids is small. If
concentrations are too high a strong lipid signal might lead to temperature changeswhich
perturb the analysis. This problem gets evident when jumping through a major part of the
transition.

As well the choice of pressurechange dependson two considerations. The �rst one is that
bigger changes in pressure result in a stronger perturbation signal. This means that the
contribution of the lipid signal decreasesrelatively to the perturbation signal with increasing
pressurechange. If the pressurechange is not high enough heat capacity pro�les measured
with and without additional pressuremight intersect. Therefore, the lipid contribution de-
creasesagain at lower temperatures. In the caseof LUVs pressurechangeswere +40 bar and
lipid concentrations 40 mM . For the measurement on the DMPC MLVs the concentration
wasset to 20mM and the pressurewasincreasedwith 15bar. Becauseof the small half width
of the transition of MLVs already a pressureof 15 bar is enoughso that the two pro�les do
not intersect. In the caseof LUVs pro�les still intersect if the pressuredi�erence is 40bar. It
wascontrolled that relaxation times do not depend on the choiceof amplitude of the pressure
change.

The time resolution using npjs is not as good as the one of ppjs. The reason is that
the pressure releasetakes about a factor of 2:5 longer than the one of pressure increase.
Therefore, just ppjs were performed and analyzed. Results gained from the two di�eren t
pressurechangedirections cannot be usedfor complementing each other as in the caseof the
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previous method (method I). Often there is a lack in the number of measurement points at
lower and higher temperatures. Still, one can concludea proportionalit y betweenrelaxation
times and excessheat capacity curves.

Comparison Metho d I and Metho d I I

With pressure perturbation experiments on solutions of MLVs of DMPC using method
I and method I I it was controlled that both methods re
ect the same behavior. In the
two casesrelaxation times at the transition midpoint di�er. Using method I the relaxation
time was measured to be 31:0 s and 25:2 s with method I I. The heat capacity values at
the transition midpoint, however, vary and the two pro�les show di�eren t broadening. The
deviation is small. The phenomenologicalconstants agreewith each other. Using method
I I it was determined to be L = 6:8 � 108 J K

mol s . The other analysis using method I it was
calculated as L = 6:6 � 108 J K

mol s . Since the gained phenomenological constants should
equal rather than the absolute relaxation times it can be concluded that the two di�eren t
evaluation methods lead to the sameresults.

Linearit y of Relaxation Times and Heat Capacit y

Plotting relaxation times against heat capacity (see�g. 4.22) we found a linear relationship
betweenrelaxation times and heat capacity. Linear �ts do not intersect the origin. We argue
that this behavior arisespresumably becauseof the time resolution limit of the two methods
applied. With evaluating the calorimeter response we cannot detect relaxation processes
faster than about 3 � 4 s. Using the temperature course of the sample solution we can
obtain relaxation times down to 300� 400ms. We do not attribute the deviation from not
intersecting with the origin to any physical characteristic of the arti�cial membrane systems.

Phenomenological Constan ts

All estimated phenomenologicalconstants are displayed in table 4.1. There is no theoretical
justi�cation, but the calculated phenomenologicalconstants suggestthat they are the same
for MLV suspensions.The averagevalue is 6:7 � 0:7 � 108 J K

mol s . Especially two measurements
deviate strongly from the average. This possibly occurred becauseof a broadening of the
melting transition pro�le during the experiments. A wrong maximal value in heat capacity
was presumably taken as a referenceto the relaxation time measurements.

Phenomenologicalconstants gained from measurements on the LUV suspensionsalso seem
to be constant (hL i = 18:0� 2:2� 108 J K

mol s). It is not as evident as in the caseof MLVs. More
measurements are neededto verify this �nding. Phenomenologicalconstants are, however,
di�eren t to the onesof the MLV systems.

Already Grabitz et al. (2002) suggestedthat phenomenologicalconstants are the samefor
all systems,even biological membranes. Our �ndings support this suggestionin the sensethat
they are constant when considering the same vesiclesystem. They seemto di�er between
LUVs and MLVs.

In our experiment the transition enthalpy of our experiments on multilamellar DMPC vesi-
cles was measured to be 21:5 kJ

mol . In the literature this value is given as (25 � 10) kJ
mol

(Koynova and Ca�rey , 1998). Taking this value phenomenologicalconstants of the DMPC
MLV systemsare 20 % higher. With this higher transition enthalpy we would calculate a
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phenomenologicalconstant of about 8:0� 108 J K
mol s . Grabitz et al. (2002) report a phenomeno-

logical constant of 7:4 � 108 J K
mol s for a suspension of DMPC MLVs and 8:5 � 108 J K

mol s for
multilamellar DPPC vesicles.It needsto be noted that Grabitz et al. (2002) comparedtheir
relaxation data to heat capacity pro�les scannedat a rate of 1K

h . Ours were measuredwith
a scanrate of 5K

h . In generalheat capacity pro�les measuredwith di�eren t scanrates di�er
in half width, maximum heat capacity and transition midpoint temperature.

They alsomeasuredrelaxation times in a DPPC LUV suspension. Relaxation times wereas
high as 3 s, which is in the resolution limit and the measurement has to be taken with care.
From this they calculated a phenomenologicalconstant of 13:9� 108 J K

mol s . This is in the range
of our �ndings too.

There are deviations but all in all our results and the onesof Grabitz et al. (2002) agree.
New is that addition of small moleculesor peptides alters the relaxation behavior, but heat
capacity and relaxation times are still linear. This is a non-trivial �nding.

Grabitz and collaborators estimated that relaxation times of biological membraneslie in the
10� 100ms regime 2. This estimation stays true even if one takesa higher phenomenological
constant as a referenceas it is found in suspensionsof large unilamellar vesicles. This is an
important conclusionsincea time scaleof 10� 100ms is of physiological relevance.

Degree of Perturbation

One critics on the studies of Grabitz et al. (2002) and ours is that in the non-equilibrium
theory 
uctuations in enthalpy around an average are considered. Jumps from the pure
membrane phasesinto a phase coexistence regime, however, induce rather big changes in
enthalpy. One might doubt that time scalesof enthalpy 
uctuations and from pressure
perturbation experiments di�er. Temperature jump experiments simulations veri�ed that
time scalesof enthalpy 
uctuations probably are the oneswhich are measuredin our pressure
perturbation experiments.

Comparison to Previous Studies

As mentioned in sec.1.4 relaxation times have beenreported in the literature from the ns to
hour regime. Most of the results suggestthat relaxation processesslow down in the melting
regime. The work by Yager and Peticolas (1982) states that relaxation times increasewith
increasing temperature in the caseof melting and increasewith lowering temperature in the
caseof freezing. Since this study is an exception, it is not consideredin the following. It
seemsmore important to discusswhy others usually report about faster relaxation processes
and in two casesslower processesthan they are revealed in our experiments. One classof
experiments usesperturbations by pressureor temperature change and detection by optical
meansusing 
uorescencemarkersor turbidit y. The �rst onepresenting results of temperature
jump experiments was Tr•auble (1971). Sonicated3 DPPC lipid vesicleswith and without
cholesterol wereusedas model systems.Relaxation times werebetween100ms and 1200ms.
Turbidit y vs. time curves were �tted with just one relaxation process. Cholesterol led to

2 This estimation was gained from a heat capacity pro�le of lung surfactant. Strictly speaking, one needsto
know the exact � cp -pro�le of each biomembrane if one wants to estimate the expected relaxation times of a
biological membrane.

3 Soni�cation of MLVs leadsto a rupture of the vesiclesand the formation of small unilamellar vesicles(t ypically
15 � 30 nm in diameter). These onesare unstable and fuse to form LUVs with time.
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faster relaxation processes. Cholesterol shifts the melting temperature and broadens the
transition pro�le. Therefore, relaxation times should decreaseif seenwith respect to our
�ndings. This wasalsoveri�ed by Grabitz et al. (2002). The �ndings of Tr•auble (1971) agree
with ours qualitativ ely, since suspensionsof sonicated vesiclesdisplay a broader transition
than solutions of MLVs or LUVs. With time they fuse to form LUVs. From our studies we
would expect relaxation times in the regime as measuredby Tr•auble (1971).

Tsong and collaborators (Tsong, 1974; Tsong and Kanehisa, 1977) using the samemethod
as Tr•auble (1971) gaineddi�eren t results. They described their turbidit y measurements with
two relaxation processes.The faster relaxation time on unsonicatedsamplesis in the 10ms-
regime, the slower one in the several 100ms-regime. Both display maxima at the transition
midpoint. For a solution of DMPC they determined relaxation times up to 2 s. Relaxation
times on DPPC membranes were measuredto be faster. Experiments on sonicated vesicles
revealed faster relaxation times than in the caseof unsonicated ones. From our point of
view it is surprising that they found that relaxation times of DMPC are higher than the
onesof DPPC. It is expected that sonicatedvesiclesdisplay faster relaxation processesthan
unsonicated ones. As already mentioned this is becauseof the lower cooperativit y of the
transition. Our experiments have shown that there probably are faster relaxation processes,
which meansthat we cannot rule out that there are processesin the time regime measured
by Tsong and collaborators. Still, one would expect that also slower processesshould be
measurable,as it was reported by Tr•auble (1971). There are about 30 yearsbetweenTsong's
and our measurements. In a time range of 30 years purities of lipid samplesmight have
improved. Lipids usedin our experiments have a degreeof puri�cation of > 99%. For the ones
usedby Tsongand collaborators no information is available. In the caseof MLVs alreadysmall
impurities might lead to a broadening of the melting curve and therewith shorter relaxation
times. Another reasonmight be the need to implement a window into the setup so that an
optical detection is possible. It might act asa heat sink and the sampletemperature is not well
de�ned. Membranes which display a very cooperative melting behavior need a very precise
temperature adjustment. This is why possibleheat sinks might perturb the measurements.
However, the samearguments are true for the measurements of Tr•auble (1971).

A possible temperature inaccuracy is also true for measurements of the groups of
Blume and Gruenewald (Gruenewald et al., 1980; Gruenewald, 1982; Elamrani and Blume,
1983; Blume and Hillmann , 1986). They detected kinetics using turbidit y or 
uorescence
anisotropy. They report up to three relaxation processeson various phospholipid systems.
They areusually faster than the onesfound in our experiments. In onecaseusinga phosphatic
acid they found relaxation times as high as 3 s. In most cases,however, they were measured
to be in the 1� 10ms, 10� 100ms and 100� 1000ms regime. The exact valuesdepend on the
used lipid species.Another study (Genz and Holzwarth , 1986) using 
uorescencetechniques
report again three relaxation processes.Basedon results by Holzwarth and Rys (1984), who
claim the occurrenceof �v e relaxation processes,(Genz and Holzwarth , 1986) assumethat
there are two more relaxation processeswhich they cannot resolve. The maximal relaxation
times of DPPC solutions are smaller than 20 �s , 2:5 ms and 20 ms. Cholesterol in
uences
the relaxation behavior (Blume and Hillmann , 1986; Genz et al., 1986). Whereas, the �rst
study claims that all three relaxation times decreasewith cholesterol content, the secondone
concludesthat one relaxation processbecomesfaster, one stays constant and the third one
slows down. It is not quite clear wheretheseambiguities comefrom. That absoluterelaxation
time valuesdi�er is not surprising. In the context of Grabitz et al. (2002) and our study it is
evident that changesin the details of the experiments like samplepreparation or the choice
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of lipid specieshave a great impact on the expected relaxation times. In someexperiments
as reported in the literature lipids were dissolved in ethanol before injection into the bu�er
solution. Possibleincorporation of ethanol meansan impurit y and therewith an in
uence on
the transition pro�le. Faster relaxation processeswould be expected. All in all it is di�cult
to comparethe di�eren t results with ours, becauseof the lack of heat capacitiesor transition
pro�les in general. We cannot rule out the existenceof faster relaxation processes,but it is
surprising that non of the cited papers with exception of Grabitz et al. (2002) report about
relaxation times for suspensionsof multilamellar vesiclesup to 30 s. One reasonmight be
problems in the accuracyof temperatures,but alsosmall changesin the experimental system
and impurities. We applied a thermodynamical evaluation, where other experiments were
analyzed by optical means. With out measurements we evaluated macroscopicrelaxation of
domains formation, where other methods measuremicroscopicprocesses.

Another possibility for the study of relaxation processesis applying ultrasonic methods.
Three relaxation processeswere found (Halstenberg et al., 2003). Two are seen as being
associated with rotational isomerization of hydrocarbon chains and di�usion in the ns-regime
and a last one with critical 
uctuations in chain state in the 10 �s time regime. Again, no
slower processesare found. This might be sincewe monitor macroscopicprocesses,whereas
ultrasonics measuresmicroscopically ones.

Ac-calorimetry has been used to study relaxation phenomena too (Yao et al., 1994;
Naganoet al., 1995). An oscillating heat input results in oscillations in temperature. The
amplitude of theseoscillationsdependson heat capacity. One canadjust di�eren t frequencies.
From the temperature oscillations one can calculate a heat capacity. If relaxation processes
are slower than the oscillations the samplecannot get into its equilibrium and heat capacity
valuesdepend on frequency. This allows oneto estimate maximal relaxation times. With this
technique it has been found that maximal relaxation times are 120s (MLV DMPC) , 260s
(MLV DPPC) (Yao et al., 1994) and < 3 s (LUV DMPC). In the caseof the MLV systems
relaxation times are higher then ours. Results on LUV DMPC membranesagreewith ours.
In principal one can determine relaxation times in dependenceon temperature. Practically,
this is, however, hard to realize. For each temperature one needsto determine the frequency
when the heat capacity doesnot depend on the frequencyany more.

The group of Biltonen used a volume perturbation calorimeter to analyze relaxation pro-
cesses(Johnsonet al., 1983). On MLV lipid vesiclesthey report relaxation times up to 4 s
(van Osdol et al., 1991). They describe that one �nds a pronouncedmaximum slightly above
the melting temperature. Relaxation times on LUVs are about 80ms over most of the tran-
sition range. The anesthetic dibucaine results in faster relaxation processby a factor of two
(van Osdol et al., 1992). The last �nding agreesqualitativ ely with our expectancy. In general
relaxation times are again faster than ours. Possibly this is due to the experimental setup
of the volume perturbation calorimeter. The pressurein this method oscillates by a value
which corresponds to a shift in temperature of 0:1K . This corresponds to the transition half
width of MLVs. The volume perturbation calorimeter does not allow a well de�ned state.
The responsemight be dominated by fast relaxation processes.Still, in this context it seems
puzzling, that relaxation times of LUVs do not show any temperature dependence.A shift in
temperature of 0:1 K should not have in
uence on the relaxation behavior, since transition
half widths of LUVs are bigger.

So far our measurements on one component lipid systemshave been compared to results
of other groups on similar model membraneswith one lipid species. Relaxation times range
from the ns to the min time regime. The discrepancymight occur becauseof experimental
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limitations or becausedi�eren t methods monitor other relaxation processes.Most studies
agreeon a slowing down of relaxation processesin the transition regime.

Mem branes of Binary Lipid Mixtures

Biltonen and Ye (1993) applied the useof volume perturbation calorimetry to binary lipid
mixtures. They describe that relaxation phenomenaconsist of more than one decay. Re-
laxation times are smaller than the onesof unitary lipid samples. In equimolar mixtures of
di�eren t kinds of lipids they assertedthat in each casetwo relaxation time maxima were
found. This was even when just one maxima in heat capacity was measured.

Wehave tried to extendour studiesto two component lipid systems.Systematicexperiments
on DMPC:DSPC 90 : 10 mixtures failed. A collection of relaxation times on just a few
temperatureswassuccessful.Problemsare probably due to sinking of the heavy MLV vesicles
in the pressurecell. The few successfulexperiments, however, suggestthat temperature curves
can be described by one relaxation process. Relaxation times lie in a regime as it would be
expected from heat capacity and the averagedphenomenologicalconstant of MLV vesicles.
A linear relation between relaxation times and heat capacity seemsto be the case,as well.
Still, this statement has to be taken with great care becauseof the limited data.

J�rgensen et al. (2000) and de Almeida et al. (2002) report about relaxation processesin
two component lipid mixtures on the order of hours. It is claimed that non-equilibrium
processeslead to the formation of local lipid structures on various length and time scales
(J�rgensen et al., 2000). Using 
uorescence techniques and infrared spectroscopy they de-
scribe relaxation times up to hours. With our method we gained relaxation processesfor
DMPC:DSPC 90 : 10 (MLV) up to several seconds.Biltonen and Ye (1993) write that their
long relaxation times were around a second,which they relate to di�usion.

Our results from autocorrelations of enthalpy traces and from temperature jump sim-
ulations can conclude that there is a fast and a slow relaxation process. The �rst one
is accompanied by a big change in enthalpy and the second one with smaller enthalpy
changes. The fast relaxation time is due to changesin lipid chain state. The secondprocess
is dominated by di�usion. These conclusionsagree with the �ndings and the conclusions
of J�rgensen and Mouritsen (1995). They performed Monte Carlo simulations on a two
component lipid membrane described by a ten state model (Pink et al., 1980). Domain
formation processeswere followed after a sudden change in temperature. J�rgensen et al.
(2000) and de Almeida et al. (2002) chose to focus on the slow relaxation process,whereas
our experiments are sensitive to enthalpy changesand therewith the fast processdominates
the signal. This might be an explanation of the di�erences in the time scales. We can rule
out that our measurements, even though not systematically successful,show long relaxation
processesup to hours. If further successfulexperiments on two component mixtures can be
performed they can deepen the understanding of relaxation processesin lipid mixtures and
in biological membranes in general.

Summary and Conclusion

Our study hascon�rmed that time scalesof domain formation processesare altered by small
moleculeslike anestheticsor neurotransmitters and antibiotics. In all casesrelaxation times
are proportional to heat capacity. Relaxation behavior of domain formation in binary lipid
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mixtures becomesmore complicated, but still relaxation times are related to heat capacity,
even though fast and slow processesmight occur. Domain formation can occur on di�eren t
time scales.

5.1.5 Domain Formation and Fluctuations

Heterogeneitiesin biological membranes play a role in biological function (Chapman, 1971;
Tr•auble, 1971; Sackmann, 1984; Brown and London, 1998). One putativ e reason for such
heterogeneitiesare the formation of lipid domains. As seen(seesec. 4.5) these onescan be
on the order of system size (macroscopic)or independent of system size (microscopic). The
size distribution of clusters was extensively studied by Sugar et al. (2001) using a similar
model like ours. In the latter study, however, the authors purely focused on geometrical
properties, but neglected
uctuation properties of the system. System and domain size and
accompanying 
uctuations in chain state have beenthe emphasisof our study. We claim that
for a complete physical understanding 
uctuations needto be considered.

We report about domain formation processeson di�eren t length scales (see �gs. 4.30
and 4.31), as it is also veri�ed experimentally (Korlach et al., 1999; Bagatolli and Gratton ,
1999; Nielsenet al., 2000b; Kaasgaardet al., 2002; Tokumasuet al., 2003). We report about
macroscopicand microscopicphaseseparation. In the caseof macroscopicdomain formation
we �nd microscopic domains in macroscopic ones. These ones can be of di�eren t chain
order or di�eren t species. The �rst caseis especially interesting since thesedomains display
large local 
uctuations. In general, 
uctuations are enhancedclose to domain interfaces.
This is also true for interfacesbetween lipids and peptides (Ivanova et al., 2003). Addition
of small molecules like alcohols (see �g. 4.30) or compositions of other kinds of lipids
(Bagatolli and Gratton , 2000) can alter domain formation. Formally speaking, a decrease
in order-disorder interaction parameters leads to microscopic phase separation. In these
cases
uctuations dominate the matrix. Fluctuations have been experimentally veri�ed by
neutron scattering (Czeslik et al., 1997; Winter et al., 1999) or AFM (Nielsenet al., 2000a).
They becomeevident through a power law behavior of the structure factor. In principal
we could evaluate our snapshotsof the lateral lipid chain state distribution by meansof a
structure factor or pair-pair correlations (J�rgensen and Mouritsen, 1995). Even though this
has not been done it is evident that our results support a suggestionof Sackmann (1984):
"Consequently the lipid heterogeneity is rather due to extended concentration 
uctuations
which form and dissolve rapidly.". This is true for small domains. Domains with high
cholesterol and sphingolipid concentration ("rafts") are assumed to be in the nm-scale
(Simonsand Vaz, 2004). These should be dynamic and not static like the term "raft"
suggests.Fluctuations enter the physical picture. \Rafts" are discussedto play an important
role in tra�c king processes(Brown and London, 1998), therefore a detailed understanding of
the underlying physical processesmight be necessary. Our study adds to this understanding.

5.1.6 Summary

Di�usion, relaxation, domain formation and 
uctuation properties change when arti�cial
membranes undergo a melting transition. The details depend on the used lipid species,the
type of lipid vesicleor the addition of non-lipid molecules.

In the melting transition regime 
uctuations are enhanced, domains on di�eren t length
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scalesmight form, relaxation processesbecomeslow and the di�usion properties deviate from
a normal di�usion behavior.

One cannot regard theseprocessesindependently. It is a direct consequenceof the melting
transition of arti�cial membranes.

5.2 Biological Relev ance

In this work experimental and simulation methods are combined to deepen the physical
understanding of melting transitions in arti�cial lipid membranes. The focus was put on
di�usion 4, relaxation5, domain formation and 
uctuation properties of the chosen model
systemsin the transition regime.

The physics of the presented �ndings is interesting in itself. Further, a major question is
whether biochemical reactions in cells are purely based on biochemistry or whether melt-
ing phenomenain biological membranes might be involved in the triggering of physiological
function. Answering this question, however, is not trivial. The complexity of biological
membranes makes it di�cult to unambiguously assigna physiological processto a physical
mechanism. In the following sectionswe discussabout a possiblerole of melting processes
and their implications on domain formation, 
uctuation, di�usion and relaxation processes
in cell physiology.

5.2.1 Phase Transitions, Lipid Domain Formation and Protein Activit y

Already in the early 1970sthe idea that phasetransitions of lipid membranes and thereby
membrane heterogeneities display an important role was formulated (Chapman, 1971;
Tr•auble, 1971; Sackmann, 1984). A very prominent exampleof an enzymewith an activit y de-
pendingon inhomogeneitiesof the lipid membrane is phospholipaseA 2 (PLA 2). It hydrolyzes
phospholipids into fatt y acidsand other lip ophilic substances.Phospholipasesin generalplay
an important role in the structure and function of membrane systemsby controlling the level
of freefatt y acids(van den Bosh, 1980). First reports on the activit y dependenceon the phase
state of model systemsdates back to the years1974and 1975(Kamp et al., 1974, 1975). Al-
ready then they concluded that a hydrolysis is only possibleat the transition temperature
of the lip osomesused. These�ndings were supported by Gabriel et al. (1987) and especially
the group of R. Biltonen (Lichtenberg et al., 1986; Burack and Biltonen, 1994; H�nger et al.,
1996, 1997). A work using 
uorescencemicroscopy could verify that PLA 2 starts to hydrolyze
lipids in the ordered state starting from the domain boundaries (Grainger et al., 1989). A
secondexampleis protein kinaseC (PK C) which modi�es proteins by chemically adding phos-
phate groups to them. This enzymere
ects importance in the regulation of various physio-
logical responseslike cell growth and di�eren tiation (Nishizuka, 1989; Kikk awa et al., 1989).
In this case,it was shown that the lateral structure of the lipid bilayer controls the activation
of the enzyme (Bolen and Sando, 1992; Dibble et al., 1996). In the caseof PLA 2 Biltonen
(1990) relates the rate of activation to thermodynamical 
uctuations: "It thus appears that
the rate of activation of the enzymerequires that the substrate exists in a phase-transition
region and that the rate of activation is proportional to the magnitude of the thermodynamic

uctuations characteristic of the system.". Exactly in the phase transition regime 
uctua-

4 Experimental measurements were performed by A. Hac (Hac, 2004).
5 Experiments on DMPC/Gramicidin A systems were conducted by M. Gudmundsson (Gudmundsson, 2004).
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tions happen on longer time scales. This can be modulated by processeswhich change the
phasebehavior. In experiments, this can be a changein temperature, which, however, is not
likely in nature. Variations in pH or ion concentration (Tr•auble and Eibl , 1974) or addition
of small moleculeslike anestheticsand neurotransmitters can in
uence the domain structure
and 
uctuation properties. The activit y of the enzymecan be regulated in this way. These
considerationsmight play a general role since the activit y of proteins depends on the lipid
composition and on lipid state (Lee, 2003, 2004).

Altering protein di�usion in biological membranes by changes in the lateral structure is
another possiblemechanism controlling biochemical reactions. Reaction yields between two
reactants depend on the lateral heterogeneity and provide an on- and o�-switc h (Melo et al.,
1992; Vaz and Almeida, 1993; Thompson et al., 1995; Hinderliter et al., 2004; Salinaset al.,
2005). Again, addition of small moleculesor using di�eren t lipid speciesalters the life times
of domains and the details of the lateral structuring. Perturbations of the lipid membrane
might induce an increaseor decreaseof protein activit y becauseof a change of the lateral
structuring with its characteristic time scales.

Whether lipid domain formation is important in the function of cells remains an open
question. It is evident that they provide a possiblerole, but in biological membranesdi�eren t
kinds of domains can be found (Edidin , 1992; Jacobsonet al., 1995; Almeida and Vaz, 1995;
Edidin , 1996; Saxton, 1999). Lipid domains are one possiblehindrance to di�usion, but also
protein aggregation,or the cytoskeleton6. The lateral structure of biomembranes is not just
governedby lipid-lipid, but also lipid-protein and protein-protein interactions. The formation
of inhomogeneitiesdependson the interplay betweenthem.

5.2.2 Passive Permeation

Cell membranesprovide a barrier to ionic soluteslikeprotons, calcium, potassiumand sodium.
This is necessaryto maintain ion gradients, which are believed to be necessaryfor bioenerget-
ics function and nerve activit y (Paula and Deamer, 1999). Biological membranesare semiper-
meable meaning that they are a lower barrier towards the 
ux of water, oxygen or carbon
dioxide than to the 
ux of ions such asprotons and sodium. One divides betweenpassive and
active permeationprocesses.Ion pumps requiring energystand for the latter class. Textbooks
teach that passive permeation from the side of high concentration to low concentration can
be achieved through a transport through the membrane itself, peptide induced pores,channel
proteins or using conformational changesof carrier proteins. Nowadays, it is believed that
mainly peptide induced poresor opening or closingevents of channel proteins are responsible
for the regulation of membrane permeability.

In a recent study Makarov (2005) relatesstructural 
uctuations to the rate of pore formation
in lipid membranes. In the cited work, the permeability of the 
uorescencedye rhodamine
through a lipid vesicleis measured.Results are comparedto a numerical model. It is shown
that the permeability of a pure lipid membrane increasesin the phasetransition regime. In
their model pore formation processesare coupledto area 
uctuations. Adding the pore form-
ing peptide gramicidin A leadsto a decreaseof permeability at the temperature corresponding
to the transition midpoint temperature of the lipid vesiclewithout peptide. This is attributed
to decreasinglocal 
uctuations as it can be deducedfrom the heat capacity pro�les of the

6 The cytoskeleton is a dynamic structure which is believed to maintain cell structure, enable cell motion and
directed intra-cellular transport.
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lipid/p eptide mixtures. Fluctuations are high at domain boundariesand at lipid/p eptide in-
terfaces(Ivanova et al., 2003). Makarov (2005) shows that pore formation mainly appearsat
lipid domain and lipid/p eptide interfaces. The addition of gramicidin A alsoshifts the regime
of enhancedpermeability related to its in
uence on the melting behavior. The maximum
permeability, however, is lessthan for the lipid vesiclewithout peptide.

These�ndings allow to suggestthat physicalpropertiesof lipid membranesmight beinvolved
in the regulation of membrane processeswhich require permeation. Addition of moleculeslike
anestheticsmight perturb the lipid membrane instead of directly in
uencing the activit y of
channel proteins or the occurrenceof peptide induced pores. This also allows to raise the
question whether channel proteins and pore forming peptides might act through perturbing
the membrane and inducing strong local 
uctuations in their vicinit y. This of coursemeans
that the role of channel proteins and pore forming peptidesis another onethan the traditional
picture proposes.A combination of mechanismsmight be possibletoo.

Pore forming peptides can induce large pores (Oliynyk, 2005). Therefore, it would be
surprising if they purely act through changing the physical properties of the lipid membrane.
In the caseof channel proteins it is di�eren t. This topic is discussedin the next section.

5.2.3 Nerv e Pulse Propagation, Ion Channels and Anesthesia

Nerve pulsesare seenas a propagation of an action potential 7 along a nerve. The accepted
theory is the one by Hodgkin and Huxley (1952). It represents the membrane by a Kirchho�
circuit. The membrane displays a constant capacitanceand shows a conductivit y to potas-
sium, sodium and a leakagecurrent. It is believed that opening and closing events of speci�c
protein channelscontrol the conductivit y of potassiumand sodium during an action potential.

Ion Channels

Static measurements on systemsof the potassiumand sodium conductivities are functions of
time and changesare interpreted as resulting from opening and closingof specializedchannel
proteins. They are interpreted as speci�c \ion channels". Single channel current recordings
were �rst presented in 1976 (Neher and Sakmann, 1976), where macroscopicconductance

uctuations had beenreported before(Bean, 1973). An exampleof single channel recordings
can be seenin the left panel of �g. 5.1. Current 
uctuations of a membrane with channel
proteins show characteristic stepswhich are taken as evidenceof the opening and closing of
protein channels. Inducing pore forming peptidesinto lipid membranesalsoresults in discrete
conductancesteps (Hladky and Haydon, 1970; Ermishkin et al., 1976; Kappel et al., 2000).
However, also lipid membrane systemswithout any protein or peptide show the characteristic
behavior (Antonov et al., 1980; Boheim et al., 1980; Kaufmann et al., 1989; Woodbury, 1989;
Antonov et al., 2005).

(Antonov et al., 1980; Boheim et al., 1980; Antonov et al., 2005) relate their measurements
to lipid membrane phase transitions. In the right panel of �g. 5.1 a graph taken from
Antonov et al. (2005) is displayed. A DPPC lipid membrane was taken and the sampletem-
perature was varied. The upper and lower traces were measuredat temperatures well above
and well below the main phase transition temperature. The remaining trace was recorded
at the main phase transition temperature. The trace shows steps in the electrical current,

7 An action potential is a wave of electrical discharge traveling along membranes.
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Figure 5.1: Electric current 
uctuations. (left) Current traces are collected from measurements on a mem-
brane system with channel proteins. Steps in the traces are interpreted as being opening and closing events of
single channels. The picture is �g. 8.7 of Johnston and Wu (1997). (right) Current traces are monitored on
a DPPC membrane at di�eren t temperatures. Below and above the main phase transition temperature one
�nds only noise, where in the main phase transition regime current 
uctuations appear. These one show the
same characteristic steps as they are monitored with the presenceof channel proteins. The presented traces
are taken from Antonov et al. (2005).

whereasthe traces monitored outside of the transition regime only show noise. One should
note the di�eren t time and current scalesin the two panelsof �g. 5.1. These�ndings challenge
the traditional interpretation of single channel events. Previously the term "ion channels"
was usedfor pore formation in pure lipid membranes(Kaufmann et al. (1989)).

It is well known that permeability increasesduring an action potential (Keynes, 1951). As
discussedin the previous sectionpassive permeation through the lipid membrane is related to
thermal 
uctuations (Cruzeiro-Hanssonand Mouritsen, 1988; Corvera et al., 1992; Makarov,
2005). The rate of poreformation increasesin the phasetransition regime,asdoesthe life time
of thesepores(Makarov, 2005). This behavior agreeswith our results, that relaxation times
and the time scaleof 
uctuations display a maximum in the transition midpoint. Depending
on the addition of small moleculesor using unilamellar instead of multilamellar vesiclesone
�nds di�erences in the absolute times. One might assumethat both time scalesare related.
If the life time of pores and the time scale of thermal 
uctuations of the lipid membrane
are the sameone would expect that traces of current 
uctuations show signals in the time
range of the relaxation times. For a planar DPPC bilayer one would expect signals in the
secondregime. Antonov et al. (2005) using a planar DPPC systemfound traces with signals
up to 10 s, but also shorter ones (around 1 s). One problem of the measurements lies in
the inaccuracy of the temperature (� 0:5 K ) and the usageof n-decane/chloroform/methanol
solution during the preparation procedurewhich wasnot completely removed. 25 yearsearlier
the same group reported about signal durations of about 1 s using planar DSPC bilayers
(Antonov et al., 1980). DSPC membranes display a more cooperative melting than DPPC
membranes. Following our considerationslonger duration times would have been expected.
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However, due to the experimental preparation, inaccuraciesin the temperature control and
problemswith signal recording onecannot rule out that time scalesare shorter than expected
due to the experimental conditions. Measurements on lipid mixtures show a reduction in
signal duration (Kaufmann et al., 1989). This would be expected from our considerations.
Lipid mixtures show a broad transition regime. Absolute heat capacity valuesare decreased
in comparisonto the one component systems. This meansthat relaxation times are shorter.
In Kaufmann et al. (1989) experiments were performed at room temperature. Heat capacity
valuesare not known, as is not the melting behavior of the lipid membranesused. Still, the
�ndings agreequalitativ ely with our results and considerations. Proteins or peptides lead to
a broadeningof heat capacity pro�les. Maximal relaxation times therefore decrease.Current

uctuations on membrane systemswith proteins or pore forming peptides show signalswith
shorter duration as it is seenin �g. 5.1 (left panel), as well. Our considerations basically
mean that relaxation processes,as measuredin the context of this thesis, determine the time
scalesof ion conductancemeasurements.

The traditional picture of conductancethrough protein channelsand peptide poresand con-
ductancethrough pure lipid membranesis, however, challengedby experiments on silicon rub-
ber or synthetic membrane �lters (Neher et al., 1978; Sachs and Qin, 1993; Lev et al., 1993).
Erwin Neher and Bert Sakmannreceived the Nobel prize in medicine for their recordingson
"single ion channels" in 1991. Even these two authors reported about "behavior contrary"
to what was expected performing control experiments on silicon-rubber (Neher et al., 1978).
These measurements showed "ion channel" behavior too. This was dismissedexplaining it
with technical di�culties. Sachs and Qin (1993) report the samebehavior and concludethat
one has to be careful with the interpretation of experiments on "unfamiliar preparations".
Experiments on synthetic membrane �lters also show the samecharacteristic current 
uctu-
ations (Lev et al., 1993). In all cases,as well the one on pure membrane, membrane/protein
and membrane/p eptide systems, one �nds ion selectivity. This means that di�eren t ions
permeate di�eren tly. It seemsthat for the existenceof characteristic current 
uctuations
somekind of pore is necessary. In the measurements of Lev et al. (1993) the sameamount
of poreswith the samesize is present at all times. This raisesthe question whether one can
interpret traces by meansof opening and closing times of pores and channels. A de�nitiv e
answer cannot be stated at the moment. Still, especially the work by Antonov et al. (2005)
veri�es that the phase transition and the enhancement of 
uctuations might play a major
role. They showed that at temperatures(below and above the phasetransition temperature),
where there is no pore formation, one only measuresnoise. In the phasetransition regime
current 
uctuations occur.

Pore forming peptides and channel proteins are present in biological membranes. Thus,
one needsto answer the question about the role of "channel-proteins" and "p ore forming
peptides". One interpretation which has already been raised above is that 
uctuations at
lipid/protein and lipid/p eptide interfacesare increasedand pore formation in their vicinit y is
enhanced.It hasalready beenshown that spontaneousopeningof "sodium channels" depends
on lipid composition and temperature (Duch and Levinson, 1987). The traditional picture of
a biological membrane is that it is in a "ld" phase. If this is the casethe pure lipid membrane
would not show the characteristic current 
uctuations and the task of "channel-proteins"
and "p ore forming peptides" might be to ensurethe control of membrane permeability. The
latter interpretation corresponds to the acceptedpicture. Using "ld" membranes and pore
forming peptides one �nds characteristic current 
uctuations (Hladky and Haydon, 1970;
Ermishkin et al., 1976; Kappel et al., 2000). It might be that the truth lies in betweenboth
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views.

Nerv e Pulse Propagation

Permeability increasesduring an action potential (Keynes, 1951), which is seenasoccurring
becauseof openingof protein channels. If consideringthe passive permeability of a lipid mem-
brane an increaseof it meansthat thermal 
uctuations have enhanced.This can be achieved
through going from a phase state away from the transition regime into it. If this might
happen in a nerve membrane during an action potential further physical parameters should
change. It wasmonitored that temperature increasesadiabatically during an action potential
(Tasaki and Byrne, 1993) and structural changesof the membrane are present (Tasaki et al.,
1968; Tasaki and Byrne, 1992). Theseprocessescannot beexplainedby the model of Hodgkin
and Huxley. Keeping, however, the interpretation of opening and closing events of protein
channels the favored explanation is that these processesarise from conformational changes
of macromolecules(Kobatake et al., 1971; Tasaki and Byrne, 1992). Another view is that
a phase transition of the cytoskeleton induces an action potential and structural changes
(Pollack, 2001). This latter view contradicts the concept of Hodgkin and Huxley.

In a recent publication Heimburg and Jackson (2005) present a theory which treats the
nerve pulse as a soliton which naturally arisesafter a jump from the "ld" phasethrough or
into the phasetransition regime. From our point of view the caseof a jump into the phase
transition regime would be interesting. As seenin our experiments (see�g. 2.6) a jump from
the "ld" phase into the transition regime results in an increaseof temperature. Di�usion
gets slower as it is measured during a nerve pulse (Kobatake et al., 1971). Fluctuations
increaseand thereby membrane permeability. If the nerve pulse is a soliton induced through
a change in the phasestate of a nerve membrane, the importance of domain formation on
characteristic time scalesis obvious. However, the question how a biological system might
induce a change of the phasebehavior arises. One possibility was described by Kaufmann
and collaborators (Kaufmann and Silman, 1980, 1983b,a). The idea is based on the fact
that in the presence of acetylcholine (ACh) acetylcholinesterase (AChase) induces ion
channel properties (Kaufmann and Silman, 1980). The hydrolysis of ACh through AChaseis
important during synaptic transmission. The monitoring of ion channel behavior is believed
to arise from a local decreasein pH which leads to a protonation of lipid head groups. This
again results in an increaseof the transition temperature8 and induces a change in phase
behavior (Kaufmann and Silman, 1983b,a). In generaleach processleading to a changein pH
or ion concentration leads to an altering of the phasebehavior. Our �ndings are especially
interesting in the context of the theory of Heimburg and Jackson (2005). All in all a deeper
understanding of melting transitions and accompanying domain formation, 
uctuation,
di�usion and relaxation properties can lead to new insights concerning permeability and
nerve pulse propagation. Despite the current believe still many open questions need to be
answered. Somesolutions might provide new ways of thinking.

Anesthesia

Heimburg and Jackson (2006) try to apply their treatment of a nerve pulse as a soliton on
the action of general anesthetics. As it is shown in this thesis (see sec. 4.3) and in other

8 For a description of the e�ect of pH on phase transitions of lipid membranes seeTr•auble and Eibl (1974).
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works (Lee, 1976a; Tamura et al., 1991; Mengel and Christiansen, 2005) general anesthetics
lower the transition temperature of lipid membranes. If a nerve pulsearisesafter a jump into
a transition regime a reduction in melting temperature would result in a higher threshold
(Heimburg and Jackson, 2006). This might induce the anestheticse�ect of generalanesthet-
ics. In favor of a treatment like this is that the anestheticse�ect of generalanestheticsis addi-
tiv e and unspeci�c, suggestingan underlying physical e�ect (Overton, 1901). Higher pressures
result in higher melting temperatures. Following the arguments of Heimburg and Jackson
(2006) this explains the reversal of anestheticse�ects of generalanestheticsat high pressures
(Tamura et al., 1991) sincethe threshold of the emergenceof a soliton decreasesagain. That
anesthetics act through perturbing the lipid membrane was already suggestedeven before
the postulation of the 
uid mosaicmodel (Overton, 1901). In the recent years this has been
dismissedbecauseof several reasons.One was a cut-o� of the anestheticsaction of alcohols
after a certain chain length. It could, however, beenshown that alcohols not showing anes-
thetics action shift the melting temperature to higher temperatures (Tamura et al., 1991).
This again favors a theory which treats the lipid membrane phasetransition as an important
aspect of nerve pulse propagation. The stereoselectivity of some anesthetics was taken as
another evidenceagainst a mechanism based on the lipid membrane (Tomlin et al., 1998).
Two isomersof entomidate disrupt the lipid bilayer in the sameway, but display di�eren t
anestheticspotencies. This seemsto be the biggest challenge towards a theory basedon a
melting temperature reduction of anesthetics. However, it cannot be excludedthat in biolog-
ical membranes binding e�ects towards proteins change the disturbing e�ect. Especially, it
has beensuggestedthat anesthesiashould be seenas a combination of e�ects on lipids and
proteins (Ueda and Yoshida, 1999).

It seemsworthwhile to follow ideas relating in
uences on the melting behavior of lipid
membranesto problems like nerve pulse propagation and \ion channel" conductances.

5.2.4 Speculations

In the previous sectionspossiblerolesof the investigatedprocessesin biological function were
discussed.In somecasestheseconsiderationschallenge traditional pictures. They are based
on a biological membrane in which heterogeneitiesinduced through lipid domains formation
play an essential role.

The 
uid mosaicmodel by Singer and Nicolson (1972) hasbeenchallengedthe recent years.
It is obvious that inhomogeneitiesare present (Edidin , 1992; Jacobsonet al., 1995). This
heterogenouslateral structure, however, has several reasons,where lipid domains might be
one. Interactions in biological membranes are complex and changing outer parameters like
ion concentration or pH might have a seriesof consequenceswhich again in
uence each other.
Focusing the view onto in
uences of parameters like pH or ion concentration on lipid mem-
brane melting properties, one easily understands that changesin pH or Ca2+ concentration
might have considerableconsequenceson the structuring induced through changesof the lipid
membrane lateral order. Thesethoughts are especially interesting sincea biological systemis
a systemwhich is not in equilibrium. Local changesin pH or ion concentration could induce
local changesin membrane structure and thereby a local control of biological function. This
is a picture of a biological membrane which is highly dynamic, not in equilibrium and physical
properties trigger indirectly physiological function.
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5.3 Future Research Perspectiv es

In this thesis studies on di�usion, relaxation, domain formation and 
uctuation properties
of lipid membranes are presented. Further, it is suggestedthat these processesmight play
an important role in the physiology of biological cells. To gain direct evidence is compli-
cated becauseof the complexity of thesesystems. It is crucial to perform experiments, which
can indeed allow an analysis by physical and especially thermodynamical means. In general,
it cannot be excluded that nature has found ways to use di�eren t strategies to accomplish
biological function. Evidence on one system against a certain mechanism doesnot automat-
ically rule out the existenceof this mechanism in another system. The interplay of di�eren t
strategies in one system might be a possibility.

From the resultspresented in this work onecanalready deduceideasfor further experiments.
In the last sectionsstatements were made which need experimental veri�cation. Next, gen-
eral suggestionsabout the direction in which future research should go in order to evaluate,
physical e�ects as triggers of biological function are given too.

5.3.1 Further Exp erimen ts

In the following some ideas about possible extensions of the presented experiments and
results are given. In detail, theseare suggestionsabout di�usion, relaxation and 
uctuation
studies.

Di�usion

In this thesis shown is that the numerical model usedcan predict measuredFCS autocor-
relation pro�les. Fluctuations in chain state in
uence di�usion properties. Fluctuations and
domain structure play an essential role. E�ects of anestheticsor neurotransmitters on dif-
fusion properties are suggestedthrough simulation studies with changed ordered-disordered
interaction parameters. These �ndings could be easily veri�ed performing di�usion experi-
ments on lipid membranes with addition of the mentioned molecules. A problem of course
is that anesthetics and neurotransmitters do not only reduce interaction parameters, but
shift the transition pro�le to lower temperatures. A careful analysis should allow to test the
predictions of this thesis.

Another experiment concerningdi�usion processesis the di�usion of proteins. This can be
doneon a numerical level, but alsoexperimentally. The numerical method requiresthe intro-
duction of interactions betweenlipid chains of di�eren t state and specieswith the protein and
an interaction between proteins themselves. A di�usion rate of protein to lipid and protein
di�usion in di�eren t lipid membrane domains also needsto be formulated. In dependence
on temperature protein di�usion can be studied. These studies can mimic di�usion after
a distortion of the domain structure through addition of anestheticsor neurotransmitters, too.

Relaxation Measuremen ts

For various one component lipid membrane systems with or without addition of small
moleculesit was shown that relaxation times are proportional to heat capacity. Simulations
on binary lipid systems suggestthat in the transition regime the slow and fast relaxation
are present and they are related to heat capacity. One �nds a fast and a slow relaxation
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process. After a pressureperturbation the fast processis accompaniedby high changesin
enthalpy, the slower ones with smaller changesin enthalpy. Therefore, it is expected that
using our method monitoring the temperature courseafter a pressurechange is dominated
by the faster process. This one is the one which can be monitored. These experiments
would allow to investigate domain formation processesin two component mixtures. An
important step towards biological membranes in which several lipid speciesare found. Of
course an extension of the relaxation studies towards biomembranes is wishful as well. In
this caseusing a chip calorimeter (see ch. 2.5) with a presumable higher time resolution
might turn out to be helpful. The designof the chip calorimeter should also allow to study
relaxation processesinduced through perturbations by changing pH or ion concentration.
Measurements combing perturbation techniques and the monitoring of protein activit y seem
to be challenging, but might be helpful to understand whether relaxation processesafter
local pH or ion concentration changesmight be a possible trigger mechanism in biological
systems.

Thermal Fluctuations

Local 
uctuations are enhancedclose to domain interfaces. Makarov (2005) relates pore
formation and therefore passive permeation to 
uctuations. Pore formation is enhancedin
the caseof strong 
uctuations. In the caseof macroscopicalphase separation one would
expect pore formation along domain boundaries. It might be interesting to combine optical
detection of domain structures as it is done with confocal 
uorescence microscopy and ion
current measurements. It is expected that in areas where there are no domain interfaces
one does not monitor characteristic steps in current traces, but at domain boundaries they
should appear. A problem concerning thesemeasurements might be of coursethat confocal

uorescencemicroscopy doesnot show possiblemicro-heterogeneities.They might also result
in a higher probabilit y of pore formation. This problem should, however, be possible to
minimize using two phospholipid specieswith big di�erences in chain length. It is expected
that traces show di�eren t characteristics, depending on the measurement position.

It is alsowishful to combine measurements of current 
uctuations on di�eren t onecomponent
lipid systemsat di�eren t temperatures. It is interesting whether timescalesas they can be
found in current traces di�er from system to system and show a temperature dependence,
which can be related to the melting behavior. This is expected following the arguments
concerning 
uctuations, their time scalesas gained from pressureperturbation experiments
and pore formation processes.

A few experiments are suggested. They directly follow from the presented studies of this
thesis. In the following paragraph a more generalview of future research is presented.

5.3.2 General Suggestions

As mentioned biological membranesare very complex. Not that there are just di�eren t kinds
of lipid species,but also proteins, peptides, enzymes,sugars, the cytoskeleton and so on.
Lipids have an in
uence on protein activit y, lipid domainsplay an important role in tra�c king
processes.Lipid metabolism is important for a proper function of cellstoo. A crucial question
is whether physiological function in biomembranesis purely basedon biochemistry or whether
physical e�ects of the lipid membrane may provide a control mechanism. That this may be
the caseis argued in previous sections.
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Future research should try to focuson a clear thermodynamical description of thesesystems.
One hasto understand how pH changes,ion concentration changesmight or might not trigger
biochemical reactions through changing the phasebehavior of the lipid membrane. Various
moleculeswhich are related to physiological function could also act through in
uencing the
melting properties of a biological membrane. Di�usion pathways might becomein
uenced
and therewith probabilities of reaction cascades.Controlling on- and o� states of proteins
could be possiblechanging the lateral membrane structure too.

Biological membranesrelax into equilibrium if outer parameterslike pH or ion concentration
are constant. A biological system, however, is not in equilibrium if alive. Changesin pH or
ion concentration, pH or ion gradients can have major e�ects on the physical behavior of a bi-
ological membrane. Biochemical studies, in which outer parametersare changedmight in the
control of physiological function suggestbiochemical mechanisms. This interpretation might
be possibleeven if the underlying mechanism is rather of physical nature. Whether there is
a dependenceon temperature might be helpful in learning more about underlying processes.
Since living systemsare not in equilibrium studies applying non-equilibrium methods gain
importance. This kind of research has not gained much attention in the past.
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Abbreviations

AFM : Atomic Force Microscopy
FCS : FlourescenceCorrelation Spectroscopy
FRAP : FluorescenceAfter Photobleaching
DSC : Di�eren tial ScanningCalorimetry
DLPC : 1,2-Dilauroyl-sn-Glycero-3-Phosphocholine
DMPC : 1,2-Dimyristoyl-sn-Glycero-3-Phosphocholine
DOPC : 1,2-Dioleoyl-sn-Glycero-3-Phosphocholine
DPPC : 1,2-Dipalmitoyl-sn-Glycero-3-Phosphocholine
DSPC : 1,2-Distearoyl-sn-Glycero-3-Phosphocholine
EDTA : Ethylen-diamin-tetra-acedic-acid
HEPES : 2-[4-(2-Hydroxyethyl)-1-pip erazinyl]-ethane-sulfonic-acid
Monte Carlo : MC
MSD : Mean SquareDisplacement
NPJ : Negative PressureJump
PKC : Protein Kinase C
PLA 2 : PhospholipaseA2

PPJ : Positive PressureJump
SPT : Single-Particle Tracking
TRITC DHPE : N-(6-tetramethylrhodaminethiocarbamoyl)

-1,2-dihexadecanoyl-sn-glycero-3-phosphoethanolamine,
trieth ylammonium salt
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