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Abstract

Understanding lipid membranes’ interactions with small molecules and cholesterol using
molecular dynamics computer simulations.

Nihit Pokhrel

Chair of the Supervisory Committee:
Assistant Prof. Lutz Maibaum
Department of Chemistry

Cellular membranes are made up of phospholipids, proteins and cholesterol. The packing
of components within the membrane gives rise to important biological phenomena. Under-
standing these interactions is the most critical step towards predicting membrane behavior.
In this dissertation, I focus on lipid bilayer interactions with various molecules. At bio-
logically relevant scale, we investigate how phospholipids interact with small molecules like
amino acid residues and cholesterol. At field scale, we study the structure and dynamics
of lipid molecules as they bind with clay minerals. I utilize molecular dynamics simula-
tion, both equilibrium and biased, at both coarse-grained and atomistic level to study how
these interactions impact membrane thermodynamic properties. I first study membrane
permeation by evaluating the efficiency of different computational methods to sample the
configurational space of various amino acid and lipid membranes. I show that replica ex-
change umbrella sampling out-performs others because of the algorithm’s ability to sample
transition state. Using this method, I calculate cholesterol chemical potential in seven bi-
nary lipid membranes. These results demonstrate the sensitivity of the cholesterol chemical
potential to the lipid tail unsaturation only if the difference in tail saturation is big, and
show that cholesterol has the greatest affinity to saturated PC lipids. These studies provide

practical guidance for studying membrane permeation and yield important insight into the



thermodynamic properties of lipid bilayer systems. This work will also contribute towards
the understanding of cholesterol’s effect of membranes, which is a vast and still ongoing field
of research. Finally, this research also sheds lights on soil water repellency at the molecular
scale. I investigate structural properties of organic matter that are found in soil and find
that zwitterionic lipid aggregates bind to the surface of the clay. In this relatively new field,

such molecular simulations will have significant scientific impact.
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Chapter 1

INTRODUCTION
1.1 Small Molecule Interactions With Lipid Bilayers

The cellular membrane is the barrier around the cell that separates its internal environment
from the surroundings. The tight packing of phospholipids, sterols, and other membrane
components together with the hydrophobic interior of the membrane mediate many processes
that are vital for cellular organisms. The complex nature of the membrane system makes it a
challenging as well as a very widely studied topic.!® The enormous complexity of membrane
structure is reduced to a few components by building model lipid systems with controlled
lipid compositions, both in experimental and simulation studies. These systems will allow
us to better understand the complex processes related to the cellular membrane.

One of the principal roles of biological membranes is to prevent uncontrolled flux of mate-
rial across the lipid bilayer. This allows, for example, the interior of a cell to form a chemical
environment that is distinct from that in the extracellular space. However, not all molecules
are hindered from crossing the membrane to the same extent; especially small and uncharged
solutes exhibit appreciable permeation rates.*® Being able to predict whether a molecule
can enter a cell by passive diffusion across the membrane is critical.”!° Small peptides that
are positively charged are known to permeate membranes. The exact mechanism of this
permeation is unknown and is heavily researched!' '3 in the last decade with experimental
and computational techniques. Previous atomistic molecular dynamics studies have shown
that membrane permeation is an extremely challenging computational problem 1416

Currently, there is a growing interest in understanding the mechanism of membrane
translocation, and many computational methods to predict a peptide’s ability to translocate

across a membrane have been developed.!” 2% In order to determine if any of the exist-



ing methods provides the best estimate of thermodynamic properties associated with these
processes, we compare various computational methods available by computing free energy
profiles of several solutes permeating a model bilayer.

Cholesterol is a major component of the cellular membrane, and it plays a vital role in
maintaining the fluidity and rigidity of cell membrane . The presence of cholesterol in lipid
membranes can induce order, increase packing and decrease membrane permeability.? 2628
It is known that cholesterol is enriched in the liquid-ordered phase, which consists of rigid
and saturated lipids compared to liquid disordered phase, which generally consists of more
flexible unsaturated lipids.?* 33 We quantify this preference of cholesterol by computing the

chemical potential in different lipid environments that vary in cholesterol concentration, lipid

headgroup type and the degree of unsaturation in the fatty acid lipid tail.
1.2 Structure and Aggregation of Organic Matter on Clay Surface

Soil water repellency is a process where soil has reduced affinity to water. Water-repellent
soils resist water infiltration, and they have increased erosion and decreased ability to support
crops.?*3% The large carbon pool in soil, which could either come from an organic coating
on soil particles or decomposing organic matter, is known to impact repellency.?%3" Field
studies have shown that both the amount of clay in the soil and the seasonal cycle affects soil
water repellency, but there is a lack of mechanistic understanding of soil water repellency.3
It has been hypothesized that the reorientation of amphiphilic compounds controls soil water
repellency. In a collaborative effort with the De Yoreo group at Pacific Northwest National
Lab to understand soil water repellency at the molecular level, we study the impact of
organic matter, namely lipids, on the surface of clay montmorillonite. Montmorillonite is a
phyllosilicate clay mineral, which is a layered mineral, where each layer is a “sandwich” of
silica/alumina/silica. The spacing between each layer is about 1 nm and the interlayer is
filled with water and ions. In order to fully address the mechanistic details of montmorillonite
interaction with organic matter, we use molecular dynamics simulation to investigate lipids

binding to the montmorillonite surfaces. The use of molecular dynamics to gain insight into



soil water repellence is relatively new. This is particularly important in this field because

previous studies have left the molecular interactions to speculation.
1.3 Specific Aims

The work in this thesis is divided into three main components. In the first part, we focus
on membrane permeation. Using atomistic molecular dynamics (MD) simulations with en-
hanced sampling techniques, we study the mechanism of permeation of model membrane.
We compare the efficiency of various enhanced sampling methods in order to establish which
method is superior and can most accurately compute the free energy profile. By studying the
physical interaction between the permeant and the lipids, we also identify possible sampling
problems and show how some enhanced sampling methods fail to overcome these problems
due to the nature of the algorithm. In the second chapter, we quantify the cholesterol chemi-
cal potential in lipid membranes using coarse grained molecular model for both phospholipids
and cholesterol. Using the results from the first chapter, we use the method that can best
compute free energy profiles to determine transfer free energies of a single cholesterol from
lipid membranes with various cholesterol concentrations to bulk water. We further calculate
the free energy gained or required to transfer a cholesterol molecule from one lipid type to
another without using water as a reference state. The third chapter discusses the interac-
tion of phospholipids with clay montmorillonite at the atomistic level. Based on the density
distribution of lipid atoms, we identify different structural aggregates that are formed when

certain phospholipids bind to the clay surface.

1.3.1 Membrane Permeation: Mechanism and Best Practices for Simulation Studies

In this part of the work, we start by investigating the mechanism of membrane permeation.
We show that membrane permeation is a very difficult process to study using conventional
MD. We demonstrate that the permeation by small solutes like amino acids is a rare event
and that it involves a very high barrier which can only be captured using enhanced molecular

dynamics techniques. Most importantly, we show that even after using enhanced sampling



techniques, quantifying the thermodynamics of membrane permeation is not trivial. We
also deduce that translocation simulations can often face hysteresis and that the results can
be very dependent on the simulation setup. These kinds of simulations fail to equilibrate
within standard simulation times. The equilibration problems are exhibited not only for
positively charged permeants but also for permeants with large net dipole moments. Using
the replica exchange umbrella sampling (REUS) method, we demonstrate that the difficulty
in relaxation of electrostatic interactions between the solute and lipid headgroups gives rise
to hysteresis-like behavior, which only decays after extensive equilibration. In contrast, for
neutral solutes the simulations do not suffer from hysteresis due to the absence of strong
interactions between solute and lipid headgroups. We also demonstrate the usage of com-
mittor distribution functions to check if the transition state ensemble (TSE) is accurately
sampled in any of our simulations. Furthermore, we show how standard methods to estimate
errors in free energy profile can heavily underestimate the associated uncertainty. Based on
our results, we develop helpful diagnostic procudures to evaluate the accuracy of calculated

free energy profiles of membrane permeation.

1.3.2  Determination of Cholesterol Chemical Potential in Lipid Bilayer

The primary goal of this project is to accurately compute the chemical potential of cholesterol
molecules in different lipid environments. It is known that cholesterol prefers saturated
phospholipids, but the exact degree of preferential partitioning is difficult to quantify both
experimentally and using computer simulations. Using replica exchange umbrella sampling,
we show that the free energy difference associated with cholesterol transferring from a binary
lipid bilayer to water depends on various factors including lipid head group chemistry, lipid
tail saturation and the cholesterol content in the bilayer. The cholesterol chemical potential
in a bilayer increases by about 10 kJ/mol when the cholesterol concentration increases from
0% to 60% in the bilayer. The chemical potential, however, does not show much sensitivity
to lipid tails and headgroups. Within the error bars, cholesterol has much greater affinity for

doubly unsaturated lipid, while it does not show a significant preference between the singly



unsaturated and fully saturated lipids. We also use a new method called binary bilayer
system (BBS) to compute the cholesterol chemical potential without having to calculate
transfer free energies; this method makes the computation much more efficient. In the BBS,
we develop a lipid bilayer with two types of lipids and cholesterol. The BBS behaves like a
semi-permeable membrane, where only cholesterol molecules can laterally diffuse. This allows
us to compute the chemical potential more easily and accurately. This method also confirms
our previous results from replica exchange umbrella sampling simulations that cholesterol
only shows sensitivity if the degree of unsaturation between the lipid tails is noticeably

different.

1.3.3 Phospholipid Structure and Thermodynamics on a Montmorillonite Clay Surface

In this collaborative project, we investigated soil water repellency (SWR) at the molecular
level. SWR is a season-dependent phenomenon and is hypothesized to be caused by reori-
entation of amphiphilic molecules during drying and wetting cycle.?® Amphiphilic molecules
are suspected to form surface-bound monolayers. In order to test the idea that amphiphilic
molecules reorient themselves and expose the hydrophobic tails which decreases the affinity
of water to the soil, we simulated systems with clay montmorollinite and different types of
lipids. Our simulation results show that this is not the case, and indeed these amphiphilic
molecules form micellar or bilayer-like structures in order to decrease the tail exposure to
water. In all our simulations with different phospholipids, the aggregates bind to the surface
via the lipid headgroup; the surface-bound aggregates are stable and do not undergo any
surface reorientation. We have also illustrated that binding becomes more favorable with

increasing lipid concentrations.



Chapter 2

MEMBRANE PERMEATION: MECHANISM AND
METHODOLOGY

2.1 Introduction

Cell membranes are impermeable to many ions and hydrophilic compounds. The polar head-
groups form a different physiochemical environment than the hydrophobic tails that consti-
tute the interior region of the membrane. The intricate interactions between phospholipids,
sterols, and other components make membranes selectively permeable. Some molecules are
hindered from crossing the membrane more than others; especially small and uncharged so-
lutes exhibit appreciable permeation rates. Understanding how different classes of molecules
move across biological membrane is a prerequisite to predicting a solute’s permeation rate,

which is a critical factor in the fields of drug design and pharmacology.?

Using the language of chemical reactions, one can think of membrane translocation as
a process that starts with the solute on one side of the membrane (the reactant, or initial,
state) and ends with the solute on the other side (the product, or final, state). The path
in-between those states is parametrized by a reaction coordinate, the precise nature of which
is typically unknown. The rate at which a reaction occurs is often dominated by high free

energies of intermediates, which act as a barrier separating the reactant and product states.

Quantifying the magnitude of such free energy barriers is the first step to predicting
the permeation rates of small solutes. Membrane permeation is difficult to measure exper-
imentally because of the complexity of lipid bilayer systems.! Computer simulations offer
a promising route to calculate the free energy profile, also called the potential of mean
force (PMF), that governs the translocation process. However, they also face a significant

challenge: spontaneous translocation occurs only rarely, especially if the energetic barriers



involved are large. Even though advances in computing hardware and new algorithms allow
conventional MD simulations at atomistic resolution to extend to multiple microseconds,
this is by far insufficient to directly observe a statistically significant number (if any!) of
translocation events. This is a common problem when performing computer simulations, and
a large number of methods have been developed over time to address this issue. In one way
or another, these methods bias the system of interest to sample configurations unlikely to be
seen in an unbiased simulation, and do so in a way that one can obtain the underlying free
energy profile of the unbiased system. Examples of such methods are umbrella sampling,?*
metadynamics (and its variations),?? replica exchange (and its variations),?® adaptive biasing
force,?* and thermodynamic integration.?® These methods improve the statistical sampling

and reduce the amount of computational resources required to calculate free energy profiles.

The wealth of available methods is marvelous, but it also raises the question which of
them one should choose for a given application, such as calculating the free energy profile
of membrane translocation. Only a small number of studies have compared the relative
performance of these methods by applying them to the same system. For example, Bochicchio
and coworkers found that metadynamics and umbrella sampling performed similarly well
when computing the PMF for polypropylene and polyethylene oligomers moving across a
phospholipid bilayer.% In another study, Lee and colleagues computed the free energy profiles
of urea, benzoic acid and codeine in their neutral forms to compare umbrella sampling, replica
exchange umbrella sampling, adaptive biasing force, and multiple-walker adaptive biasing

force, and found no clear advantage for any of these methods.!

For the charged solute
n-propylguanidinium, the side chain analog of arginine, Neale and coworkers found that
the virtual replica exchange method converges faster than umbrella sampling.*?> Even fewer
studies have focused on explaining why one method out-performs the others and identifying

the sources of sampling errors; the difficulty lies in evaluating the convergence of results and

estimating the associated uncertainty within these simulation techniques.

Considering the lack of available information but growing interest in quantifying un-

certainty in free energy calculations, we here use the well-tempered metadynamics (WT-



metaD),* umbrella sampling (US),?! and replica exchange umbrella sampling (REUS)*
methods to study the translocation of a variety of small molecules through a symmetric
dioleoylphosphatidylcholine (DOPC) bilayer. Particularly, we use these three methods to
compute the free energy of water, various forms of alanine, and arginine as they move across
a DOPC bilayer. These solute molecules were chosen because they are well studied in the

6,45-50

literature and represent a class of compounds that commonly appear in translocation

5L An extensive list of

problems and span a range of sizes, shapes and hydrophobicities .
translocation research can be found in recent review papers .1%2% It should be noted that
the translocation mechanism across a pure phospholipid bilayer might be different from that
across a biological membrane, where channel proteins can facilitate the process.®> While
most previous works focus on the mechanistic details of the permeation phenomenon itself,
we concentrate on identifying and diagnosing generic convergence issues. We find that while
all three methods perform similarly well for solutes that are charge-neutral or that have only
a small dipole moment, there are significant convergence problems in the case of charged or
highly polar solutes, and that those are most easily detected and overcome by REUS simu-
lations.?®5* These results show that the strengths of electrostatic interactions are likely to
affect the relative efficiency among various methods. This by itself gives valuable guidance
as to which method one should choose for a given system. It also creates an opportunity
to gather mechanistic information about the basic physical properties from the difference in

performance of these methods.

In this chapter we will explore these topics in detail. We begin with a brief overview of
the WT-metaD, US, and REUS methods of free energy calculations. We will then showcase
how these methods can be used to compute the PMF for various solutes. We demonstrate
that observables unrelated to the free energy, in particular the so-called committor of a
configuration, can be used to assess the quality of the sampling obtained in simulations.
We will then conclude with some general advice for performing free energy calculations of

membrane translocation.



2.2 Methods

2.2.1 Simulation Details

We performed all simulations using Gromacs 4.6.7°° with the Plumed 2.1 plugin®® under
periodic boundary conditions. Temperature and pressure were maintained at 320 K and 1
atm using the Nose-Hoover thermostat and Berendsen barostat, respectively. Long range
electrostatic interactions were computed using the fourth order PME method®” with a Fourier
spacing of 0.12 nm. The real space coulombic interaction was calculated up to 1.0 nm. Van
der Waals interactions were calculated using a cutoff of 1.0 nm. Bond lengths within the
solutes and lipids were constrained using the LINCS algorithm.?8

The DOPC bilayer was constructed using the united-atom berger forcefield® such that
each monolayer consisted of 64 lipids. Water molecules were treated using the rigid simple
point charge (SPC) model.®® Each bilayer-water system was equilibrated for 10 ns before
adding any permeant to the system. After adding the permeant, simulations were run for
different amounts of time based on the convergence of free energy profiles. The permeants
were modeled using the all-atom OPLS-AA forcefield.* Three different forms of alanine
were constructed: the first by truncating the side chain at the g-carbon with the a-carbon
replaced by a hydrogen; we call this form the side chain analog, where the alanine residue
essentially becomes a methane molecule. This method of truncating amino acids has been
used in the past to study amino acid interactions with model bilayer systems.®>% The
second form of alanine was constructed with neutral termini (NHy and COOH). We made
the third form with charged termini (NH5 and COO™), a charge neutral but zwitterionic
molecule. Cationic arginine with charged termini (NH; and COO~) was constructed using

the pdb2gmx tool of Gromacs. Thus we have studied the following permeants:

i. Water
ii. Side chain analog of alanine

iii. Alanine with neutral termini
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iv. Zwitterionic alanine

v. Arginine

For the simulations of positively charged solutes a single chloride ion was added to achieve
overall charge neutrality. Each permeant/water system was equilibrated for 10 ns. The
equilibrated water /bilayer and water/permeant systems were then combined to form the
final water/bilayer/permeant system, which was again equilibrated for 10 ns before any
production run under NPT conditions. The Visual Molecular Dynamics (VMD) software

was used to monitor and visually inspect all simulation trajectories.*

2.2.2  Well-Tempered Metadynamics

Metadynamics is a biasing technique that overcomes sampling problems by adding a history-
dependent bias potential to the system potential energy.®® In regular intervals a Gaussian-
shaped potential is added to the system energy, centered at the current value of the collective
variable (CV) z. This potential drives z away from its current value, which facilitates the

exploration of the entire range of the CV. Over time, these Gaussians add up to the biasing

Va(z,t) = Zwo exp (-%) , (2.1)

t'<t

potential

where wy is the height of the Gaussian potential, ¢ is its width, and z(t') is the value of the
collective variable at time t’. Each hill is deposited at a predefined rate and centered at a
previously explored configurations, biasing the system towards configurations that have not
yet been explored. In the well-tempered variant of metadynamics, the height of the added
Gaussian decreases exponentially with the already deposited bias potential at the current

value of the collective variable. In other words, the constant wy in (2.1) is replaced with

b ) o

W = wWp exp (— o TAT
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where AT is an input parameter that effectively increases the temperature at which the CV
is sampled.*® This simulation scheme has been shown to yield the sought-after free energy

profile in the limit of long simulation times through®

T+ AT
AT i V(2,1 (2.3)

up to an irrelevant additive constant.

In practice, the choice of metadynamics parameters affects the rate of convergence,
and typically requires some experimentation as there is no single, universally accepted set
of parameters even for the specific problem of membrane translocation. The parameters
we use for this work can be found in Table 2.1. Our chosen values for the initial height
of the added Gaussians is larger than what has been reported in translocation simulations
of neutral solutes. We find that increasing the hill height is necessary to observe multiple
translocation events over the course of our simulations, especially for charged and dipolar

solutes. For converged free energy profiles, uncertainties were estimated using the method

proposed by Tiwary and coworkers.%7

Solute Height(kJ/mol) | Width(nm) | Time of gaussian addition(ps) | Biasfactor
(275)

Water 2.2 0.1 3 10.0

Side chain analog of alanine | 0.1 0.1 5 2.00

Alanine with neutral termini | 10 0.3 3 35.0

Zwitterionic alanine 15 0.3 3 140

Zwitterionic arginine 15 0.3 3 140

Table 2.1: Metadynamics parameters for all solutes studied.

We choose the normal component of the distance vector between the center of mass of the
solute and the center of mass of the lipid bilayer as the collective variable z. We used

snapshots from a WT-metaD trajectory, with permeants at various positions relative to
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the bilayer, as the initial configurations for both US and REUS calculations; the snapshots
were taken when the solute first reached the desired distance after a minimum of 100 ns of

WT-metaD simulation time.

2.2.8  Umbrella Sampling

Umbrella sampling (US) adds a biasing potential to the system’s Hamiltonian to enhance
the sampling of configurations that are high in energy .2! In this case the biasing potential is
static. We choose a sequence of N “windows” that span the range of interest of the collective
variable z. In the i*" window the system is biased to remain close to a predetermined value

z; by using a harmonic umbrella potential
1 2
Vi(z) = §k(z — 2)%, (2.4)

where k is the stiffness of the potential.
For each of those windows we perform a standard MD simulation, from which we obtain
the probability distribution PP(z) of the collective variable in the biased system. We can

recover the distribution P;(z) of the unbiased system over the range of values observed in

the " window via

Pi(2) = PP(z) PVi(2) e=BCL, (2.5)

where C; is an unknown constant to be determined shortly. Having obtained such estimates
for the probability distribution for each window, we still need to combine this information
to obtain the free energy profile F'(z) over the entire range of z. One efficient way to do so

is the Weighted Histogram Analysis Method (WHAM),%% which expresses the probability

distribution P(z) as a linear superposition of the estimates from each window,

P(z) = Z wi(2)Pi(z). (2.6)
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The weights w;(z) are chosen to minimize the statistical error of the reconstructed distribu-
tion. It can be shown that these weights then satisfy the coupled equations
Sie_ﬁvi(z) + 5C;
wi(z) = ~ (2.7)
3 e~ PVil) + BC;
j=1

e Pl = /dze_ﬁw(z)P(z) (2.8)

which must be solved self-consistently for the unknown C;. Here, S; is the number of inde-
pendent samples obtained from the i simulation. Once the unbiased distribution (2.6) is

obtained, we can compute the free energy profile
F(z) = —kgT In P(2). (2.9)

We use the same reaction coordinate z for the US calculation as for WT-metaD. For
each solute we used a series of windows with spacing of 0.1 nm spanning the entire bilayer.
A harmonic potential of & = 1000 kJ/mol/nm? was used. 50 windows were constructed
for all three forms of alanine. For the side chain analog and alanine with neutral termini,
each window was simulated for 20 ns totaling 1 us of simulation time. Zwitterionic alanine
was simulated for 2.75 us where each window was run for 55 ns. 40 windows were used
for arginine simulation and each window was run for 100 ns, resulting in 4.0 us of total

simulation time. Table 2.2 contains more information about solute specific simulation time.

2.2.4 Replica Exchange Umbrella Sampling

Replica exchange umbrella sampling (REUS) is very similar to umbrella sampling: again
we perform N different simulations, also called replicas, each with a different bias potential
such as the one shown in (2.4). In REUS, however, these simulations are not independent:

at pre-determined time intervals, two replicas exchange their current configuration with a
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probability that is determined by the detailed balance condition. The latter guarantees
that each replica still samples configurations according to the equilibrium distribution of the
biased system. The reconstruction of the free energy profile proceeds in the same way as in

US, for example by using the WHAM algorithm.

REUS is different from regular replica exchange simulations, in which the replicas are
unbiased in z but are instead held at different temperatures. In that case, simulations at
the temperature of interest benefit from the enhanced sampling at higher temperatures.™
In REUS, trajectories in the " replica are bound to only explore states close to z;, and the
exchange with other replicas allows the system to overcome free energy barriers in orthogonal
directions if those barriers are smaller in other regions of the collective variable. For example,
a solute at the center of a bilayer might have very limited rotational freedom. In a regular
US simulation, this solute might be trapped there in a specific orientation for a long time. In

REUS, on the other hand, the solute is essentially allowed to diffuse to the bilayer surface,

rotate, and return to the bilayer center.

To allow for accurate comparisons between the simulation methods we use the exact
same parameters for US and REUS. For water, each replica was simulated for 8 ns and
27 ns, respectively. Each replica was run for 55 ns for alanine and 165 ns for arginine. An
exchange was attempted every 2 ps for all REUS calculations. Table 2.2 contains information

about simulation lengths for each solute using each of the three methods.
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Us REUS
Solute WT-metad (us)
length per window (ns) | total (us) | length/replica (ns) | total * (us)
Water - - 8 0.32 0.42
Side chain analog of alanine 20 1.00 - - 1.00
Alanine with neutral termini | 20 1.00 - - 1.00
Zwitterionic alanine 55 2.75 55 2.20 1.40
Zwitterionic arginine 100 4.00 166 6.64 1.00

Table 2.2:  Summary of all simulated systems. REUS total simulation time only represent
simulations that span the membrane between —2.0 nm< z < 2.0 nm. We ran additional
simulation around z < —2.0 nm and z > 2.0 nm to investigate if solute configuration changes
in bulk water phase.

2.2.5 Error Estimation

Every free energy profile obtained from computer simulations should be accompanied by an
estimate of the statistical uncertainty. Because all of the above methods are guaranteed to
converge to the correct result in the limit of infinite simulation times, a simple and practical
way to establish convergence is to show that the estimate of F(z) becomes independent of
simulation time. In the case of metadynamics, it is furthermore assumed that the observed
dynamics of the collective variable will become diffusive when the added bias potential com-
pletely compensates any variation in the system’s free energy profile, which can serve as an
additional test for convergence.

Quantifying the uncertainty is more difficult. A straight-forward but computationally
expensive way to do so is to repeat the entire calculation multiple times, and then compute
the uncertainty in F'(z) using the standard tools of error analysis. A more convenient and
potentially more efficient way to obtain error bars is to divide the data of a single simulation
into smaller segments in such a way that they can be considered uncorrelated, and to compute
uncertainties based on these segments. Bootstrapping is a method that samples many such
partitionings, and can be readily applied to US and REUS simulations. One freely available
implementation of this algorithm is the tool g_wham, which is part of the Gromacs software

package which provides a way to calculate free energy profiles and their uncertainties by
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combining the WHAM method with bootstrapping analysis.”* Therefore, we use g_wham to
compute the free energy as well as to calculate the uncertainty.

The ever-increasing nature of the bias potential V;(2) complicates this analysis in the
case of metadynamics simulations. However, one can replace (2.3) with a time-independent
estimator of the free energy profile F'(z), and compute its uncertainties from the variance of
such estimates at different simulation times.5” As long as there are no systematic sampling
errors, this methods can estimate the uncertainities for the PMF. For converged free energy
profiles, uncertainties were estimated using the method proposed by Tiwary and coworkers.
This method could also be applied to asymmetric free energy profiles, but because those

simulations are evidently not yet converged the estimated uncertainties would be unreliable.

2.2.6 The Committor and Its Distribution

The free energy profile F(z) is a thermodynamic description of a process that proceeds along
the collective variable z. It is the starting point for classical theories of chemical kinetics,
which typically consider reactions in which F(z) has two minima that correspond to the
reactant state A and the product state B, and that are separated by a peak. This peak
forms a barrier whose crossing determines the reaction rate. The location of the peak is
sometimes thought of as the transition state, which separates the reactant and the product
states.

This picture is accurate only if z is indeed the reaction coordinate, i.e., it describes
accurately and completely the progress of the process under consideration. Whether that
is the case is usually not clear a priori in complex systems such as biological membranes.
Kinetic theories of chemical dynamics have developed quantitative metrics to describe the
progress of a reaction.”>” Rather than relying on a projection of the free energy onto an
arbitrary CV, they consider the ensemble of paths that go from A to B. Where a single
state lies along a reaction is described by the committor pg, defined as the probability that
a trajectory initiated from that state will visit the product state B before the reactant state

A. By definition, a state that has pg = 1/2 is a transition state. The set of all transition
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states is called the transition state ensemble.

For the translocation process of hydrophilic solutes across a phospholipid bilayer, the
stable states A and B correspond to solute positions above and below the membrane, respec-
tively. If the bilayer is symmetric, then one might expect that a solute that lies at the center
of the membrane has equal probability of moving to the upper or the lower membrane/water
interface when let go. In other words, at least some configurations with z = 0 should have
a committor value of 1/2.

All three biasing methods discussed above generate configurations with z = 0, and each
of those has an associated committor value pg. We will see in the next section that the
probability distribution P(pg) of these committor values contains valuable information. If
the set of configurations with z = 0 were the transition state ensemble, then the distribution
P(pg) would be non-zero only at pg = 1/2. In general this set will also contain configurations
that are not transition states, but at least for a symmetric bilayer the distribution P(pg) must
be symmetric to reflect the equivalence of the upper and the lower side of the membrane. In
either case one expects a significant peak at pg = 1/2.

We estimate the committor distribution for the ensembles of configurations with z = 0
generated by WT-metaD, US, and REUS simulations. For alanine analog and arginine,
we select 6 such configurations from each method, and use them together with randomized
initial velocities as starting points for four unbiased MD simulations. For zwitterionic alanine,
from WT-metaD, we select 3 and from REUS and US, we select 6 such configurations. We
then record in how many of these four trajectories the solute reaches the lower (z < 0)
membrane/water interface before the upper interface. The resulting fraction serves as an
estimate for the pg-value of the starting configuration. We then calculate a histogram of
these committors to obtain an estimate for the distribution function P(pg) for each sampling
method.

It should be noted that both the number of configurations tested and the number of
trajectories used to compute a configuration’s committor value should be much larger if

one wants to calculate an accurate estimate of the committor distribution function.” The
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significant computational cost of bilayer simulations and the long time scale of solute motion
across the membrane limits us to relatively small numbers. However, we are interested only
in large, qualitative differences between the distribution functions obtained from the three

different methods, for which our approach is sufficient.
2.3 Results

In this section, we summarize our results for the calculation of the translocation of different
solutes through a DOPC bilayer. We begin with the transport of a single water molecule;
then we consider three different forms of alanine. Finally, we study arginine as an example of
a cationic amino acid. For all solutes, we calculate the free energy profiles using WT-metaD
and US first. If the result from these methods are similar, we do not do further analysis with
REUS. REUS is a modified version of US and is guaranteed to converge if US converges by
the nature of the algorithm. However, if the results from WT-metaD and US differ, we use

REUS to compute free energy profiles and to diagnose sampling issues.

2.8.1 Water

The movement of water molecules across the cell membrane is of paramount biological im-
portance, because it provides a mechanism that allows the cell to control the concentrations
of electrolytes and to maintain an osmotic balance. Water pores and water channels are
often studied in the context of peptides and drug translocation as well. While some of this
movement is facilitated by membrane proteins, we here focus only on the passive diffusion
of individual water molecules through the lipid bilayer.

Following the simulation methodology outlined in the previous section, we calculated the
translocation free energy profile of a water molecule (dipole moment 2.27 D as modelled by
SPC) through a DOPC bilayer using both the WT-metaD and the REUS methods. Here
the water molecule plays the role of a solute. Results are shown in Figure 2.1, which shows
that both methods give the same result which also matches the US result available in the

literature: as the water molecule enters the bilayer, the free energy increases rapidly at
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first, and then plateaus once the molecule reaches the central core of the membrane .4° The
height of this plateau is approximately 27 kJ/mol relative to bilayer/water interface, which
is consistent with previous results.®™ The flattening of the PMF in the central part of the

bilayer coincides with a region of lower lipid tail density and increased disorder.”™ "

40 L | | US(aL(Iiapt'ed)I —
i WT-metaD — |

30 REUS ---

20

10

Free Energy [kJ/mol]

-3 —2 —1 0 1 2 3
Distance from bilayer center [nm]

Figure 2.1: Free energy of a single water molecule as a function of distance from the bilayer
center using WT-metaD and REUS with shaded area representing uncertainties. The two
results are comparable and are similar to previous simulation results, in particular both free
energy profiles are symmetric with respect to the bilayer center.

Note that these free energy profiles were calculated over the entire range of the solute
position z; the symmetry of the PMF emerged naturally and was not put in manually, for

example by averaging over positive and negative z. The fact that the calculated F(z) has
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such high symmetry is by itself a good indicator for the convergence of the simulations.
These results show that both methods yield the same result with similar uncertainties in a
comparable amount of computing times. As such, neither method has a clear advantage over

the other.
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Figure 2.2: REUS results for water. Exchange pattern lines for 40 replicas. Replicas starting
at z = 2.0 nm, 0 nm and —1.9 nm highlighted. All replica pattern lines are freely diffusing
indicating even exchanges between all 40 replicas.

REUS provides additional useful information that is not available from WT-metaD or US.
In Fig. 2.2, we look at the pattern of configuration exchanges between neighboring replicas
as a function of simulation time. In principle, each trajectory should diffuse through the

complete space of replicas due to the ongoing exchange. This is demonstrated in figure 2.2,
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which shows the exchange pattern of forty trajectories diffusing through the space of replicas,
which span the bilayer from —1.9 nm to 2 nm. We see that exchange occurs frequently
between most replicas which further reinforces sufficient sampling. Failure to do so is an

important indicator of convergence problems as we will show later in the chapter.

2.3.2 Alanine

The insertion and translocation free energy profiles of peptides are of particular interest for
multiple reasons. First, they determine the affinity of proteins to the bilayer, for example
through the energetic cost (or gain) of inserting a transmembrane helix. Second, there
has been an increased interest in peptide therapeutics, i.e., drugs in the form of peptides
that need to cross membranes to become active.” Third, so-called cell-penetrating peptides
have been found to significantly increase the uptake of attached drug molecules.”” In all
these applications, it is desirable to have quantitative information about the potential of
mean force of translocation on a per-residue basis. Here, as an example, we generate three
chemical forms of an alanine: side-chain analog, neutral alanine and zwitterionic alanine and
computer their PMFs. We will see that these forms of alanine behave very differently, and

the cause of these differences lie in the difference of the molecular dipole moments.

Side-Chain Analog of Alanine

One way to model a single residue is by considering only its side chain, and replacing the
a-carbon with a single hydrogen atom.%® In the case of alanine, this so-called side chain
analog is simply a methane molecule. Unlike water, methane is hydrophobic, and one would
therefore expect a qualitatively different free energy profile. This is indeed the case, as
illustrated in Figure 2.3(a): the free energy is minimal at the center of the bilayer, where it
is approximately 10 kJ/mol lower than in the surrounding water.

The PMFs shown in this figure were obtained using the well-tempered metadynamics

and the umbrella sampling methods. Both methods yield symmetric free energy profiles,
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which are the same within the statistical uncertainty. Again, it seems that both methods

are equally capable of accelerating the PMF calculation.

(a)Alanine analog (b) Neutral Alanine (c) Zwitterionic Alanine
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Figure 2.3: Free energy of three forms of alanine translocation as a function of distance from
the bilayer center with shaded area representing uncertainties. W'T-metaD and US profiles
are comparable for side chain analog of alanine (a) and alanine with neutral termini (b). For
zwitterionic alanine (c), the four lines differ: profile generated using WT-metad, US, and
REUS(I) are asymmetric and the maxima does not lie at z = 0 nm. REUS(II) profile after
extensive equilibration is symmetric with maximum at z = 0 nm.

Neutral Alanine

Considering only the amino acid side chains is insufficient to predict the insertion free energies
of membrane proteins, which also depends on the protein backbone.”™ A single amino acid
in its un-ionized form contains both a carboxyl (-COOH) and an amino (-NHy) group. In
this form, alanine is charge neutral and has a weak dipole moment.

Figure 2.3(b) shows the free energy profiles of alanine obtained from WT-metaD and US
simulations. Both methods yield symmetric profiles that exhibit a substantial maximum in

the bilayer core, reflecting the hydrophobic character of this solute. There are shallow minima
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in the free energy at the lipid/water interface, which indicate that alanine is weakly attracted
to the bilayer surface. As before, both methods perform similarly well when computing such
profiles.

In practice one would typically be satisfied when a PMF calculation converged to a point
of acceptably small uncertainties and, in case of a symmetric bilayer, yields a symmetric
free energy profile. However, to highlight the differences with other, more polar or charged
solutes, we showcase how committor analysis can be used to gain further confidence in the
correctness of a PMF calculation.

As described in Section 2.2.6, the committor pg of a configuration is the probability that
the solute will reach the lower membrane/water interface before the corresponding upper
interface in a trajectory that is started from this configuration with random initial velocities.
If the bilayer is symmetric, then one would expect that a large number of configurations in
which the solute is at the center of the bilayer (i.e., z = 0) has a committor value of 1/2.

Both metadynamics and umbrella sampling calculations generate sample configurations
with z = 0; the former by continually driving the solute across the bilayer, and the latter
in a window in which the solute is constrained to remain close to the bilayer center. We
can test whether those configurations have the expected committor value by using them as
starting points for multiple short trajectories, and by monitoring to which side of the bilayer
the solute moves in these trajectories. This calculation is illustrated in Figure 2.4: from the
underlying simulation (grey lines in both panel), which is either performed using WT-metaD
(a) or US (b), we choose two configurations with z = 0, and initiate four unbiased trajectories
from each. In all cases, we find that the solute moves towards the upper interface in two out
of the four trajectories, and towards the lower interface in the remaining trajectories. Our
best estimate for the committor of all four tested configurations is therefore indeed pg = 1/2.
It should be noted that this perfect agreement is fortuitous: while the committor of a config-
uration is a well-defined property, its estimate as obtained from unbiased trajectories follows
the binomial distribution. One should not expect an exactly equal number of trajectories to

reach the two membrane/water interfaces, and neither should a slight imbalance be consid-
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ered proof that a configuration is not a transition state. If in doubt, one can increase the
number of trajectories to obtain a more accurate estimate of the committor value.

By extending this process to more than the two configurations shown in Figure 2.4, we can
calculate the distribution P(pg) of committor values of the z = 0 configurations generated
by the two sampling methods. The result for alanine is shown in Figure 2.5, where we used
six configurations as the starting points for four trial trajectories each. We see that both
WT-metaD and US generate ensembles of states that have a committor distribution sharply
peaked at pg = 1/2. This is consistent with the physical intuition that a solute at the center

of a symmetric bilayer has no preference for either side of the membrane.

Zwitterionic Alanine

Under physiologically relevant conditions, the carboxyl group of alanine is deprotonated
while the amino group is protonated, which yields the zwitterionic form of alanine. While
still charge neutral, this form has a significant dipole moment.

This seemingly minor change in solute electrostatics has a dramatic effect on the calcu-
lated free energy profiles as shown in Figure 2.3(c) : the PMFs calculated using well-tempered
metadynamics, umbrella sampling, and in an initial replica exchange umbrella sampling sim-
ulation (denoted REUS (I)) all appear to be different, which is a clear warning sign that
these simulations have not converged. Equally disturbing, none of the obtained PMFs are
symmetric with respect to the center of the membrane, which we know they should be for
a symmetric bilayer. The error bars in the PMFs, calculated using standard error analysis
methods, do not reveal any issues with the free energy profile. The error bars are too small,
so we cannot trust them to give an accurate measure of the uncertainties.

How then are we to judge the results of a free energy calculation? In practice it is often

unfeasible to perform the same calculation using multiple different methods, as we have done
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Figure 2.4: Both WT-metaD (a) and US (b) methods sample the transition state of translo-
cation in simulations of neutral alanine. Starting with z = 0 configurations generated from a
metadynamics trajectory (a) or from the window anchored at the membrane center (b), we
initiate four short, unbiased MD simulations. For each of the tested configurations, half of
those trajectories evolve towards one side of the bilayer, and the other half to the opposite
side. We conclude that these configurations have a committor value pg = 1/2.

here. A cheaper and simpler test is to use the prior knowledge that for a symmetric bilayer,
the PMF must also be symmetric. This provides a valuable test for convergence, and is an
advantage that should not be given up lightly. For example, one might argue that it should
be sufficient to compute the free energy profile only for z > 0, and fill in the remainder by
simply taking the mirror image with respect to the z = 0 axis. This would indeed work if the

calculation was perfectly converged. However, testing this convergence is most easily done
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Figure 2.5: Committor distribution for neutral alanine. The committor calculation was per-
formed for 6 WT-metaD and 6 US configurations at z = 0. The single peak at pg = 1/2 shows
that alanine has no bias towards either side of the membrane in all tested configurations.

by calculating the free energy over the entire range of z. The same warning applies when one
calculates the entire PMF, which is then manually symmetrized — the convergence should be
checked before further processing the free energy profile.

A first glimpse as to why all three simulation methods might fail to converge over typical
simulation time scales can be obtained by visually inspecting the generated trajectories:
unlike in the case of un-ionized alanine, the zwitterionic form drags with it both lipids and

water molecules as it is driven across the membrane by the biasing algorithm. This is caused



27

(3)2__ T T T T T T ]

=

=1L ]

[ [

5] r

P L

5 oh

OO ]

S

2, -1 i

O | 8

o,

ga4132|||||
0 10 20 30 40 o0 60 70
(b)2_|||||_

I

=gk E

— C

O :

+ 0

=

oo

< N

2 :

a1k k

Q i

= 5

_2 . P Y IS S I
0 10 20 30 40 50

Simulation Time [ns]

Figure 2.6: REUS results for zwitterionic form of alanine. (a) Exchange pattern lines for
40 replicas. Replicas starting at z = 2.0 nm, 0 nm and —1.9 nm highlighted. A gap in the
exchange pattern (indicated by the arrow) is clearly visible for REUS(I) in panel (a). Using
the final configuration of z = 0 replica as the initial condition for the center replicas in a new
REUS(II) simulation (b), this gap is no longer present, indicating even exchanges between
all 40 replicas.
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by strong electrostatic interactions between the solute and the zwitterionic head groups of
the phospholipids as well as the polar water molecules. We see that these collective motion
creates long-lasting defects in the membrane, and their relaxation exceeds the simulation time
scale. In Figure 2.6, we show the exchange pattern of forty trajectories diffusing through
the space of replicas, which span the bilayer from -1.9 nm to 2 nm. While exchange occurs
frequently between most replicas, there is a suspicious gap, visible as a white line (panel(a)),
that indicates that the replicas on either side only rarely switch configurations. Evidently
there is a large difference between the configurations in those replicas that significantly
decreases the acceptance probability of exchange attempts. The nature of this difference
becomes apparent when visualizing the trajectories of replicas on either side of the gap:
replicas above the gap contain configurations in which the alanine is in close contact with
head groups from the upper leaflet’s phospholipids, as illustrated in the upper and left panel
of Figure 2.7. Below the gap, on the other hand, are configurations in which the alanine
is either surrounded by head groups from either the lower leaflet’s lipids (bottom and right
panel) or forms a defect in the membrane that affects the upper and the lower leaflet similarly
(center panel). This difference is imposed by the initial conditions used in the various replicas.

The effect of this gap on the replica exchange dynamics can be seen in the three high-
lighted trajectories shown in Figure 2.6(a): tracking a simulation across exchanges, we see a
movement that resembles that of a random walk, but that cannot typically cross the gap —
it acts almost like a hard wall. The gap thereby separates the replica space into two distinct
regions that only rarely exchange configurations with each other. The gap is not, however,
entirely static: every so often it seems to move upward, which indicates that a replica from
above the gap with a one-sided bilayer deformation has converted to a more symmetric con-
formation below the gap. This process is extremely slow: over the 70 ns simulation time
shown in Figure 2.6(a), the gap has shifted by only three replicas towards the center of the
bilayer. Nevertheless, this motion reflects the unswerving progress towards equilibration of

the system.

Having realized that it is the slow conversion from one-sided to symmetric defect configu-
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Figure 2.7: Typical configurations encountered in simulations of the translocation of strongly
polar and charged solutes. Such solutes tend to localize at one of the membrane/water
interfaces (top and bottom panels). When driven inside the bilayer, they create a one-sided
deformation of the bilayer (left and right). The transition state, however, is symmetric with
respect to the two bilayer leaflets (center). The transition to this symmetric defect is very
slow, because it requires crossing of a free energy barrier in a direction other than z, and
that is therefore not accelerated by the biasing method.

rations that impedes the convergence of the REUS calculation, it seems possible to side-step
this process by using a configuration in which the solute is in close contact with lipids from
both leaflets as an initial condition. We therefore performed a new calculation, referred to
as REUS (II), that uses the configuration shown in the central panel of Figure 2.7 as the
starting point for replicas close to the bilayer center. This simulation’s exchange pattern,
shown in Figure 2.6(b), no longer shows a long-lasting gap; all replicas appear to exchange

equally with their neighbors in a random fashion. Not only does the exchange pattern now
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Figure 2.8: For zwitterionic alanine, WT-metaD (a) and US (b) generate configurations with
z = 0 that are not transition states. Such configurations have a strong tendency to return
to the side of the bilayer from which they just came (a) or to the side from which the initial
condition in that window originated (b). The second set of REUS simulations (c), on the
other hand, generates configurations that show no bias toward either side of the membrane,
and that are therefore transition states.

behaves as one would expect for an equilibrated simulation like in Fig. 2.2, the resulting free

energy profile at last satisfies the required condition of symmetry: as shown in Figure 2.3,
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the PMF obtained from the REUS (II) simulation is an even function of z, and has a smooth

maximum at the bilayer center that corresponds to a free energy barrier of 60 kJ/mol.
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Figure 2.9: Committor distribution for zwitterionic alanine. The committor calculation was
performed for 3 WT-metaD, 6 US, and 6 REUS configurations at z = 0. For every tested
z = 0 configuration obtained from WT-metaD and US simulations, all unbiased trajectories
that start from this configuration evolve towards the same side of the membrane. The single
peak at pg = 1/2 shows that alanine has no bias towards either side of the membrane in all
tested configurations.

So far we have demonstrated how one can use the exchange pattern of REUS simulations
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to detect possible convergence problems. This method cannot be used for WT-metaD or
US calculations, which is a considerable advantage for the replica exchange method. A
generally applicable method to test proper equilibration of solute configurations near the
bilayer center can be developed using the committor pg. In Figure 2.4, we showed that
for un-ionized alanine, unbiased simulations initiated from z = 0 configurations obtained in
WT-metaD and US simulations had equal chance of progressing toward the upper and the
lower membrane/water interface. Figure 2.8 shows that this is not the case for zwitterionic
alanine: for the two shown starting configurations obtained from a metadynamics simulation,
alanine return to the side of the membrane from which it just came in four out of four tested
trajectories. Similarly, in a US simulation with a harmonic bias potential at the center of
the bilayer, and that was started with an initial configuration in which the solute was in
close contact with lipids from the upper leaflet, all tested trajectories return to the upper
membrane/water interface. Clearly, in both cases the z = 0 configurations retain some
memory of how the alanine got to the center of the bilayer. This is also the case for the
REUS (I) simulation. The better equilibrated REUS (II) simulation, on the other hand,
yields configurations in which the solute is near the bilayer center, and that have equal
probability of evolving towards the upper and the lower side of the membrane in unbiased

simulations, as shown in Figure 2.8(c).

We can estimate the committor distribution function, P(pg), for the ensemble of z = 0
configurations generated by the three biasing methods. The results are shown in Figure 2.9;
the configurations from WT-metaD and US simulations have a strong bias to either one or
both sides of the bilayer, while those obtained in the REUS (II) simulations have an unbiased
committor value of pg = 1/2 and are therefore transition states. These important states do
not seem to be sampled in either metadynamics or umbrella sampling calculations, which
is likely the reason for their failure to converge. We reiterate that neither the number of
tested configurations nor the number of unbiased trial simulations are sufficient to obtain a
quantitative estimate of the committor distribution function, but they are adequate to test

the ability of a simulation method to sample transition states at all.
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2.3.8  Arginine

Finally, let us look at arginine, a cationic amino acid. In part due to their prevalence in cell
penetrating peptides, the translocation mechanisms of such positively charged amino acids
has received much attention.??4%46:7 Tt has been found that motion of arginine through a
lipid bilayer is accompanied by the formation of water defect in the hydrophobic core that
keeps the amino acid hydrated even when it is near the center of the bilayer. Lipid head
groups line this membrane-spanning pore, which cause a major structural change in the
bilayer. The calculation of translocation free energy profiles is hindered by the presence of
barriers in degrees of freedom other than the position z, in particular due to the coupling of

solute orientation and bilayer deformation.?

In the previous section we argued that the difficulties encountered in PMF calculations
of zwitterionic alanine are due to strong electrostatic interactions between the solute and the
lipids or water. If that were the case, then one would expect the same problems, perhaps even
in an exacerbated way, to arise for arginine, which contains a positively charged guanidino
group in addition to the zwitterionic carboxyl and amino group pair. This is indeed the case,
as illustrated in Figure 2.11: WT-metaD, US, and initial REUS simulations yield free energy
profiles that are far from symmetric and therefore evidently not converged, even though the
calculated uncertainties seem to be rather small. It is worth noting that these PMFs were
obtained from long simulations extending over a microsecond or longer, and still they show

clear signs of non-convergence.

A look at the replica exchange pattern reveals the same underlying problem as we saw for
zwitterionic alanine: there is a persistent gap that separates replica space into two regions

3  This gap moves upward even more slowly in the

with very few exchanges in-between.
arginine calculations, indicating that the relaxation time scales are even longer for the charged
residue. As before, the principal difference between configurations above and below the gap is
the symmetry of the defect that the solute creates in the bilayer. It is not surprising that the

solution to the problem is therefore also the same: by starting a new set of replica exchange
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Figure 2.10: Free energy profiles for the translocation of a cationic arginine residue. As
illustrated previously in Figure 2.3 for the case of zwitterionic alanine, WT-metaD, US, and
initial REUS(I) simulations did not converge, as is evident from their asymmetric PMFs. The
REUS (II) profile, obtained after extensive equilibration, is symmetric and has its maximum
at z = 0.

umbrella sampling simulations with initial conditions that reflect a symmetric defect for
replicas near the bilayer center, one obtains the symmetric free energy profile denotes REUS
(IT) in Figure 2.10. It exhibits shallow local minima for arginine positions close to the lipid
head groups (z ~ £ 1.7 nm), which implies that arginine is attracted to the surface of the
membrane. At the hydrophobic center of the bilayer, on the other hand, there is a significant

barrier of approximate 50 kJ/mol that hinders translocation.

A committor analysis for the configurations generated by the various biasing methods
also paints a familiar picture: the configurations generated in WT-metaD, US, and a first set

of REUS simulations that contain arginine at the bilayer center have a strong bias towards
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Figure 2.11: REUS results for zwitterionic form of arganine. (a) Exchange pattern lines for
40 replicas. Replicas starting at z = 2.0 nm, 0 nm and —1.9 nm highlighted. A gap in the
exchange pattern is clearly visible for REUS(I) in panel (a). Using the final configuration of
z = 0 replica as the initial condition for the center replicas in a new REUS(II) simulation
(b), this gap is no longer present, indicating even exchanges between all 40 replicas.
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one side of the membrane.’® In other words, these configurations are not transition states.
Repeating this calculation for the second REUS simulation, we find that all tested config-
urations from the replica centered at z = 0 have a committor value close to 1/2. It is this
simulation, which includes sampling of the actual transition states, that yields the correct

free energy profile as shown in Figure 2.10.
2.4 Discussion

In this chapter, we have seen that all three tested biasing methods perform well for uncharged
or weakly polar solutes, but struggle when one wants to compute translocation free energy
profiles of strongly polar or charged molecules; interestingly, this is also true for a very
small positively charged ion like Na®™.5® In REUS simulations the underlying cause for this
difficulty can be readily seen in the exchange pattern: the slow conversion of configurations in
which a solute close to the bilayer center is initially surrounded by lipids from only one leaflet
towards a more symmetric state. This process is illustrated in Figure 2.7 by the horizontal
arrows, and its progress is reflected by the slow dynamics of the gap in Figure 2.6(a). Once
this relaxation has occurred, a second REUS calculation yields reliable PMFs.

While there is no equivalent to the exchange pattern in umbrella sampling calculations,
it is likely that the same mechanism is at work here. In both US and REUS simulations, one
computes trajectories in which the solute is restrained in the bilayer center by a harmonic bias
potential. The simulations will converge as long as the length of these trajectories is longer
than the time scale of the required lipid reorganization. Metadynamics simulations, on the
other hand, behave differently: because the solute is continually driven across the bilayer,
it is unlikely to remain within the hydrophobic core for a sufficiently long time to allow the
formation of a symmetric defect or pore. Every time it diffuses towards the bilayer/water
interface and then re-enters the lipid tail region, the solute is likely to drag with it lipid head
groups and water molecules from the proximal side, thereby creating yet another one-sided
defect. An exaggerated illustration of this process is the counterclockwise cycle in Figure 2.7.

However, this side-stepping of the actual transition state can likely be avoided by a judicious
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choice of the metadynamics parameters.

The behavior depicted in this figure is in fact a common concern in free energy calculations
of many complex systems: because we are in interested in F'(z), we bias the system along the
coordinate z. However, there are additional barriers in other coordinates; for example the
lipid reorganization that is required for the horizontal transitions in Figure 2.7. Because we do
not bias these “hidden” variables, the calculation of free energy profiles remains challenging.

An obvious solution to this problem is to also bias these collective variables in addition
to the position z that is of primary interest. This can be accomplished by introducing multi-
dimensional biasing potentials. An intriguing alternative for metadynamics calculations
is to simulate multiple trajectories in parallel, each using a different CV. Every so often
these trajectories are allowed to exchange configurations similar to REUS calculations. This
bias exchange metadynamics (BE-metaD®) scheme facilitates the calculation of free energy
profiles in one CV by driving the exploration of additional variables.

It is usually not known in advance which variables should be biased to accelerate the
convergence of free energy calculations. Our results from the previous section show that
breaking and forming solute-lipid and solute—water contacts is a bottleneck that impedes
equilibration; therefore biasing the number of such contacts should be beneficial. That
this is indeed the case was shown by Ghaemi and coworkers, who studied the translocation
of ethanol through a phospholipid bilayer using BE-metaD in multiple CVs, including the
coordination numbers that measure the solvation of the solute by lipid heads, tails, and
water.®!

For the small solutes that we have considered here, we have used their center of mass
(COM) for the definition of the distance variable z. For more complex solutes this is not
necessarily the ideal choice. Hinner and coworkers have shown that the convergence rate
of PMF calculations for a voltage-sensitive dye molecule depends on which solute atom is
used in the definition of .82 PMF calculations for even bigger molecules can benefit from
using multiple CVs that measure the distance between different groups of the solute and the

membrane.®® Alternatively, one can bias the orientation of the solute molecule with respect
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to the bilayer. If the solute itself has significant conformational flexibility then one should

consider including such internal CVs as well in the biasing scheme.

There is a large number of biasing methods and CVs to choose from, which might seem

overwhelming at first. One can take comfort in the fact that any combination will at least

in principle converge to the correct result if only the simulations are performed over long

enough times. As we have seen, however, determining that the calculation is converged can

be rather difficult. The standard algorithms to estimate statistical uncertainties fail if there

are systematic sampling deficiencies, which seems to occur frequently. How then is one to

assess convergence? For the practically important case of symmetric bilayers, we propose

the following diagnostic checks:

il.

iii.

iv.

Is the free energy profile symmetric with respect to the bilayer center? This is a strict
requirement for symmetric membranes.

Does the free energy profile exhibit a plateau region in the center of the bilayer?
Mirrored or symmetrized free energy profiles often exhibit a kink at z = 0. This
could be a warning sign for insufficient convergence, as such a kink would imply a
discontinuity in the mean force, which is unlikely to be physically meaningful.

When performing an REUS calculation with initial conditions taken from simulation
trajectories at varying z-positions of the solute, is there an apparent gap in the resulting
exchange pattern? The presence of such a gap indicates the existence of barriers in
replica space that will impede proper sampling.

For solutes that are most likely found in bulk water or at the membrane-water interface,
do the sampled configurations at the center of the bilayer exhibit a bias towards one
side of the membrane over the other? For symmetric membranes it is likely that
many configurations of the z = 0 ensemble are transition states, i.e., they have equal
probability of evolving towards states in which the solute is on either side of the
membrane. Calculating the committor distribution function is an effective if time-

consuming way to test this property: if it is peaked at pg = 0.5 then one indeed
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samples the transition state ensemble, which is not the case if it is peaked at pg = 0

and/or pg = 1.

The calculation of membrane translocation and computation of free energies is a very
active field of biophysics, and one that has seen dramatic progress over the past decade.
New biasing methods, better collective variables, faster computers, more accurate molecular
mechanics force fields, and simulation software that has become more user friendly all con-
tribute to this exciting development. It is a sign of success that these calculations are now

regularly performed during the development phase of new compounds.
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Chapter 3
CHOLESTEROL CHEMICAL POTENTIAL

3.1 Introduction

Cholesterol is an integral and abundant component of mammalian cells. Cholesterol is known
to alter the lipid rigidity, permeability, thickness, packing and order.?62%8% A number of
previous studies, both experimental and computational, done with a variety of techniques,
have indicated that cholesterol interacts differently with different types of lipids.** ' The
general consensus is that cholesterol interacts more favorably with saturated phospholipids
than with unsaturated phospholipids in membranes.?? These favorable interactions reduce
the chemical potential of cholesterol and decrease its activity in certain lipid environments.
The favorable partitioning of cholesterol into ordered, saturated lipids also alters the phases
within lipid bilayers. Lateral domains are formed in biological membranes, and are often
discussed in terms of cholesterol-lipid interactions. Cholesterol-lipid interactions have been
qualitatively described by three conceptual models. These three models make different pre-
dictions for the cholesterol activity within a lipid membrane. In addition, the dependence of
cholesterol-lipid interaction on lipid headgroup type versus lipid tail differs on each of these
models. The three methods are briefly described below:

Umbrella Model The umbrella model suggests that cholesterol relies on the coverage by
the large hydrophilic headgroups from neighboring phospholipids to prevent the exposure of
the non-polar part of the cholesterol to water.”? Because it costs much more energy to cover a
cluster than a single cholesterol molecule, cholesterol molecules have a tendency not to form
clusters. This model is solely based on cholesterol lipid headgroup interactions and is largely
independent of PC lipid tail structure. By this model, regular clusters of lipids are formed

at several characteristic compositions at which cholesterol activity changes dramatically.



41

Superlattice Model The superlattice model suggests that cholesterol forms superlat-
tices in lipid bilayers. At the concentrations where these superlattices are formed, dips in
free energy have been predicted.”® These dips in free energy result in spikes in chemical
potential. The repulsive force among cholesterol plays the dominant role in cholesterol-lipid
interaction and is independent of lipid tails. In this model, cholesterol accessibility changes
at several characteristic compositions.

Condensed-Complex Model The condensed complex model suggests that cholesterol
and phospholipids react reversibly to form low energy complexes that occupy smaller lateral
areas.”® Because the condensed complex has a low energy, the model predicts that cholesterol
can form condensed complexes with lipids with which it can mix favorably, hence the model
is largely based on lipid type. The accessibility increases at a characteristic composition of
cholesterol.

The direct measurement of cholesterol’s chemical potential in a membrane is experimen-
tally challenging, and as a result activity or accessibility is often calculated as a proxy for
chemical potential. Cholesterol oxidase (COD) activity assays have been used to study the
accessibility of cholesterol in a lipid bilayer.”® Other studies have used methyl-3-cyclodextrin
assays to study the rate of cholesterol depletion in PC-lipid membranes.’® From these exper-
iments, different values for the cholesterol concentration at which the activity changes®:%
have been inferred. In addition, direct cholesterol partitioning coefficients have also been
determined between vesicles of different lipid types where methyl-3-cyclodextrin was used
as a reference state to resolve the known issues of the low cholesterol exchange rate between
vesicles and the difficulties in separating donor vesicles from acceptor vesicles due to vesicle

fusion.??

In lieu of experimental challenges, molecular dynamics simulations have been used to
study cholesterol-lipid interactions.?""%7 These simulations have verified experimental find-
ings like the cholesterol condensing effect and its preference for saturated lipids. In addition,
MD simulations have been used to calculate the free energy of cholesterol depletion from

selected lipid bilayers to water using both all atom and coarse grained US. These simulations
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confirm that the transfer of cholesterol from unsaturated to saturated lipids is exothermic
which agrees with calorimetric data.”® They have also shown that cholesterol has the lowest
affinity for polyunsaturated lipid tails. In this chapter, we use MD enhanced by replica
exchange umbrella sampling to calculate cholesterol chemical potential in lipid bilayers with
various cholesterol concentrations. Equating depletion free energy to chemical potential of
cholesterol minus a constant, we show that there is no characteristic concentration where the
chemical potential dramatically changes. Our result says that none of the experimental mod-
els describe the cholesterol-lipid interaction accurately, and instead the chemical potential
increases linearly with cholesterol concentration. Such results have been recently reported in
the literature.”® We also investigate the effect of tail and headgroup chemistry of the phos-
pholipid on cholesterol partitioning into a lipid bilayer and find that the chemical potential

is sensitive to both.

Using water as the reference state to calculate the chemical potential can provide great
insight into cholesterol behavior within the lipid bilayer, but these calculations are compu-
tationally expensive and prone to large uncertainties. An additional goal of the project is
to compute equilibrium properties of cholesterol between different lipid environments and to
eliminate the usage of water as the reference state. We do so using a method similar to a very
recently published one.!®® There, the authors have devised a binary bilayer system (BBS),
where two patches of bilayers composed of different lipid types are embedded in bulk water.
Cholesterol is distributed evenly within the two patches and is allowed to equilibrate, while
the lipids are restrained and not allowed to mix using a soft restraint potential. Our BBS
system behaves the same way; we construct a BBS by bringing two lipid patches laterally
together and evenly distributing cholesterol between the lipids. We allow for cholesterol to
diffuse between either lipid patches;. the lipids are restrained using soft harmonic poten-
tials. The results from BBS are in great agreement with our REUS results, with smaller

uncertainty and much faster computational time.
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3.2 Methods

3.2.1 Simulation Details

Lipid bilayers with varying cholesterol concentrations were constructed using coarse grained
MARTINI 2.2 forcefield.'®! Coarse graining helps speed up bilayer simulations by 3-4 order
of magnitude and accelerates the sampling of the phase space by 5-10 fold compared to all
atom MD models. The MARTINI force field applies a four-to-one mapping of heavy atoms
into a “bead”. Explicit solvent representation was included in the force field with a four-
to-one mapping of water molecules into a MARTINI water bead. The bonded interactions
between beads were implemented as harmonic potentials with respect to stretching and
bending degrees of freedom.

We performed all simulation using Gromacs 5.1.4% with the Plumed 2.1 and Plumed 2.4
suite.’® All simulations were performed under periodic boundary conditions and a temper-
ature of 320° K regulated using the Nose-Hoover thermostat. The long range electrostatic
interactions were computed using the fourth order PME method 57 with a Fourier spacing
of 0.12 nm. Both the van der Waals and Coulombic interactions were set to 1.2 nm. Bond

lengths within the solutes and lipids were constrained using the LINCS algorithm.%®

3.2.2  Bilayer Composition for cholesterol depletion

We systematically constructed 7 lipid bilayer systems for each of the 7 lipid types: i)
1,2-dilinoleoyl-sn-glycero-3-phosphocholine (DLiPC) ii) 1,2-dioleoyl-sn-glycero-3-phosphatidylcholine
(DOPC) iii) 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC) iv) 1,2-dipalmitoyl-
sn-glycero-3-phosphatidylcholine (DPPC) v) 1,2-dioleoyl-sn-glycero-3-phosphoethanolamine
(DOPE) vi) 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphoethanolamine (POPE) vii) 1,2-Dipalmitoyl-
sn-glycero-3-phosphoethanolamine (DPPE). 4 out of these 7 lipids, have phosphatidylcholine

(PC) headgroups, and the remaining 3 have phosphoethanolamine (PE) headgroups. The PC
headgroups are bigger than the PE headgroups. Within the same headgroup, the fatty acid

tails also have different degrees of unsaturation. DLiPC (di-18:2-PC) has two double bonds
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in each of its tails, DOPC/DOPE (di-18:1-PC/PE) has one double bond in each of its tails,
POPC/POPE(16:0-18:1-PC/PE) has one double bond in one of its tails, and DPPC/DPPE
(di-16:0-PC/PE)] is fully saturated.

The cholesterol concentration in the lipid bilayer varies from 0% to 60%, covering the
biologically relevant range. The total number of lipid components (phospholipids and choles-
terol) was always maintained at 200, while individually adjusting the cholesterol and lipid
content. From here on, we refer to our lipid system by the concentration of cholesterol in

them defined as:
Ne¢

c—_c
% NL—l-NC’

(3.1)

where Ng is the number of cholestero moleculel, and Ny, is the number of phospholipid

molecule in the bilayer respectively.

3.2.3 Depletion Free Energies

In the first chapter, we established that REUS is an efficient biasing method, and will use
this technique to calculate depletion free energy, AG gepiction. It is defined as the free energy
gain (or cost) of removing one cholesterol molecule from the lipid bilayer to bulk water.

Mathematically,

AC7Yclta;l)l(z)52'0n = G<NL> NC) + Gsolvation _G(NLa NC + 1) (32)
—

constant
We calculate the free energy required for this process as a function of the distance be-
tween the center of mass of the transferred cholesterol and the lipid bilayer (z). A typical
simulation system used to compute the depletion free energy is shown in Fig 3.1. We begin
with cholesterol in the membrane as in panel(a) and drag one tagged cholesterol to bulk
water as shown in panel(b). Each simulation trajectory is divided into 40 windows; in each
window the cholesterol molecule is restrained at a value of z centered 0.1 nm apart. Each

window is run for 500 ns at constant pressure of 1 atm using the Parrinello-Rahman baro-
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stat, resulting in 20 us of total simulation time. Like in the first project, the simulation
results are stitched together, minimizing the variance using WHAM, and the errors were
estimates using bootstrapping as implemented in g_wham.”' We thus calculate free energy

for cholesterol depletion for 49 different systems.

> ’/\, ‘F, o
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Figure 3.1: Simulation snapshot to compute depletion free energy. We remove one cholesterol
molecule from the bilayer with Ny, lipids and Ne+1 cholesterol (a) and place it in bulk water
(b). The bilayer in (b) has Ny, lipids and N¢ cholesterol. POPC lipid is represented in blue,
cholesterol in purple, and water in faded white.

3.2.4  Chemical Potential

Chemical potential is the molar Gibbs free energy. From the free energy of depletion, we

derive the chemical potential of cholesterol (uC' ) in each lipid bilayer:

0G

"= 5N

= G(Np,N¢+1) — G(Ng, Ne)
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,U/C = Gsolvation - AGdepletion'

Our definition of AG gepietion calculates the difference between the value of the free energy
when then PMF plateaus versus the minimum (at z*). This assumes that cholesterol when
in the membrane is restricted to position z* in the bilayer, although cholesterol can diffuse
along the lipid. To capture the fact that cholesterol is not restrained at a certain position in
a biological membrane, we introduce a correction term (AG coprection)- Lhis correction term
accounts for the energy that is released when the positional constraint is removed. The free

energy when cholesterol is at z* is given by

AG.. = —hgThh——
Jo dze=PF

(3.3)

The free energy when cholesterol is not static and can take any position within the membrane

(memb) is
fomem dze PF Q) (3.4)
foinf dze—BF() .

AGZmem - —kBT ln

The free energy gained when the restraint is removed is

A A A e
Gcorrection = szem - Gz* = kBT In fomem dze—BF(2)" (35)
So that,
,uCY = Gsolvation _AGdepletion + AC:correctz‘on; (36)

constant

where Gopation 1S @ constant offset that is independent of bilayer composition.

3.2.5 Binary Bilayer System

We constructed three BBS with different phospholipids and cholesterol concentration. First,
using the MARTINI Maker module of CHARMM GUI %2 we built a pure bilayer with DLiPC
lipid and 30%C, then we replaced half of the DLiPC with DPPC resulting in a system that



47

Cholesterol Cholesterol

Figure 3.2: Binary bilayer system. We devise a laterally semi-permeable membrane where
the cholesterol molecules are free to diffuse between the lipid but the lipid movement is
restrained by a restraining potential (a). Simulation snapshot of a BBS containing DPPC
in blue, cholesterol in purple and DLiPC in green (b). The cholesterol is initially evenly
distributed between the two lipids patches.

contains 35%DLiPC- 30%Cholesterol-35%DPPC; we call this system DLiPC-DPPC. We fol-
lowed a similar protocol to build two other systems with 40%DOPC- 20%Cholesterol-40%POPC
and 40%POPE- 20%Cholesterol-40%POPC and call them DOPC-POPC and POPE-POPC,
respectively. 10 replicates of each system were run for 10us and only the last 8 us was used

for analysis. All BBS systems are anisotropic and the box size does not fluctuate throughout
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the simulation. Below, we will see that this required because the restrains that act on lipids
are on absolute coordinates. In these systems, cholesterol can laterally diffuse between two
lipids. The lipids, however, are restrained using the MultiColvar module in PLUMED 2.4.

For each phosphate bead, a restraining potentials of the form

()

is applied. In the equation above, k is the force constant, x; is the x component of the
position of the i*" of phosphate atom, a; is the value of x; where the potential is imposed,
s is the scaling factor, and e is an exponential term. We pre-define k£ to 100 kJ/mol, s to
1 nm, and e to 12. We also define a;; at each time step in simulation, a phosphate atom
experiences two biasing potential with two values of a; which determines the upper and the
lower limit of the region of the phase space accessible to the atom during the simulation. A
schematic of the BBS along with a simulation snapshot is shown in Fig. 3.2.

To validate the simulation approach and to illustrate the accuracy of the model, we com-
pare i) bilayer thickness and ii) tail order parameter of the BBS against two pure membranes
each containing equilibrium concentration of the lipid and cholesterol as determined by the

BBS.
3.3 Results

3.3.1 Free Energy

We calculate the free energy for removing one cholesterol molecule from the lipid bilayer
to the bulk water for all 49 systems in Fig. 3.3 and Fig. 3.4. The depletion free energies
are all in the range of 100 kJ/mol - 75 kJ/mol, which matches with previously published
simulation result.3! For all lipids, there are free energy troughs at the equilibrium positions
of the cholesterol. Upon addition of cholesterol, the trough moves farther away from the
bilayer center, indicating increasing bilayer thickness. Eventually, at higher cholesterol con-

centration, the position of the minimum either remains constant or slightly moves towards



49

. 18528 — (a)DLiPC | (b)DOPC

|
DO
S

|
W
(@)

I
-
S

gy [kJ/mol]

-}

Free Ener
.
(@)

—40

—60

—380

0o 1 2 30 1 2 3
Distance from the bilayer center [nm]

Figure 3.3: Free energy profiles of cholesterol depletion from PC lipids. The free energy of
depletion decreases as cholesterol content increases in the membrane, suggesting cholesterol
has greatest affinity to bilayer with the lowest cholesterol content.

the bilayer center at high cholesterol in agreement with bilayer thickness results. The free

energy profiles smoothly increases as cholesterol depletes from the trough to bulk water,
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where the profiles flatten when the cholesterol freely diffuses in water and the cholesterol tail

stops interacting with the lipid. The energy required to deplete cholesterol decreases with

0%C — a)DOPE b)POPE ¢)DPPE
i — T (pop ) ©
20%C —
30%C
10%C
50%C —
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Free Energy [kJ/mol]

Distance from the bilayer center [nm)]

Figure 3.4: Free energy profiles of cholesterol depletion from PE lipids. The free energy of
depletion decreases as cholesterol content increases in the membrane, suggesting cholesterol
has greatest affinity to bilayer with the lowest cholesterol content.

increasing cholesterol content. One could speculate that with no cholesterol present, there
is greater free volume within lipid tails. This free volume allows cholesterol to effectively
pack within phospholipid and removal of any cholesterol requires more energy. However, as
cholesterol content increases, it induces order and rigidity in the lipid bilayer, as a result of
which there is less free volume in the lipid bilayer and at this point, depletion of cholesterol

requires less energy.

3.3.2 Chemical Potential

We can approximate the chemical potential of cholesterol from the depletion free energy.
Chemical potential is depletion free energy shifted by a constant. Knowing the chemical
potential of cholesterol in the lipid bilayer allows to predict the activity of cholesterol in each
of the bilayers. In Fig. 3.5, we plot the chemical potential as given by equation (3.2.4) as a

function of cholesterol concentration for all 7 bilayers.
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The chemical potential line for DLiPC is above all the other lines, suggesting that the

interaction between cholesterol and the doubly unsaturated DLiPC is unfavorable. All other

lines are indistinguishable within error bars, although two general trends exist: i) the PC

lines are higher up than the PE lines and ii) within the same headgroup type, the chemical

potential decreases as the degree of unsaturation in the lipid tail increases. The first spec-

ulation that cholesterol prefers PE lipids more than PC lipids does not seem to agree with

experimental studes.?? 103194 The second trend, however, reiterates with many experimental

results and is due to cholesterol interacting more favorably with saturated lipids than unsat-

urated lipids. Cholesterol is known to partition into ordered and rigid phospholipids.
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Figure 3.5: Cholesterol chemical potential in all PC and PE bilayers. The chemical potential
of the DLiPC bilayer is higher than all other bilayers. The chemical potential curve for PCs
are generally higher than those for PEs.

The principal goal of this study is to investigate the change in cholesterol activity within
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Figure 3.6: Density of cholesterol and two lipid species in the BBS. Cholesterol prefers DLiPC
over DPPC (a), but can not differentiate between both DOPC-POPC (b) and POPE-POPC

(¢), within error bars.

a lipid type as more cholesterol is added in the lipid bilayer in order to determine if any of the
models mentioned in the introduction describes the cholesterol chemical potential. As can
be seen from Fig. 3.5, the chemical potential increases linearly with increasing cholesterol
content. In terms of activity, we can say that activity of cholesterol gradually changes upon
more cholesterol being introduced to the bilayer. Although the general increasing trend
agrees with all the three proposed models, we find that none of the models capture all of
cholesterol-lipid interactions. We do not find characteristic concentration(s) at which the
activity changes dramatically, neither do we find dips in chemical potential as suggested by

the superlattice model.

Our results do come with some limitations. First, we calculate the chemical potential for
lipid bilayers whose cholesterol concentration differs by 10%. Although unlikely, there could
be dramatic changes in the chemical potential that we do not capture due to the resolution
of the x-axis in Fig. 3.5. Second, the uncertainties associated with chemical potential on the
y-axis are relatively big (£ 3 kJ/mol) as well. The uncertanties and can obscure us from

noticing any drastic change.
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3.3.3  Binary Bilayer System

Replica exchange umbrella sampling is an excellent method to calculate the depletion free
energy. Often, we are interested in the partition free energy which quantifies the amount
of energy required for a cholesterol molecule to move from one type of bilayer to another.
Many experiments have reported the partition free energies to be in the range of 1 kJ/mol
- 5 kJ/mol3%32 regardless of the lipid type. In principle, the partition free energy can be
calculated from depletion energies. The problem arises due to the magnitude of the associated
uncertainties, which makes it difficult to quantify the cholesterol affinity between two lipid
types. The binary bilayer system works around this by eliminating the usage of water as the

reference, and makes the calculation much more efficient.

Cholesterol Partitioning

From the BBS, we can calculate the density of each species as a function of the box length
as shown in Fig. 3.6. In panel a), the density of cholesterol is much higher in the region
where the density of DPPC is higher than the corresponding DLiPC, suggesting cholesterol
interacts much more favorably with the saturated tails of DPPC. From panel (b) and (c),
however, we see that the cholesterol density is relatively uniform between both DOPC and
POPC, and POPE and POPC within the error bars. This is consistent with the results from
REUS, where cholesterol could not differentiate between these lipid types. In panel (b) and
(c), we also notice a kink in the interface region where two lipids are allowed to diffuse and
mix at ~7 nm and ~17 nm.

We can further look at the cholesterol mole fraction to quantify the cholesterol content in
individual lipid bilayer within a BBS. From Fig. 3.7 we can see that the DLiPC-DPPC BBS
with 30% global cholesterol concentration, equilibrates into two distinct lipid patches with
~ 42 % local cholesterol concentration in the DPPC rich phase and ~ 13 % in the DLiPC
rich phase. The DOPC-POPC BBS with 20% global cholesterol concentration remain as

it is; after long equilibration the system forms two distinct phases both with ~ 20 % local
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Figure 3.7: Mole fraction of cholesterol in three simulated BBS. The mole fraction of choles-
terol is much higher in DPPC rich region than DLiPC rich region. The mole fraction of
cholesterol is the same in DOPC and POPC and POPE-POPC within error bars.

cholesterol concentration in DOPC rich and POPC rich phase. The result for POPE-POPC
is very similar; the equilibrated system contains two different lipids patches with ~ 20 %

local cholesterol concentration.

Equilibrium properties

Before we make thermodynamic predictions from the BBS, it is important to verify that the
equilibrated BBS behaves the same as pure bilayers. From here on, we refer to a bilayer as
pure if it only contains one type of phospholipid and cholesterol molecule. To verify this,
we run 6 new simulations with 42% cholesterol in DPPC, 13% cholesterol in DLiPC, 20%
cholesterol in DOPC, 20% cholesterol in POPC, 20% cholesterol in POPE, 20% cholesterol in



BBS Pure Lipid
DLiPC | 3.55 £ 0.1 | 3.44 + 0.1
DPPC | 433 +£0.11| 4.30 £ 0.1
DOPC | 3.80 £0.1 | 3.79 £ 0.1
POPC | 396 0.1 | 4.01 £ 0.1
POPE | 390 £0.1 | 3.95 +£0.1
POPC | 3.94 £ 0.1 | 4.01 £ 0.1
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Table 3.1: Bilayer thickness of BBS and pure lipid bilayer. Within error bars, the lipid
thickness stays the same for both BBS and pure lipid.

POPC. The amount of cholesterol in these pure bilayers were determined by mole fractions

from the corresponding BBS.

We calculate the bilayer thickness and lipid tail order parameter in Fig 3.8 and Fig. 3.9
to determine if the lipid patches of BBS behave as pure bilayers. In Fig. 3.8, we plot
the phosphate number density versus the distance from the bilayer center. Each peak is
horizontally shifted such that z = 0 corresponds to the center of the bilayer. In panel a),
we show the results for DLiIPC-DPPC. The distance between the two peaks, which gives the
measurement for the bilayer thickness, is the same for both DPPC and DLiPC in the BBS
and in the pure bilayer. The DPPC thickness in a BBS is 4.33 nm and the thickness is 4.30
nm in a pure DPPC bilayer containing 42% cholesterol. The DLiPC thickness in a BBS is
3.55 nm and the thickness in a pure DLiPC with 13% cholesterol is 3.44 nm. In panel (b) ,
a similar analysis for DOPC-POPC shows that the bilayer thickness of POPC as a part of
BBS is 3.94 nm and that of a pure POPC with 20% cholesterol is 4.01 nm and the bilayer
thickness of DOPC is 3.80 nm and 3.79 nm in the BBS and in pure bilayer system. In panel
(c), the bilayer thickness of POPE is 3.90 nm and 3.95 nm, in a BBS and a pure bilayer,
respectively. This shows that the patches of binary bilayer in BBS, behave the same way as
a pure isolated binary lipid bilayer.

The lipid tail order parameter P,, defined as P, = (%(300329 — 1)), provides structural

information about the lipids. In the equation above, ¢ is the angle between the C—H bond
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Figure 3.8: Phosphate density in the BBS and in pure binary bilayers. The distance between
the peak of the phosphate density stays the same for each lipid in both BBS and in pure
binary setup.

vector and bilayer normal averaged over all of the lipids and all of the sampling time in an all
atom molecular dynamic simulation!®® . However, in our case the order parameter describes
the orientation of bond connecting two CG beads with respect to bilayer normal!®® and is
only qualitatively correct. Perfect alignment with the bilayer normal is indicated by P, = 1,
perfect anti-alignment with P, = —0.5, and a random orientation with P, = 0. Although
this value can not be used to compare our results against NMR order parameters, we can
compare different simulation results using the MARTINI order parameter. In figure 3.9,
we plot order parameters for all three systems and their corresponding bilayer patches. In
the plot, the order parameter for BBS are represented in points and the order parameter
for the pure lipids are represented in lines. As we can see, the lines nearly connect all the
points, suggesting that all lipids in the BBS behave the same way as in pure bilayers. For
all PCs, in all three panels, the first three points are the same because PC lipids differ in
their tail beads and not their head beads. In panel (a), we see that that DPPC lipid beads
are more aligned than DLiPC beads. In panel (b), we see that the tail beads of POPC are
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more ordered than of DOPC. Between POPE and POPC in panel (c), the profiles are very
similar and the difference only arises in the head group region. The phosphate-choline bond
(bond number 1) is slightly less ordered in case of PE than in PC. Both the results from
bilayer thickness and order parameter suggest that lipid patches in BBS after equilibrium

indeed behave as pure bilayers.

(a) DLiPC-DPPC DPPC-BBS = |(b) DOPC-POPC POPC-BBS = |(¢) POPE-POPC  POPC-BBS =
DLiPC-BBS DOPC-BBS POPE-BBS

1y DPPC — T POPC — T POPC — |

DLiPC DOPC POPE

Order Parameter

O 2 4 6 8 10 0 2 4 6 & 10 0 2 4 6 8 10
Bond Number

Figure 3.9: Lipid order parameter of consecutive bonds with respect to the bilayer normal
in the BBS and in pure binary bilayers. The order parameter for each lipid stays the same
for each lipid in both BBS and in individual binary setup.

Partition Free Energy

Thus far we have verified that the BBS is a reliable simulation method and that any thermo-
dynamic properties inferred from BBS will correspond to pure lipid bilayers. The partition
coefficient of cholesterol (K), a quantity that is determined in experiments, can be calculated
using the density of cholesterol in two patches within the BBS. The partition coefficient (K)
is simply the ratio of cholesterol density in two patches, which can be used to calculate the
partition free energy (AGartition), USing AGypartition = -kgT In(K), where kg is the Boltzmann

constant, T is the temperature, and K is the cholesterol partition coefficient. The values of
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Mole Fraction | Sim. K Exp. K Sim. AGypartition | Exp. AGypartition
(kJ/mol) (kJ /mol)*°
DLiPC-DPPC 13 .42 54 + 0.13 -4.39 £+ 0.05
DOPC-POPC .20 .20 1+008 | 1.4+£0.11 04 0.2 -0.5 £ 0.02
POPE-POPC .20 .20 1+0.02 | 0.334+ 0.04 0 4+ 0.05 -0.13 4+ 0.004

Table 3.2: Estimated partition coefficient and free energy from simulated BBS. The experi-
mental and simulation values do not match due to the magnitude of the uncertainty:.

AGypqariition are summarized in Table 3.2. From the table, we can see that the results from
simulation do not match the experiments mainly because of the magnitude of the uncertain-
ties. The experimental AGu,tition values are all less than 1 kJ/mol and our simulations can
not predict such results accurately. However, our results show that BBS can predict larger
AGpartition, as in the case of DLiPC-DPPC. Unfortunately, DLiPC is not widely used in
experiments and one would need more isothermal calorimetry results to validate our finding
for DLiPC-DPPC BBS as done in Ref3*33

Although comparison of results between BBS and experiments is not straight forward, we
can compare the results from BBS to our REUS results. In table 3.3, we list the chemical
potential values for pure bilayer with different cholesterol concentration corresponding to
lipid patches in BBS. The results from DLiPC-DPPC would suggest that, a DPPC bilayer
with 42% cholesterol will be in equilibrium with 13% cholesterol and the chemical potential
of any cholesterol molecule would be the same in these two pure bilayer. In order to verify
this, we run two new REUS calculations for pure bilayers with 42% cholesterol concentration
in DPPC and 13% cholesterol concentration in DLiPC bilayer. From the table, we see that

this is actually the case.

3.4 Discussion

In this work, we have summarized our result from coarse grained molecular dynamics simu-

lations. By using two distinct simulation techniques, we have described the thermodynamics
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Lipid concentration | pC (kJ/mol) from REUS
13%Cholesterol-DLiPC -88.8 + 2.1
42% Cholesterol-DPPC -89.6 = 1.8
20%Cholesterol-DOPC -94.8 £ 1.6
20%Cholesterol-POPC -94.9 £+ 2.6
20%Cholesterol-POPE -96.5 £ 2.7

Table 3.3: Cholesterol chemical potential for pure bilayers. The REUS and BBS results are
consistent within error bars. BBS is computationally much cheaper than REUS.

of cholesterol in lipid bilayers. We systematically calculated cholesterol depletion energies
for 49 lipid bilayer systems with varying cholesterol concentration. From our results, we have
shown that cholesterol has greater affinity for lipid bilayers with i) less cholesterol content
and ii) less degree of unsaturation. Between PC and PE, cholesterol does not prefertially
partition into either; this result is not consistent with previous experimental results.3% 103,104
However, our depletion energy results in the range of 100 kJ/mol - 75 kJ /mol is in allignment
with previous MARTINI simulations results.?! In addition, our estimate of chemical poten-
tial is in excellent agreement with previous MARTINI results.”” Therefore, this discrepancy
against experiments should be due to the inaccuracy of the forcefields; further calculations
with more accurate forcefields may verify this. Within a binary bilayer with phospholipids
and cholesterol only, we have shown that the chemical potential gradually increases as the
concentration of cholesterol increases. This result shows that neither of the models discussed

in the introduction accurately describes the cholesterol-lipid interactions. The cholesterol-

lipid interactions depends on both the headgroup and the tail unsaturation.

Finally, we have developed a BBS method that allows us to eliminate the usage of water
as the reference state, which makes the calculation of partition free energy much faster and
computationally cheaper. BBS allows us to answer a more biologically relevant question. One
can calculate the free energy required for cholesterol molecule to move between two bilayers.
Using the DLiPC-DPPC system, we have shown the ability of BBS to easily calculate the

cholesterol partition coefficient. Our result show that cholesterol can differentiate between
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PC lipids that have very different degrees of unsaturation. These results open the way to a
detailed, thermodynamically based description of lipid-cholesterol mixtures, which is much

needed to enhance our understanding of bio-membrane related processes.
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Chapter 4

PHOSPHOLIPID STRUCTURE AND THERMODYNAMICS
ON A MONTMORILLONITE CLAY SURFACE

4.1 Introduction

Soil contains a large, but poorly understood, carbon pool. Soil carbon impacts a range of soil
properties, including that of soil water repellency (SWR) .3¢:37 SWR is a hydrophobic process
where water can not infiltrate the soil. This results in increased erosion, increased water
overland flow, and decreased ability to support crops.?*3> SWR is common in sandy soil and
adding clay in sandy soil can alleviate water repellence. Inspite of these environmental and
agricultural impacts, there is a lack of mechanistic understanding of SWR, which limits the
design of effective remediation protocols.!?” There is an abundance of SWR field studies and
investigations of natural organic matter that has not been molecularly characterized.!0”-198
Only limited work has been done on model surfaces with well characterized compounds, with
most focused on fatty acids .!%° ! Prior work with specific compounds has typically been
done on quartz and not on clays, even though clay has been used to remediate SWR, and
the clay fraction of soils has been found to be a key factor governing the rate of soil organic
matter decomposition.!*! The results of these prior studies show that saturated fatty acids
induce water repellency in sand, which tends to plateau after a critical amount has been
added to the sand.!'%!2 Ag clays are mixed into hydrophobic sandy soils to ameliorate
water repellency by an unknown mechanism ,3® it is desirable to know more about clay-
organic matter interaction. Generally, there is a need for more work that both measures

water repellency on clay systems and investigates microscale and macroscale characteristics,

as prior work frequently does one or the other, but rarely both.

Lipids have been selected for this project, because prior studies have determined that the
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lipid fraction of soil organic matter impacts soil hydrophobicity.'!3 Lipids are particularly
important when considering seasonal cycling of SWR, as lipids have the ability to change
orientation, exposing either their hydrophilic or hydrophobic moieties, depending on ambient

conditions.>?

While the chemistry of lipids may influence SWR, the surface of the clay
itself is also known to influence hydrophobicity.!1*11® Therefore, the goal of this study is to
advance a mechanistic understanding of SWR by considering the chemistry of organic matter
and a model clay surface. Specifically, we investigate a system of the clay montmorillonite
(MMT) and 4 lipids with similar structures. MMT is the most widespread phyllosilicate clay
mineral; phyllosilicates have two-dimensional sheets of silica in their structure. MMT is a
multi-layered mineral where each layer is a “sandwich” of silica/alumina/silica. Isomorphic
substitutions in the the layers give rise to a negative clay layer charge that is compensated

by the presence of cations in the interlayer space and on the surface of MMT particles.!'® A

MMT unit cell is shown in Fig 4.1.

$¥4 1
°? 9

Figure 4.1: The unit cell contains silicon (yellow), oxygen(red), aluminum(pink), magnesium
(blue), hydrogen(white) atoms. There are substitutions at both silica and alumina layers.

The application of molecular modeling in geochemistry has significantly increased in

117-121

the recent years . Both ab-initio and classical simulations have been used to study

properties of clay pertaining to swelling, cation exchange and interlayer properties.!?? 126

Simulations can provide atomic scale descriptions of organic matter interactions with the
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surface and also aid in quantifying these interactions. Using biased and unbiased molecu-
lar dynamics simulation, we seek to understand the structural properties of surface-bound
organic molecules. We find that the lipid aggregates with zwitterionic headgroup form mi-
cellular structures of different sizes and bind strongly to the surface of MMT. The results

will contribute to our overarching goal of understanding water repellency.

4.2 Methods

4.2.1 Ezxperimental Details

All the experimental work was done by Brenda Kessenich and the procedure will not be
discussed here. Particularly, measurements and data analysis related to film topography that
is not pertinent to the molecular dynamics study will not be a part of this thesis. However,
relevant results from our collaborative study will be discussed. Experimental details can be

found in Ref.1?”

4.2.2  Simulation Details

We performed all simulation using Gromacs 5.1.4%% with the Plumed 2.3% plugin under
periodic boundary conditions. Temperature and pressure were maintained using the velocity-
rescale thermostat and Parrinello-Rahman barostat, respectively. Long range electrostatic
interactions were computed using the PMES” method with a Fourier spacing of 0.12 nm. The
real space Coulombic interaction was calculated up to 1.2 nm. Van der Waals interactions
were calculated using a cutoff of 1.2 nm. Bond lengths were constrained using the LINCS
algorithm."® Initial configurations were generated by inserting lipid molecules into previously
equilibrated clay/water systems at random positions. These configurations were energy
minimized and then equilibrated for 10 ns. After the system was equilibrated, production
runs were run for 500 ns.

The clay model is based on the pyrophyllite unit cell structure, and all simulations

contain a total of 96 unit cells. Four unit cells within the simulation have a cell formula
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Figure 4.2: Standard simulation snapshot. Shown here is the simulation result of 10% CAM
DOPC on MMT surface. Lipids are inserted randomly in water (a). All lipids form aggregates
to minimize tail exposure to water. The aggregates bind to the surface on the MMT b) with
their headgroups facing the surface. The lipids are represented in cyan, nitrogen in the
headgroup is represented in blue, and oxygen in red. The color scheme for MMT is defined
in Figure 4.1. Sodium ions are represented in tan and water is represented as faded white
dots.

(Siz Al)(Al14Mgy)Ogo(OH)16.nH50, as proposed by Cygan.'?® We employ the CLAYFF force
field, which consists of nonbonded (electrostatic and van der Waals) terms and accurately
represents the local charge inhomogeneities formed in the clay. The lipids were modeled

by the CHARMMS36'? forcefield and water was modeled using the TIP3P!Y forcefield at
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Lipid Melting Number of Charge | State at Room

Temp. (°K) | Double Bonds Temperature
DOPE | 1,2-dioleoyl-sn-glycero-3-phosphoethanolamine 257 2 + liquid
DSPE | 1,2-distearoyl-sn-glycero-3-phosphoethanolamine 347 0 + solid
DOPC 1,2-dioleoyl-sn-glycero-3-phosphocholine 256 2 + liquid
DSPG 1,2-distearoyl-sn-glycero-3-phosphoglycerol 328 0 - solid

Table 4.1: We study four lipids with different headgroups and fatty acid tails. We simulate
four systems for each of the lipids listed at room temperature. Additionally, we simulate
four more systems for DSPE at 353°K.

the desired temperatures. In each simulation box, the resulting net charge was balanced by

adding interlayer Na™ ions, forming Na-MMT.

We first generate a slab of the clay. We then construct four systems for each of the four
lipids by inserting lipid molecules into already equilibrated clay/water systems at random
positions (Fig 4.2(a)). All these configurations were energy minimized and then equilibrated
for 10 ns. After the system was equilibrated, unbiased production runs were performed for
1us and biased runs were performed for 500 ns. The lipids we model are listed in table 4.1.
For each lipid we simulated a system with just one lipid and the clay slab to determine the
orientation of the lipid when on the surface of MMT. We additionally simulated 10%Coverage
as Monolayer (CAM), 25%CAM, and 50%CAM for all lipids at room temperature and also
at 353°K for DSPE. DSPE at room temperature is solid while at 353°K, it is liquid; the
high temperature simulation will allow us to investigate if the phase of the lipid impacts the
structure of surface-bound lipids. The %CAM and hence the number of lipids to simulate

was determined by the same protocol as in our experiments:

Total area of lipid based on area per molecule

%CAM = (4.1)

Surface area of montmorillonite

where the area of each lipid molecule was estimated to be 60 2.
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4.2.8  Determination of aggregate structure

From the simulation, our primary goal is to understand the structure of surface-bound aggre-
gates. In all unbiased simulations for all lipids, freely floating individual lipid molecules come
together and form aggregates. These aggregates then either move to the surface of MMT
or remain in water depending on the type of the lipid. The shapes of lipid aggregates were
inferred from 1-dimensional (1-d) density profiles of the headgroup nitrogen or phosphorous
(for DSPG) atom and the last carbon atom in each tail. We used the gmx_density tool of
Gromacs to compute these profiles. This protocol has been used by a previous simulation
study of organic matter on mica surface to study aggregate reorientation.!

Here, we derive 1-d density equations to distinguish between a spherical and a cylindrical
micelle. The aggregates formed in our simulations are not perfect spheres or cylinders;
however, equation 4.2 and 4.3 will help us make estimates of the structure of the surface-

bound lipid aggregates. For a sphere of radius R, the density profile is constant and does

not depend on the axis of projection (z in the following derivation).

The average area density (p) = &, where N is the number of molecules and area (A) =
F

47 R?. Then the volume density (¢(7)) = pd(r — R). The volume density projected in 1-d,

1) = [y [ avoe) = [y [ dpsr - )

:p/dy/d:cé(\/a:Q—l—anLz?—R)

—onp= (42

B J 2R
L /R? — 42 — 22 2R
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The density of cylinder depends on z, and has two sharp peaks. For a cylinder of height
L and radius R, the average area density (p) = %, where N is the number of molecules and

area (A) = 27 RL.

Then the volume density (¢(7)) = pd(r — R), where r = 2? + 22. The volume density

projected in z axis,

7(2) = /dx/OLdyW) - /dz/oLdyp6<r—R>

:p/dqr/oLdyCS(\/m—R)

2R N 1
:Lp/dx(s(\/m_R):Lp\/ﬁ:ﬁ%m

4.2.4  Determination of binding energies

We calculate the binding energy of lipids (both single and aggregates) onto the surface of
MMT by using replica exchange umbrella sampling as in the previous chapters. For a single
lipid molecule binding to the clay surface, we simulated 35 windows separated by 0.1nm. The
collective variable we use is the normal distance between the nitrogen atom (or phosphate
for DSPG) and the surface of the MMT. Each window was restrained using a harmonic
potential of 500 (kJ/mol)/nm?, and exchange attempts with neighboring replicas occured
every 2 ps. To determine the binding energy of aggregates, we used a slightly different

protocol. Starting with aggregates that were formed in unbiased simulation, we bias the
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distance between the center of mass of the aggregate and the clay surface using a harmonic
potential of 500 (kJ/mol)/nm?, and exchange configurations with neighboring replicas every
2 ps. We simulated 28 replicas, each for 500 ns. To finally generate the free energy profile, the
results from biased replicas, were combined using the weighted histogram analysis method.
The statistical uncertainties were estimated using bootstrapping technique implemented in

gmx wham.”!
4.3 Results

Our experimental results show that the static contact angle does not change when lipids are
added to MMT.*?" This result is in contradiction with previous experimental results that
showed significant changes in contact angle after addition of stearic acid (organic matter) on
quartz sand .1! The authors attributed this to the organic matter forming monoloyers on
the surface, exposing their hydrocarbon tails outward. The hydrophobic tails then prevented
the water droplet from infiltrating the surface which resulted in an increase in contact angle.
We investigate if similar phospholipid monolayers are formed on the surface of MMT. We
find that lipid aggregates do not form monolayers and instead form hydrophilic aggregates
on the MMT and therefore do not increase the hydrophobicity of the clay. All our simulation

results are summarized below.

4.8.1 Aggregate Structures

We plot the density of the headgroup nitrogen atom (or phosphorous in the case of DSPQG)
and the tail carbon atom in both lipid tails of the aggregates as a function of position
along the normal axis with respect to the surface of MMT in Fig. 4.3. In all 5 panels, the
density profile for 10% CAM is missing because it was not possible to gather much structural
information. First, let us look at panels (a)-(d). The density profiles of the nitrogen atoms
in the lipid headgroups are asymmetric in all cases. All the profiles have a peak that is close
to the surface of MMT. This shows that there are more lipids that are bound to the surface
than lipids that are not. For DOPE in panel (a), the nitrogen density at both 25% and 50%
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Figure 4.3: Number density of headgroup nitrogen or phosphorous and tail carbon. Other
than DSPG, all other aggregates adsorb on the surface of MMT as suggested by the peak in
nitrogen density very close to the surface. Results for 10% CAM are not shown here because
it was not possible to infer any structural information from the density profiles.
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coverage falls drastically with distance, but does not completely vanish, becoming constant
beyond 1 nm. The carbon peak for both aggregates is unimodal. From equation 4.2, we can
deduce the formation of a spherical micelle in both cases. For DSPE at room temperature
(panel (b)), however, both nitrogen and carbon profiles at 25% coverage exhibit bimodal
distributions with negligible nitrogen density between the peaks. For 50% CAM DSPE,
the nitrogen profile is bimodal, but that of carbon is unimodal. These distinct profiles
correspond to interdigitated lipid bilayer arrangements and regular bilayer arrangement for
25% CAM and 50% CAM, respectively. In the heated state (panel (c)), DSPE at 25% CAM
behaves similarly to DOPE (both 25% and 50%)and forms a spherical micelle. When the
lipid concentration increases to 50% CAM, the nitrogen density profile becomes bimodal
with significant density between the peaks. This structure corresponds to a cylindreical
micelle from equation 4.3. DOPC (panel (d)) behaves very similarly as heated DSPE (panel
(c)). At 25% CAM, spherical micelles are formed and at higher coverage, cylinders are
formed. Therefore, in the case where the lipid headgroup is zwitterionic (panel (a)-(d)), the
aggregates bind to the surface via the lipid headgroup, and the lipids arrange themselves in

such a way that the fatty acid tails are protected from being exposed to water.

DSPG lipids, which have negatively charged headgroups, however, do not bind to the
surface. The MMT surface is also negatively charged, so the aggregates are repelled from
it, and freely float in water instead. The headgroups orient towards the water, forming
perfect spherical micelles at 25%CAM or cylindrical micelles at 50%CAM. We infer this
from symmetric nature of all four profiles in Fig. 4.3(e). The tail density profiles for both
%CAM is unimodal. The phosphate density for 25% CAM does not have any peak, and that
of 50% is bimodal.

The structure of the lipid aggregates does not seem to be dependent on the phase of the
lipid at the experimental temperature. At the simulated temperature, DOPE, DSPE(353
°K), and DOPC are liquid; we also simulated DSPE and DSPG that are solid at room
temperature. We do not find a correlation between the structure of surface-bound aggregates

and the phase of the lipid. DSPE (solid), however, behaves very differently, and forms bilayers
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Figure 4.4: Free energy of lipid binding to MMT surface. Lipids with zwitterionic headgroup
(PE and PC) bind favorably with MMT. DSPG prefers to freely float in bulk water. The
shaded areas represent uncertainty.

while other lipids form micelles. This could be because the solid saturated tails become much

more ordered than liquid unsaturated tails when the headgroups bind to the clay surface.

4.3.2  Binding Energies

In Fig. 4.4, we plot binding energies for a single lipid as a function of the nitrogen distance
from the surface of the clay (phosphorous in the case of DSPG). All the profiles are shifted
vertically such that their minimum lies at 0. From the figure we see that lipids with zwitte-
rionic headgroups (PE and PC) have their minimum on the surface of MMT showing that
they bind favorably with the surface. The minimum of all PE profiles lie at the exact same

position, but that of DOPC is displaced because of the size of the headgroups; PE is smaller
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than PC. The free energy profile of DOPE and DSPE at room temperature is very similar,
suggesting the difference in their tail unsaturation does not affect single lipid binding. The
energy gain due to binding for both DOPE and DSPE is 10 kJ/mol. For DSPE at elevated
temperature, the free energy gain is about 2.5 kJ/mol, which is much less than that at room
temperature. At elevated temperature, the entropic contribution (due to fluctuation) to the
free energy becomes comparable to the enthalpic contribution (due to binding) resulting in
a smaller gain in free energy. Although the shape of the DOPC profile may look similar to
that of DOPE, the free energy gain due to binding is higher in the case of DOPC. There is
a sharp increase in the free energy profile for DOPC at the surface when the hydrophobic
choline headgroup is exposed to water. DSPG on the other hand does not bind to the surface
and shows a maximum in the free energy profile at the surface. A single DSPG molecule

prefers bulk water by 2 kJ/mol over the MMT surface.

Lipid aggregates may behave differently than single lipid molecules. In order to quantify
how efficiently these aggregates bind to the clay, we calculate the binding energy of these
aggregates as a function of the normal distance between the center of mass of the aggregates
from the surface of MMT. In Fig. 4.5, we show the results for the studied lipids. We do not
calculate the binding energy for DSPG because the results from single lipid binding show that
they prefer water more than the MMT surface. Our results show that the binding becomes
more favorable with increasing lipid concentration for all lipids at all temperatures. The gain
in energy for a single DOPE molecule is 10 kJ/mol. This energy increases to 12 kJ/mol when
the coverage is 10%. Similarly, the binding energy gain goes up to 20 kJ/mol and 25 kJ/mol
when the coverage increases to 25% and 50%, respectively. As the % CAM increases, bigger
aggregates, as predicted from the position of the minimum, with more headgroups that bind
to the clay surface are formed. The increase in free energy gain, however, is not linear. The
free energy gain for DSPE at room temperature goes from 10 kJ/mol (single lipid) to 30
kJ/mol (50%), and for DOPC goes from 12 kJ/mol to 27 kJ/mol The free energy gain for
high temperature DSPE at lower % CAM is relatively lower than other aggregates at low
%CAM due to increased entropic contribution. However, at 50%CAM the binding energy



73

increases to 25 kJ/mol like for other lipids. One possible explanation for this observation is

an increase in enthalpy due to higher nitrogen contacts with the clay at 50% CAM than at

lower concentrations.
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Figure 4.5: Free energy of lipid aggregate binding to MMT surface. Larger aggregates bind
more favorably to the surface of MMT in all cases. The shaded areas represent uncertainty:.
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4.4 Discussion

In this chapter we have studied the cause of soil water repellency at the molecular level.
We have looked at the phenomenon with MMT and lipids as the clay and organic molecule,
respectively. Using molecular dynamics simulations, we have found that individual lipid
molecules come together and forms aggregates to prevent the exposure of their hydrophobic
tails. These structures, based on their headgroups, either remain in bulk water or bind to
the clay. Our structural analysis suggests that only zwitterionic lipid aggregates bind to the
surface. These aggregates are not monolayers, but range from spherical to cylindrical micelles
and are not water repellent. In addition, we have also computed the free energy difference
between the surface bound state and freely floating state for phospholipid aggregates. The
free energy gain of aggregate binding ranges from 5 kJ/mol to 30 kJ/mol. The binding
increases as the % CAM increases; this increase is not linear. With more lipids, more

headgroups benefit from binding to the negatively charged surface.
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Chapter 5

CONCLUSION AND FUTURE WORK

In chapter 2, we investigated the mechanism of cell permeation. The nature of membrane
permeation is both fundamental and extremely complicated. Because the cell membrane is
highly dynamic, it is very challenging to capture membrane deformations and all possible
degrees of freedom, and thus to gather statistically meaningful results. Finding the most
relevant degree of freedom for a translocation process has been the major focus of the chapter.
We were able to identify that the strong electrostatic interactions between zwitterionic lipid
head groups and charged or highly polar solutes are the slowest degree of freedom. The
system can exhibit very slow relaxation timescales that pose severe problems to the accuracy
of free energy profiles. We propose to resolve this issue by using the REUS simulation
technique, which is a modified version of the ubiquitously used US method. With this
modified method, we were able to accurately calculate free energy profiles of membrane
translocation for several small molecules. We showed that not all free energy algorithms
can be used to understand the mechanism of membrane permeation, as some approaches
fail to sample the transition state of the translocation process. We also show how standard
methods to estimate error can underestimate the error in free energy profiles. With the new
method we used, transition states are properly sampled which shed light on the mechanism
of membrane permeation. At the end of the chapter, we provide ways to assess the sampling
of transition state using the committor distribution function which is a novel way of looking

at free energy profiles of translocation.

With the ability to accurately compute free energy profiles, in chapter 3, we studied
cholesterol activity in lipid species with different head and tail groups. We quantified choles-

terol activity by calculating depletion free energies from 49 systematically constructed sys-
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tem using REUS. We have also attempted to resolve disagreements about which model of
cholesterol-lipid interactions best describe the chemical potential of cholesterol in bilayer sys-
tems. Within the resolution of the systems modeled using the MARTINI forcefield, we have
shown that none of the three models can capture all the physics of cholesterol-lipid interac-
tions. Simulating many more systems with all atom forcefields will validate our hypothesis;
experimentally, more thermodynamic studies for unsaturated lipids will be required. We also
developed the BBS, and showed its efficacy in calculating cholesterol partitioning between
two bilayers without using water as a reference state. This simulation procedure immensely
reduces computational cost and reproduces the result comparable to the more expensive
REUS method. This method can be expanded to more complex systems with many more

lipid components and possibly other biomolecules.

In chapter 4, we reported our results of an ongoing collaboration with the De Yoreo
group at Pacific Northwest National Lab. In the project, we investigated the structure and
energetics of lipid aggregates formed on a MMT surface, which is hypothesized to be an
important factor that controls the ability of soil to retain water. A speculation in the field
was that lipids may form monolayers with their tails exposed to water, which would repel
water and decrease soil’s affinity to water. We have shown that this speculation is inaccurate,
and we have found that lipids easily aggregate on the surface of the clay forming structures
that can range form micelles to bilayers but not monolayers. These aggregates bind to clay
surfaces and are unlikely to unbind when dried. With our collaborators, we have investigated
soil water repellency at various length ranging from the molecular scale to macro-scale and

explained why clay is useful in remediating water repellent soil.

In summary, this research has not only provided important insights into the fundamental
structure and function of biomolecules, but also resulted in many dexterous simulation pro-
tocols. By using statistical mechanics to model cell membrane and topological transitions
in the membranes, we have contributed the most to the field of computational biophysics
by providing helpful guidance to effectively conduct molecular simulation research. In the

ever growing field of molecular simulations, these results can tremendously aid in effective
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sampling. This work provides crucial insight into the behavior of lipid molecules when they
interact with various solutes (amino acids, cholesterol) and surfaces (clay). Our findings are
expected to have impact across many fields and processes, including drug discovery, drug
delivery, material design and other related biomolecular applications. We shed some light

and pose many intriguing challenges into many long-standing fundamental questions in the

field.
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