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The structure of cellular membranes gives rise to important biological phenomena, and un-

derstanding the (de)mixing behavior of multicomponent lipid bilayers is an important step

toward unraveling the nature of spatial composition heterogeneities in cellular membranes

and their role in biological function. In this dissertation we focus on the spatial organi-

zation and compositional heterogeneity of model membrane systems and their interaction

with small, biologically relevant peptides. I employed both coarse-grained and atomistic

molecular dynamics simulations to study the composition phase diagram of a quaternary

mixture of phospholipids and cholesterol, as well as to sample the configurational space of

peptide-membrane interactions. I investigate the mechanisms controlling membrane spatial

heterogeneity and membrane protein interaction. This work yields important new insight

into both the structural properties of lipid bilayer systems with spatial and compositional

heterogeneity at vastly different length scales, which has prompted numerous publications

in the field seeking for a plausible mechanism. This work will also provide perspectives on

configurations of the PAP248−286 peptide upon interacting with membranes, which, despite



its importance for human health, has not received as much attention from the research com-

munity as other amyloid-forming peptides. In this wide-open field such simulations will have

significant scientific impact.
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Chapter 1

INTRODUCTION

1.1 Membrane Structure and Spatial Heterogeneity

The plasma membrane is the barrier around the cell that separates its internal environment

from the surroundings. The spatial organization of cellular membrane plays an important

role in organizing important cellular components, as well as mediating the many processes

that are vital for cellular organisms. The complex nature of the membrane system makes it

a long-standing and challenging topic to study,3,18,55,57,98–100,106 and the physical mechanism

that gives rise to the many interesting phenomena, including spatial heterogeneity, as well

as its role in biological function remain unclear.18,79,97

The enormous complexity of membrane structure of living cells requires that we start by un-

derstanding model lipid bilayer systems with controlled lipid compositions. Phospholipids,

as amphipathic molecules and major component of biological membranes, are believed to

contribute to composition heterogeneity through their complex phase behavior.38,113 It is

well-known that under some conditions model membrane systems can exhibit spatial hetero-

geneity at the micrometer length scale.19,48,107,111–113,119 With a molecular dynamics (MD)

simulation approach, as well as the continuum model we developed to help capture and un-

derstand the key features of spatially heterogeneous membrane systems, this work will focus

on quantifying the onset and compositions of such phase separated lipid bilayer systems as

a driving force of membrane heterogeneity on a four-component lipid mixture.

It has been noted that in some biologically relevant membrane systems, including the cellular

plasma membranes, no such large domains have been observed with conventional microscopy.
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However, results with experimental techniques on cell-derived Giant plasma membrane vesi-

cles (GPMVs) have shown the existence of liquid-order-like and liquid-disorder-like domains

at smaller length scales than those observed on model membrane systems,9,110 and that such

domains contribute to cell functions such as protein sorting.19 Moreover, in model GUVs

where membrane tensions are carefully controlled by tuning osmotic pressure, heterogeneity

with smaller length scale and stripe-like features have been observed,23 and a model based on

competition between domain line tension and membrane curvature has been proposed.2 As a

collaborated effort with the Keller lab (UW Department of Chemistry) and the Levental lab

(University of Texas Health Science Center at Houston Department of Integrative Biology

and Pharmacology), this work will focus on interpreting and understanding the structural

features of such model membranes systems with small domains, as well as elucidating the

mechanisms controlling their length scales.

1.2 Structural Changes and Co-aggregation of PAP248-286 on Membranes

It is well known that peptides can undergo large structural changes when binding to surfaces.

For example, when exposed to rigid, hydrophobic surfaces, peptides containing periodic

leucine and lysine sequences adopt a helical conformation.12,58,116 Cellular and model mem-

branes also form surfaces for proteins and peptides to bind to. Their intrinsic heterogeneity,

flexibility, and dynamics can lead to complicated binding mechanisms and new, emergent

properties of the combined membrane/peptide system. For example, we have recently shown

that the suppression of membrane undulations can result in an entropic, membrane-mediated

attraction between proteins.88

PAP248-286, a 39-residue fragment of prostatic acid phosphatase, is an abundant seminal

peptide that has been proposed to play a variety of roles, both beneficial and deleterious

to human health. PAP is intrinsically disordered in solution and α-helical when bound to

membranes and can also form β-sheet-rich amyloid fibrils. In its amyloid form, referred to as

Semen-derived Enhancer of Viral Infection (SEVI), PAP248-286 potently enhances infection
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by enveloped viral pathogens including HIV, herpes simplex virus and cytomegalovirus.39,104

On the other hand, there is substantial evidence that PAP248-286 displays antimicrobial

activity and participates in sperm quality control.67 Note that while PAP248-286 effectively

induces membrane leakage in vitro, its biologically relevant antimicrobial activity appears to

derive from its ability to cause bacterial agglutination instead of direct cytotoxicity.21,40 Our

collaborator Dr. Abhinav Nath (UW Department of Medicinal Chemistry) and coworkers

have also observed that PAP248-286 can inhibit biofilm formation by bacterial pathogens,

an important virulence mechanism. A common feature of PAP’s disparate activities is that

they depend on this peptide’s ability to bind biological membranes so as to alter cell-cell

interactions.

PAP248-286 and similar positively-charged, amyloid-forming or antimicrobial peptides can

interact with biological membranes in diverse and complex ways. Peptides can cause vesi-

cle leakage or fusion, or induce changes in membrane curvature. Self-assembly is another

important aspect of these interactions: some peptides can induce the aggregation or agglu-

tination of lipid vesicles, while conversely membranes can induce amyloid fibril formation.

Importantly, there is a growing body of evidence that self-assembly phenomena, such as the

encapsulation of target cells or pathogens, can be more relevant to biological function than

classical modes of action such as membrane lysis.45,52,66 In this work we focus on the rich, ex-

perimentally observed structural changes that occur when PAP248−286 binds to phospholipid

bilayers.

1.3 Specific Aims

The work in this thesis is divided into four main components. The first focuses on a con-

tinuum model we employed to help us understand the structure and signature properties of

two-dimensional phase separated systems with different geometric features. We then tested

and highlighted some key structural properties using this model to illustrate how connections

between different degree of membrane heterogeneity and signature properties can be built.
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The second is a discussion of determining the onset and composition of phase separated model

membrane systems using coarse-grained MD simulations, as well as developing a systematic

way to detect such large scale heterogeneity in membrane simulations. The third focuses on

interpreting and understanding the structural features of model membranes systems where

large domains are not observed. The fourth part focuses on the interaction between the

PAP248-286 peptide and phospholipid bilayers using atomistic simulations in an attempt to

understand the conditions and mechanism for aggregate formation of the peptide.

1.3.1 Key Structural Features and Continuum Model of Heterogeneous Systems

In this part of the work we identified key structural features that can be calculated in order

to illustrate the degree of spatial heterogeneity on a two-dimensional bilayer system. We

then developed a “toy model” approach to understand connection between these structural

features and the spatial heterogeneity on bilayer systems, in order to interpret our MD

simulations on such systems. For these continuum systems we first assumed the existence of

two distinct domains with uniform but different order parameters and stable, non-fluctuating

domain boundaries. We then calculated various structural and compositional properties

of these models and built the connection between the models parameters and measurable

quantities in our simulations. Then, in a more realistic approach, we allowed the order

parameters to fluctuate within the domains around some average value and re-evaluated the

structural and compositional profiles of the model.

1.3.2 Determining the Onset of Phase Separation on Coarse-Grained Membrane Simula-

tions

We used coarse-grained molecular dynamics simulations to study the composition phase di-

agram of a quaternary mixture of phospholipids and cholesterol. Employing the models

described in the previous section, we compared and combined different statistical measures
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of membrane structure to identify the onset of phase coexistence in composition space. Using

the dependence of composition heterogeneities on the size of the system, along with infor-

mation obtained from observation windows of different sizes, we applied statistical methods

such as Gaussian clusters and developed a systematic approach to accurately distinguish

phase coexistence from structured homogeneous phases.

1.3.3 Interpreting the Structural Signals of Membranes with Smaller Domains

In a collaborative effort with the Keller and Levental labs, we provided calculations and anal-

ysis on fluorescence image of GUVs in order to extract structural information from the model

system, and to characterize the various length scale of the morphology that was previously

identified as “modulated phase” or “nano-domains”. We then evaluated characteristic length

scales and fluorescence levels in these systems to test proposed mechanisms of modulated

phases and microemulsions.

1.3.4 Structural Changes and Co-aggregation of PAP248-286 upon Binding to Membranes

As a collaboration with the Nath Lab, we discovered that both PAP248−286 and the lipids

show significant reorganization that depends both on the peptide:lipid ratio and on the

composition of the bilayer. To explore the large ensemble of disordered conformations of the

aggregate peptide/bilayer system, we used long time scale atomistic Molecular Dynamics

simulations. We captured the molecular detail of the peptide membrane interaction in an

attempt to investigate the binding mechanism, as well as the conditions and implications

of aggregate formation. We first confirmed that the CHARMM36m37 out-performs other

popular force fields for atomistic PAP248−286 simulation in that the peptide does not over-

express α-helical structure in solution. We studied the binding between PAP248−286 and

the membrane, and its effect on the secondary structure of the peptide. For that purpose

we simulated the peptide on top of lipid bilayers with various POPG compositions. We
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found that both binding behavior and secondary structure of SEVI depend on the membrane

composition of negatively charged POPG lipids.
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Chapter 2

KEY STRUCTURAL FEATURES AND CONTINUUM MODEL
OF SPATIALLY HETEROGENEOUS MEMBRANE SYSTEMS

In this work we identified and discussed key structural features one can employ to illustrate

the degree of spatial heterogeneity on a two-dimensional bilayer system. We then took a

model facilitated approach to understand connection between these structural features and

the spatial heterogeneity on bilayer systems, in order to interpret our MD simulations on

such systems. For these continuum systems we first assumed the existence of two distinct

domains with uniform but different order parameters and stable, non-fluctuating domain

boundaries. We then calculated various structural and compositional properties of these

models and built the connection between the models parameters and measurable quantities

in our simulations. Then, in a more realistic approach, we allowed the order parameters to

fluctuate within the domains around some average value and re-evaluated the structural and

compositional profiles of the model.

2.1 Density Radial Distribution Function

The density radial distribution function is a measure for density correlations between two

points in space that are separated by a distance vector r. On a two-dimensional system

where we treat the density of the molecule of interest, α, as a continuous function in two-

dimensional space, the density radial distribution function of α, or gα(r), can be defined

as:27

gα(r) =
ρ(2)α (r)

ρ(1)α (r)2
(2.1)
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where ρ
(n)
α is the partial equilibrium n-particle density, for particle α and:27

ρ(n)α =
Nα!

(Nα − n)!

1

ZNα

∫
e−βVNαdr(Nα−n) (2.2)

where Nα is the total number of α moleulces in the system, ZNα is the configurational integral,

and VNα is the potential part of the Hamiltonian of the system.

Similarly, for a system whose density can be described as a collection of discrete particles, we

can define the partial molecular density in a slightly different way and adjust the expression

accordingly. Cross correlation can also be calculated for particles of different types. More

details of this are shown in Chapter 3 of this work.

2.2 Structure Factor

The structure factor provides information about the spatial organization of the membrane,

and can be obtained from neutron or X-ray scattering experiments. Here we assume that

each molecule can be considered as a point scatterer at position ri. While this is a gross

approximation, it is justified because we are only interested in large-scale structure where

detailed information from single molecules becomes negligible. We define the partial structure

factor as27

Sαβ(k) =

〈
1

N
ρ̃α(k)ρ̃β(−k)

〉
(2.3)

where

ρ̃α(k) =

∫
dr eikrρα(r) (2.4)

is the Fourier transform of the one particle partial particle density function from eq (2.2).

The structure factor and radial distribution function are related by 27

Sαβ(k) = xα(δαβ + xβ)ρ

∫
gαβ(r)e−ik · rdr (2.5)

where xα and xβ are the mole fractions of particle species α and β, respectively, and δαβ is

the Kronecker delta.



9

2.3 Local Density Distribution (LDD)

For a particle α, we define the local density distribution (LDD) as the probability distribution

function of the instantaneous density of particle species α in a region with linear dimension

w

P (ρα) =
1

A

∫
dr 〈δ (ρ̂α(r)− ρα)〉 (2.6)

where

ρ̂α(r) =
1

w2

∫
(w(r),w(r))

dr′ρα (r′) (2.7)

is the local partial particle density averaged over a square observation window with side

length w positioned at r on the membrane. A is the total area of the system. In practice, for

a membrane system, (2.6) is calculated by sweeping the observation window laterally over

each leaflet in every simulation frame.

Later in this chapter we apply the LDD calculation on the continuum model and show that

the characteristics of the LDD profile depend both on the degree of segregation and on the

observation window size, w. We provide detailed analysis of this dependence in the Results

section in Chapter 3.

2.4 Continuum Membrane Models for Spatially Heterogeneous Systems

In order to interpret simulation data and obtain structural features from phase separated

bilayer systems, we developed continuum phase models for heterogeneous systems. The

geometry of the pattern can be stripy or circular as observed in the MD simulations, de-

pending on the are fraction of the two phases. These models feature domains with uniform

order parameters (e.g. phase density) within the domains and stable, non-fluctuating domain

boundaries with different geometric shapes. It is noted that the model itself does not answer

the questions about the nature of spatial heterogeneities on bilayer systems, nor will it alone

determine whether a bilayer with a certain domain shape has undergone phase separation.
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However this “toy model” approach will allow us to capture the key structural features of

spatially heterogeneous systems. These features can later be used on heterogeneous mem-

brane systems at various length scales as part of a scheme to systematically determine the

nature of membrane heterogeneity based on physical principles.

2.4.1 Stripe Model

For a spatially heterogeneous membrane, a striped geometry occurs when the two coex-

isting phases have similar area fractions. We propose a simple two-phase model that can

be mathematically defined as a two-dimensional density field for species α in phase A and

B:

ρα (r) =

ρA if 0 ≤ x < a

ρB if a ≤ x ≤ L

(2.8)

ρBρA

a L− a

L

Figure 2.1: For a continuum model with a straight line boundary, ρA and ρB are the partial
lipid densities of the two phases, respectively, on a L×L square 2-D membrane, with phase
A being the smaller phase with dimensions L × a, while phase B is the larger phase with

dimensions L× (L− a). We assume that a < L
2 .



11

ρB

R

ρA

L

L

Figure 2.2: For a continuum model with a circular phase boundary the domain radius R
relative to membrane size L is varied. When the domain is small and when domains are
placed on the membrane randomly, systems with different number of circular domains show
identical averaged numerically calculated structural properties (e.g. g(r)) over large number
of iterations.

2.4.2 Disc Model

Circular domains/clusters were predicted and observed in simulations when one of the phases

have a relatively small area fraction compared to the other phase. It can be easily shown that

a circular domain is preferred for radius R < L
π , assuming a constant positive line tension

between the phases. The two dimensional density profile can be characterized as:

ρα (r) =

ρA if 0 ≤ r < R and 0 ≤ θ ≤ 2π

ρB if R ≤ r ≤ min
{∣∣ L

2 cos θ

∣∣ , ∣∣ L
2 sin θ

∣∣] and 0 ≤ θ ≤ 2π

(2.9)

2.4.3 Discretized Model to Capture Density Fluctuation within Domains

We make variations of the aforementioned two continuum membrane models by implementing

the membrane density not as a well-behaved, continuous function, but as a collection of delta
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functions:

ρα (r) =
Nα∑
i=1

δ (r − ri) (2.10)

This discretized version of the membrane model will allow fluctuations within domains,

yielding more comparable structural properties to those obtained from MD simulations. For

a stripe model system, the discrete density field can be defined using a binomial distribution

where the average density within each of the two stripe phases is a constant:

〈ρα (r)〉 =

ρA if 0 ≤ x < a and 0 ≤ y ≤ L

ρB if a ≤ x ≤ L and 0 ≤ y ≤ L

(2.11)

Similarly for a disc model we have:

〈ρα (r)〉 =

ρA if 0 ≤ r < R and 0 ≤ θ ≤ 2π

ρB if R ≤ r ≤ min
{∣∣ L

2 cos θ

∣∣ , ∣∣ L
2 sin θ

∣∣} and 0 ≤ θ ≤ 2π‖
(2.12)

2.5 Understanding Observation Window Size Dependence in LDD Calcula-
tion Through Stripe Model Analytical LDD

2.5.1 Continuous Stripe Model Analytical LDD

We assume that the observation window is w × w, and that ρA > ρB (smaller phase is the

“rich” phase in species α), then ∆ρ = ρA − ρB > 0. For the calculation, we also choose an

arbitrary value of a = 0.4L. Using the definition of the stripe membrane model in (2.8) and

the LDD definition in (2.6), we have:

1. 0 < w ≤ a:
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P (ρα) =



0 if ρα < ρB

L− w − a
L δ(ρα − ρB) if ρα = ρB

2w
L |∆ρ| if ρB < ρα < ρA

a− w
L δ(ρα − ρA) if ρα = ρA

0 if ρα > ρA

(2.13)

2. a < w ≤ L− a:

P (ρα) =



0 if ρα < ρB

L− w − a
L δ(ρα − ρB) if ρα = ρB

2w
L |∆ρ| if ρB < ρα < ρB + a

D
∆ρ

w − a
L δ

(
ρα − (ρB + a

D
∆ρ)

)
if ρα = ρB + a

w
∆ρ

0 if ρα > ρB + a
w

∆ρ

(2.14)

3. L− a < w ≤ L:

P (ρα) =



0 if ρα < ρα,A − L−a
w

∆ρ

a− L+ w
L δ

(
ρα −

(
ρα,A − L− a

w ∆ρ
))

if ρα = ρα,A − L−a
w

∆ρ

2w
L |∆ρ| if ρα,A − L−a

w
∆ρ < ρα < ρα,B + a

D
∆ρ

w − a
L δ

(
ρα − (ρα,B + a

w
∆ρ)

)
if ρα = ρα,B + a

w
∆ρ

0 if ρα > ρα,B + a
w

∆ρ

(2.15)

We notice that the bimodal density peak positions are invariant of the observation window

size w when w < a = 0.4L (the size of the rich/smaller phase). When w becomes greater

than a, the peak corresponding to the rich phase density starts to shift towards the global

density. Similarly, the peak corresponding to the poor (larger) phase begins shifting to the
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Figure 2.3: Most probable local lipid density derived from the analytical expression shown
in Eqn. 2.13 - 2.15 for a system where a = 0.4L. The delta peak positions for the rich and
poor phases are plotted as a function of the observation window size in terms of box size L.

center when the window size exceeds the length scale of the poor phase, and the two peaks

meet at the average global density when w reaches the system size L. We extract the peak

positions from the analytical solution (Eqn. 2.13 - 2.15) of LDD profile for the two phases

of the continuum model, and the result is shown in Fig. 2.3.

2.5.2 Discrete Stripe Model Numerical LDD

The box is set up using a grid point representation of the discrete density field, where the

particle density distribution satisfied the distribution around the average density of the two
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Figure 2.4: Local lipid density distribution calculated for a stripe model system described
in Eqn. S6-S7. The discrete field of density distribution satisfies a binomial distribution
around the phase average density. The width of the stripe a is set to 4

10
L. The average

density inside the smaller stripe is ρA, while the average density outside is set to ρB. Note
that as observation window size w increases and becomes greater than a the peak representing
the average density of the smaller stripe (ρA) starts shifting towards the center. We observe
similar effects on the ρB peak as w grows beyond the length scale of the bigger stripe.



16

individual phases respectively, given in Eqn. (2.11). The result of this calculation is shown in

Figure 2.4. Here the width of the smaller stripe (where 〈ρα〉 = ρA) is a = 0.4L, and we observe

that for w > a the ρA peak starts shifting towards the system average density. Similarly for

w > L− a the ρB peak also starts shifting, as predicted by the continuum model. We thus

confirm that, for the model system with two different phases where each has a binomially

distributed density of particles, the peak positions and their movement as the observation

window size changes are consistent with the result predicted by the analytical/continuum

model shown in Figure 2.3. This model of finite resolution causes the flat region between the

two peaks to fluctuate, as discrete “particles” pop in and out of the sampling window.

2.5.3 Discrete Disc Model Numerical LDD

Due to the discrepancy in the geometry between a square observation window and circular

domains, analytical solution to the LDD profile of the disc model is not trivial. However

similar trend can be observed when we calculate LDD for a disc model with discrete particle

density. To confirm that the analytical equations we derived earlier applies to the circular

model we calculated the local density histogram using the discrete density field defined in

Eqn. (2.12). The box is set up using a grid point representation of the discrete density field,

where the particle density distribution satisfied a normal distribution around the average

density of the two individual phases respectively. The result of this calculation is shown in

Figure 2.5. Here the radius of the circular domain (where 〈ρα〉 = ρA) is R = 1
4
L, and we

observe that for w >
√

2R (or w > 0.35L) the ρA peak starts shifting towards the system

average density. Note that for the circular modal this threshold w value is no longer simply

the width of the domain, but rather
√

2R due to the discrepancy in geometry between a

square observation window and circular domains. Similarly, for w > L−
√

2R (or w > 0.65L)

the ρB peak also starts shifting, as seen in the stripe model. We thus confirm that, for the

disc model system with two different phases where each of the phases has a binomially

distributed density of particles, the LDD peaks’ positions and movements are once again
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Figure 2.5: Local lipid density distribution calculated for a model system described in Eqn.
S8-S9. The discrete field of density distribution satisfies a Gaussian distribution around
the phase average density. The radius of the circular domain R is set to 1

4
L. The average

density inside the circular domain is ρA, while the average density outside is set to ρB. Due
to the special circular geometry of the domain, we note that as observation window size w
increases and becomes greater than

√
2R ≈ 0.35L, the peak representing the average density

of the smaller stripe (ρA) starts shifting towards the center. We observe similar effects on
the ρB peak as w grows beyond the length scale of the phase outside the circular domain
(w > L−

√
2R ≈ 0.65L).
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consistent with the analytical/continuum model shown in Fig. S2.3 with a minor correction

on the threshold w value. It is noticeable that, however, the center portion of the LDD

becomes more complicated and a third peak starts to emerge at large w values due to

the circular geometry of the domain boundary. This presents little challenge since for our

analysis we will focus only on the position and shifting of the two peaks representing the

pure phases.

2.6 Radial Distribution Function and Lipid Heterogeneity - Model Study

2.6.1 Stripe Model Analytical RDF

We then derive the radial distribution function (RDF) of the model membrane from the

density field:

gα (r) =
ρ
(2)
α (r)

ρ2α
(S10)

=


2
πρ2
kr +m if 0 ≤ r < a[

2
πρ2

(n−m) arccos
(
a
r

)
+ k

(
r −
√
r2 − a2

)]
+m if a ≤ r ≤ L

2

(S11)

where ρ is the average density:

ρα = 〈ρα (r)〉 (S12)

=
a

L
ρA +

L− a
L

ρB (S13)

and other parameters:

k = −(ρA − ρB)2

L
(S14)

m =
a

L
ρ2A +

L− a
L

ρ2B (S15)

n =
L− a
L

ρ2B +
2a

L
ρAρB (S16)

The linear portion of the analytical expression of g(r) predicts a monotonically decreasing

RDF for a two-phase coexisting system with linear boundaries. We showed that the slope
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of the linear part is directly related to (ρA − ρB), or the difference between the lipid partial

densities of the coexisting phases, which gives rise to a new perspective to interpret the RDF

of lipid bilayer systems apart from the molecular level interactions.

2.6.2 Disc Model Analytical RDF

Due to the rather complicated geometric features of this model, deriving the analytical form

of the RDF is not always practical. We thus implemented a discretized representation of

the density function for the model in a two-dimensional grid box, and used it to calculate

numerical radial distributions and structure factors for the model through a set of randomly

generated and sampled configurations.

gα(r) =



(ρA − ρB)2

2ρ2L2

[
4R2 arccos

(
r

2R

)
− r
√

4R2 − r2
]

+
ρB
ρ2L2 [ρBL

2 + 2πR2 (ρA − ρB)] if r ≤ 2R

ρB
ρ2L2 [ρBL

2 + 2πR2 (ρA − ρB)] if r > 2R

(S17)

Although a simple linear relationship does not exist between the lipid density contrast pa-

rameter and the functional form of the radial distribution, the density contrast still shows

up as a pre-factor of the functional form and thus can be extracted from numerically fitting

the radial distribution with as few as three unknown parameters, ρA − ρB, ρB, and R.
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Chapter 3

IDENTIFYING THE ONSET OF PHASE SEPARATION IN
QUATERNARY LIPID BILAYER SYSTEMS FROM

COARSE-GRAINED SIMULATIONS

3.1 Introduction

The role of spatial composition heterogeneities in biological membranes is a long-standing

problem in membrane biophysics.3,18,55,57,98–100,106 The physical mechanism that gives rise

to these heterogeneities as well as their role in biological function remain poorly under-

stood.18,79,97 Phospholipids, as major constituents of biological membranes, are believed to

contribute to composition heterogeneity through their complex phase behavior.38,113 It is

well-known that under some conditions model membrane systems can exhibit spatial het-

erogeneity at the micrometer length scale.19,48,107,111–113,119 This micron-scale heterogeneity

is characterized by the formation of two distinct lipid phases both in perturbed cell mem-

branes and in model membranes:35,92 liquid-ordered (Lo) regions are enriched in cholesterol

and lipids with saturated tails and high melting temperatures, while lipids with unsatu-

rated tails and lower melting points are typically found in liquid-disordered (Ld) regions.

These regions correspond to two coexisting thermodynamic phases, as shown for example

by fluorescence microscopy experiments on giant unilamellar vesicles (GUVs):112 starting

from a homogeneous state at high temperature, the membrane spontaneously separates into

liquid-ordered and liquid-disordered domains when cooled below a characteristic transition

temperature, and these domains then diffuse and coalesce until complete phase separation

is achieved. A multitude of experiments employing different techniques and membrane com-

positions have established that many model membranes can undergo phase separation into
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coexisting Lo and Ld regions.8,32,62,113,119

In cellular plasma membranes no such large domains have been observed with conventional

microscopy. However, experiments on cell-derived Giant plasma membrane vesicles (GPMVs)

have shown the existence of liquid-order-like and liquid-disorder-like domains9,110 and that

such domains contribute to cell functions such as protein sorting.19 With experimental

techniques such as Förster resonance energy transfer (FRET), neutron or X-ray scattering,

and super-resolution fluorescence, researchers have detected characteristic signals that are

consistent with the existence of heterogeneity on nanometer length scales on unperturbed

membranes of live cells.22,92,93,102

To reconcile the discrepancy in length scale of lipid spatial heterogeneity between different

membrane systems and the connection between membrane heterogeneity and lipid compo-

sition, numerous studies have been performed on model membrane systems, especially unil-

amellar vesicles, with well-controlled lipid compositions. These experiments have provided

insight into the mechanism that controls the length scale of heterogeneous domain forma-

tion using fluorescence microscopy, FRET, NMR, or other techniques.4,25,30,32,48,49,54,56,77,112

It has been observed that model membrane systems composed of ternary mixtures of dipalmi-

toylphosphatidylcholine (DPPC), 1,2-dioleoyl-sn-glycero-3-phosphocholine (DOPC), and choles-

terol show micron-scale heterogeneity at optical resolution, characterized as Ld–Lo phase

coexistence below the miscibility temperature.112 However, a mixture of DPPC, cholesterol

and 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC) did not exhibit optically ob-

servable lipid heterogeneity, while FRET and electron spin resonance (ESR) experiments

suggest that heterogenities exist on nanometer length scales.32

To further probe this difference in length scale of membrane heterogeneity, four-component

lipid mixtures were studied.1,23,49 Here the onset of lipid heterogeneity can be investigated

by manipulating the compositions of two unsaturated lipids (POPC and DOPC). Microscopy

experiments on GUVs reveal the existence of an additional phase, characterized by stripe-

like features on the vesicle surface, in between the phase-separated and homogeneous (but
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nanoscopically ordered) regions.48 Several models have been proposed to rationalize the

emergence of such stripe-like morphologies, including the competition between line tension

and curvature effects,23 critical fluctuations,36,110 and the existence of a nearby microemulsion

phase.96 Interestingly, these features were not observed in neutron scattering experiments

on much smaller vesicles.31

Due to the elusive nature of submicron scale domains and difficulties in experimentally resolv-

ing and interpreting scattering data, computer simulations of multicomponent bilayers pro-

vide a promising approach to study their spatial organization. Along with previous simula-

tions of cholesterol-containing membranes,71,73,76,85 an all-atom membrane simulation on the

microsecond time scale suggests that cholesterol plays an important role in Lo-Ld phase coex-

istence in a ternary lipid mixture.101 In addition, several groups have used the coarse-grained

MARTINI model59,61 to simulate such membranes, and have confirmed that this model

can qualitatively reproduce experimentally observed phase behavior.1,6, 81,86 Many of these

studies use the polyunsaturated lipid ,2-dilinoleoyl-sn-glycero-3-phosphocholine (DUPC or

DLiPC), instead of DOPC because the MARTINI model fails to reproduce the experimen-

tally observed phase separation of DPPC/DOPC/cholesterol membranes. It is worth noting

that a more recent modification of the MARTINI DOPC force field parameters17 resolves

this issue and produces more accurate phase behavior of bilayer systems that is consistent

with experimental observations.

In this work, we present results from coarse-grained molecular dynamics (MD) simulations.

We focus on a quaternary mixture of phosphatidylcholine (PC) lipids and cholesterol with

different levels of unsaturation. Specifically, we use fully saturated DPPC, one-chain singly

unsaturated POPC, doubly unsaturated DUPC, and cholesterol (CHOL) in a planar model

lipid bilayer. We employ a statistical mechanics approach to investigate the phase coexis-

tence behavior and the structural properties of nanoscopic and intermediate regimes of this

mixture. We find a transition between the homogeneous and phase-separated regimes as we

increase the DUPC content of the system. For the latter, we show how one can obtain the
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compositions of the coexisting liquid-ordered and liquid-disordered phases both from partial

density correlation functions and from local density distribution functions. To characterize

the nature and length scale of spatial heterogeneity for membrane systems and to identify

the onset of lipid phase segregation, we apply these approaches to a series of quaternary

lipid mixtures at various unsaturated lipid contents, as well as to systems of different sizes.

We observe that the difference in composition between lipid domains is proportional to the

global composition of the doubly unsaturated lipid (DUPC). Furthermore, we show that

local density and composition distribution functions strongly depend on the size of the ob-

servation window chosen for the analysis, which allows us to quantify the length scale of

heterogeneity. This length scale then plays a crucial role in identifying the nature of the

heterogeneity. The hallmark feature of a system undergoing phase coexistence is that the

length scale of heterogeneity is proportional to the size of the system, while a homogeneous

system does not show such a dependence even in the presence of long-ranged correlations.

Finally, we combine the results from these different analysis methods to identify the onset

of phase separation in this quaternary lipid mixture.

3.2 Methods

3.2.1 Molecular Dynamics Simulation

Force Field

We use the coarse-grained MARTINI 2.0 force field, which speeds up bilayer simulations by

as much as 3−4 orders of magnitude compared to atomistic models.59,61 An explicit solvent

representation was included in the force field with a four-to-one mapping of water molecules

into a MARTINI water bead.
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Bilayer Composition

Our choice of quaternary mixture is inspired by the experimental and computational studies

of refs48 and,1 respectively. We study symmetric lipid bilayers that consist of one-third

DPPC molecules, one-third cholesterol molecules, and the remaining third is made of varying

amounts of POPC and DUPC molecules. To vary the lipid composition and observe its

effect on membrane phase behavior, we move along the POPC/DUPC binary axis with the

compositions of the other two species fixed. We define the composition variable

χ =
[DUPC]

[DUPC] + [POPC]
(3.1)

where [DUPC] and [POPC] denote the global partial lipid densities. We vary χ by chang-

ing the relative composition of POPC and DUPC while keeping [DPPC] and [CHOL] con-

stant.

By changing χ from 0 to 1, we follow a path in composition space that starts at a ternary

DPPC/POPC/cholesterol membrane and that ends at a ternary DPPC/DUPC/cholesterol

membrane. The former is homogeneous, while the latter is known to separate into coexisting

ordered and disordered phases. At intermediate values of χ, the membrane is a quaternary

mixture of DPPC, POPC, DUPC, and cholesterol.

Simulation Parameters and Setup

Simulations were performed using the GROMACS software package (version 4.6.5).10,78 The

time step of the simulation was set to be 20 fs, which is typical for MARTINI simulations.59

van der Waals and electrostatic interactions were truncated at 1.2 nm, with a smooth de-

cay of the former starting at 0.9 nm. Temperature was controlled by a stochastic velocity

rescaling thermostat.14,109 Pressure was controlled by a semi-isotropic Berendsen barostat10

with a reference pressure of 1 bar, which effectively maintains zero surface tension for the

membrane.
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The construction of the simulated systems proceeded in multiple steps. First, we used the IN-

SANE program115 to build small patches of lipid bilayers consisting of 24 DPPC, 24 POPC,

and 24 cholesterol molecules, together with 618 MARTINI solvent particles. This system

was equilibrated at 350 K, 5-fold replicated in each membrane direction, and then again

equilibrated at 350 K. We then replaced a number of randomly selected POPC molecules

with DUPC to obtain starting structures for our systems at different χ values. The result-

ing structures contained 1800 lipids and 14540 solvent particles and had a side length of

approximately 40 nm. They served as starting points for production runs at 298 K.

For membranes with high DUPC content, visual inspection shows that large domains com-

parable to the length scale of the system are formed, which is a clear indication of phase

coexistence. For systems with intermediate DUPC content, identifying the nature of spatial

heterogeneity in lipid distribution is less obvious. To quantify the phase behavior of these

systems, we developed a toolkit of several statistical analyses to probe the ensemble prop-

erties of the equilibrated bilayer systems. These quantities, including lipid partial density

correlation functions (or radial distribution functions), lipid partial structure factors, and

lipid local density/composition distributions, along with the continuum model and cluster-

ing analysis described in the Supporting Information, allow us to identify the onset of phase

separation.

3.2.2 Radial Distribution Function

As a slight variation from the general definition of radial distribution function provided in

Chapter 2, we defined the partial molecular density field of lipid species α for each leaflet

as

ρα (r) =
Nα∑
i=1

δ (r − ri) (3.2)

where ri is the (x, y) projection of the center of mass position between the two glycerol-ester

beads of the i-th molecule of lipid species α and Nα is the total number of lipids α in the
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leaflet. We used the MDAnalysis software package to identify the two leaflets of the bilayer.24

For cholesterol molecules, due to their tendency to reside in and sometimes flip-flop between

the two leaflets, the assignment is based on the molecular orientation defined by the vector

pointing from the center of geometry of the molecule to the hydrophilic hydroxyl group.

We calculated the partial radial distribution function (RDF), also known as the partial pair

correlation function, between lipid species α and β according to16,27

gαβ (r) =
N

ρNαNβ

〈
Nα∑
i=1

Nβ∑
j=1

′δ (r − rij)

〉
(3.3)

where rij is the (x, y) projection of the intermolecular distance between the center of mass

positions of the ith and jth lipid molecules and the prime symbol indicates that the i = j

term is excluded if α = β. Nα and Nβ are the total number of molecules for lipid type α and

β, respectively, N is the total number of molecules in the leaflet, and ρ represents the average

lipid density over the entire leaflet. Angular brackets denote the equilibrium average. The

function (3.3) was then radially averaged to obtain gαβ(r).

In our density function definition, we followed the convention that the lipid position ri is

the center of mass between its two glycerol-ester beads,86 projected onto the (x, y) plane.

Other definitions of molecular position will yield slightly different pair correlation functions;

however, these small variations are insignificant for the purpose of this study.

3.2.3 Structure Factor

As previously shown in Chapter 2, we defined the partial structure factor as27

Sαβ(k) =

〈
1

N
ρ̃α(k)ρ̃β(−k)

〉
(3.4)

where

ρ̃α(k) =

∫
dr eikrρα(r) (3.5)
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is the Fourier transform of the partial lipid density function from eq (3.2). The structure

factor and radial distribution function are related by 27

Sαβ(k) = xα(δαβ + xβ)ρ

∫
gαβ(r)e−ik · rdr (3.6)

where xα and xβ are the mole fractions of lipid species α and β, respectively, and δαβ is the

Kronecker delta.

3.2.4 Local Density Distribution (LDD)

We defined the local density distribution (LDD) exactly as described in Chapter 2, Eqn.

(2.6), and it was calculated by sweeping the observation window laterally over each leaflet

in every simulation frame. Also in Chapter 2 we showed that the characteristics of the LDD

profile depend both on the degree of lipid segregation and on the observation window size, w.

We provide detailed analysis of this dependence in the Results section of this chapter.

3.2.5 Local Composition Distribution (LCD)

In addition to the LDD calculation, we defined the local composition distribution (LCD)

as a multidimensional probability distribution of each lipid species within an observation

window of variable size. Although the LCD does not provide a local lipid density profile

that is directly comparable to results from model RDF analysis, a significant advantage of

LCD over LDD is that its multidimensional nature allows us to quantify the compositional

correlations between lipid species. This allows us to better identify the enriched and depleted

species in each domain, as well as to enforce the lever rule when we obtain the ternary lipid

phase diagram for our systems.

Similar to the LDD, we also calculate the LCD function with the same observation window

algorithm to analyze lipid composition on the bilayer system. Just like in the calculation

of LDD, we employ observation windows at various sizes to sample the local composition of
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each individual lipid species within the observation window, and the window then sweeps

both leaflets separately for the entire bilayer to acquire statistical information on the lo-

cal composition throughout the membrane. We compute the multidimensional probability

distribution

P (Γ) =
1

A

∫
dr

〈∏
α

δ
(

Γ̂α(r)− Γα

)〉
(3.7)

where

Γ̂α(r) =
Nα,w(r)

Ntot,w(r)
(3.8)

is the local partial lipid composition of lipid species α within an observation window of size

w centered at position r and Nα,w(r) and Ntot,w(r) are the number of lipid α molecules and

total number of all lipid molecules within the observation window centered at r, respectively.

Γ is the three- or four-dimensional vector of local compositions for each lipid species, and A

is the total area of the membrane.

3.2.6 Gaussian Mixture Model

To analyze the multidimensional LCD profile for our four-component lipid mixture and

quantify the onset of phase separation, we use a Gaussian mixture model as implemented in

the Python Scikit-learn machine learning package developed by Pedregosa et al.75 to identify

the nature of the distribution of lipid composition. Inspired by the continuum bilayer model

(described in the Supporting Information), we perform three population Gaussian cluster

analysis to the multidimensional local lipid composition distribution in order to identify

the lipid-rich and lipid-poor phases and their corresponding compositions. The Bayesian

information criterion (BIC) for Gaussian mixture models was used to ascertain whether a

three-population fit or a one-population fit is more appropriate,46 corresponding to phase-

separated and homogeneous membranes. The BIC is defined as

BIC = n · ln
(
σ̂2
e

)
+ k · ln (n) (3.9)
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where n is the number of data points in the random variable, k is the number of free

parameters used in the fit, and σ̂e
2 is the error variance, defined as

σ̂2
e =

1

n

n∑
i=1

(xi − x̂i)2 (3.10)

where x is the random variable or, in this case, the local lipid composition. Details of the

Gaussian mixture and BIC analysis are shown at the end of this chapter, in the Supplemental

section.

3.3 Results

3.3.1 Domain Formation and Local Density Distribution Depend on Composition

Final configurations of four (out of 11) MD trajectories at a simulation time of 20 µs are

shown in Figure 3.1. At low χ value, the system exhibits no apparent long-range order.

As χ increases, we start to observe domains enriched in DUPC. Further increasing the

DUPC composition causes formation of long-lasting, large-scale DUPC-rich and DUPC-

poor regions. Due to the geometry of the rectangular simulation box together with the use

of periodic boundary conditions, the shape of the coexisting domains can be either circular

or striped, depending on the area fraction of the domains. Typically, these domains are in

registry across leaflets after sufficient equilibration time, as reported in previous studies of

phase separation in mixed lipid bilayers.1,82,86

To quantify the bilayer heterogeneity, we calculate the local lipid density distribution (LDD)

function of the four lipid species. We calculate the number density of each lipid type within

an observation window that is smaller than the simulation box size. Statistics on the local

lipid density were collected at different locations of the observation window throughout the

entire membrane and over the last 5µs of the simulation trajectories. Intuitively, one would

expect the distribution to be unimodal if the membrane is homogeneous, i.e., the bilayer

system has the same composition everywhere. On the other hand, if the bilayer consists of
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χ = 0.1

χ = 0.8

χ = 0.5

χ = 0.9

Figure 3.1: Simulation snapshots of quaternary lipid bilayers taken 20 µs after the initial
temperature quench with increasing χ values of 0.1 (top left), 0.5 (bottom left), 0.8 (top
right), and 0.9 (bottom right), with DPPC (green), DUPC (purple), POPC (orange), and
cholesterol (black). At low χ, the system exhibits no apparent long-range order. As χ in-
creases, we start to observe small clustering of domains enriched in DUPC. Further increasing
the DUPC content induces phase separation into DUPC-rich and DUPC-poor regions.
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distinct regions where a lipid species is either enriched or depleted, we expect a bimodal

distribution of partial lipid densities indicating two distinct populations in the lipid density

distribution. To make this intuitive picture quantitative, we devised a simple continuum

model (shown in the Supporting Information) to capture the spatially heterogeneous nature

of the membrane and to analyze it by deriving an analytical form of the LDD for such

heterogeneous systems. The results are then used to analyze the lipid density distribution

from bilayer MD simulations.

Results of the LDD calculation for all 4 molecular species and 11 studied membrane com-

positions are shown in Figure 3.2. We find unimodal local density distributions of DPPC

molecules (top panel) in quaternary systems at low χ values (0 − 0.4). This shows that no

large-scale composition heterogeneity exists at and beyond the length scale of the 4 nm×4 nm

window we used. At higher χ (> 0.6), a bimodal pattern starts to emerge, indicating two

distinct populations of local lipid densities, indicating the coexistence of DPPC-rich and

DPPC-poor regions. We also observe an increase in the difference between the two peaks of

the bimodal DPPC local density distribution for higher χ values, which suggests that the

compositions in the two regions become increasingly different as more POPC is replaced by

DUPC. It is noticeable that, as the distribution shifts from the unimodal regime to the bi-

modal regime, the emerging low density peak does not retain the Gaussian-type distribution

of the unimodal peak. This is caused by the small number of DPPC molecules in the Ld

domain and the small observation window size. In this case, the density distribution can

no longer be properly described by a Gaussian distribution but should rather be modeled

by a Poisson distribution, both of which are illustrated in a discrete membrane model in

the Supporting Information. No significant difference is observed between the two leaflets,

and the reported data were averaged across both leaflets. The local density distributions of

DUPC molecules show a similar progression from unimodal to bimodal behavior as the com-

position variable χ increases, which strongly suggests a similar heterogeneous partitioning of

DUPC molecules as in the case of DPPC. In contrast to DPPC, the global density of DUPC
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Figure 3.2: Local density population distributions calculated using the sampling window
algorithm (with window size 4 nm × 4 nm) of all simulated bilayer systems for all lipid
types. The colored spectrum and the arrows indicate the value of χ of the system, from
high (green) to low (purple), with the halfway point singled out (yellow). For compositions
with a low content of DUPC (χ < 0.5), unimodal distributions of partial lipid density are
observed for all lipid types, while the peak for DUPC is less Gaussian-like due to insufficient
sampling of DUPC molecules at very low DUPC composition. For compositions with high χ
values, bimodal distributions of lipid density are found for DPPC, DUPC, and cholesterol.
For POPC, the density distribution remains unimodal while being shifted to the low density
end due to a decrease in global POPC density, and the peak also gets distorted away from
its Gaussian shape due to decreased sample size.
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Figure 3.3: LDD calculations for all lipid species at various compositions with different
window sizes, one of which was shown in Figure 3.2 with 4 nm× 4 nm observation window
(solid lines) and the other one with a bigger observation window of 8 nm×8 nm (dashed lines).
The color scheme is based on the composition variable χ and follows the same spectrum in
Figure 3.2. At large χ values, both LDD profiles show bimodal distributions of lipid density
for DPPC, DUPC, and cholesterol. It is noted that, for a bigger observation window size,
the bimodal-to-unimodel transition in the density distribution happens at larger χ values
compared to LDD with a smaller observation window. For DPPC, DUPC, and cholesterol
LDDs at small χ values, as well as for POPC LDDs at all compositions, we observe a
unimodal density distribution, indicating a homogeneous distribution at the observed length
scales. The calculations with a bigger observation window show a narrower distribution in
local density than those with a smaller window at all compositions.
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changes with χ; therefore, the center of the peak shifts as χ changes, and the histograms

look qualitatively different between DPPC and DUPC as a result.

For POPC molecules, no bimodal distribution is observed over the entire χ range. Due to

the change in global POPC composition as we traverse the χ axis, the POPC composition

peak shifts, similar to the case of DUPC. However, the local density distribution of POPC

remains unimodal, which suggests that the POPC lipid does not preferentially partition into

any of the coexisting phases in a significant way. When the global POPC density is low at

small χ values, we again see deviations from Gaussian behavior as discussed previously.

The LDD profiles of cholesterol are very similar to those of DPPC. At small χ values

(χ < 0.5), the distributions show unimodal, Gaussian-like features. As χ increases, the

distribution becomes bimodal. The average cholesterol density, or the mean of the distribu-

tion, is independent of χ because the overall cholesterol composition is kept constant. The

separation between the cholesterol-rich domain density and the cholesterol-depleted domain

density is not as large as that of the two phospholipids, indicating that the preferential par-

titioning of cholesterol between the two regions is not as strong as that of DPPC and DUPC.

Another feature of the cholesterol LDD that is consistent with this observation is that the

low density peak cholesterol is much better resolved and retains a Gaussian-type line shape

around its maximum. Both observations indicate that the cholesterol content in the two

coexisting regions is more similar than the content of the two phospholipids.

A closer investigation of the LDD profile for both the bilayer simulations and the simple

continuum model (shown in the Supporting Information) reveals that lipid density distribu-

tion profiles depend strongly on the scale of potential heterogeneities and the observation

window size by which this density profile is obtained. The same LDD calculation was per-

formed with a different observation window size of 8 nm×8 nm. Results are shown alongside

those obtained with a smaller window in Figure 3.3. By using a larger sampling window size,

we observe that, if a lipid composition shows unimodal density distributions with a smaller

observation window, the larger window still indicates spatial homogeneity. It is noticeable
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that the distribution gets narrower as the window gets larger, which is a consequence of

the central limit theorem. More interestingly, for some systems where the LDD profile for

the smaller window indicates two coexisting phases, that of the larger window shows no

strong evidence of a bimodal distribution. Further analysis suggests that the two peaks in

a bimodal density distribution start to merge when the observation window size exceeds a

χ-dependent threshold value. Comparison with the simple continuum model described in

the Supporting Information shows that this threshold size is an indicator for the length scale

of the heterogeneity.

In the following two sections, we will first focus on quantifying the difference between co-

existing phases and domains in order to understand the nature of the relationship between

membrane composition and membrane morphology. Then, we will elucidate the dependence

of LDD on observation window size and its implication on identifying the nature, as well as

quantifying the degree, of lipid spatial heterogeneity in bilayer systems.

3.3.2 Using Density Correlation Functions to Identify the Onset of Phase Separation

Pair correlation or radial distribution functions (RDFs) provide a different route to studying

membrane heterogeneity. Figure 3.4 shows results obtained from our coarse-grained simula-

tions.

At short distances, the RDF provides information on molecular packing. It is noticeable that

in this regime the RDF varies systematically with membrane composition. For example, in

the case of DPPC, the height of the nearest-neighbor peak increases with χ. This behavior is

expected for a system that undergoes a transition from a homogeneous to a phase-separated

regime, where in the latter the DPPC molecules are concentrated in one domain and depleted

in the other. The RDF of cholesterol shows long-range order at high χ values, indicating

nearly crystalline order. This is a known artifact of the MARTINI coarse-grained model that

has been rectified in recent versions of this force field.38
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Figure 3.4: Partial radial distribution functions of lipids in bilayer systems for different
molecule types at various compositions. The color scheme is the same as that in Figure 3.2,
ranging from low χ (purple) to high χ (green) value, with χ = 0.5 (yellow) being the halfway
point. At low χ values, the RDF approaches unity, indicating composition homogeneity
over large distances. At high χ values, the RDFs for DPPC, DUPC, and cholesterol show
a characteristic long-range linear decay, a hallmark of phase separation, while the RDF of
POPC converges to unity at long range for all χ values.
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At large distances, the RDFs of DPPC, DUPC, and cholesterol exhibit a long-ranged, nearly

linear decay to values less than unity at compositions rich in DUPC. This indicates that

the system cannot be homogeneous at those large χ values, because homogeneity invariably

translates into flat pair correlation functions at large distances, indicating the finite range

of density correlations in bulk fluids. The fact that such uniformity is not observed even at

length scales comparable to the size of the system is a strong indicator for thermodynamic

phase separation.

To obtain further insight from these RDFs, we analyze in the Supporting Information a simple

continuum model of two coexisting phases, both with spherical and stripe domains. We derive

analytical expressions for the pair correlation function, which exhibits a nearly linear, slowly

decaying behavior at large length scales, similar to those shown in Figure 3.4. The analysis

of the continuum model shows that the slope of the linear part of the RDF is related to

the difference ∆ρ in density of a lipid species between the two coexisting regions. With

this analysis at hand, we can extract this important quantity for the quaternary membrane

studied in our simulations.

At each simulated composition, the partial RDFs were calculated, and the long-ranged linear

portions were fit to analytical functions derived from the models. Results of those fits are

shown in Figure S6. Using the relationship obtained from the continuum model eq S11, we

calculate the density contrast from the fitting parameters. Figure 3.5 shows the results of

this approach for DPPC and compares them to the difference in peak positions of the LDD

profiles discussed in the previous section. Both approaches find significant density contrast

between the two phases at large values of χ, and their estimates of ∆ρ agree quantitatively.

For χ ≤ 0.4, however, the two approaches give conflicting results: while the LDD for these

compositions is unimodal, which points toward a single homogeneous phase, the linear fit to

the pair correlation function yields a negative slope, which gives rise to small but nonzero

estimates of the density contrast. In this regime, the RDF approach becomes unreliable,

because the slope of the linear fit and therefore the estimate for ∆ρ become sensitive to the
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Figure 3.5: Density difference of DPPC between coexisting phases, calculated using the
slope of the radial distribution function (Figure 3.4) and from the local density distribution
function (Figure 3.2). At large values of χ, both the RDF and the LDD results show a
significant density contrast between the DPPC-enriched and DPPC-depleted regions. The
magnitude of this contrast depends on composition. At low values of χ, the RDF approach
becomes less reliable (open symbols) due to difficulties in identifying and fitting the linear
region of the density correlation function.

range over which the RDF is fitted. Furthermore, this method assumes that phase-separated

domains, if they exist, form two rectangular stripes in the system. While this is the case for

separated systems with high interface tension, this assumption breaks down if the interface

tension becomes small and comparable to thermal fluctuations. The LDD method does not

require such assumptions; we believe it is therefore the better approach to establish the

presence of coexisting domains and the density contrast between them.

3.3.3 Analysis of Structure Factors

A complementary way to detect and characterize lipid heterogeneity is the analysis of the

partial structure factors Sαβ(k), defined in eq (3.4). While containing the same informa-

tion as the pair correlation function, the structure factor is of interest for multiple reasons.
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Figure 3.6: Radially averaged 2-d partial structure factors for all studied compositions and
lipid species. The color scheme is the same as that in Figure 3.2. For lipid species with high
concentrations (DPPC, DUPC at high χ, and POPC at low χ), we observe a broad peak
at ∼ 10 nm−1, which originates from nearest neighbor packing. At very large k values, the
structure factor converges to the global mole fraction of the given lipid, without accounting
for cholesterol molecules. Large values of the structure factor at low k indicate significant
density fluctuations on the scale of the system. Insets show that the magnitude of such
density fluctuations is significantly larger for DPPC and DUPC than for POPC at high χ,
while they are comparable at low values of χ.
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First, it is directly related to data obtained in neutron or X-ray scattering experiments.5,31

Second, the structure factor can be used to distinguish between unstructured fluids, struc-

tured fluids, and modulated phases. Recent work has suggested that seemingly homogeneous

bilayers might in fact be microemulsions that are ordered on length scales not discernible

in optical experiments.90,95,96 The hallmark feature of this microemulsion phase is a peak

in the structure factor at nonzero wavevector on length scales larger than those related to

molecular packing.

Figure 3.6 shows partial structure factors for the three phospholipids in all studied systems.

They show significant changes in bilayer structure as the composition is varied. Their nor-

malization is such that they converge at large wavevectors to a lipid species’ mole fraction

in the membrane. As the parameter χ changes from 0 to 1, this mole fraction changes for

POPC and DUPC but not for DPPC, which is why the partial structure factors of the latter

overlap while those of the first two lipids are separated by a constant offset.

We are primarily interested in the low-wavevector (large-length-scale) regime. Both the

DPPC and DUPC partial structure factors exhibit 5−10-fold higher low-wavevector inten-

sities at large vs low χ values, indicating long-range order of density fluctuations for phase-

separated systems and large-scale segregation of DPPC and DUPC lipid molecules. The

POPC structure factor shows no significant variation in the low-wavevector regime with in-

creasing χ. This suggests, as one would expect from the LDD and RDF results, that POPC

does not participate strongly in the segregation of lipids, while DPPC and DUPC show

strong partitioning into heterogeneous domains.

The nature of this apparent heterogeneity cannot be identified from the analysis of partial

structure factors alone. A sharp increase of S(k) as k → 0 is consistent with two coexisting

thermodynamic phases, separated over the length scale of the entire system. Alternatively,

a peak in S(k) at small but nonzero wavevector is consistent with a single, structured phase

such as a microemulsion.90,95,96 Our simulations cannot distinguish between these two sce-

narios, which would require additional data at lower wavevectors to test whether the observed



41

behavior of S(k) is part of a monotonic increase at low wavevectors or the high-k flank of a

peak in the structure factor. This data can only be provided by simulations spanning much

larger system sizes, which are currently unfeasible.

Combining results from LDD, RDF, and structure factor calculations, along with a model-

based analysis of lipid density distributions, we have established that both the length scale

and the lipid composition of heterogeneous lipid domains depend on the membrane composi-

tion. Although the phase behavior at the near-ternary end points of χ has been well studied

by experiments and simulations (including this work), the nature of this heterogeneity re-

mains unclear. As indicated by the high intensity at low wavevectors in the partial structure

factors, the size of heterogeneous domains is apparently often bound by the simulation box

size, which does not allow us to distinguish between multiple segregated phases and a single

structured fluid. While performing simulations on significantly larger systems is out of reach,

we can obtain related information by varying the size of the observation window inherent to

the LDD analysis method while keeping the system size fixed.

3.3.4 Dependence of Local Density Distributions on Observation Window Size

As previously discussed and illustrated in Figure 3.3, the LDD depends on the size w of the

observation window chosen for the analysis. This dependence can be used to gain further

insight into the nature of lipid heterogeneity in mixed bilayer systems. For example, Fig-

ure 3.7 shows the position of local maxima in the LDDs of the four lipid types as a function

of w for two different membrane compositions.

For bilayers rich in DUPC (χ = 0.9, top panel), we find that when the observation window is

sufficiently small (w < 8 nm) two distinct populations of local lipid densities are observed for

DPPC, DUPC, and cholesterol, indicating a separation of the bilayer into regions enriched

and depleted of those species. POPC, on the other hand, does not participate in this separa-

tion. As predicted by the analytical form of the LDD in a simple continuum model (shown



42

0

0.5

1

P
a
rt
ia
l
L
ip
id

D
en

si
ty
,
ρ
(n
m

−
2
) χ = 0.9

0

0.5

1

4 8 12 16 20

P
a
rt
ia
l
li
p
id

d
en

si
ty
,
ρ
(n
m

−
2
)

Observation Window Side Length, w (nm)

χ = 0.3DPPC
DUPC
POPC
CHOL

Figure 3.7: Peak positions in the local density distribution (LDD) function for various lipid
species as a function of observation window size w. In a segregated system (χ = 0.9, top
panel), the LDDs for DPPC, DUPC, and cholesterol have two local maxima corresponding
to the densities in distinct enriched or depleted domains, whereas the LDD of POPC only
has a single peak independent of w. In a homogeneous system (χ = 0.3, bottom panel), the
LDDs of all species have only a single peak independent of observation window size.
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in the Supporting Information), when the observation window size goes beyond the length

scale of the heterogeneity, the spacing between the two peaks decreases, as the calculation

now fails to sample the domain bulk lipid density due to the large observation window size.

For the strongly phase-segregated system, the rich-phase density only becomes identical to

the poor-phase density when the observation window is as big as the entire system. This

suggests that the length scale of lipid density heterogeneity scales with the simulation box

size, which is indicative of thermodynamic phase separation.

For bilayers with low DUPC content (χ = 0.3, bottom panel), we find that the LDDs of

each lipid species exhibit only a single maximum whose position is nearly independent of the

observation window size w. These results suggest that the bilayer is laterally homogeneous

over the entire range of length scales that we considered. It is noticeable that when the

observation window gets very small (close to 4 nm) some lipids, especially DUPC, show a

slightly lower than average local density. This is most likely due to the statistics of low num-

bers in the limit of low overall DUPC density and small observation windows. We attribute

the brief appearance of a DUPC-poor peak around w = 14 nm to the uncertainty inherent

in identifying local maxima in the noisy LDD that contains statistical uncertainty.

To further study the relationship between the degree of lipid heterogeneity and observation

window size, we compute the lipid density contrast ∆ρ between the enriched and depleted

regions for each lipid type as a function of global composition χ. These calculations are

similar to the LDD calculation shown in Figure 3.5 for DPPC but are now done for all lipid

types at various compositions and observation window sizes. Results are shown in Figure 3.8.

First, we see that for reasonably small window sizes (w < 11 nm, about half of the simulation

box size) the system shows no sign of heterogeneity for compositions with small χ, as the

lipid density contrast between the two regimes remains zero. Second, for large χ, the system

shows strong segregation, as shown by large differences in local lipid densities. These values

correspond to the end points on the tie-line projected onto the axis of each lipid species. It

is noticeable that for smaller observation window sizes (w = 4, 6, and 8 nm) the density
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Figure 3.8: Density contrast between enriched and depleted local lipid densities as a function
of observation window size. Symbols and colors are the same as those in Figure 3.7.

contrast for the same lipid type converges to the same value as χ approaches 1 consistently

across different window sizes. This indicates that these observation windows are small enough

to capture the bulk phase densities. For w = 10 nm, however, the maximum contrast at

χ = 1 starts to decrease compared to the value from smaller windows, suggesting that the

observation window has grown beyond the length scale of heterogeneity of the system.

Our analysis of the local density distribution functions shows that in order to obtain accurate

estimates of bulk lipid densities in coexisting domains one has to use an observation window

size that is significantly larger than the size of an individual lipid but that cannot exceed

the length scale of the heterogeneity. In the case of thermodynamic phase coexistence, the

latter is determined by the size of the system. Characteristic changes in the LDD as the size

of the observation window is varied can be used to demonstrate phase coexistence, and to

distinguish it from other mechanisms that may lead to spatial heterogeneity.



45

DPPC UNST

CHOL

Lo

Ld

Figure 3.9: Multicomponent lipid phase diagram of the quaternary lipid mixture as obtained
from the Gaussian mixture model analysis with observation window size w = 5 nm. UNST
stands for the sum of unsaturated POPC and DUPC lipids. The colors are the same as
those in Figure 3.2. At large χ values, the Bayesian information criterion (BIC) indicates
strong evidence for two distinct populations of lipid species (solid symbols), and the system
exhibits coexistence of a liquid-ordered (Lo) phase rich in DPPC and cholesterol (triangles)
and a liquid-disordered (Ld) phase rich in unsaturated lipids (squares). At intermediate χ
values, the evidence for phase separation is very weak (hollow symbols). At low χ, the LCD
shows a unimodal distribution of lipid compositions and the BIC supports the identification
of a single, uniform phase (solid circle).
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3.3.5 Obtaining Composition Phase Diagrams Using Local Composition Distributions

The mixing behavior of multicomponent systems is best illustrated in composition phase

diagrams. Compositions (or mole fractions) are generally preferred over molecular densities

due to the built-in constraint that the mole fractions of all species must add to unity, thereby

reducing the dimensionality from four to three. We therefore adapt our algorithm to calculate

the LDD to compute local composition distribution (LCD) functions, defined by (3.7). From

our simulation data, we obtain a large number of samples of local lipid compositions. As

described in the Methods section and in the Supporting Information, these samples are

then analyzed by fitting to a Gaussian mixture model with either one or three population

centers and the Bayesian information criterion (BIC) is used to determine which model best

describes the data. This approach allows us to distinguish a homogeneous system from a

heterogeneous system in a statistically meaningful way.

To simplify the analysis and graphical representation of the mixing behavior, we chose to

combine the two unsaturated lipids POPC and DUPC into a single component, denoted

UNST, thereby further reducing the dimensionality from three to two. This simplification

is justified by the LDD calculations shown in Figure 3.7, because POPC does not show

significant separation across all studied observation length scales. Therefore, no information

is lost by combining POPC with any other lipid species, or by leaving it out of the LCD

calculation entirely. We chose to combine POPC with DUPC because the total number of

these two lipids is conserved across all compositions considered in this study.

Figure 3.9 shows the ternary DPPC / UNST / cholesterol phase diagram obtained from the

LCD analysis. At χ ≥ 0.5, the BIC indicates signifiant evidence for a multipopulation model

of local compositions, which is consistent with a phase-separated system. As illustrated

in the Supporting Information, the three populations correspond to the compositions of

two coexisting bulk phases and an additional broad band that connects them, which stems

from samples in which the observation window contains the interface between two domains.
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One phase is rich in DPPC and cholesterol, while the other is rich in unsaturated lipids.

These phases form the end-points of tie-lines that span the coexistence region in the phase

diagram. We identify them with the liquid-ordered (Lo) and liquid-disordered (Ld) phases,

respectively.

For 0.3 ≤ χ ≤ 0.4, there is still some evidence for multiple populations in composition space

but that evidence is very weak. For χ ≤ 0.2, the BIC indicates that a three-population model

overfits the data and that a one-population model more accurately represents the data. To

these systems, we therefore assign only a single phase, with a composition equal to the global

mole fractions of lipids.

To further study the role of POPC, we repeat the Gaussian mixture model analysis on the

four-component compositions of all lipid species. Figure 3.10 shows a different rendering

of the quaternary phase diagram obtained by projection onto the DPPC−POPC−DUPC

plane, thereby ignoring the contribution of cholesterol. As shown previously, cholesterol

preferentially partitions with DPPC into the Lo phase, and by leaving cholesterol out of

the analysis, we therefore decrease the composition contrast between the two phases. Both

phase diagrams are obtained from local composition data calculated with an observation

window size of w = 5 nm. This window size is chosen because it is small enough to avoid

the domain interface for most observations and because it is big enough to allow sufficient

sampling of lipid molecules. This method is valid as long as the domains are at least as

large as the chosen observation length scale. We find that the BIC scores again indicate a

regime of strong evidence for phase separation (0.5 ≤ χ ≤ 1), a regime of weak evidence for

two lipid composition populations (χ = 0.4, 0.3), and a regime of complete homogeneity in

lipid compositions (χ < 0.3). We also observe that within the strong segregation regime the

POPC molecules partition weakly into the liquid-ordered phase, as indicated by the tilted

tie-lines in Figure 3.10.
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Figure 3.10: Multicomponent phase diagram obtained using a four-dimensional Gaussian
mixture model, and neglecting the cholesterol component for ease of graphical illustration.
The chosen observation window size is w = 5 nm. Colors and symbols are the same as those
in Figure 3.9. In this representation, the χ = 0 system lies on the DPPC/POPC axis, while
χ = 1 corresponds to a point on the DPPC/DUPC axis. The latter shows strong separation
into a liquid-ordered and a liquid-disordered phase. The contrast between these phases
decreases with decreasing χ, and eventually vanishes as the system becomes homogeneous.
The tie-lines spanning the coexistence region are slightly tilted, indicating a weak preference
of POPC for the ordered phase.
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3.3.6 Identifying Phase Coexistence via System Size Dependence of Composition Distribu-

tions

We previously showed that the peak positions in one-dimensional LDDs at large χ have the

dependence on the size w of the observation window that one would expect for a strongly

segregated system. To pinpoint the mechanism that causes this segregation, we now study

the dependence of local distribution functions on the size L of the system. The hallmark

characteristic of phase separation is that the associated length scale of heterogeneity is pro-

portional to the system size. In addition, it has recently been shown that phase separation

can be artificially suppressed in computer simulations if the size of the system is too small

due to the different scaling of mixing entropy and interface energy.74

To verify that phase separation is indeed the underlying mechanism for the observed het-

erogeneity in our system, we performed an additional set of simulations on much larger

membrane systems, obtained by replicating the initial conditions of the previous simulations

twofold in each membrane direction. Once equilibrated, we repeated the Gaussian mixture

analysis described in the previous section on this new data set.

Figure 3.11 compares the compositions obtained from this analysis for both system sizes and

a wide range of observation window sizes for a strongly segregated system (χ = 1). The two

graphs are essentially the same, even though the ranges of the observation window size are

different. At small w, we obtain stable lipid compositions in the two coexisting lipid domains.

For this ternary mixture, we observe 52% DPPC, 48% cholesterol, and essentially no DUPC

in the liquid-ordered domain as well as 85% DUPC, 11% cholesterol, and 4% DPPC in the

liquid-disordered domain.

As illustrated in the simple continuum model, the apparent peaks in the LDD or LCD

functions start to shift toward the bulk density/composition when the sampling window size

surpasses the length scale of the heterogeneity. For the smaller system, we observe that

this shift occurs at a length scale of 6 nm, while, for the large system, it starts when w
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Figure 3.11: Local bilayer compositions as a function of observation window size obtained
from the Gaussian mixture model for a small (L = 21 nm, top) and a large (L = 43 nm,
bottom) membrane system at χ = 1. The two graphs are essentially the same, which shows
that the length scale of membrane heterogeneity is proportional to the system size, as is
expected for thermodynamic phase separation.
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exceeds 12 nm. This finding indicates that the length scale of heterogeneity of the strongly

segregated system grows proportionally with the system size, which is further proof that

phase separation is the mechanism that leads to this heterogeneity.

Finally, we note that the excellent agreement between the two graphs shown in Figure 3.11,

which were obtained from independent simulations, indicates that the Gaussian mixture

analysis yields robust results for the compositions of coexisting phases.

3.4 Discussion

The coarse-grained simulations presented in this Chapter capture similar trends along the χ

axis as previous studies on multicomponent lipid bilayer systems in that (1) the scale of lateral

heterogeneity, characterized by domain formation, increases with χ, as observed both in

experiments31,49 and in simulations,1,6, 17,26 (2) the composition difference between coexisting

phases also increases with χ, in agreement with previous experimental and computational

studies,1,49 (3) signatures of phase separation at high χ such as the overall form of radial

distribution functions are in qualitative agreement with previous simulations,86 and (4) the

phase diagram obtained from our simulations is in qualitative agreement with that obtained

previously.1

However, this work also presents new features and perspectives of the problem. In the phase-

separated regime, our model-facilitated analysis of the partial radial distribution functions

enables us to quantitatively capture the composition information from coexisting lipid phases

by relating it to the linear decay of the RDF over long distances. Both the size of the domains

and the difference in their compositions can be extracted by comparison with the appropriate

continuum model, and the results show a strong dependence of the length scale of bilayer

heterogeneity on the lipid composition as described by χ. We have shown how the transition

from unimodal to bimodal behavior of local distribution functions can be used to identify

the onset of phase separation. The system size dependence of these functions is known to
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contain information about the phase diagram, in particular the precise location of the critical

point.11,13 These functions also depend on the size of the chosen observation window, which

we have utilized to verify the onset of phase separation. In addition, Bayesian analysis of

Gaussian mixture models can further enhance the estimates of the phase boundary and of

the compositions of the coexisting phases.

For compositions poor in DUPC, we have found a well-mixed, homogeneous phase charac-

terized by short-ranged composition correlations and unimodal distribution functions. This

result is at variance with neutron scattering experiments on a similar quaternary lipid mix-

ture, which have revealed domains as small as 10 nm in size,31 and that should therefore be

detectable in our simulations. We also find no evidence for a structured fluid phase, such as

a microemulsion, in this regime. However, the systems that we simulated are too small to

rule out the presence of such a phase. The typical length scale of a bilayer microemulsion is

expected to be on the order of 100 nm, which is significantly larger than the systems we can

simulate over sufficiently long time scales. The signature of such a phase is a peak in the

structure factor at nonzero wavevector. While we do find a significant increase in S(k) at

small k, our observations do not reach small enough wavevectors to determine whether this

increase continues monotonically or whether it reverses, which would yield the characteristic

peak.

Further studies, both experimental and computational, will be required to fully elucidate the

nature of this material, which at least on the small length scales studied in our simulations

seems homogeneous. The results presented in this work contribute to this quest by using

novel approaches to accurately determine the boundaries of the phase coexistence region in

this quaternary lipid bilayer.
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3.5 Supplemental

3.5.1 Fitting Analytical Model to Simulation RDFs

Simulation DPPC partial RDFs are fitted with analytical RDFs derived from appropriate

continuum models (equations shown in Chapter 2) for phase separated systems with χ =

0.5 to χ = 1.0. The linear portion of the simulation RDFs are identified based on the

quality of initial linear regression fit, and the best linear region of the functions is used to

extract the phase composition contrast as well as other parameters to get the compositions.

We obtain good agreement with expected results for the fitted values. Structure factors

are also calculated using the parameters obtained from the fit, and qualitative dependence

of low wave-vector intensities on domain size and phase compositions is observed. Due to

the simplicity of the model this agreement cannot be easily shown quantitatively for low

wave-vector region of the analytical structure factor, so the results are not included in this

analysis.

3.5.2 Gaussian Mixture Model Analysis and Bayesian Information Criterion

We perform Gaussian mixture model analysis on the multi-dimensional local composition

profile of the system. For this example we fit the 3-component lipid local composition

distribution with three 3-dimensional Gaussians, each representing the density distribution

of the Lo phase (yellow), the Ld phase (red), and the flat region in between (brown). The

mean of each Gaussian fit is shown as a black star on the histogram.

To test whether there is statistical evidence for three distinct evidence over a single popula-

tion, we perform Bayesian Information Criterion (BIC) calculation show in Fig. 3.14. Since

the change in BIC is calculated by:

∆BIC = BIC1−population − BIC3−population (S18)



54

D
P
P
C

P
ar
ti
al

L
ip
id

R
ad

ia
l
D
is
tr
ib
u
ti
on

F
u
n
ct
io
n

Distance, r (nm)

Model Fit χ = 1.0

Model Fit χ = 0.9

Model Fit χ = 0.8

Model Fit χ = 0.7

Model Fit χ = 0.6

Model Fit χ = 0.5

Simulation RDFs

Figure 3.12: Simulation DPPC partial RDFs (gray dashed lines) fitted with RDFs derived
from appropriate analytical models for phase separated systems with χ = 0.5 to χ = 1.0.
The linear portions of the RDFs are fitted with the functions derived from the continuum
models using a regression algorithm. Good linear fits are obtained for systems where phase
separation is expected.



55

Figure 3.13: Gaussian mixture model analysis on multi-dimensional local lipid composition
distribution for χ = 0.9. The three panels are three dimensional composition histograms of
DPPC, cholesterol and unsaturated lipids (POPC and DUPC) projected onto the three pos-
sible two dimensional axis. On top of the lipid density distribution histogram, we show three
ellipses whose centers represent the means of the three-population Gaussian fit (marked with
black stars). The long and short axis of the ellipses represent the value of the eigenvectors
of the covariance matrices of the three-population Gaussian fit

and that lower BIC score indicates a better fit. A large value of ∆BIC indicates that

the three-population model is justified. According to previous study on Bayes factors, the

strength of evidence for the three-population model (against the one-population model) can

be categorized by the ∆BIC values:46

∆BIC1−3 Evidence for three-population model

0 to 2 No/very weak evidence

2 to 6 Positive

6 to 10 Strong

> 10 Very strong

For χ ≤ 0.2, ∆BIC is close to zero, which suggests there is no evidence for three popula-

tions, and that a homogeneous distribution can best describe the density distribution of the

system. For χ ≥ 0.5, especially when χ ≥ 0.8, the large value of ∆BIC indicates that a

three-population Gaussian fit captures the features of the distribution much better than the



56

one-population model, and that the composition distribution is in fact heterogeneous. For

intermediate χ values (0.3 and 0.4) there is weak evidence that the system is heterogeneous

rather than homogeneous.
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Figure 3.14: Change in BIC from a three-population Gaussian fit to a one-population
Gaussian fit. For χ ≤ 0.2, ∆BIC is close to zero, which suggests there is merely any evidence
that a three-population Gaussian fit is justified and a homogeneous distribution can best
describe the density distribution of the system. For χ ≥ 0.5, especially when χ ≥ 0.8, the
large value of ∆BIC indicates that a three-population Gaussian fit captures the features
of the distribution much better than the one-population model, and that the composition
profile is truly heterogeneous.
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Chapter 4

INTERPRETING THE STRUCTURAL SIGNALS AND
CHARACTERISTIC LENGTH SCALES OF SMALL DOMAINS

IN CELL-DERIVED MEMBRANES AND SYNTHETIC
MODEL MEMBRANES

NOTE: This chapter is based on published work by C. E. Cornell, A. D. Skinkle, S. He, I.

Levental, K. R. Levental, and S. L. Keller.15 Figures reproduced with permission.

4.1 Introduction

Although GUVs under most conditions exhibit micron-scale, coexisting liquid ordered (Lo)

and liquid disordered (Ld) domains, which sizes are characterized by the size of the system,

are observed, under some other conditions GUVs exhibit domains with smaller length scales.

Our collaborators in the Keller lab and Levental lab,15 as well as other researchers,48 have

observed these morphologies on both GUVs and GPMVs. In this work we analyze and

interpret the fluorescence images of these vesicles. Our goal is to elucidate the mechanisms

by which characteristic length scales varu in modulated phases and microemulsions.

As discussed in previous literature,90,91,95,105 one major distinction between a modulated

phase and a microemulsion is that, although both yield a peak at nonzero wavevector in

a structure factor calculation and both show oscillating features in their density radial dis-

tribution function (G(r)), the decay in the magnitude of such an oscillation is significantly

different. As shown in the schematics in Figure 4.1, the G(r) of the modulated phase exhibits

a slower, power law decay whereas the G(r) of the microemulsion yields a faster, exponen-

tial decay. The difference arises due to a difference in the length scale and directionality of
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the density fluctuation.The designation of modulated phase versus microemulsion does not

determine the shape of the domains (“dots” or “discs” versus “stripes”). This observation

is similar to the one in Chapter 3 in which there was no direct connection between the onset

of phase separation in bilayer systems and the domain shape. In this chapter we focus on

the methods we used to evaluate the characteristic length scales and fluorescence levels of

images from both GUVs and GPMVs prepared by our collaborators, in order to test the

proposed mechanisms of modulated phases and microemulsions.
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Figure 4.1: Schematic of different types of membrane behavior reproduced from published
work by Cornell et. al.15 (A) GUVs exhibiting two coexisting liquid phases that scale with
the system size. (B) GUVs exhibiting critical fluctuations show a broad range of correlation
length scales as indicated by the G(r). (C) GUVs in modulated phases yield an oscillating
G(r) bounded by a slow, power law decay. (D) GUVs in microemulsion show an oscillating
G(r) bounded by a fast, exponential decay.
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4.2 Methods

4.2.1 Experimental

GUVs and GPMVs were prepared at various temperatures and osmotic pressure by our ex-

perimental collaborators using electroformation and canine kidney cell culture, respectively.

The GUVs were prepared using a synthetic lipid mixture of DiPhyPC/DPPC/cholesterol.

The excess area and asymmetry in GUV membrane that are needed in order to induce the

formation of dots and stripes was achieved by loading excess DPPC into GUV outer leaflets

using DPPC-loaded cyclodextrin. GPMVs were not loaded with extra lipids. The surface

tension for both types of the vesicles was carefully controlled by tuning the osmotic pressure

of the exterior glucose solution for GUVs, and by controlling the solution NaCl concentra-

tion for GPMVs. The detailed procedures by which the vesicles were prepared are not the

focus of this thesis and are thus not included. For more information, please refer to our

publication.15 Sample fluorescence images for GUVs and GPMVs were also obtained by our

collaborators, and are shown in Figure 4.2 and Figure 4.3.

Figure 4.2: Fluorescence image for a single GUV going from 16 ◦C to 28 ◦C (top row), and
then from 27 ◦C to 16 ◦C (bottom row). Scale bar, 20µm.
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Figure 4.3: Micrographs of a single GPMV from 8 to 16 ◦C. Scalre bar, 10µm.

4.2.2 Image Analysis

To analyze and interpret the fluorescence images obtained, we calculate strucutral properties

such as radial distribution functions and structure factors of the images. Following the

general definition given in Chapter 2, we modified these calculations for the two-dimensional

images.

We defined the two dimensional radial distribution function (RDF) for the image as:

G (r) =
〈δρ(r′ + r)δρ(r′)〉

〈δρ(r)〉2
(4.1)

where δρ(r) is the contrast between the two dimensional image grey value vector and the

image average grey value:

δρ(r) = ρ(r)− ρ̄ (4.2)

and

ρ̄ =

∫
drρ(r)∫

dr
. (4.3)

To implement the above definition for our pixelated image, we put the grey value vector into

matrix representation:

ρ(r) = ρi,j (4.4)

where r is the position vector represented by a matrix element as a pixel at i-th row and
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j-th column. The average density can be calculated as:

ρ̄ =
m∑
i=1

n∑
j=1

ρi,j
mn

(4.5)

and the contrast:

δρ(r) = δρij = ρi,j − ρ̄ (4.6)

Thus, the 2-D G(r) becomes:

G(r) = G(ri,j) =

(
m,n∑
k,l=1

δρk,l · δρk+i,l+j

)
(

m,n∑
k,l=1

δρk,l

)2 (4.7)

for all i ∈ (1,m) and j ∈ (1, n). The one dimensional RDF, G(r), is the two dimensional

function that reports modulation in the direction perpendicular to the stripes and is averaged

over the direction parallel to the stripes in the image, assuming translational invariance:

G(r) = G(ri) =
n∑
j=1

G(ri,j)

n
(4.8)

Due to the finite size of the image, the calculation yields fewer data points as the separation

between two correlated pixels increases and approaches the image size, thus the quality of

G(r) degrades as r increases.

We also calculated the one dimensional structure factor as a Fourier transform of the 1-D

G(r) of the image using the generic definition:27

S(k) = 1 + ρ̄

∫
G(r)e−ik · rdr (4.9)

The actual Fouier transform is carried out using the fast Fourier transform function provided

in the NumPy v 1.14 Python software package.41,72
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4.3 Results

4.3.1 Radial Distribution Function and Structure Factor Calculation Confirms that the

Characteristic Length Scale is Inversely Related to Temperature

As a review of the aspects of with phase-separated membranes we discussed in Chapter 3, we

note that for vesicles in which Lo/Ld phases coexist, the compositions of the lipids in the two

phases become more similar as temperature increases, causing the line tension between the

Lo and Ld phases to decrease, and lowering the energetic cost to form an interface between

the two phases.

For GUV and GPMV membranes with significant excess area, we quantify the characteristic

wavelength of stripes by computing G(r) and S(k) of the images, where the characteristic

wavevector (k) appears as a peak in the S(k). For example, the image taken from Figure

4.4 A at 16circC) yields the S(k) in Figure 4.4 C, which has a peak corresponding to a

characteristic wavelength of 0.89 ± 0.08µm. The autocorrelation, G(r), was calculated by

aligning the striped domains in the y-direction for optimal contrast, then thresholding the

gray value from the fluorescence image to enhance signal to noise ratio and to better capture

the characteristic wavelength. In Figure 4.5 B, only the local maxima of the peaks in G(r)

(shown as squares) were used to fit the exponential curve and the power law. Both curves fit

with statistical significance based on the R2 statistics. The structure factor, S(k), in Figure

4.5 C was calculated using fast one-dimensional Fourier transform of the radially averaged

G(r) shown in Figure 4.5 B. The same calculations were done for other temperatures and

the results are shown in Figure 4.8.

Similar calculations were done for GUVs, with a sample calculation shown in Figure 4.5 and

the rest in Figure 4.7.

By examining all the characteristic wavelengths calculated from the S(k) peak wavenumber,

in Figure 4.6 A and B, we showed that the characteristic wavelengths decrease with tempera-
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Figure 4.4: Sample calculations for G(r) and S(k) for a GPMV at 16 ◦C. (A) The same
micrographs as shown in Figure 4.3, with the area within the dashed box at 16 ◦C used for
the sample calculation. Scale bars, 10µm. (B) Autocorrelation, G(r), of the area in the
dashed box at 16 ◦C, where five maxima (squares) are fitted to an exponential curve and a
power law, yielding similar R2 coefficients. (C) Structure factor, S(k), calculated from the
same G(r) in (B). The peak in S(k) corresponds to the Fourier mode of the characteristic
wavelength, which is 0.89 ± 0.08µm, where the uncertainty is half the length of a pixel.
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Figure 4.5: Sample calculations for G(r) and S(k) for a GUV at 28 ◦C. (A) The same
micrographs as shown in Figure 4.2, with the area within the dashed box at 28 ◦C used for
the sample calculation. Scale bars, 20µm. (B) An enlarged image of the dashed box at
28 ◦C. (C) Autocorrelation, G(r), of the area in the dashed box at 28 ◦C, where five maxima
(squares) are fitted to an exponential curve and a power law, yielding similar R2 coefficients.
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Figure 4.6: Characteristic wavelengths decrease with increasing temperature. (A) and (C)
correspond to the single GUV in Figure 4.2 (using only images from temperatures marked
with asterisks). (B) and (D) correspond to the single GPMV in Figure 4.3 (excluding the
out of focus image at 10 ◦C).

ture for both GUVs and GPMVs. Since each wavelength corresponds to the summed widths

of one dark stripe and one white stripe, the width of a dark stripe corresponds to wavelength

minus the width of the bright stripe, where the width of the bright stripe corresponds to the

half-width of the first peak in the G(r). Thus the widths of both the dark and bright stripes

decrease with temperature for both GUVs and GPMVs (Figure 4.6, C and D).

Figure 4.4 B and 4.5 C also illustrate that when domains are wrapped on a sphere with

diameter ∼ 10µm, the distinction between a modulated phase and microemulsion is difficult

to assess from a single image. Visually, the small-scale stripes in Figsure 4.2 and 4.3 show

similarities to simulations of a modulated phase by Sholomovitz and others.95 However,
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within uncertainty, the sample G(r) calculations shown in 4.5 C and 4.5 B are equally well

bounded by a function that decays with a power law, as one would expect from a modulated

phase, and with an exponential, as a microemulsion would.
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Figure 4.7: G(r) and S(k) for images GUVs at four of the temperatures shown in Figure
4.2 and 4.5, the green curves are fits to a power law and the dot-dashed curves are fits to an
exponential.
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Figure 4.8: G(r) and S(k) for images GPMVs at four of the temperatures shown in Figure
4.3 and 4.4, the green curves are fits to a power law and the dot-dashed curves are fits to an
exponential.



71

4.4 Discussion

In this chapter, we evaluated how the characteristic lengths of small-scale features in mem-

branes of GUVs and GPMVs vary with temperature, using structural properties such as

density autocorrelation functions and structure factors to analyze fluorescence images. We

found that the length scales increase as temperature decreases and as tension increases (the

tension study is not included in this thesis). Our results are partly consistent with both the

Schick theory of microemulsions,89–91,95 and with some predictions of the theory of Harden et

al. for modulated phases.28 For both morphologies, we observed exceptions in the structural,

including inter-leaflet, properties of our vesicles. Discussion regarding these discrepancies is

not directly relevant to the analysis presented in this work and was thus not included. Al-

though it is also beyond the scope of this work, we propose that researchers could plausibly

differentiate between modulated phases and microemulsions by collecting a series of images

over time of a stationary vesicle exhibiting small domains and then could compute same

structural properties presented in this work. If the domains were due to a microemulsion,

then the averaged Fourier coefficients in S(k) would approach zero even for those wave vec-

tors at which the structure factor exhibits a peak. If the average of those Fourier coefficients

were nonzero, then the domains would be due to a modulated phase, as presented extensively

in Chapter 3 of this thesis, as well as in previous literature.95 Independent of whether the

vesicles that we investigate exhibit a modulated phase or a microemulsion, using the analysis

presented above, we tested how the length scales in the system vary with physical param-

eters such as temperature. This helped us and our experimental collaborator to evaluate

theoretical predictions associated with mechanisms of the formation of small domains.

4.5 Supplementary

Note: This code was published in the supplementary information of the paper

by C. E. Cornell, A. D. Skinkle, S. He, I. Levental, K. R. Levental, and S. L.
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Keller.15

4.5.1 Python Code for G(r) and S(k) Calculations

””” This script will take an 8-bit image and compute a pair correlation function, G(r), of

the pixels in the image. First, a pair correlation is calculated along the x-direction. This

generates a 2D pair correlation with correlations between particles in X and Y. The code

then plots one slice of the G(r) in the x-direction against the radius.

The pair correlation function will be normalized around 0 and this code can also calculate

an envelope function of the G(r). The code fits either an exponential or a power law function

to the G(r) or envelope and gives error bounds. This version truncates the envelope function

after the first several peaks of the G(r)

import matplotlib.pyplot as plt

import numpy as np

from scipy.misc import imread

from scipy.optimize import curve_fit

def calcrdf(phi):

’’’ This function calculates the radial distribution function

of an image composed of an array of pixels. It returns a 2D

G(r) integrated over the average contrast intensity ’’’

## Set up the size of the array

Lx = phi.shape [0]

Ly = phi.shape [1]

## Define field as contrast from average
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## pixel intensity (can be negative)

dphi = phi - np.average(phi)

## Calculate the average contrast intensity

diphiavg2 = np.average(dphi **2)

## Define the array for a 2D G(r)

rho2 = np.zeros((Lx+1, Ly+1))

## Calculate the 2D G(r)

for dx in np.arange(Lx):

for dy in np.arange(Ly):

phi2 = dphi

rho2[dx ,dy] = np.average(phi2 [0:Lx -dx ,0:Ly -dy]

* phi2[dx:Lx,dy:Ly])

return rho2/diphiavg2

def exponential(x, a, b, c):

return a * np.exp(-b * x) + c

def power(x, a, b, c):

return a * (x**(-b)) + c

def power2(x, a, b):

return a * (x**(-b))

if __name__ == "__main__":
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## Load in the image

im = imread("GUV_28 deg.tif")

phi = im

## Calculate the 2D G(r) using the RDF function

dgr_2d = calcrdf(phi)

## Slice the 2D G(r) in the x-direction , where

## dy=0 to obtain a 1D G(r)

dgr_1d = dgr_2d [0]

## Calculate the numerical derivative of G(r)

## to find the maxima to fit to an exponential

## or power law curve

gr_deriv = np.diff(dgr_1d)

## Roll the derivative over one to see where

## it changes sign

gr_derivposition = np.array(gr_deriv > 0, dtype=int)

gr_derivposition2 = np.roll(gr_derivposition , 1)

np.array(gr_derivposition - gr_derivposition2 == -1, dtype=int)

maxX = np.array(gr_derivposition -gr_derivposition2 == -1,

dtype=int)

## Define the array in units of pixels

## (will need the max number of pixels)

r = np.arange (80)

## Define the array in units of microns
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## (will need the resolution of the image)

r = r*0.17

## Redefine r to shift by half a pixel length.

## This is due to an error in fitting a power law

## when there are 0’s present in r. The

## uncertainty of the self correlation is on the

## order of the size of the pixel (0.17 m )

r = r+0.17/2

## Redefine the bounds of the 1D G(r)

g_r = dgr_1d [:80]

## For plotting , set the maxX at 0 equal to 1

## and find the x values where maxX is 1

## and the y values where x is 1 multiplied

## by the 1D G(r)

maxX [0] = 1

envelopeX = r[maxX ==1]

envelopeY = maxX[maxX ==1]* g_r[maxX ==1]

## Truncate the envelope at ~6 m

## and delete erroneous point at 1 pixel noise

envelopeX = envelopeX [:7]

envelopeY = envelopeY [:7]

print(envelopeX)

envelopeX = np.delete(envelopeX ,4)

envelopeY = np.delete(envelopeY ,4)
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## Fit the data to an exponential curve or power law

poptE , pcovE = curve_fit(exponential , envelopeX , envelopeY)#,

p0=[1,1], maxfev =10000)

fitE = exponential(envelopeX , *poptE)

poptP , pcovP = curve_fit(power2 , envelopeX , envelopeY ,

p0 =[1 ,1])

fitP = power2(envelopeX , *poptP)

#print(popt)

#print(pcov)

# Calculate the error based on a taylor expansion

# and the most weighted parameters (a and c)

perrE = np.sqrt(np.diag(pcovE ))

upperE = fitE + (perrE [0]+ perrE [2])

lowerE = fitE - (perrE [0]+ perrE [2])

perrP = np.sqrt(np.diag(pcovP ))

upperP = fitP + (perrP [0])

lowerP = fitP - (perrP [0])

# Calculate the residual and the variance to obtain

# the R-squared value for both fits

residualE = np.sum(( envelopeY - fitE )**2)

varianceE = np.sum((envelopeY - envelopeY.mean ())**2)

r_squaredE = 1 - (residualE/varianceE)

print(r_squaredE)

residualP = np.sum(( envelopeY - fitP )**2)
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varianceP = np.sum(( envelopeY - envelopeY.mean ())**2)

r_squaredP = 1 - (residualP/varianceP)

print(r_squaredP)

### Plot the G(r)

# Make a plot with space for subplots

fig , axes = plt.subplots (1,1,sharex=True , sharey=True ,

figsize =(6 ,4))

# Plot the G(r) and the fit with error bounds

x = np.linspace(envelopeX.min(),envelopeX.max () ,200)

axes.axhline(0, color = "black", linestyle =’--’, alpha =0.2 )

axes.plot(r, g_r , color = "black", alpha = 0.7, label = ’data’)

axes.plot(x, exponential(x,* poptE), color = "blue",

alpha = 0.7, linestyle = ’-.’, label = ’exponential fit’)

axes.plot(x, power2(x,* poptP), color = "green", alpha = 0.4,

label = ’power law fit’)

axes.plot(envelopeX ,envelopeY , marker = "o", linestyle = "None",

markersize = 5, markeredgecolor = "grey",

markerfacecolor = "None")

axes.set_ylabel("G(r)", fontname="Arial", fontsize =15)

axes.set_xlabel("Radius ( m )", fontname="Arial",

fontsize =15)

axes.text(8, 0.85, ’$R^2$ exponential = 0.999 ’

+’\n $R^2$ power = 0.998 ’, style=’normal ’,

bbox={’facecolor ’:’None’, ’alpha’:0.5, ’pad’:3})

# Save the figure as a PDF
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plt.savefig("GUV_28deg_combined_truncate.pdf")

plt.show()

## Extra code to compute the S(k)

## Calculate the S(k) by taking a Fourier

## Transform of the magnitude squared of the

## 1D G(r)

rho_k = np.fft.fft(dgr_1d)

s_k = np.real(rho_k )**2 + np.imag(rho_k )**2

## Truncate the s_k to cut off the

## mirrored part of the plot

s_k = s_k [0:19]
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Chapter 5

MEMBRANE BINDING OF SEVI AMYLOID PRECURSOR
PEPTIDE PAP248-286: STRUCTURAL CHANGES AND

COAGGREGATION

5.1 Introduction

It is well known that peptides can undergo large structural changes when binding to sur-

faces. For example, when exposed to rigid, hydrophobic surfaces, peptides containing peri-

odic leucine and lysine sequences adopt a helical conformation.12,58,116 Cellular and model

membranes also present surfaces to which proteins and peptides bind. The intrinsic hetero-

geneity, flexibility, and dynamics of the peptide-membrane systems can lead to complicated

binding mechanisms and new, emergent properties of the combined membrane/peptide sys-

tem. Researchers have recently shown that the suppression of membrane undulations can

result in an entropic, membrane-mediated attraction between proteins.88

PAP248−286, a 39-residue fragment of prostatic acid phosphatase, is an abundant seminal

peptide that has been proposed to play a variety of roles, both beneficial and deleterious

to human health. PAP is intrinsically disordered in solution; it shows helical character-

istics when bound to membranes and can also form β-sheet-rich amyloid fibrils. In its

amyloid form, PAP248−286 are usually referred to as Semen-derived Enhancer of Viral Infec-

tion (SEVI), and as a result of the presence of these amyloid fibrils formed from the self-

assemby of PAP248−286, which is abundant protein secreted into semen from the prostate.,39

PAP248−286 potently enhances infection by enveloped viral pathogens including HIV, herpes

simplex virus and cytomegalovirus.39,104 On the other hand, there is substantial evidence

that PAP248-286 displays antimicrobial activity and participates in sperm quality control.67
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Note that while PAP248−286 effectively induces membrane leakage in vitro, its biologically

relevant antimicrobial activity appears to derive from its ability to cause bacterial agglutina-

tion instead of direct cytotoxicity.21,40 Our collaborators in the Nath Lab (UW Department

of Medicinal Chemistry) have also observed that PAP248−286 can inhibit biofilm formation

by bacterial pathogens, an important virulence mechanism. A common feature of PAP’s dis-

parate activities is that they depend on this peptide’s ability to bind biological membranes

so as to alter cell-cell interactions as observed by our collaborators. Another published

study also confirms this feature of PAP248−286 and further investigates its interaction with

nano-particles. ??

PAP248−286 and similar positively-charged, amyloid-forming or antimicrobial peptides can

interact with biological membranes in diverse and complex ways. Peptides can cause vesicle

leakage or fusion, or induce changes in membrane curvature.84,104 Self-assembly is another

important aspect of these interactions: some peptides can induce the aggregation or aggluti-

nation of lipid vesicles, while conversely membranes can induce amyloid fibril formation.39,104

Importantly, there is a growing body of evidence that self-assembly phenomena, such as the

encapsulation of target cells or pathogens, can be more relevant to biological function than

classical modes of action such as membrane lysis.45,52,66

It has been recently observed by Nath and coworkers that PAP248−286 forms peptide-lipid

co-aggregates in a reversible, charge-dependent manner at particular peptide:lipid ratios

(microcsopy images shown in Figure 5.1). While superficially similar co-aggregates have

been observed for other peptides such as tau and α-synuclein,34,87 the mechanism by which

they form remains unknown. PAP248−286 lipid co-aggregates, which we term “messicles”,

display some amyloid-like characteristics (thioflavin T fluorescence and β-sheet structure),

but form much more quickly than bona fide PAP248−286 amyloid and are incapable of seeding

fibril formation. Messicles are heterogeneous aggregates that span a range of length scales

from nm to µm (shown in the two center panels in Figure 5.1), and form in minutes at

particular ratios of PAP248−286 and negatively-charged liposomes at a POPC:POPG ratio
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1:0 1:10 1:25

1:1 1:10 1:25

Figure 5.1: Experimental microscopy images of PAP248−286 at different peptide to lipid
ratios, ranging from peptide only (top left panel), peptide:lipid one to one (bottom left
panel), peptide:lipid one to ten (two center panels), and peptide:lipid one to twenty five
(two right panels). Messicles form at peptide:lipid ratios around 1:10, and span length scales
ranging from nanometers (electron microscopy, top panels) to microns (light microscopy,
bottom panels). In all systems, lipid mixture is composed of 30% POPC and 70% POPG.
Scale bars are 100 nm for the top three electron microscopy images, and 50µm for the bottom
three light microscopy images, all taken by Vane and coworkers in the Nath Lab.
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of 3:7. Addition of more peptide or lipid causes the dissociation of pre-formed messicles

on similar timescales (shown in Figure 5.1). We hypothesize that messicles form when the

density of surface-bound peptide passes a threshold that favors the formation of PAP248-286-

mediated liposome-liposome contacts. In this work, we use our model to explore whether and

how PAP248−286 conformation is affected by crowding on a membrane. Specifically, we run

atomistic simulations of SEVI at various concentrations on top of charged lipid bilayers and

observe any resulting conformational changes to the peptide as well as to the membrane.

5.2 Methods

5.2.1 Molecular Dynamics Simulation

Force Field

In this work, we used atomistic Molecular Dynamics simulations to capture the molecular

detail of the SEVI-membrane interaction. Our goal is to investigate the binding mechanism,

as well as the conditions and implications of messicles formation. In preliminary studies we

first confirmed that the CHARMM36m37 out-performs other force fields for atomistic SEVI

simulation in that the peptide does not over-express α-helical structure in solution. We ran

long (microseconds) equilibrations of SEVI in solution using multiple force fields, starting

from membrane bound SEVI configuration obtained from the Protein Data Base (PDB).

From experimental results, we expected the helical membrane bound structure to unfold and

become disordered when PAP248−286 was equilibrated in solution, and we confirmed that the

CHARMM36m force field reproduces that behavior.

Simulation Parameters, Setup, and Membrane Compositions

First we constructed the initial configuration of PAP248−286 from the Protein Data Base using

the NMR structure of PAP248−286 in a membrane environment.69 We picked this particular
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configuration due to a lack of reliable PAP248−286 configurations in a solution environment

comparable to that adopted by our collaborators. To ensure accurate sampling of the struc-

tural change of PAP248−286 as it approaches the membrane, and to confirm that consistent

secondary structures were obtained compared to experimental results, we equilibrated the

configuration in long (> 5µs) free PAP248−286 simulation in KCl solution at the same ionic

strength (150 mM) used by our experimental collaborators.

For simulations of PAP248−286 on membranes, our choice of lipid mixture was guided by

our experimental collaborators in the Nath Lab. We built symmetric lipid bilayers that

consist of neutral POPC and negatively charged POPG molecules, at 1) 100% POPC, 2)

50%POPC/50% POPG, and 3) 30% POPC/70% POPG. We set up bilayer simulations at

these lipid compositions using the Charmm-GUI membrane builder,53,117 where the distribu-

tion of each type of the lipids was randomized. We then combined those lipids with the pre-

viously equilibrated solution PAP248−286 structure by inserting and solvating the PAP248−286

∼ 5 nm on top of the bilayer. This step was facilitated by the Charmm-GUI web pro-

gram. Then the system was equilibrated using similar conditions as in the solution. From

our preliminary results, we found that the PAP248−286 membrane systems tend to require

long simulation times to equilibrate and explore configuration space (> 10µs). It was also

noted that, upon approaching and binding to some of the membranes, PAP248−286 tend

to get stuck in configurations determined by the initial binding process. To obtain opti-

mal sampling of the secondary structure, we developed a scheme to run 20 independent

pre-equilibrated production simulations for each charged membrane, where PAP248−286 was

initially inserted sufficiently far away (3 - 5 nm) from the membrane and was allowed to

approach the membrane independently throughout the course of the simulation. The results

were then combined and analyzed to provide statistical insight into the configurational space

of the peptide upon binding.

All simulations involved in this work were conducted using 2 fs time step, which is typical

for atomistic simulations using CHARMM force fields.37 Van der Waals and electrostatic
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interactions were truncated at 1.2 nm, with a smooth decay of the former starting at 0.9 nm.

Temperature was controlled by a stochastic velocity rescaling thermostat.14,109 Pressure was

controlled by a semi-isotropic Berendsen barostat10 with a reference pressure of 1 bar, which

effectively maintains zero surface tension for the membrane. All simulations were performed

using the GROMACS software package (version 4.6.5).10,78

5.2.2 Peptide-Lipid Contact

To quantify the level of interaction between the peptide and the lipid molecules on the

membrane, we defined and calculated the peptide-lipid contact using the definition that a

peptide-lipid contact is counted if the closest distance between any part of a lipid and any

part of the peptide is within 1 nm. One lipid molecule can at maximum contribute 1 peptide-

lipid contact. This contact is then checked between the peptide and all the lipid molecules in

the system at any given instance of the simulation. Finally the average peptide-lipid contact

is calculated by average the intantaneous peptide-lipid contacts over the entire course of the

equilibrated simulation trajectory.

5.2.3 Peptide Secondary Structure

For identification and characterization of the peptide secondary structure, we adopt the

DSSP database and definition.42,43 The DSSP database and program is based on a pat-

tern recognition process of hydrogen bonded and geometrical features extracted from X-ray

coordinates. The output is based on a compilation of the primary structure, including sulfur-

sulfur bonds, secondary structure, and solvent exposure. The algorithm recognizes repeats

of the elementary hydrogen bonding patterns “turn” and “bridge”, based upon which the

cooperative secondary structure is determined. Repeating turns are defined as “helices”,

repeating bridges are recognized as “ladders”, and connected ladders are “sheets”. Geomet-

ric structure is defined in terms from differential geometry of torsion and curvature. Local
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chain chirality is the torsional handedness of four consecutive alpha carbon positions and is

positive for right handed helices and negative for ideal twisted β-sheets. Curved pieces are

defined as “bends”. Solvent exposure is given as the number of water molecules in possi-

ble contact with a residue. To simplify our calculation while simultaneously capturing all

the structural features that are important to our analysis, we identify and characterize four

main categories of secondary structures: 1) random coil, 2) β-sheet, 3) bend and turn, and

4) helix, where, under rigorous DSSP definition, we combine both β-sheet and β-bulge in to

the second category, both bend and turn into the third category, and 3-helix, α-helix, and

5/π-helix into the fourth category.

5.3 Results

5.3.1 PAP248−286 in Solution and on Membranes

In order to validate the initial configuration of the peptide against experimental results,

we first simulated PAP248−286 in 15 mM KCl solution (shown in the top left panel in Figure

5.2). We then simulated PAP248−286 on top of lipid bilayers with various POPG compositions

(after the peptide was equilibrated in solution with no apparent excessive helical structure

compared to experimental results). We find that binding behavior and secondary structure of

the peptide depend on the mole fraction of negatively charged POPG lipids in the membrane.

We observe the formation of extended structure as the peptide binds to the negatively charged

bilayer, whereas no apparent strong binding or secondary structure change is observed for

PAP248−286 on a neutral membrane (bottom left panel in Figure 5.2).

From our membrane simulations with POPG presence (two right panels in Figure 5.2), we

observe rapid binding of the peptide to the bilayer and subsequent conformational changes,

including the formation of extended beta sheet structure in the peptid. These results indicate

that the simulations capture the experimentally observed behavior. In all of the peptide

on membrane systems, neutral and charged, the membranes remain roughly flat and no
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Solution, t = 5µs

0%POPG, t = 5µs

50%POPG, t = 1µs

70%POPG, t = 1µs

Figure 5.2: Simulation snapshots of PAP248−286 systems taken at 1µs or 5µs after the initial
temperature quench. PAP248−286 is shown in solution (top left), on a pure neutral POPC
bilayer with 100% POPC (bottom left), on a bilayer with 50% POPC and 50% POPG
(top right), and on a bilayer with 30% POPC and 70% POPG (bottom right). POPC
(gold) and POPG (lavender) are color coded, as is the peptide by its secondary structure
at the time when the snapshot was taken, with random coil (purple), beta sheet (orange),
bend and (blue), and helix (red). In an abnsence of POPG, the peptide exhibits extended
structure, and random coil (purple) appears to be the prominent configuration. When the
bilayers contains POPG, the peptide binds more tightly and extended beta sheet structure
is observed.
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significant deformation is observed upon interacting with the peptide. In the next subsection,

I will examine if the peptide causes any lateral lipid re-organization.

5.3.2 Peptide lipid contacts does not indicate non-ideal mixing or recruitment of POPG

molecules by PAP248−286

To determine if the peptide binding causes any lipid rearrangement, especially POPG rear-

rangement, around the peptide due to electrostatic interaction, we calculated the peptide-

lipid contacts using a cutoff value rc of 1 nm. For each of the three peptide-membrane

systems, we tabulated (Table 5.1) the average number of contacts between the peptide and

lipids of any type, the average number of contacts between the peptide and POPG lipids,

and the percent of all contacts that were with POPG. As expected based on the simulation

snapshot, the POPC (0% POPG) membrane shows few contacts with the peptide (4.39 on

average) with large fluctuations (5.54). This suggests that the peptide is barely touching the

membranes that are neutral (without any POPG). For the two peptide-membrane systems

containing POPG, we observe that the average number of peptide-lipid contacts are much

higher (25.46 pm 2.47 and 26.02 ± 3.81, respectively), indicating a tighter binding between

the peptide and the membrane surface. These two numbersare within the simulation variance

of each other, which suggests that the 50% POPG membrane provides attractive interactions

that are strong enough for the peptide to saturate its entire possible contact surface with

the lipid molecules, without significantly deforming the membrane or the peptide. Because

the variances for peptide-lipid contacts for POPG-containing membranes are smaller than

those for the neutral membrane, the peptide structure does not fluctuate as much on top of

these negatively charged membranes, which again suggests tighter binding.

By examining the percentage of all contacts that were with POPG lipids, we find that there is

a small enrichment of POPG molecules (56.5% ± 8.6%) around the peptide compared to the

global POPG composition of 50%, which suggests that the peptide recruits a small portion

of POPG molecules via electrostatic interactions. The enrichment is also observed for the
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0% POPG 50% POPG 70% POPG

Average peptide-lipid contact 4.39 ± 5.54 25.46 ± 2.47 26.02 ± 3.81

Average peptide-POPG contact 0 14.38 ± 1.69 19.42 ± 3.00

POPG contact% 0% 56.5% ± 8.6% 74.6% ± 15.9%

Table 5.1: Peptide-lipid contacts and peptide-POPG lipid contacts calculated using a cutoff
value rc of 1 nm. The percent of all contacts that were between the peptide and POPG
(POPG contact% in the thrid row) are calculated by dividing the second row by the first
row. In the first column we notice that there is no significant contact between PAP248−286
and the lipids in a neutral POPC membrane. On the two right columns the average contacts
are 25.46 for 50% POPG and 26.02 for 70% POPG, respectively.

peptide on a 70% POPG membrane. However the small magnitude of this enrichment of

POPG compared to the uncertainties suggests that the degree of spatial lipid reorganization

by the peptide via electrostatic interaction is not significant. No evidence of non-ideal mixing

or aggregation of PG lipids is found.

5.3.3 Peptide Secondary Structure

We calculated the secondary structure for PAP248−286 in all systems and environments using

the DSSP database discussed in section 5.2.3. The initial DSSP characterizations for every

residue on the peptide are shown in the supplementary figures 5.5 - 5.9. Visually it is clear

that PAP248−286 does not adopt an extended structure in solution or on a neutral POPC

membrane. In contrast, on membranes of 50% POPG and 70% POPG, PAP248−286 adopts

a long-lasting helical and beta sheet structure (α-helix at residues 10 - 15, and β-sheet

near residues 2 and 25), as shown in supplementary Figures 5.7 and 5.8. However, as we

discussed in section 5.2.1 of this work, for PAP248−286 on charged POPG membranes, the

peptide gets stuck in its configuration space for microseconds time scale upon binding to

the bilayer. This poetentially leads to persistent and drastically different protein structural

conformations. Compare secondary structure for two independent systesm with PAP248−286
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Figure 5.3: Percentages of each of the four categories of the PAP248−286 peptide’s secondary
structures, including random coil (purple), beta sheet (blue), bend and turn (pink), and helix
(red) averaged over time for different membrane systems.

on 70% POPG membrane shown in Figure 5.8 and 5.9. In 5.8 we observe persistent helical

structure between residues 10 and 15 for µs time scale, whereas in In 5.9 no such conformation

can be observed for the first 2 µs.

In order to sample peptide configuration efficiently and to find the complete configurational

space of the peptide, we analyzed peptide secondary structure for the 20 independent simu-

lations for each membrane composition. We then identified the peptide secondary structure

from these trajectories and calculated the percent of residues exhibiting characteristics of one

of the four major categories of secondary structures (Figure 5.3). We observe no significant
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difference in the percent secondary structure for the peptide in the four environments. How-

ever, this result is likely caused by PAP248−286 being stuck at various different conformations

in large portion of the simulations upon binding with the charged membranes. This can

be indicated by the relatively large variances in the percent residues in helical conformation

on peptides in charged membrane environments, shown in Figure 5.3. When residue con-

formations are calculated form PAP248−286 that are stuck in these local environments, it is

probably that important structural information on the residues get averaged out over the

entire peptide, and over all the trajectories (20 trajectories for each of the two systems with

charged membranes).

In order to investigate structural features of the peptide beyond the percent of each structure

for entire molecule, we then calculated the percet of time every peptide residue spends in one

of the four secondary structures individually over the equilibrated portion of all trajectories.

Complete results for this analysis are shown in supplementary section 4.5, Figure 5.10 - 5.13.

We observe no significant variation in the percent time each residue spends in random coil or

bent and turn conformations from simulations of PAP248−286 in four different environments.

The error bars for these two conformations are large compared to the percent time value,

and for the rest of this chapter we will not focus on the random coil or bend and turn

conformations. Instead we investigate the percent time each residue spend in the helical

conformation in solution, pure POPC, 50% POPG, and 70% POPG systems. In Figure

5.4, we found that residues 11 to 16 show significant difference in helical characteristics

between charged membrane environment (both 50% POPG and 70% POPG) and neutral

environment (both solution and membrane containing 100% POPC). To further investigate

the determining factor of peptide structural change upon binding, we calculated p-values

using the residue-specific secondary structure percentages. From these values, we identify

key residues that define peptide secondary structure. For example, the p-values for helical

structure shown in Table 5.2, we observe extended helical structure from residue 11-16 with

± 1 residue variation (shown in Table 5.2) The rest of the p-value test results are included
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Figure 5.4: Average percent time that each of the 15 residues from residue 8 to residue
22 of PAP248−286 spends in helical conformation for the peptide in solution (silver), on a
membrane with 100% POPC (gold), on a membrane containing 50% POPGv(light purple),
and on a membrane containing 70% POPG.

Table 5.2: P-values comparing different environments in the peptide’s helical structure for
residues 11 - 19. A small p-value (< 0.05 indicates that helical characteristics of the given
residue is significantly different in the two environments involved.) The highlighted entries
suggest that persistent helical structure is identified for peptide on bilayers with charged
POPG lipids when compared to the solution and neutral membrane structure.
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in the supplementary section of this chapter.

5.4 Discussion

In the atomistic simulations presented in this Chapter, PAP248−286 on negatively charged

POPC:POPG bilayers behaves in a manner similar to that reported by our experimental

collaborators in the Nath Lab. Specifically: (1) the solution structure of PAP248−286 is

mostly a disordered, random coil (2) PAP248−286 on neutral membraneof pure POPC shows

no evidence of peptide-membrane binding or significant structural change compared to the

peptide in solution (3) strong membrane binding is observed for PAP248−286 on charged bilay-

ers containing POPG, although no significant clustering or recruitment of POPG molecules

around the peptide is observed, and (4) via residue-specific secondary structure character-

ization, we find statistically significant evidence that persistent helical structure forms in

systems with negatively charged POPG in the bilayer, supporting our initial hypothesis that

PAP248−286 binds to membranes and forms co-aggregates by extended structure, an amyloid-

like characteristic.

Our work presents new features and perspectives of the problem. To overcome the com-

putational resource barrier and the slow sampling of the peptide configurational space, we

performed multiple independent MD simulations to model the peptide-membrane binding

process. This allows us to optimize sampling and utilize the simulation data to yield statisit-

ical insight on the behavior of each residue during the binding process and in different

binding environments. This is a big leap towards understanding the binding mechanism

of PAP248−286 melecules on charged bilayers when combined with the knowledge of the se-

quence of the peptide. A future challenge is to simulate multiple PAP248−286 molecules on

a much larger membane surface in order to probe the mechanism by which PAP248−286 pep-

tides aggregate. To fully elucidate all details of the mechanism by which PAP248−286 binds

to membrane and forms aggregates, super-computer facilitated computational studies will

be required to simulate and sample the structural properties of co-aggregate formation in-



93

volving multiple PAP248−286 molecules. The results presented in this work contribute to this

long-term goal by using statistical approaches to accurately determine the residue-specific

structural characteristics of the binding process with a single PAP248−286 peptide.
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Figure 5.5: Secondary structure calculation for the last 1 µs of a simulation of PAP248−286
in solution. Vertical axis spans the first to the thirty-ninth residues of PAP248−286, and
the horizontal axis is simulation time in µs. Different colors dsignate different secondary
structure adopted by each residue: 1) “coil” is randome coil 2) “B-sheet” and “B-bridge” are
for beta-sheet in our definition 3) “Bend” and “Turn” are combined in our bend and turn
category, and 4) “3-Helix” is the helical structure.

5.5 Supplementary

5.5.1



95

1 1.2 1.4 1.6 1.8 2

5

10

15

20

25

30

35

R
e
s
id

u
e

Time (us)

Secondary structure

Coil B-Sheet B-Bridge Bend Turn A-Helix 3-Helix 5-Helix

Figure 5.6: Secondary structure calculation for the last 1 µs of a simulation of PAP248−286
on POPC membrane simulation. Vertical axis spans the first to the thirty-ninth residues
of PAP248−286, and the horizontal axis is simulation time in µs. Different colors dsignate
different secondary structure adopted by each residue: 1) “coil” is randome coil 2) “B-sheet”
and “B-bridge” are for beta-sheet in our definition 3) “Bend” and “Turn” are combined in
our bend and turn category, and 4) “A-Helix”, “3-Helix”, and “5-Helix” together make up
the helical structure category.

1 1.2 1.4 1.6 1.8 2

5

10

15

20

25

30

35

R
e
s
id

u
e

Time (us)

Secondary structure

Coil B-Sheet B-Bridge Bend Turn A-Helix 3-Helix 5-Helix

Figure 5.7: Secondary structure calculation for the last 1 µs of a simulation of PAP248−286 on
50% POPG membrane simulation. Vertical axis spans the first to the thirty-ninth residues
of PAP248−286, and the horizontal axis is simulation time in µs. Different colors dsignate
different secondary structure adopted by each residue: 1) “coil” is randome coil 2) “B-sheet”
and “B-bridge” are for beta-sheet in our definition 3) “Bend” and “Turn” are combined in
our bend and turn category, and 4) “A-Helix”, “3-Helix”, and “5-Helix” together make up
the helical structure category.
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Figure 5.8: Secondary structure calculation for a 1 µs of a simulation of PAP248−286 on
70% POPG membrane simulation, in which the peptide shows persitent helical structure.
Vertical axis spans the first to the thirty-ninth residues of PAP248−286, and the horizontal
axis is simulation time in µs. Different colors dsignate different secondary structure adopted
by each residue: 1) “coil” is randome coil 2) “B-sheet” and “B-bridge” are for beta-sheet in
our definition 3) “Bend” and “Turn” are combined in our bend and turn category, and 4)
“A-Helix”, “3-Helix”, and “5-Helix” together make up the helical structure category.
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Figure 5.9: Secondary structure calculation for the last 1 µs of a simulation of PAP248−286 on
70% POPG membrane simulation, in which the peptide shows random coil characteristics.
Vertical axis spans the first to the thirty-ninth residues of PAP248−286, and the horizontal
axis is simulation time in µs. Different colors dsignate different secondary structure adopted
by each residue: 1) “coil” is randome coil 2) “B-sheet” and “B-bridge” are for beta-sheet in
our definition 3) “Bend” and “Turn” are combined in our bend and turn category, and 4)
“A-Helix”, “3-Helix”, and “5-Helix” together make up the helical structure category.
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Figure 5.10: Average percent time that each of the 39 residues of PAP248−286 (in solution)
spends in one of four conformations, including random coil (purple), β-sheet (blue), bend
and turn (pink), and helix (red). Results were calculated from 8 non-overlapipng sections of
equilibrated portion (last 4 µs) of the trajectory (0.5 µs each ).
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Figure 5.11: Average percent time that each of the 39 residues of PAP248−286 (in pure
POPC membrane environment) spends in one of four conformations, including random coil
(purple), β-sheet (blue), bend and turn (pink), and helix (red). Results were calculated from
8 non-overlapipng sections of equilibrated portion (last 4 µs) of the trajectory (0.5 µs each
).
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Figure 5.12: Average percent time that each of the 39 residues of PAP248−286 (in 50%
POPG membrane environment) spends in one of four conformations, including random coil
(purple), β-sheet (blue), bend and turn (pink), and helix (red). Results were calculated from
of equilibrated portion (last 0.5 µs) of the 20 independent trajectories with a membrane
containing 50% POPG.
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Figure 5.13: Average percent time that each of the 39 residues of PAP248−286 (in 70%
POPG membrane environment) spends in one of four conformations, including random coil
(purple), β-sheet (blue), bend and turn (pink), and helix (red). Results were calculated from
of equilibrated portion (last 0.5 µs) of the 20 independent trajectories with a membrane
containing 70% POPG.
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helical conformation for the peptide in solution (silver), on a membrane with 100% POPC
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Chapter 6

SUMMARY AND FUTURE DIRECTIONS

In Chapter 2, our continuum and discretiized model for strongly seggregated systems de-

scribe the key structural features of spatial heterogeneity within a two-dimensional mem-

brane systems, which allows us to identify the signature properties of membranes with large,

micron-sized domains or with small, nano-scale domains.

In Chapter 3, using the tools we presented in Chapter 2, as well as statistical methods

such as Gaussian cluster model and Bayesian information criterion, we found that the de-

gree of heterogeneity within multi-component bilayers depends on the global composition

of multiply-unsaturated phospholipids. We also produced multi-component phase diagram

for an array of four-component lipid bilayers systems that were previously studied by many

experimental researchers. More importantly, we developed a statistical method that can

be used to detect the onset of phase separation of any simulated model membrane system.

Some huge advantages of our method are that 1) it does not rely on pre-defined Ld or Lo

identities of lipids, and that 2) it can still provide insight when the simulated system is not

big enough for researchers to distinguish phase separation from large length scale density

fluctuations, which prompts the researchers to realize that the current system is size-limited,

and that a larger system should be simulated. Furthermore, the results presented in this

work contribute to the quest to identify membrane inhomogeneities on small length scales

by using novel approaches to accurately determine the boundaries of the phase coexistence

region in quaternary lipid bilayers.

In Chapter 4, we presented a project conducted in collaboration with the Keller and Levental
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labs. We investigated heterogeneous vesicle membranes with characteristic length scales to

test predictions arising from various proposed mechanisms of how modulated phases and

microemulsions arise in membranes. We found that the characteristic length scales of both

the GUVs and GPMVs increase as temperature decreases and as tension increases. Our

approach and results will provide insight into future experimental and computational studies

to evaluate the theoretical predictions associated with mechanisms of the formation of small

domains.

In Chapter 5, we showcased a toolkit that we developed to examine and characterize the

secondary structure of a small, intrinsically disordered, charged peptide that binds to a mem-

brane. Our goal was to understand the mechanism behind the membrane binding and struc-

tural change observed by our experimental collaborators, and to cast light on the mechanism

of co-aggregate formation observed by our collaborators. We performed atomistic simula-

tions of PAP248−286 on 70:30 POPG:POPC bilayers. We quantified changes in secondary

structure and interaction patterns of the peptides. In order to investigate the mechanism of

the formation of messicles on the anionic bilayer, as observed by our collaborators, future

super-computer facilitated computational studies will be required. A logical next step would

be to simulate and sample the structural properties of co-aggregate formation involving

multiple PAP248−286 molecules, for which the structural characterization analysis for single

PAP248−286 described in this work will be immensely helpful.

Overall, we contributed to the field of computational biophysics by developing a set of noval

statistical methods to systematically study the length scale of membrane inhomogeneity, the

possible mechanisms controlling these characteristic length scales, and mechanisms by which

membrane systems interact with physiologically relevant small peptide molecules. These

methods provide new insight and perspetives into many long-standing open questions, as

well as noval and uncharted territories in the field of biophysics.
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