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Abstract
Protein targeting to membranes is important for proper function in the cell. Proteins need to
identify the proper biological membranes within the cell and do so through a variety of
membrane bound domains, including amphipathic helices and membrane hairpin domains. In
this thesis, work is presented that addresses these membrane-targeting mechanisms. Specifically,
the mechanisms of protein targeting to lipid droplets (LD) are identified. LD membranes contain
larger and more frequent packing defects compared to bilayer membranes due to the intercalation
of neutral lipids in the phospholipid tails. This increased space in LD membranes allows for
more stable insertion of all amino acids. LD membranes are therefore more promiscuous and
allow a larger variety of amphipathic helices to bind. Additionally, LD proteins targeting from
the ER undergo conformational change upon relocalization to LDs due to the switch from a
phospholipid bilayer to a phospholipid monolayer and neutral lipid core. LD proteins that
relocalize from the ER contain a concentration of large hydrophobic residues near the bilayer
midplane. These residues are shifted in LD membranes towards the carbonyl region in the
phospholipid tails, a more packing defect enriched area. Finally, a new method coarse-graining
method is presented that allows one to accurately model the folding process of proteins using a
multistate approach. This multi-configurational coarse-graining method is demonstrated for helix
folding in water and can be extended to study amphipathic helix binding and folding on

biomembranes.
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Chapter 1. Introduction

1.1 Lipids and Lipid Membranes

Lipids are a broad class of biomolecules that are insoluble or only slightly soluble in water.
Lipids primarily perform three functions in the cell: 1) lipids form membranes to segregate the
cell from the environment and compartmentalize the cellular organelles; 2) lipids are the primary
long-term storage mechanism of the cell; and 3) lipids are involved in many cell signaling

pathways (Voet et al., 2013).

Glycerol Triacylglycerol Glycerophospholipid
Figure 1-1 Structure of Glycerolipids
Schematic diagram of glycerol, a triacylgerol, and a glycerophospholipid.

Lipids come in a number of different biological forms, including fatty acids, glycerolipids,
and phospholipids (PL), sphingolipids, and sterols. Glycerol, a simple organic compound with
three hydroxyl groups, forms the backbone for glycerolipids and phospholipids. It can form a
diverse set of lipids depending on the fatty acids and phosphoryl groups it is bonded to at the
hydroxyl groups. Fatty acids, carboxylic acids with long hydrocarbon chains, occur with various
hydrocarbon lengths (though most commonly between 14 and 20 carbons in length) as well as
with various degrees of unsaturation (Figure 1-2). Phosphoryl groups consist of a phosphate

bonded to a polar group or hydrogen.



'CH, “CH CH,

0 OH 0 OH
\ / \
,‘('n_, CH,

CH, CH, CH
CH, CH,

(':u_, CH,

CH, CH,

CH, —C CH, w,

CH, ‘ Lh
CH, ‘ ' CH
CH,

\ 1sCHy
1sCH,

Stearic acid Oleic acid 1-Stearoy k- 2-oleoyl-3-phosphatidylcholine 1-Palmitoleoyl-2-linoleoyl
3-ste aroylglycerol

Figure 1-2 Structure of Fatty Acids, Phospholipids, and Triacylglycerols
Schematic diagram of two fatty acids (left), a phospholipid (center) and a triacylglycerol (right),
adapted from (Voet et al., 2013).

Glycerols can be linked by up to three fatty acids to form monoacylglycerols,
diacylglycerols, and triacylglycerols. These glycerolipids are hydrophobic and serve as a form of
energy storage for the cell, as energy is released by the hydrolysis of the esterified fatty acid.
Glycerophospholipids consist of a glycerol backbone, with fatty acids linked at the first and
second carbon, and a phosphate group at the third carbon. Glycerophospholipids are amphiphilic

and are therefore a major component of biomembranes, segregating various biological

compartments from each other. Sphingolipids contain a sphingosine backbone and can be amide

2



linked to a fatty acid as well as linked to a phosphate group. Sterols, a subgroup of steroids, can

also be esterified with fatty acids into sterol esters.

1.2 Emulsions and Lipid Droplets

Emulsions are formed when two immiscible fluids are mixed, and one of the fluids is dispersed
in the form of droplets within the other. Cells turn fatty acids, which can act as detergents, into
neutral lipids such as triacylglycerols and sterol esters. But these hydrophobic oils would
naturally form an emulsion within the largely water cytosol (Thiam et al., 2013b). To reduce
surface tension and generate more stable emulsions, surfactants are required. In the cell, a
phospholipid monolayer acts as the surfactant, segregating the hydrophobic neutral lipids from
the cytosol, forming lipid droplets. Lipid droplets can vary significantly in size, from hundreds of
nanometers in diameter in yeast, to tens of microns in diameter in adipose tissue.

The neutral lipids with the lipid droplet core are primarily composed of triacylglycerols (TG)
with a smaller portion of sterol esters (SE). The phospholipid monolayer composition is quite
similar to composition of the endoplasmic reticulum. It is primarily composed of
phosphatidylcholine (PC) and phosphatidylethanolamine (PE).

Lipid droplets are formed from the ER, where neutral lipids are synthesized (Walther and
Farese, 2012). Current models (Wilfling et al., 2014) suggest the formation of lipid droplets
occurs in three steps: 1) synthesis of neutral lipids within the ER; 2) aggregation of neutral lipids
with the ER accompanied by lens formation; and 3) droplet formation and scission. The
synthesis of neutral lipids within the ER is catalyzed by a number of different enzymes for each
step of the Kennedy pathway for TG synthesis (Wilfling et al., 2014). Once a sufficient number

of neutral lipids have aggregated within the ER, lens formation followed by droplet formation



can occur. Lipid droplets can grow in size depending on the needs of the cell, and therefore
require enzymes for TG synthesis as well as for PC synthesis. Once lipid droplets have separated
from the ER, they have been shown to reform connections to the ER to acquire enzymes for TG

synthesis. This thesis thoroughly investigates how these proteins target to lipid droplets.

1.3 Protein Targeting to Membranes

Proper cellular function requires proteins to accurately target to specific locations and organelles
within the cell. There are a number of mechanisms by which proteins target within the cell.
Bin/amphiphysin/rvs (BAR) domain-containing proteins are characterized by a banana-shaped
curved domain that targets to and stabilizes curved membranes (Simunovic et al., 2015). Many
BAR domain-containing proteins also use amphipathic helices (AH), which insert into the
membrane, stabilizing the protein on the surface of the membrane. Other proteins, such as
protein kinases (Li et al., 2014; Ziemba et al., 2014), target to membranes and bind to specific
lipids, often phosphoinositides (PI). Proteins binding to PI lipids often contain widely shared
domains, such as pleckstrin homology (PH) domains, which specifically bind to PI lipids (Lai et
al., 2013).

Amphipathic helices are another common motif found in proteins that bind to membranes.
Amphipathic helices are normally disordered when in bulk water, but fold upon binding to
membranes (Fernandez-Vidal et al., 2007; Hristova et al., 1999). They characteristically have a
hydrophobic face as well as a polar face, which drives helix formation upon binding to
phospholipid membranes (Figure 1-3). Folding of an AH allows the two faces of the AH to
partition between the polar headgroups and hydrophobic tails of the PLs. The mechanism of AH

binding to membranes requires a number of steps. First, a single (likely large) hydrophobic



residue on the amphipathic helix locates a lipid packing defect on the surface of the membrane
that is large enough for it to insert (Vanni et al., 2013). This first step occurs quite quickly,
within hundreds of nanoseconds, upon approaching the membrane. Next, the AH folds into the
interfacial region of the membrane. The lipid packing defect in which the residue has inserted is
enlarged as surrounding residues are folded into the membrane (Cui et al., 2011). This step
occurs on timescales greater than 10 ps, making the study of this process using molecular
dynamics simulations quite difficult. This step is energetically favorable (Almeida et al., 2012;
Cui et al., 2011; Fernandez-Vidal et al., 2007; Ladokhin and White, 1999). Proteins containing
AH are therefore only likely to be removed from the membrane on highly crowded membrane
surfaces, where proteins with e.g. transmembrane domains bump off the AH-containing proteins
from the membrane. Subsequently, the amphipathic helix would unfold due to the increase in

entropy achieved in the disordered state, beginning the cycle anew.

Figure 1-3 Helical Wheel Plot of Endophilin HO

A wheel plot of the endophilin amphipathic helix, generated using Heliquest(Gautier et al.,
2008). The hydrophobic residues (yellow) are localized on one face of the helix, partitioning the
helix between the polar headgroups and hydrophobic tails of phospholipids. The arrow depicts
the hydrophobic face, which interacts with the hydrophobic tails.
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Lipid droplet proteins are not translated on directly on the lipid droplets, but are instead
translated either within the ER (Class I) or the cytosol (Class II) (Kory et al., 2016). Class I
proteins contain membrane embedded domains and re-localize to LDs from the ER through
membrane bridges. In the absence of LDs in the cell, these proteins are predominantly found in
the ER. Class II proteins target to LDs via amphipathic helices. AH targeting to bilayer
membranes has been extensively studied, though the different surface properties of LDs likely

affect this targeting mechanism.
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Figure 1-4 Schematic of Amphipathic Helices Targeting to Lipid Droplets
Amphipathic helices prefer to target to lipid droplets (LD) as opposed to the ER, due to the
increase in packing defects on the surface (Prevost et al., 2018).



1.4 Enhanced Sampling and Free Energy Sampling Techniques

One common issue that arises when trying to simulate some of the biophysical phenomena noted
above is that current computer hardware limits the simulation size and simulation length. Typical
hardware currently allows one to simulate a system of up to a few million atoms for up to a few
microseconds. But many of the biological phenomena of interest occur on longer timescales,
presenting a challenge for how these systems can be studied. Specialized hardware, such as the
Anton (Shaw et al., 2009) supercomputer, allows the simulation of systems on the order of 100k
atoms for hundreds of microseconds or even up to milliseconds. A number of simulations within
this thesis have extensively used the Anton supercomputer for long time simulations, though
access to this machine is limited

Therefore, a number of techniques have been developed within the last few decades to
enhance the sampling of certain phenomena within accessible computational power. These
methods include replica exchange molecular dynamics (Sugita and Okamoto, 1999),
metadynamics (Laio and Parrinello, 2002b), and umbrella sampling (Torrie and Valleau, 1977).
Each method has its own advantages and disadvantages, though many rely on accurately
describing the phenomena of interest using a collective variable (a.k.a. order parameter or
reaction coordinate)(Bernardi et al., 2015). Poor choice of a collective variable will often lead to
problems in sampling, especially when orthogonal degrees of freedom are slow to relax.

The potential of mean force (PMF) along a collective variable (CV) can be obtained using
umbrella sampling(Torrie and Valleau, 1977), where independent replicas are run with harmonic
restraints placed on the CV, centered at various points along the CV. The unbiased potential of
mean force can then be obtained by subtracting out the bias from the biased potential of mean

force for a system with a single umbrella potential applied. For a series of simulations with
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different umbrella potentials added, the potential of mean force can be calculated using the
weighted histogram analysis method (Grossfield; Kumar et al., 1995; Roux, 1995) (WHAM) or
multistate Bennett acceptance ratio (Bennett, 1976; Shirts and Chodera, 2008) (M-BAR).

Replica exchange molecular dynamics (REMD) (Sugita and Okamoto, 1999), a common
enhanced sampling technique, uses multiple independent replicas running concurrently, with
exchanges attempted between replicas every certain number of steps, with the acceptance based
upon the metropolis criterion min(l,e‘BAU). Typically, each replica is run at a different
temperature (T-REMD), such that sampling is greatly enhanced at higher temperatures. Each
replica can then explore conformational space quickly at higher temperatures, and, when
exchanged back down to the lowest temperature replica, the equilibrium distribution at
physiological temperature can be obtained. REMD can be generalized to simulate each replica
with a separate Hamiltonian (Ostermeir and Zacharias, 2013; Roe et al., 2014; Sugita et al.,
2000) (H-REMD) so that coordinates other than temperature can be explored. For example, a
common perturbation of the Hamiltonian is captured with Solute Tempering (Liu et al., 2005),
where the exchange criterion is not dependent upon the number of water molecules in the
system, which can be quite important for adequate sampling for large systems. One significant
advantage of REMD is that the replicas are all run in parallel, limiting the calendar time spent
acquiring results. Additionally, T-REMD does not require a choice of collective variable, which
can be quite advantageous when investigating a process that is difficult to describe using only
one or two CVs. But, inadequate choice of the maximum temperature or the exchange rate can
lead to a more computationally expensive simulation.

Another commonly used enhanced sampling technique is metadynamics(Laio and Parrinello,

2002b). Metadynamics adds biasing potentials in the shape of gaussian hills as it traverses CV
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space (i.e. it fills up free energy minima with “computational sand” (Darve and Pohorille, 2001)),
allowing the system to escape local minima (Figure 1-5, as shown in (Bernardi et al., 2015).
Upon filling up the entire free energy landscape, the bias that has been added to the system can
be inverted, resulting in the PMF of the system. There are a number of variants to metadynamics
that improve upon some of its deficiencies, to ensure convergence, relevant sampling, and
efficient sampling within the PMF of interest, which are not guaranteed with standard
metadynamics. Well-tempered metadynamics (Barducci et al., 2008) decreases the size of the
gaussian hill as a function of the simulation time, ensuring convergence to the PMF
asymptotically (Dama et al., 2014a). Transition-tempered metadynamics (Dama et al., 2014b)
improves (Sun et al., 2016) upon well-tempering by waiting to temper until transitions have been
observed between free energy minima, decreasing the simulation time spent filling free energy
basins while still maintaining convergence. Metabasin metadynamics (Dama et al., 2015)
prevents exploration into unphysical regions of conformational space which in turn inhibits
irreversible changes occurring to the system. Bias exchange metadynamics (Piana and Laio,
2007) incorporates the principles of REMD, where each replica samples a different CV with
exchanges occurring between replicas in order to accurately sample transitions that cannot be
accurately described with one or two CVs. Depending on the complexity and specificity of the
biophysical phenomena of interest, the different variants of metadynamics may provide more

accurate results.
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Figure 1-5 Schematic of Metadynamics Free Energy Sampling

Metadynamics first fills the free energy well it is currently in. Once it has added enough bias to
its current well, it can diffuse across the free energy barrier into the adjacent well. Upon filling
up the entire surface, the system will freely diffuse along the reaction coordinate.

1.5 Thesis Aims and Chapters
The aim of this thesis is to understand how and why proteins target to specific membranes within
the cell. T used different molecular dynamics simulation techniques to investigate these

biological mechanisms. Most of the work within this thesis was done in collaboration with the
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joint research lab of Tobias C. Walther and Robert V. Farese Jr. (Harvard Medical School). The
experiments were primarily conducted by Coline Prévost and Maria-Jesus Olarte.

In chapter 2, I show the mechanism of amphipathic helix-containing proteins targeting to
lipid droplets. In chapter 3, I describe the differences in permeation free energy for amino acids
in bilayer and lipid droplet membranes. Chapter 4 discusses how proteins with membrane-
embedded hairpin domains relocalize from the ER to lipid droplets. Chapter 5 explains how
amphipathic helix folding on bilayer membranes is a significant challenge even with long time
molecular dynamics simulations. Chapter 6 presents a novel method for modeling protein folding

with coarse-grained molecular dynamics.
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Chapter 2. Mechanism and Determinants of Amphipathic Helix-Containing Protein
Targeting to Lipid Droplets

This chapter is adapted from (Prevost et al., 2018)

2.1 Summary

Cytosolic lipid droplets (LDs) are the main storage organelles for metabolic energy in most cells.
They are unusual organelles that are bounded by a phospholipid monolayer and specific surface
proteins, including key enzymes of lipid and energy metabolism. Proteins targeting LDs from the
cytoplasm often contain amphipathic helices, but how they bind to LDs is not well understood.
Combining computer simulations with experimental studies in vifro and in cells, we uncover a
general mechanism for targeting of cytosolic proteins to LDs: large hydrophobic residues of
amphipathic helices detect and bind to large, persistent membrane packing defects that are
unique to the LD surface. Surprisingly, amphipathic helices with large hydrophobic residues
from many different proteins are capable of binding to LDs. This suggests that LD protein
composition is additionally determined by mechanisms that selectively prevent proteins from

binding LDs, such as macromolecular crowding at the LD surface.

2.2 Introduction

Lipid droplets (LDs) are cytoplasmic organelles that store neutral lipids, such as triacylglycerols
(TGs) or sterol esters, which serve as reservoirs of lipids for cell proliferation or energy (Pol et
al., 2014; Walther and Farese, 2012). The number and size of LDs vary greatly in cells,
depending on the metabolic state, and LD accumulation in tissues, such as the adipose tissue and
liver, is the hallmark of obesity. In addition to their function in energy metabolism, LDs are

involved in a host of other cellular functions, such as maintaining proteostasis and as signaling
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hubs (Welte, 2015). Knowledge of basic LD biology is thus a fundamental aspect of cell biology,
with important implications for our understanding of the pathogenesis of metabolic diseases and
for engineering storage of neutral lipid oils in LDs for industrial purposes (Gluchowski et al.,
2017; Krahmer et al., 2013a)

LDs comprise a neutral lipid core bounded by a phospholipid monolayer, which sets them
apart from most other organelles that instead have a bilayer membrane. The phospholipid
monolayer is derived from the cytosolic face of the ER, and its composition is similar to the ER
lipid composition (Bartz et al., 2007; Choudhary et al., 2015). Many proteins target to the LD
monolayer where they carry out crucial functions. For example, correct targeting of proteins is
key for synthesizing or hydrolyzing TGs at the organelle surface (Kory et al., 2016). LD proteins
differ between organisms and cell types, but generally include structural and regulatory proteins
and enzymes of lipid metabolism (Brasaemle et al., 2004; Fujimoto et al., 2004; Kory et al.,
2016; Krahmer et al., 2011; Krahmer et al., 2013b; Wilfling et al., 2013). How these proteins
recognize and target to the LD surface is an important unanswered question of cell biology.

Current models posit two distinct pathways by which proteins target to the surface of LDs
(Kory et al., 2016). In one pathway (Class 1), proteins are initially inserted into the ER membrane
and subsequently re-localize as membrane-embedded proteins from the ER to the LD surface
using physical continuities between the two organelles, known as membrane bridges (Jacquier et
al., 2011; Thiam et al., 2013a; Wilfling et al., 2013). Consistent with their biochemical behavior
as integral membrane proteins, cargoes of this pathway are characterized by stretches of highly
hydrophobic amino acids with the potential to form membrane-embedded domains, possibly
hairpin loops. Examples of Class I proteins include GPAT4 and DGAT2, enzymes involved in

TG synthesis (Wilfling et al., 2013), and the methyltransferase ALDI (Zehmer et al., 2008).
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In a second pathway (Class II), proteins are translated in the cytoplasm and subsequently
directly bind the LD surface. Members of this class include the structural and regulatory perilipin
proteins, as well as important metabolic enzymes (e.g., CCT enzymes 1 and 2) (Bickel et al.,
2009; Kimmel and Sztalryd, 2016; Krahmer et al., 2011; Miyanari et al., 2007; Ohsaki et al.,
2016; Rowe et al., 2016). These proteins typically contain sequences with a propensity to form
amphipathic helices or short stretches of hydrophobic residues that are required for LD binding
(Kory et al., 2016).

How these cytoplasmic proteins recognize and bind to the LD surface is largely unknown.
The LD targeting pathway is likely unique as LDs do not have dedicated protein targeting/import
machinery, such as the translocon or the TOM/TIM import channel for targeting of proteins to
the ER or mitochondria, respectively. Nor do LDs apparently have specific lipids that serve as
spatial organelle identity markers, such as phosphoinositides, that could be bound by targeting
domains, such as PH domains. Given this, it remains unclear how LDs achieve their specific
protein composition.

Here we combined computational and experimental approaches to unravel how LD surfaces
differ from membrane bilayers surfaces and to identify mechanisms for targeting proteins to LD
monolayers. Our data indicate that LDs exhibit distinctive surface properties that distinguish
them from membrane bilayers and that these features of LD monolayers are recognized by
cytosolic proteins with amphipathic helices containing large hydrophobic residues, thus
providing a general mechanism for LD targeting of class II proteins. Surprisingly, many
amphipathic helices are able to bind LDs in isolation, indicating promiscuity in binding and
highlighting the need for mechanisms to prevent erroneous targeting and to maintain the LD

proteome.
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2.3 Results

2.3.1 Molecular Dynamics Simulations Reveal that LD Surfaces Exhibit Numerous, Large
Phospholipid Packing Defects

Because targeting of class II proteins to LDs does not seem to involve specific protein machinery
or lipid markers, we hypothesized that LD proteins with AH motifs might detect global surface
properties that are specific to LDs. To identify such features, we performed all-atom molecular
dynamic (MD) simulations of LD surfaces (a summary of all the simulations run is presented in
Table S1). Because the relatively large size of LDs prohibits the study of entire LDs in MD
simulations due to limitations in computing power, we modeled the behavior of LDs by inserting
a layer of neutral lipids, composed of 1:1 triolein (TRIO) and cholesteryl oleate (CO), inside of a
flat bilayer, composed of 65:27:8 palmitoyl-oleoyl phosphatidylcholine (POPC):
dioleoylphosphatidylethanolamine (DOPE): stearoyl-arachidonoyl phosphatidylinositol (SAPT)
(Figure 2-1A), a previously demonstrated technique for simulating LD surfaces (Bacle et al.,
2017; Hennere et al., 2005; Hennere et al., 2009; Koivuniemi et al., 2009). To determine the
smallest system that exhibits LD surface properties, we varied the thickness of the neutral lipid
layer. These analyses revealed that a 4-nm thick layer of neutral lipids was sufficient to change
the properties of the phospholipid monolayers on each side, and that increasing this layer further
did not lead to additional changes (see also below and Figure 2-7). Specifically, modeling LDs
with these conditions revealed that inclusion of neutral lipids increased the surface area per
phospholipid from 67 A? for bilayer membranes to 71 A? for monolayers of the same
phospholipid composition. This increase results from the significant mixing between the neutral

lipids and the phospholipids chains, illustrated by the z-density profile of the 4-nm-thick LD in
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Figure 1B. This finding is in agreement with the results of a recent report (Bacle et al., 2017). A
snapshot of the simulation (Figure 2-1A) shows an example of a neutral lipid that has inserted all
the way to the solvent exposed region, causing a packing defect on the surface of the membrane.
Our simulations, thus, support a model in which the physical surface properties of LDs are
distinct from that of bilayer membranes as LDs expose a rougher interface towards the aqueous
cytosol, with a looser packing of surface phospholipids.

To further explore this possibility, we calculated the probability of observing hydrophobic
lipid packing defects on the LD and on the bilayer surface based on our simulation data. We
defined packing defects by mapping the phospholipid hydrocarbon tails exposed to the solvent
and projecting them on the plane of the membrane (Cui et al., 2011). We refer to the area of
these defects as “defect size”. Using this metric, LD monolayers show significantly more large
packing defects than bilayer membranes (Figure 2-1C), as reported (Bacle et al., 2017). When we
analyzed the persistence of packing defects, we found that defects with a life-time of more than 5
ns, the time scale of initial protein interaction with the membrane (Vanni et al., 2013), were more
frequent on the monolayer than on the bilayer surface (Figure 2-1D). This suggests that the
probability of a peptide productively encountering a large packing defect is much greater in such

monolayer membranes than in bilayer membranes.
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Figure 2-1 Molecular Dynamics Simulations Reveal that LDs Have Larger and More
Persistent Surface Packing Defects than Bilayer Membranes.

(A) Simulation snapshots of the monolayer system (phospholipids: 65:27:8 POPC:DOPE:SAPI,
neutral lipids: TG:SE 1:1, neutral lipid thickness: 4nm). Arrow indicates a neutral lipid that has
inserted all the way to the surface.

(B) z-Density profile for the 4-nm LD. The relative density is normalized by the maximum
number density. Note the mixing between the neutral lipids and the tails of the phospholipids.
See also Table S1 for a summary of all simulations run.

(C) Distribution of packing defect sizes for bilayer and LD surfaces. The monolayer exhibits
increases in the frequency of larger defects. Normalized frequency: number of defects for a given
size range is normalized by the total number of defects over the simulation time frame. Solid
lines are least-square fits to exponential decays. See also Figure S1.

(D) Distribution of packing defect sizes taking into account only the defects with characteristic
lifetimes,t, longer than 5 ns. Compared with the defects on the bilayer, the defects on the
monolayer are roughly 10 times as likely to last longer than 5 ns for all defect sizes. Solid lines
are least-square fits to exponential decays.
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2.3.2 Initial Binding of the CCTa Amphipathic Helix to the LD Surface in Molecular
Dynamics Simulations

We next used MD simulations to analyze the initial binding of amphipathic helices to the LD
surface. For bilayer membranes, such simulations suggest a pathway that has several distinct
steps (Tang et al., 2007; Ulmschneider et al., 2010; Vanni et al., 2013; Voth, 2013; White and
Wimley, 1998). In the first step, the peptide, which is unfolded in solution, is often attracted to
the membrane due to electrostatic forces. Next, hydrophobic residues of the targeting sequence
adsorb onto hydrophobic packing defects of the phospholipid bilayer. In the last step of binding,
the sequence around the inserted residue folds into an amphipathic a-helix, resulting in stable
binding to the bilayer surface.

We hypothesized that targeting sequences of class II proteins have a high likelihood to
similarly interact with packing defects at the surface of monolayer membranes. To test this
hypothesis, we performed MD simulations of peptide-monolayer interactions, using the
amphipathic helix of the LD-binding metabolic enzyme CCTa (Krahmer et al., 2011) as a model
peptide. In four independent simulations, we placed this peptide (referred to as the M-domain) at
least 2 nm from the membrane in a random coil conformation. We considered that binding was
successful if hydrophobic residues inserted into the membrane below the plane of the
phospholipids phosphates (an example is shown on the simulation snapshot Figure 2-2A) and did
not dissociate from the membrane within the timeframe of our simulation (750 ns). If no
insertion occurred, or if a residue inserted but subsequently dissociated, the simulation was
scored as an instance where binding was unsuccessful (see an example for each case in Figure
2-8). In three of the four simulations, we observed binding of the M-domain to the LD surface

within the timeframe of our simulations (Figure 2-2C). In each case where binding occurred, a
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large, but not necessarily the same, hydrophobic residue (F53 twice and L34 once) was first to
insert into a packing defect. Additionally, in one of the four simulations, we observed the initial

stages of amphipathic helix folding within the time window of our simulations (data not shown).
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Figure 2-2 Molecular Dynamics Simulations Show that Amphipathic Helices Insert Bulky
Hydrophobic Residues into Large Lipid Packing Defects

(A) Representative sequence of insertion of a stretch of residues from the M-domain into the LD
surface. The inserting residues are depicted in a space-filling representation, and the rest of the
peptide is depicted by a ribbon. The horizontal line in the side view represents the phosphate
level. Residues labeled are the hydrophobic residues that have inserted below the phosphate
plane. See also Movie S1.
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(B) Amino acid sequence of the M-domain and helical plots of both halves (P1 and P2). Dashed
lines indicate the ends of both peptides within the full M-domain sequence.

(C) Binding success of AHs with (ArfGAP1 ALPS, M-domain, P2) or without (P1) large
hydrophobic residues at the LD surface in MD simulations. Binding success is defined as the
number of simulations in which at least one residue inserted in the lipid monolayer and remained
inserted for the duration of the simulation. See also Figure S2 and Table S2. A total of four
simulations were run for each peptide.

(D) Binding success of P2 to different surfaces. Monolayer: phospholipids: POPC:DOPE:SAPI
65:27:8, neutral lipids: TG: SE 1:1, bilayer: POPC: DOPE: SAPI 65: 27: 8, bilayer large defects:
DOPC: DOG 85: 15. See also Tables S1 and S2.

2.3.3 Insertion of Large Hydrophobic Residues into Packing Defects Mediates LD Protein
Binding
Based on our initial studies, we hypothesized that large hydrophobic residues (i.e., [, F, L, M, W,

Y) in the sequences forming amphipathic helices interact with packing defects and, thus, are
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responsible for recognizing the LD surface. Within the M-domain, 10 such large hydrophobic
residues are found in the second half of the sequence that we designated “P2” (Figure 2-2B;
similar to “PEPC22” of (Dunne et al., 1996)). In the computational studies, initial binding of P2
to LDs occurred in each of four simulations (Figure 2-2C). In contrast, the N-terminal half of the
M-domain, “P1” (Figure 2B; similar to “PEPNH1” of (Dunne et al., 1996)), with only two large
hydrophobic residues, did not bind LDs in our simulations (Figure 2-2C). To further test our
hypothesis, we analyzed the AH of another LD-targeting protein, ArfGAP1 (Gannon et al.,
2014), which contains eight large hydrophobic residues. This peptide, known as the ALPS
domain (Bigay et al., 2005), bound in each of four simulations (Figure 2-2C).

These findings suggest that specific targeting of amphipathic helices with large hydrophobic
residues to LDs results from the higher prevalence of packing defects on monolayer than bilayer
membranes. To test that, we analyzed P2 binding to lipid bilayer membranes and found that it
occurred in only one of four simulations (Figure 2-2D). Consistent with previous experimental
data (Dunne et al., 1996), this finding indicates that P2 can bind bilayer membranes, but does so
with a lower probability than that for binding to monolayers. To confirm that differences in the
amount of packing defects caused the difference in binding to monolayers and bilayers, we
included 1,2-dioleoyl-sn-glycerol ((DOG), a conical lipid that increases packing defects
(Vamparys et al., 2013)) in the simulation of binding to a bilayer membrane. In this case, P2

binding occurred in all instances of the simulation (Figure 2-2D).

21



2.3.4 Amphipathic Helix Binding to Phospholipid Surfaces In Vitro Depends on Large
Hydrophobic Residues Recognizing Membrane Packing Defects

To test the MD findings experimentally, we assayed binding of labeled peptides to monolayer
and bilayer membranes in several in vitro assay systems. We first generated artificial LDs, mixed
them with synthesized, fluorescently labeled peptides and assayed binding to the surface by
fluorescence microscopy. In these assays, and consistent with our simulations, P2, but not P1,
bound to a large fraction of LDs (Figure 2-3A). When large hydrophobic residues (F, L or I)
were introduced into P1 (“P1 Large Hydrophobics (LH)”, see Table 2-1), this peptide also bound
to LDs (Figure 2-3A). Conversely, when we mutated most of the large hydrophobic residues in
P2 to V (“P2 Small Hydrophobics (SH)”, see Table 2-1), binding was abolished (Figure 2-3A).
In these experiments, we sometimes found large variations in the LD binding signal, most likely
due to heterogeneous phospholipid coverage among different LDs in the sample. Supporting this
interpretation, only the P2-binding population persisted in experiments in which the LD
preparation lacked phospholipids (i.e., artificial TG droplets without a phospholipid monolayer;

data not shown).

22



A B
Brightfield Alexa488-peptide

W

0-0-0

Alexa488-P2 Rho-PE Brightfield Merge

) —~ | mmm Monolayer
< 40 > 6! mmBi
@ + < mmm Bilayer
3 8 v B
5 6 : o
o 4 P1LH P2SH B
2 o
c
o 2 S
e - 2
EREEE AR AR
<
Cc
NBD-P2
§ 3 028 nm § 3
+50 nm
2 ﬁngz +100 nm &
g 2 siH, gg orglOOI_nm 8 E
.,—% "m"’&:‘t +No liposomes §§ 2
0 1 .momu““ 23w
® 40008 © :
E 0 E’ 1 ¢ g 3 3
520 560 600 640 0 50 100 150 200
Wavelength (nm) Diameter (nm)
D
5:\ 8 -M.onolayer [
< —Bilayer -
3 2 I
c
§ :o ¢ g
g 8 = % (@]
S R
T
2 3 4
6~01mNm & ~3mN/m GUV tension (mN/m)

Figure 2-3 Amphipathic Helix Sequences with Large Hydrophobic Residues Bind LDs and
Packing Defect-Rich Membranes in In Vitro Systems
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Figure 2-3 Cont.

(A) Binding of AHs with (P2, P1 LH) or without (P1, P2 SH) large hydrophobic residues to
artificial lipid droplets. Emulsion droplets prepared from a mixture of triolein and phospholipids
(POPC: DOPE: liver phosphatidylinositol (liver PI) 65: 27: 8) were incubated with Alexa488-
labeled synthetic peptides and imaged by fluorescence confocal microscopy. Upper panel: bright
field and confocal images of the droplets after incubation with Alexa488-P1 and -P2. The inset
highlights the ring-shaped protein signal. Lower panel: boxplot representation of the
fluorescence signal on droplets. Over 200 droplets per condition were quantified in each of two
independent experiments. Scale bar, 50 um (larger field), and 10 um (inset).

(B) Binding of AH peptides to a membrane-LD system. GUVs (POPC: DOPE: liver PI 65: 27: 8)
were incubated with an emulsion of triolein in buffer, and the resulting TG-containing GUVs
were incubated with labeled AHs and imaged with fluorescence confocal microscopy. Top:
schematic of the experimental protocol. Middle: Representative image of a TG-loaded GUV
after incubation with Alexa488-P2. Confocal images show the peptide and phospholipid signals.
Two membrane-embedded droplets are visible in the bright field image, however only the one in
focus is visible in the confocal images. Bottom left: representative images for each peptide. The
protein channel is shown (see also Figure S3A for more examples); Bottom right: quantification
(mean and standard deviation) of the fluorescence signal at the surface of the LD and membrane.
1040 GUVs were imaged in each of two independent experiments. Scale bar, 5 pm.

(C) Binding of AH peptides to liposomes of increasing curvature. Liposomes (POPC: DOPE:
liver PI 65: 27: 8) of different curvatures were incubated with NBD-labeled peptides and
fluorescence emission spectra of the resulting mixtures were recorded. Left: normalized
fluorescence emission spectra of NBD-P2 in the presence and absence of liposomes. Right:
normalized fluorescence emission signal at 540 nm as a function of the extrusion pore diameter.
Mean and standard deviation from three independent experiments with duplicate measurements
are shown. Fluorescence values at each wavelength were normalized by the fluorescence at 540
nm in buffer averaged over the six measurements.

(D) Binding of Alexa488-P2 to TG-loaded GUVs of varying surface tensions. Same as (B)
except GUVs were aspirated in micropipettes to change their tension. Top left: schematic of the
experimental protocol. Arrows represent aspiration pressure. Bottom left: representative images
of a GUV aspirated to two different tensions. Scale bar, 5 um (merge), 2 um (inlay). Right:
quantification of the fluorescence in the protein channel on the monolayer and bilayer parts of
the GUV as a function of membrane tension. Each different marker corresponds to a different
GUV (N=5). Quantification of fluorescence in the lipid channel is shown in Figure S3B.

We next established an assay system in which peptides could bind either bilayer or
monolayer membranes. For this, we generated giant unilamellar vesicles (GUVs) and
subsequently incorporated TG droplets into the GUV bilayers (Figure 2-3B, (Ben M'barek et al.,

2017; Thiam et al., 2013a)). We then incubated the TG-loaded GUVs with fluorescently labeled

peptides. Fluorescence imaging of the system revealed that P2 bound to TG-GUVs and was
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enriched on the portion of the GUV consisting of a monolayer covering an embedded TG droplet
(Figure 2-3B). In contrast, P1 exhibited only very weak binding to the monolayer part (and did
not bind to the bilayer part). P2 SH did not bind the monolayer nor the bilayer in these in vitro
reconstitutions, indicating that large hydrophobic residues are necessary for amphipathic helix
binding. Conversely, P1 LH bound in the same way as P2, further indicating that large
hydrophobic residues are sufficient to mediate LD binding in the context of an amphipathic helix
(Figure 2-3B; and see more images in Figure 2-9A).

Another prediction from our simulation models is that increases in phospholipid packing
defects in bilayer membranes will increase protein binding to bilayers (Figure 2-2D). To test this
model experimentally, we modulated packing defects in liposomes and tested binding of
synthesized peptides harboring environmentally sensitive fluorophores. For these experiments,
we varied the liposome diameters to generate packing defects. Previous studies showed that the
curvature of small liposomes (<200 nm diameter) leads to phospholipid packing defects due to a
mismatch between the curvature of the vesicle and the curvature preferred by the membrane
lipids (Bigay and Antonny, 2012). When testing binding of P2 to bilayer membranes, we found
low-level binding to flat membranes, such as large diameter vesicles (200 nm radius; Figure
2-3C). However, smaller liposomes, with higher number of packing defects, bound fluorescently
labeled P2 peptide more efficiently (Figure 2-3C). We also found that, in addition to P2, the P1
mutant with large hydrophobic residues bound preferentially to highly curved membranes,
whereas P1 and the P2 mutant in which the large hydrophobic residues were replaced with
smaller residues did not bind to membranes of any curvature (Figure 2-3C).

Finally, our model predicts that increasing the density of packing defects on the monolayer

surface results in increased protein binding. To test this prediction, we incubated LD-loaded
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GUVs with fluorescently-labeled P2, and aspirated these GUVs in a micropipette to increase
their surface tension (Evans and Rawicz, 1990) and, as a result, the surface tension of the
monolayer (Figure 2-3D). This increase in tension is expected to increase the area per
phospholipid of the monolayer, i.e. to increase packing defect density. In these experiments, the
peptide fluorescent signal on the monolayer increased with membrane tension (Figure 2-3D).
Additionally, the fluorescent signal on the GUV membrane, although always lower than the
signal on the monolayer, also increases with surface tension. This is consistent with our model,
as stretching the GUV membrane also increases the density of bilayer packing defects. However,
while the monolayer tensions in this experiment are close to the estimated tensions of cellular
LDs (Ben M'barek et al., 2017), the bilayer tensions are orders of magnitudes above
physiological tensions (Gauthier et al., 2012). As a consequence, the observed binding of the P2
peptide to the membrane bilayer is likely non-physiological. As a control, we measured the
fluorescent signal of a lipid tracer on the monolayer and observed slightly decreased signal with

increased membrane tension (Figure 2-9B).
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Figure 2-4 Large Hydrophobic Residues Are Crucial for LD Targeting of the M-domain in

Cells
(A) Analysis of the LD-targeting ability of a series of M-domain mutants. Drosophila cells were

transfected with mCherry-tagged constructs and incubated 14-18 hours with 0.5 mM oleic acid.
LDs were stained with BODIPY. Representative images are shown. Scale bar, 5 um (merge), 1
um (inlay).

(B) Quantification of the protein signal on droplets. Data are represented as mean + SD. At least
10 cells were analyzed in each independent experiment.
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2.3.5 Large Hydrophobic Residues Are Critical for Amphipathic Helix Binding to LDs in
Cells

We next tested whether large hydrophobic residues are also crucial to detect and bind the
phospholipid packing defects on the LD surface in cells. We expressed a series of variants of the
human CCToa M-domain fused to mCherry in Drosophila S2 cells and assayed these proteins for
LD binding. We first mutated eight of the large hydrophobic residues to valines in the context of
the full-length M-domain (“M-SH”, see Table 2-1). Consistent with our hypothesis, these
mutations abolished LD binding (Figure 2-4A and Figure 2-4B). Conversely, increasing the
number of large hydrophobic residues by mutating all six valines to larger hydrophobic residues
(F, L or I, resulting in “M-LH”, see Table 1) increased LD binding (Figure 2-4A and Figure
2-4B). Furthermore, and consistent with our simulation and in vitro data, the P1 fragment by
itself did not bind LDs in Drosophila S2 cells, whereas P2 did bind LDs (Figure 2-4A and Figure
2-4B). The binding of P2 depended on its large hydrophobic residues, as P2 SH did not bind LDs
in cells (Figure 2-4A and Figure 2-4B). In contrast, the P1 LH protein did bind LDs, indicating
that large hydrophobic residues in the context of this amphipathic helix are sufficient to mediate
LD binding in cells. To assess if electrostatic interactions play a role in LD binding, we also
mutated charged residues of the CCTa M-domain (“M-Charge Reduction (CR) 17, i.e. five
positively and five negatively charged residues mutated to A and G and “M-Charge Reduction
(CR) 27, i.e. 10 positively and 10 negatively charged residues mutated to A and G; see Table

2-1) and found no differences in LD binding (Figure 2-4A and Figure 2-4B).
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Protein

Binding Index

# (Domain) Sequence Std. Ref.
Organism Mean Dev.
. MCdCTO‘. HLQERVDKVKKKVKDVEEKSKEFVQKV... a6 s (Ifri‘}:lne
(M-domain) ..EEKSIDLIQK WEEK SREFIGSFLEMFG ' ' cra,
H. Sapiens 2011)
5 CCTa HLQERVDKVKKKVKDVEEKSKEVVQKV... s 0o
(M-SH) ..EEKSVDLVQKVEEKSREVVGSVLEMVG ‘ ‘
; CCTa HLQERFDKLKKKFKDFEEKSKEFFQKI... w7 | 10s
(M-LH) ..EEKSIDLIQK WEEK SREFIGSFLEMFG ‘ ‘
CCTa
4 o) HLQERVDKVKKKVKDVEEKSKEFVQKV 1.0 0.1
CCTa
5 2) VEEKSIDLIQK WEEKSREFIGSFLEMFG 1.9 0.5
CCTa
6 GLLH) HLQERFDKLKKKFKDFEEKSKEFFQKI 2.3 0.7
CCTa
7 (2 SH) VEEKSVDLVQKVEEKSREVVGSVLEMVG 1.0 0.1
g CCTa HLQERVDAVKGAVKDVEAGSKEFVQKV... 56 59
(M-CR1) ..EAGSIDLIQKWGAKSRAFIGSFLEMFG ‘ ‘
9 CCTa HLQERVAGVGAAVGAVEGASGAFVQAV... 5o 26
(M-CR2) ...AAGSIGLIQK WGGASREFIGSFLAMFG ‘ ‘
(Arrese
Lsd1 et al.,
10 (H6-7) MSKEAIHVLFYAAELIATDPKQAVQKA... 37 L4 | 2008;
D. ..KELWVYLS ‘ ‘ Lin et
Melanogaster al.,
2014)

Table 2-1 Amphipathic Helices Studied in this Manuscript.
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Lsdl

MSKEAVHVLVVAAELVATDPKQAVQKA...

1 (H6-7 SH) ...KELVVVLS 1.2 0.1
ArfGAP1 (Bigay
12 (ALPS) FLNNAMSSLYSGWSSFTTGASRFAS 1.9 0.3 et al.,
H. Sapiens 2005)
ArfGAP1
13 (ALPS SH) VLNNAMSSLVSGVSSVTTGASRVAS 1.0 0.1
Core (Boulant
14 (D2) NLGKVIDTLTCGFADLMGYIPLVGAPL... 45 18 etal.,
HCY ...GGAARALAHGVRVLEDGVNY 2006)
|5 | GMAP210 MSSWLGGLGSGLGQSLGQVGGSLASLT... 35 Lo (D;n et
H. Sapiens ...GQISNFTKDML 2007)
Magainins (Seeli
16 | (Magainin-2) GIGKFLHSAKKFGKAFVGEIMNS 2.4 0.5 &
. 2004)
X Laevis
Mastoparan X (Seelig,
17 V. Xanthoptera INWKGIAAMAKKLL 2.1 0.4 2004)
Arfl (Kahn et
18 o MGNIFANLFKGLFGKKE 1.8 0.4 al.,
H. Sapiens
1992)
Sarl (Lee et
19 P MAGWDIFGWFRDVLASLGLWNKH 2.2 0.5 al.,
S. Cerevisiae
2005)
Kes] (Drin et
20 5P SSSWTSFLKSIASFNGDLSSLSA 1.2 0.1 al.,
S. Cerevisiae
2007)
Nup133 (Drin et
21 Pl LPQGQGMLSGIGRKVSSLFGILS 1.3 0.2 al.,
H. Sapiens
2007)
Epsin (Ford et
22 psti TSSLRRQMKNIVH 1.0 0.1 al.,
H. Sapiens 2002)

Table 2-1 Cont.
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Endophilin A-I

(Farsad

23 N.Norvegicus MSVAGLKKQFHKATQKVSEKV 0.9 0.1 et al.,
2001)
Atlastin (Liu et
24 D. FGGKLDDFATLLWEKFMRPIYHGCMEK 2.1 0.4 al.,
Melanogaster 2012)
Yonl (Brady
25 PIp. ALPQTGGARMIYQKIVAPLTDRYILR 1.1 0.1 et al.,
S. Cerevisiae
2015)
(Armbru
26| | CutlA SIDTNELITDLKEKWDGL 1.0 0. | Steret
A. Thaliana al.,
2013)
MinD (Szeto et
27 e VLEEQNKGMMAKIKSFFGVRS 1.6 0.2 al.,
B. Subtilis
2003)
SpoVM (Gill et
28 POV MKFYTIKLPKFLGGIVRAMLGSFRKD 2.3 0.4 al.,
B. Subtilis
2015)
(Pichoff
FisA and
29 E Coli GSWIKRLNSWLRKEF 1.6 0.2 | Lutkenh
' aus,
2005)
Apolipoprotein (Mlts((izhe
30 A-l VLESFKVSFLSALEEYTKKLNTQ 1.4 0.1 S?I?all
H. Sapiens 2013)
Apolipoprotein (Meyers
31 C-1 ALDKLKEFGNTLEDKARELISRI 1.2 0.1 et al.,
H. Sapiens 2012)

Table 2-1 Cont.

To test whether large hydrophobic residues are a general feature of amphipathic helices that

mediate LD binding, we mutated these residues in the amphipathic helices of the perilipin-like

Lsdl (Arrese et al., 2008; Lin et al., 2014) and in the ArfGAP1 ALPS motif. Similar to the

findings with the CCTa M-domain, we found that the large hydrophobic residues were required

for LD binding for both helices (Figure 2-5A and Figure 2-5B).
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2.3.6 Promiscuous binding of amphipathic helices containing large hydrophobic residues to
cellular lipid droplets

Amphipathic helices are common bilayer membrane-targeting motifs and are found in many
proteins that do not normally target to LDs (Drin and Antonny, 2010). We tested whether our
findings more broadly applied to such amphipathic helices by expressing a variety of
amphipathic helices, derived from different proteins, in S2 cells and analyzing their binding to
LDs (constructs 14 to 31 in Table 2-1). Most of these AHs (constructs 15 to 29) normally bind to
bilayer membranes, HCV core (construct 14) binds to LDs (Boulant et al., 2006), and
apolipoproteins A-I and C-I bind to lipoproteins (Segrest et al., 1992). Representative
fluorescence images for these experiments are shown in Figure 2-5C. These constructs displayed
a range of localization patterns, with some of them localizing to LDs to varying extents, whereas
some (e.g., the AHs from Yopl and endophilin) were not detectable at the LD surface (Figure
2-5C). We analyzed various features of the LD targeting sequences that were tested in cells to
determine how they correlated with the amount of LD binding. These features included the
amount of net charge, the hydrophobic moment (Eisenberg et al., 1982), and the number of large
hydrophobic residues in a targeting domain. Among these variables, only the number of large
hydrophobic residues correlated with LD binding in cells (Figure 2-5D). Specifically,
amphipathic helices with more than 5 large hydrophobic residues bound LDs, with their binding
index being proportional to the number of these residues, independent of the length of the

targeting motif (Figure 2-5D).
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Figure 2-5 Binding of Amphipathic Helices to Cellular Lipid Droplets Correlates with the
Number of Large Hydrophobic Residues.
(A) Analysis of the LD-targeting ability of WT and “small hydrophobic residues” (SH) mutants
of ArfGAP1 ALPS and Lsd1 H6-7.
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Figure 2-5 Cont.

(B) Quantification of the protein signal on droplets. Data are represented as mean + SD. Each
construct was included in at least two independent experiments, and least 10 cells were analyzed
in each experiment.

(C) Analysis of the LD-targeting ability of a range of amphipathic helices from non-LD proteins.
More examples are shown in Figure 2-10. ApoA-I: Apolipoprotein A-I.

(A) and (C) Drosophila cells were transfected with mCherry-tagged constructs and incubated 14-
18 hours with 0.5 mM oleic acid. LDs were stained with BODIPY. Representative images are
shown. Scale bar, 5 um (merge), 1 pm (inlay).

(D) Correlation between binding index and a range of amphipathic helix physicochemical
properties. Each data point corresponds to a different construct. Data for the full set of
amphipathic helices analyzed in this paper. The list of amphipathic helices and associated
binding indices can be found in Table 2-1.

2.4 Discussion

We show here that the monolayer surfaces of LDs possess distinctive properties that enable the
binding of cytosolic amphipathic helix-containing proteins. A combination of MD simulation
and in vitro and cell-based experimental approaches consistently validate a model in which
relatively large and frequent packing defects on the LD surface are recognized by large
hydrophobic residues of AH-containing proteins to allow LD targeting and binding. Specifically,
our simulations revealed that the underlying neutral lipids enable monolayer packing defects
(defined as regions where the hydrocarbon groups of phospholipids or neutral lipids are
accessible to the aqueous cytoplasm) to occur relatively frequently, thereby imparting distinctive
surface properties to LDs. In particular, neutral lipids are seen to intercalate between the
phospholipid side chains. The observation of such mixing between neutral lipids and
phospholipid chains in the present and other MD simulations (Bacle et al., 2017) is consistent
with prior studies by Hamilton and others that showed that neutral lipids solubilized into
phospholipid liposomes are present in the membrane leaflets, aligning their acyl chains with

those of the phospholipids (Hamilton and Small, 1981).
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Figure 2-6 Proposed Thermodynamic Cycle for the Partitioning of Amphipathic Helices at
the LD Surface

The amphipathic helix sequence is initially unfolded in the cytosol. Following insertion of a
large hydrophobic residue into a packing defect at the lipid droplet surface (I), the amphipathic
helix folds in the interfacial region that separates the bulk aqueous phase from the hydrocarbon
core (II). High surface pressure at the crowded droplet surface promotes desorption of the folded
helix (III), which subsequently unfolds in the cytosol (IV).

Our studies and prior work suggest a model for how class II (cytosolic) proteins interact with
LDs (see Figure 2-6). In step I, an unfolded peptide sequence interacts with the LD surface and
partitions to the interfacial region. For initial association, charges in the peptide are likely
important, as our simulations indicate that the number of positively charged residues in a peptide

somewhat correlates with the speed of association with the negatively charged membranes

(Table 2-3). Consistent with this, supra-physiological concentrations of negatively charged
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phospholipids (30% phosphatidic acid) promote binding of the P1 and P1 LH peptides which
bear positive net charges (data not shown). However, this attraction is not enough to enable
binding to LDs with physiologically relevant surface charges. Instead, the insertion of large,
hydrophobic residues into large packing defects on the LD surface appears to be most critical.
Consistent with this, we found that mutating the large hydrophobic residues to small ones
abolished binding of the AH proteins in cells, whereas charge reductions had no significant
effect. This step of protein binding to the LD surface is fast, and hence was detectable on the
timescale of our MD simulations. It is also likely reversible, as we found cases in which the
peptide initially adsorbed, but subsequently fell off the LD surface (Figure 2-8). Evidence
suggests that large hydrophobic residues are also relevant for LD binding for class II proteins
that do not possess AH sequences. For example, the binding of CGI-58 to LDs requires
tryptophan residues, although not in the context of an AH (Boeszoermenyi et al., 2015). This
mechanism (association of hydrophobic residues in AHs with phospholipid packing defects) is
similar to the previously described mechanism of AH binding to highly-curved membranes (Cui
et al., 2011; Vanni et al., 2013), as discussed below.

In step II of the binding reaction, the amphipathic helix folds in the interfacial region
between the hydrophobic LD and the aqueous cytoplasm. The main driving force for this step is
likely the need to satisfy the hydrogen bonding requirements of the peptide backbone. Folding
into an a-helix lowers the free energy of peptide bond partitioning to the hydrophobic phase due
to the intramolecular hydrogen bonds (Fernandez-Vidal et al., 2007; Ladokhin and White, 1999).
This step is much slower than step I, and we did not observe complete folding in the
microsecond timescale of our MD simulations. However, in one instance, we observed the

beginning of the folding reaction, and this example suggests that folding starts with the inserted
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residues and spreads from there to form the full AH (data not shown). This slow step provides a
large amount of free energy (Almeida et al., 2012; Cui et al., 2011; Fernandez-Vidal et al., 2007;
Ladokhin and White, 1999) and essentially renders the pathway for binding irreversible in
biological systems. Consistent with this notion, we previously observed in FRAP experiments
that AH-bound proteins, such as CCT1, have a long half-life on the LD surface (Krahmer et al.,
2011). Thus, displacing proteins from the LD surface (step III of the interaction cycle) does not
follow a simple reversal of the binding reaction, but instead is due to “bumping-off” when
proteins collide in conditions where the LD surface is more crowded (Kory et al., 2015). As
described in (Kory et al., 2016), proteins fall off the LD surface if the energy of the collision is
greater than the binding energy of the folded AH to the LD surface (Kory et al., 2015). Therefore
weaker binders are more easily displaced from the LD surface. Once the protein falls off the LD
surface, the peptide unfolds, as the entropic preference for the unfolded configuration dominates.
The enthalpic driving force to fold through forming 1-4 peptide backbone hydrogen bonds is
significantly decreased, as water can also satisfy these backbone hydrogen-bonding sites
(Adrover et al., 2012; Bianco and Franzese, 2015; Camilloni et al., 2016).

Consistent with the notion that AHs bind LDs and highly-curved membranes in a similar
fashion, we found that sequences from proteins with various cellular localization, such as
GMAP210 that is localized primarily to the Golgi (Doucet et al., 2015), are sufficient to mediate
binding to LDs in cells. While this finding is surprising, it shows that there is no strict targeting
specificity for LDs encoded in the amphipathic helix by itself. Instead, the LD surface is
promiscuous for binding proteins with amphipathic helices, provided that they contain large
hydrophobic residues. Such residues are commonly found in most amphipathic helices, including

the ones of CCTa , GMAP210 and ArfGAPI1. This raises an interesting question: how are some
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amphipathic helix-containing proteins, such as GMAP210, excluded from LDs in a normal
cellular context? The answer to this is currently unknown, but it likely involves combining
amphipathic helices with specificity determinants, such as other membrane binding domains or
protein-protein interaction motifs. Examples of this include CCToa, which has a nuclear
localization domain in addition to a LD-binding amphipathic helix and which in the absence of
LDs localizes to the nucleus in Drosophila cells, arguing both signals compete with each other
in determining the localization of the protein (Krahmer et al., 2011; Lagace and Ridgway, 2005).
Also consistent with this hypothesis, GMAP210 is a long coiled-coil protein, which contains
several domains that can interact with membranes or proteins, and that influence its localization
in cells (Drin et al., 2008; Sinka et al., 2008). Removing these additional specificity determinants
in our experiments revealed the promiscuity of LD binding by AHs. In addition to these
mechanisms directing proteins away from LDs, binding strength and thus resistance to molecular
crowding likely play a role in determining subcellular localization (Kory et al., 2015). Many
instances of genuine LD proteins, such as perilipin proteins, rely on a string of amphipathic
helices. Addition of multiple amphipathic helices leads to higher avidity, stronger binding, and
thus a higher resistance to molecular crowding (Kory et al., 2015). Also consistent with this,
CCTa's M-domain is an unusually long amphipathic helix (54 amino acids).

Our findings on the promiscuity of amphipathic helices in binding the LD surface may have
implications for physiology and disease. For example, human mutations of the ER protein
seipin/BSCL2, involved in LD formation, apparently alters properties of the LD surface, leading
to abnormal, enhanced recruitment of AH-containing proteins (Grippa et al., 2015). This
suggests that seipin deficiency promotes increased packing defects on LD surfaces. Moreover, in

pathological conditions where LDs over-accumulate, for instance during obesity-related hepatic
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steatosis or during the development of foam cells in atherosclerotic plaques, a large amount of
LD surfaces with packing defects may effectively compete for amphipathic helix containing
proteins normally not binding LDs, thus possibly contributing to cellular dysfunction (e.g., via
mistargeting of proteins). Therefore, a better understanding of the mechanisms for protein
targeting to LD surfaces is predicted to lead to an enhanced molecular understanding of disease

pathogenesis.
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2.6 Method Details

2.6.1 Cell Lines and Cell Culture

The Drosophila cells used in this study are from the S2R+ cell line (sex: male) and were
provided by Prof. Norbert Perrimon (Harvard Medical School). Cells were cultured at 26°C in
Schneider’s Drosophila Medium (LifeTechnologies) containing 10% fetal bovine serum, 50

units/ml penicillin and 50 mg/ml streptomycin.

2.6.2 Molecular Dynamics Simulations

General simulation parameters

All molecular dynamics (MD) simulations were performed using the CHARMM36 force field
(Best et al., 2012; Klauda et al., 2010; MacKerell et al., 1998). Simulations were performed
using the GROMACS (Abraham et al., 2015) MD simulation engine unless otherwise noted.
Simulations were integrated with a 2 fs timestep. Van der Waals (VDW) interactions were
switched to zero between 1.0 and 1.2 nm, and the Particle Mesh Ewald (Essmann et al., 1995)
was used to evaluate electrostatic interactions. All bonds to hydrogen were constrained using the
LINCS algorithm (Hess, 2008). The Nose-Hoover thermostat (Hoover, 1985) was used to
maintain temperature at 310 K with a coupling time constant of 1.0 ps. For simulations with
constant pressure, the Parrinello-Rahman barostat (Parrinello and Rahman, 1981) was used to
maintain a pressure of 1.0 bar with a compressibility of 4.5 x 10 and a coupling time constant of
5.0 ps. The pressure was maintained semi-isotropically in all membrane simulations, while
isotropic pressure coupling was used in protein only simulations. A list of simulations performed

is provided in Table S1. The cumulative length of all the simulations was 41.1 ps.
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Building of bilayer and lipid droplet membranes

Bilayer systems were built using the CHARMM-GUI membrane builder (Jo et al., 2008; Wu et
al., 2014) with the CHARMM36 lipid force field (Klauda et al., 2010). Bilayers of composition
65:27:8 POPC:DOPE:SAPI and 85:15 DOPC:DOG were built of size 11x11 nm?and solvated
with a 2.2-nm layer of TIP3P water on both sides of the membrane as well as a salt concentration
of 150 mM NaCl. The system was relaxed and equilibrated using the equilibration procedure
(Wu et al., 2014), designed by the CHARMM-GUI using the GROMACS simulation engine.
Briefly, harmonic positional restraints were placed on select lipid atoms, and harmonic dihedral
restraints were placed to maintain the cis orientation of double bonds in the lipid tails. These
restraints were slowly relaxed through multiple steps of equilibration. For lipid droplet
simulations, the neutral lipid core was constructed from a box 1:1 cholesteryl oleate:triolein. The
neutral lipid box was built using Packmol (Martinez et al., 2009) to match the x-y dimensions of
the POPC:DOPE:SAPI bilayer, with different z values (4, 6, and 8 nm). The neutral lipids were
equilibrated using the same equilibration procedure described above. The neutral lipid box was
then inserted between the two leaflets of the bilayer, after which another round of equilibration
was performed.

Determining peptide structure

Each peptide structure (ALPS, P1, P2, M-domain) was first generated as an idealized alpha-helix
using Molefacture in VMD (Humphrey et al., 1996). Each peptide was solvated using
GROMACS in a water box with at least 1 nm of padding on each side of the peptide. The
GROMACS genion tool was used to add ions to the system such that the system was neutralized
and had a concentration of 150 mM NaCl. The system was then minimized using steepest-

descent until the maximum force was less than 1000.0 kJ/mol/nm. A total of 100 ps of
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equilibration was then performed in the constant NVT ensemble. The system was then heated up
to 500 K, after which 10 ns of simulation was performed to unfold the protein. The system was
then simulated at 310 K in the constant NPT ensemble for 5 ns.

Building peptide-membrane simulations

Using VMD, the TIP3P molecules and salt ions were removed from the membrane simulation
box. To build each of the peptide-membrane systems, a random structure from the final peptide
equilibration run was chosen. A different random structure was chosen for each of the four
replicas of each peptide-membrane simulation. The randomly chosen peptide conformation was
then placed at least 2 nm away from the membrane. The system was then solvated in VMD with
TIP3P water and 150 mM NaCl. The system was then equilibrated using the CHARMM-GUI
procedure described above. The systems were then simulated for 750-1000 ns for production
runs.

Production Simulations in ANTON

Simulations were also run on the ANTON (Shaw et al., 2009) supercomputer, which is highly
specialized for long time MD simulations. Simulations were integrated with a 2-fs timestep using
RESPA (Tuckerman et al., 1992), where long range electrostatic interactions were evaluated
every three timesteps. VDW interactions were switched to zero between 1.0 and 1.2 nm, and
Particle Mesh Ewald (Essmann et al., 1995) was used to evaluate electrostatic interactions. All
bonds to hydrogen were constrained using the SHAKE algorithm (Ryckaert et al., 1977). The
Nose-Hoover thermostat (Hoover, 1985) was used to maintain temperature at 310 K with a
coupling time constant of 1.0 ps. The MTK barostat (Martyna et al., 1994) maintained a pressure

of 1.0 atm semi-isotropically in all membrane simulations.
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Lipid packing defects

Packing defects were calculated using a described procedure (Cui et al., 2011). In brief, the
solvent accessible surface area of the hydrophobic tails was calculated using VMD (Humphrey et
al., 1996) using a probe radius of 0.3 nm. The points composing this surface are projected onto
the membrane plane. The surface is divided into bins of size 0.16 nm?, and each of these points
are placed into the bins. The binned points are considered to be part of the same defect cluster if
they are within 0.25 nm of each other. Defect lifetimes were calculated as follows. A defect was
considered to have lived from one frame to the next if any of the bins composing the defect were
the same in frame i and frame i+/. If a defect split into two or more defects, each smaller defect
was followed in time, and the longest lifetime of the split defects was considered to be
contributing to the lifetime of the original large defect. A histogram of defect sizes was tabulated
for defects with lifetimes longer than 5 ns. This histogram was then fit to an exponential decay
p(x) = ce™®* where x is the defect size, p(x) is the probability of finding a defect of size x with

a lifetime greater than 5 ns, ¢ is a constant, and a is the decay rate in units of nm™.

2.6.3 Peptides Design

Peptides were synthesized by Bio-Synthesis Inc. An N-terminal GG linker was included in the
sequence of all peptides and peptides were conjugated with fluorescent dyes at their N-terminus.
Conjugation with NBD-Chloride was performed by Bio-Synthesis. Peptides conjugated with
Alexa Fluor 488 C5 Maleimide (Alexa488) had an extra C at their N-terminus. The reaction was
performed according to the manufacturer’s instructions. Unreacted peptide and dye were

removed by reverse phase chromatography.
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2.6.4 Plasmids Construction and Transfection

Synthetic gene fragments were purchased from Integrated DNA technologies and cloned into
either the pENTR™/SD/D-TOPO or pENTR™/D-TOPO vector. The entry clone was subcloned
into the pACherryW (all constructs except for the Flag sequence) or pAWCherry (Flag
sequence) vector (Guo et al., 2008).

Transfections were performed with Effectene Transfection Reagent (Qiagen) according to the
manufacturer’s instructions. Transfections were done 24-36 hr before the experiment. Only the
AH fragment was expressed except in the case of ArfGAP1, where the construct comprised
amino acids 137-237 of human ArfGAP1 (isoform 1). Constructs 18 to 31 (see Table 1) had N-

terminal G-S linkers to bring them to the same size (27 amino acids).

2.6.5 LDs induction
Cells were incubated 14-18 hr with 0.5 mM oleic acid (complexed to bovine serum albumin at a

3:1 molar ratio).

2.6.6 Microscopy

Live cell imaging was performed as described using high numerical aperture 60x or 100x
objectives (Wang et al., 2016). For in vitro experiments, imaging was performed with a spinning
disk confocal (Yokogawa CSU22) set up on a Nikon Eclipse Ti inverted microscope.
[llumination was performed with 488 and 561 nm laser lines, and detection with an imagEM
EM-CCD camera (Hamamatsu). TG-loaded GUVs: imaging was performed with a 60X
ApoTIRF 1.49 NA objective (Nikon). Artificial LDs: LDs float at the top of the observation
chamber and were imaged using a lower magnification/ longer working distance objective (Plan
Apo VC 20X, 0.75 NA, Nikon).
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2.6.7 In Vitro Assays

For all in vitro experiments we used a phospholipid composition mimicking the composition of
the mammalian LD monolayer (1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC): 1,2-
dioleoyl-sn-glycero-3-phosphoethanolamine (DOPE): L-a-phosphatidylinositol from liver,
bovine (liver PI) 65: 27: 8 (Bartz et al., 2007)). In experiments with GUVs, 0.05-0.1 mol % 1,2-
dioleoyl-sn-glycero-3-phosphoethanolamine-N-(lissamine rhodamine B sulfonyl) (Rhodamine
PE) was included in the lipid composition. All experiments were performed at room temperature.
Artificial LDs

Phospholipids in chloroform were added to triolein at a 0.5% molar ratio. The solvent was
evaporated under a stream of nitrogen and further by placing the vial in a desiccator for 3—4 h.
This phospholipids and oil mixture was added to buffer (20 mM Tris pH 7.5, 100 mM NacCl) at a
0.2% ratio (vol/vol), and the solution was vortexed for a few seconds and sonicated for about a
minute in a bath sonicator. This emulsion was incubated with 1 uM Alexa488-labeled peptide for
5 min. before imaging by confocal microscopy.

Liposomes

Phospholipids in chloroform were dried under a stream of nitrogen and the vial was placed in a
desiccator for about half an hour to remove traces of solvent. The lipid film was rehydrated in
buffer (20 mM Tris pH 7.5, 100 mM NaCl) for 1 h (final lipid concentration: 2.5 mM), and the
sample was processed through five cycles of freezing and thawing and subsequently extruded 11
times through polycarbonate filters with pore diameters of either 30, 50, 100 or 200 nm (Avanti
Polar Lipids). The resulting liposome solutions were incubated with 1 uM NBD-labeled peptide

for 5 min, and fluorescence emission spectra were recorded on an Infinite M200 microplate
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reader (TECAN), with the following settings: excitation wavelength: 490 nm and bandwidth: 10
nm, emission range: 520—-650 nm, bandwidth: 20 nm and step size: 5 nm.

TG-loaded GUVs

Phospholipids in chloroform were spread on indium tin oxide—coated glass slides. GUVs were
grown by electroformation (Angelova et al., 1992) in 600 mM sucrose using a Vesicle Prep Pro
(Nanion) with the following settings: frequency 10 Hz, amplitude 1.4V, temperature 23°C, for 1
h. GUVs were incubated with an oil-in-water emulsion (5% (vol/vol) triolein in buffer (20 mM
Tris pH 7.5, 100 mM NaCl, 400 mM glucose), prepared as described above) for 10 min. The
mixture was allowed to settle for about 2 h to separate most of the oil droplets from the GUVs.
The TG-loaded GUVs were collected at the bottom of the tube and incubated with 1 uM
Alexa488-labeled peptide for 5 min. before imaging by confocal microscopy.

Micropipette experiments

TG-loaded GUVs were prepared as described above and incubated with 1 uM Alexa488-labeled
P2 for 5 min. Micropipette aspiration was performed following the protocol described in (Prévost
et al.,, 2017). The GUV tension ¢ was calculated using the following expression (Kwok and

Evans, 1981): 0 = AP R,/ 2(1 — Ryip/ RGUV), where AP is the aspiration pressure, Ry, is the

pip

radius of the pipette opening and Rgyy is the radius of the GUV.

2.6.8 Quantification and Statistical Analysis

The statistical details of the experiments can be found in the figure legends.
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Artificial LDs

Images were quantified using CellProfiler software (Carpenter et al., 2006). For each droplet, the
integrated intensity (background-subtracted) over the droplet-occupied region in the Alexa488
channel was normalized by the surface area of the droplet.

TG-loaded GUVs

Images were quantified using custom Matlab (MathWorks) software. The mean intensity
(background-subtracted) in the protein and lipid channels along a portion of the contour of the
monolayer and bilayer part of the GUVs were quantified.

Cell experiments

Images were quantified using FI1JI software (Schindelin et al., 2012). An automatic threshold

was applied to the BODIPY channel to identify the LD-occupied region. The mean intensity of
the mCherry signal in that region was measured. This value was divided by the mean intensity of
the signal in a distinct region of the cytoplasm to account for differences in expression levels.
Finally, for each construct the average of this ratio was divided by the equivalent average for
Flag-mCherry, considered a baseline value. The final quantity is referred to as “binding index” in

Figures 4 and 5.
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2.7 Supplementary Information
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Figure 2-7 Histogram of packing defect sizes for bilayer and monolayer surfaces with
varying TG thicknesses.

The monolayer with TG thickness of 4 nm exhibits an increase in the frequency of larger defects
compared with the bilayer. Further increase in TG thickness shows no further increase in
frequency of large defects. Normalized frequency: number of defects for a given size range is
normalized by the total number of defects over the simulation time frame. Solid lines are least-
square fits to exponential decays.
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Figure 2-8 Representative Z-distances between the carbon-alpha of a specific residue and
the membrane phosphate plane.

A) Residue L34 of the M-domain inserts below the monolayer phosphate plane within the first
50 ns, and remains bound to the membrane throughout the length of the simulation. B) Residue
F49 of the M-domain inserts below the bilayer phosphate plane 400 ns into the simulation, and
dissociates from the membrane 100 ns after binding. F49 was not counted as having stably
inserted into the membrane in this simulation.
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Figure 2-9 Amphipathic Helix binding to GUVs
(A) Gallery of TG-GUVs incubated with fluorescent peptides as in Figure 3B. Scale bar, 5 um.
(B) Fluorescence in the lipid channel on the monolayer and bilayer parts of the same GUVs as in

Figure 3D, as a function of membrane tension. Each different marker corresponds to a different
GUV (N=5).
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Figure 2-10 Analysis of the LD-targeting ability of a range of AH domains from LD-
(Core), lipoprotein- (ApoC-I) and bilayer membrane-targeting proteins.

ApoC-I: Apolipoprotein C-I.Drosophila cells were transfected with mCherry-tagged constructs
and incubated 14-18 hours with 0.5 mM oleic acid. LDs were stained with BODIPY.
Representative images are shown. Scale bar, 5 pm (merge), 1 um (inlay).

Curt1

Membrane Membrane Type Protein | # | MD Engine | Simulation
Composition Time (ns)
DOPC:DOG Bilayer NA GROMACS 100

POPC:DOPE:SAPI Bilayer NA ANTON 1000
POPC:DOPE:SAPI Lipid Droplet (4 nm) NA ANTON 500
POPC:DOPE:SAPI Lipid Droplet (6 nm) NA GROMACS 500
POPC:DOPE:SAPI Lipid Droplet (8 nm) NA GROMACS 500

Table 2-2 Summary of MD Simulations
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Membrane Membrane Type Protein | # | MD Engine | Simulation
Composition Time (ns)
POPC:DOPE:SAPI Lipid Droplet (4 nm) | ALPS |1 | GROMACS 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) | ALPS |2 | GROMACS 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) | ALPS | 3 | GROMACS 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) | ALPS |4 | GROMACS 750
POPC:DOPE:SAPI Bilayer ALPS | 1 | GROMACS 1000
POPC:DOPE:SAPI Bilayer ALPS | 2 | GROMACS 1000
POPC:DOPE:SAPI Bilayer ALPS | 3 | GROMACS 750
POPC:DOPE:SAPI Bilayer ALPS | 4 | GROMACS 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) P1 1 | GROMACS 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) P1 2 | GROMACS 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) P1 3 | GROMACS 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) P1 4 | GROMACS 750
POPC:DOPE:SAPI Bilayer P1 1 | GROMACS 750
POPC:DOPE:SAPI Bilayer P1 2 | GROMACS 750
POPC:DOPE:SAPI Bilayer P1 3 | GROMACS 750
POPC:DOPE:SAPI Bilayer P1 4 | GROMACS 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) P2 1| ANTON 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) P2 2| ANTON 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) P2 3 | GROMACS 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) P2 4 | GROMACS 750
POPC:DOPE:SAPI Bilayer P2 1| ANTON 2000
POPC:DOPE:SAPI Bilayer P2 2| ANTON 2000
POPC:DOPE:SAPI Bilayer P2 3 | GROMACS 750
POPC:DOPE:SAPI Bilayer P2 4 | GROMACS 750
DOPC:DOG Bilayer P2 1 | GROMACS 1000
DOPC:DOG Bilayer P2 2 | GROMACS 1000
DOPC:DOG Bilayer P2 |3 | GROMACS 1000
DOPC:DOG Bilayer P2 4 | GROMACS 1000
POPC:DOPE:SAPI Lipid Droplet (4 nm) M 1| ANTON 1000
POPC:DOPE:SAPI Lipid Droplet (4 nm) M 2| ANTON 1000
POPC:DOPE:SAPI Lipid Droplet (4 nm) M 3 | GROMACS 750
POPC:DOPE:SAPI Lipid Droplet (4 nm) M 4 | GROMACS 750
POPC:DOPE:SAPI Bilayer M 1| ANTON 750
POPC:DOPE:SAPI Bilayer M 2| ANTON 750
POPC:DOPE:SAPI Bilayer M 3 | GROMACS 750
POPC:DOPE:SAPI Bilayer M 4 | GROMACS 750

Table 2-2 Cont.
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Binding time (ns)
Bilayer Monolayer Avg. on
Charge | 1 2 3 4 1 2 3 4 Monolayer
M 0 25 700 | 25 50 260
P2 -3 250 | 500 | 500 | 600 | 250 460
ALPS 1 100 | 25 1100 [ 100 | 100 | 25 | 25 | 25 45

Table 2-3 Summary of simulation binding times (ns) for M-domain, P2, and ALPS peptides
on monolayer and bilayer membranes.

ALPS, which is positively charged, binds significantly faster to the negatively charged
monolayer in comparison with P2, which is negatively charged.
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Chapter 3. Distribution of Amino Acids in Bilayer and Lipid Droplet-Like Membranes

3.1 Introduction

Proper protein targeting to lipid droplet (LD) membranes is important for proper function of a
number of cellular processes and has consequences for a number of diseases, including type II
diabetes/obesity, lipodystrophy, and atherosclerosis (Krahmer et al., 2013a; Rohl et al., 2004;
Welte, 2015). Understanding how proteins differentiate lipid droplets from the ER and other
bilayer-containing organelles is key to understanding the targeting mechanism of proteins to lipid
droplets.

Studies suggest that proteins target to lipid droplets from two areas of the cell. Class I
proteins, which contain membrane-embedded hairpin motifs, relocalize from the ER to LDs
during LD budding or through ER-LD bridges. Class II proteins, which contain amphipathic
helices, are translated in the cytosol and contain amphipathic helices, which bind to lipid
droplets. Recent studies (Copi¢ et al., 2018; Prevost et al., 2018) have shown that large
hydrophobic residues as well as overall hydrophobicity of amphipathic helices play a key role in
binding to LDs.

Previous studies have examined the free energies of insertion for amino acid side chains in a
number of bilayer (MacCallum et al., 2008) and bilayer-like (Pogorelov et al., 2014) systems
using all-atom, united-atom and coarse-grained force fields. However, lipid droplet membranes
have been shown to exhibit a number of different properties compared to bilayer membranes,
including area per lipid, phospholipid length, and lipid packing defects (Bacle et al., 2017;
Prevost et al., 2018). Additionally, experiments and simulations have shown that amphipathic

helices with many hydrophobic residues more easily insert into LD membranes compared to
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bilayer membranes. Specifically, AHs containing large hydrophobic residues were observed to
preferentially bind to LDs. Proteins with membrane-embedded domains have also been shown to
target to LDs from the ER through ER-LD bridges. Understanding the free energy differences
between amino acids in bilayer and LD membranes is essential to understanding these LD-
targeting proteins.

Using transition-tempered metadynamics (Dama et al., 2014b), we calculate the partitioning
free energies of single residue amino acids into bilayer and LD-like monolayer membranes with
the same phospholipid composition. Transition-tempered metadynamics has been shown to
converge quickly and accurately to the correct potential of mean force (PMF), especially for
small molecule permeation through membranes. Unlike other studies, which have either
calculated PMFs for small-molecule side-chain analogues of the amino acids or the 5-residue
Whimley-White peptides, we calculated single residue PMFs with methylated and amidated N-
and C-terminal caps. Since LD proteins can have varying numbers of amino acids within the
membrane and are not limited to a 4 nm in length membrane embedded domain, it is important to
include the backbone with the amino acid side chain to accurately determine the mechanism of
protein targeting to lipid droplets

Our PMFs show small but significant differences between residues in bilayer and monolayer
membranes. First, the free energy through the phospholipid regions is lower in monolayer
membranes, compared to bilayer membranes. This is observed at the free energy minimums
around the PL carbonyls, where it is about .25 kcal/mol lower in monolayer membranes
compared to bilayer membranes. Also, the free energy maximums, around the end of the PLs, are
also lower by about 1 kcal/mol in the monolayer membranes. Second, in monolayer membranes,

once residues have passed the PL tails into the NL core, the free energy is significantly lowered
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compared to the end of the PL tails. Finally, these effects are observed for all types of non-
charged residues fairly equally, including hydrophobic and polar residues. These results suggest
why lipid droplet membranes are more promiscuous for amphipathic helix targeting — the free

energy is simply lower for all residues in monolayer membranes.

3.2 Results

3.2.1 Lipid Packing Defect Distributions in Lipid Droplets with Various Compositions

To calculate single residue permeation PMFs, we decreased the membrane area compared to
previous work(Prevost et al., 2018), with a membrane are of 4nm x 4nm, to increase the
computational efficiency. We also decreased the number of types of neutral lipids — instead of a
1:1 molar ratio of triolein to cholesteryl oleate, we only simulated with triolein within the neutral
lipid layer — to reduce the system complexity. We then simulated a monolayer system with a 4
nm thick slack of triolein between the two phospholipid leaflets to determine if the lipid packing
defects are significantly different for monolayer with both triolein and cholesteryl oleate
compared to a monolayer with only triolein. Packing defects, defined as whether a lipid tail is
accessible to the solvent, were increased in lipid droplet-like monolayer systems with only
triolein (Figure 3-1). Actual lipid droplets, which vary in SE composition from 0%-25% (Figure
this out and cite), will have packing defect distributions somewhere between these two, which
both exhibit significantly more frequent large packing defects compared to a bilayer with the
same phospholipid composition. A monolayer system with only triolein should then represent the

maximum difference between a monolayer and bilayer.
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Figure 3-1 Defect Distributions for monolayer membranes with different compositions
Lipid packing defect frequencies are shown for three different membranes: Lipid droplet-like
membrane with 100% triolein (LD:TO, blue) for the neutral lipid layer, lipid droplet-like
membrane with 50% triolein and 50% cholesteryl oleate (LD:TO/CO, orange), and a bilayer
membrane (BILAYER, black). LD membranes with only triolein have larger packing defects
compared to LD membranes with cholesteryl oleate, due to the greater interdigitation of the
triolein with the PL tails, compared with cholesteryl oleate.

Figure 3-2 depicts a snapshot of the bilayer and monolayer membrane systems (Panel A) and
the Z-density profiles for each system (Panel B). Similar to previous manuscripts (MacCallum et
al., 2008), we describe the bilayer by dividing it into four regions, though we have added an
additional two regions to the monolayer system to describe the neutral lipid (NL) phases (for a
total of six regions in the monolayer). Region 1 (R1) contains mostly bulk TIP3P water, with a

small amount of PL headgroups. Region 2 (R2) is primarily comprised of the PL headgroups,
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though it is solvated with water, and contains a small portion of PL tails. Region 3 (R3) describes
the transition from a polar environment at the charged headgroups to the hydrophobic PL tails.
R3 begins at the crossover in density between PL head and PL tails and ends at the maximum
density of PL tails. Region 4 (R4) contains only hydrophobic tails, though in the case of the
monolayer it is also occupied by TAG tails. For the monolayer, region 5 (R5) begins at the
crossover in densities between the PL tails and the NL tails. Region 6 (R6) is the bulk TAG
phase. Going from RS5 to R6, there is a decrease in TAG tails, accompanied by an increase in
TAG glycerols. Often, there is significant interdigitation between the TAG tails and the PL tails,

but the TAG glycerols remain in the bulk TAG phase.
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Figure 3-2 Snapshot and Z-density profile of bilayer and monolayer membranes

(A) Snapshot of the bilayer and monolayer systems. TIP3 water is represented with ball and stick
(red and white), the PL heads including the glycerol as cyan cylinders, Pl tails as blue cylinders,
and NLs as green cylinders. The NLs partially mix with the PL tails, increasing the area per
phospholipid.

(B) Density of the monolayer and bilayer systems along the z-axis (the membrane normal). The
different shades of grey represent the different regions in the membrane (R1 through R6) as
described in the text. The Z-densities of the different regions of the PLs are largely similar in
both the bilayer and monolayer, except for the PL tail region.

3.2.2 Distribution of Small Hydrophobic Residues: Ala, Val, Leu, Ile
The PMFs for the small hydrophobic residues (Ala, Val, Leu, Ile) are depicted in Figure 3-3.
These residues all exhibit similar behavior in both membrane types in regions 2-4: a small barrier
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in R2 upon moving through the charged headgroups, a minimum just below the PL carbonyls in
R3, and a large barrier in R4. In the monolayer, the barrier in R4 is significantly lowered for the
larger hydrophobic residues, Ile and Leu. Additionally, the free energy minimum within the TAG
core is accentuated. While in the bilayer, the free energies of all four residues are consistently
within 2 kcal/mol of each other, the R4 barriers in the monolayer range from 3 kcal/mol (Ala) to
-1 kcal/mol (Ile). Furthermore, the R6 minimum is 1 kcal/mol for Ala, and for Ile, it is even the

global free energy minimum, at -3 kcal/mol.
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Figure 3-3 PMFs for Small Hydrophobic Residues in Bilayer and Monolayer

All PMFs are set to zero in bulk water. The different regions of the membranes are colored in
different shades of grey, corresponding to the labels in Figure 3-2. While all PMFs are quite
similar in the bilayer, the PMFs in the monolayer are significantly different in R4-R6, all
affected by the TAGs.
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3.2.3 Distribution of Aromatic Residues: Phe, Trp

The PMFs for the large hydrophobic residues are shown in Figure 3-4. Trp, unlike the other
hydrophobic residues, does not have a barrier within R2 upon inserting into the membrane. Both
of these residues have large minima within R3, as well as significant barriers in the bilayer
within R4. This barrier is lowered by over 3 kcal/mol for Trp in the monolayer, compared to the
bilayer. These residues are notable in that they contain the largest gain in free energy upon
moving from the bulk to R3 in either membrane. Inserting from the bulk to the monolayer is
favorable for these residues throughout all 5 regions within the monolayer, unlike R4 in the

bilayer.
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Figure 3-4 PMFs for Large Hydrophobic Residues in Bilayer and Monolayer

All PMFs are set to zero in bulk water. The different regions of the membranes are colored in
different shades of grey, corresponding to the labels in Figure 3-2. The aromatic residues have
the largest preference for inserting into either membrane.
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3.2.4 Distribution of Polar Residues: Thr

The PMFs for polar residues are shown in Figure 3-5. Thr exhibits only a small free energy
minimum in R2-R3 of less than 1 kcal/mol and a large barrier of over 5 kcal/mol in R4 in the
bilayer. The barrier in the monolayer is quite large as well, and is largely discouraged from
accessing the TAG core due to the high free energy within the hydrophobic tails. While these
residues are unlikely to insert into the hydrophobic region of the membrane, there is a slight

decrease in the free energy minimum in R3 as well as the free energy maximum in R2.
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Figure 3-5 PMFs for Polar Residues in Bilayer and Monolayer
All PMFs are set to zero in bulk water. The different regions of the membranes are colored in
different shades of grey, corresponding to the labels in Figure 3-2.
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3.3 Discussion
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Figure 3-6 Thermodynamic Cycle for Calculating Free Energy Difference Between Bilayer
and Monolayer for Phe

The free energy of an amino acid in bulk above a bilayer membrane and above a monolayer
membrane is equivalent. Thus, by calculating the insertion free energy (AGinsertion) Of residues
into both bilayer and monolayer membranes with metadynamics, we can obtain the free energy
difference for a residue relocalizing from a bilayer to monolayer.

Our permeation results show how amino acids prefer to distribute within bilayer and lipid
droplet-like membranes. Across all of the amino acids, the free energy of insertion was less in
the monolayer compared to the bilayer. Since the free energy is equivalent for a single amino
acid in bulk water whether it is near a bilayer or monolayer membrane, we can make direct

comparisons between the two PMFs, as well as calculate the FE for an amino acid relocalizing

from a bilayer to a lipid droplet-like membrane (Figure 3-6). Using these PMFs, one can make
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an estimate for whether a protein comprised of these amino acids has a preference for bilayer or
lipid droplet membranes.

The PMFs for amino acids in both the bilayer and monolayer membranes exhibit the same
general form: a small barrier in R2, a free energy minimum in R3, and a barrier in R4. But, the
relative free energies between the free energy minima and maxima in the PL regions are quite
different (Figure 3-7). The free energy minima in the monolayer was on average 0.25 kcal/mol
less than in the bilayer. The free energy maxima in the PL region was on average 1.5 kcal/mol
less in the monolayer than in the bilayer. Since this trend is observed across the range of amino
acids, it is likely a result of differences in entropic effects, rather than enthalpic effects. As we
(Prevost et al., 2018) and others (Bacle et al., 2017) have shown, lipid droplet-like membranes
have an increase in lipid packing defects due to the increase in interdigitation into the PL tails.
This simply increases the space into which amino acids can insert, increasing the entropy and

therefore lowering the free energy.
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Figure 3-7 Comparisons of Extrema in Bilayer and Monolayer Membranes for Amino
Acids

The free energy minimums (left) and maximums (right) within the PL regions are compared for
bilayer and monolayer membranes. The dotted line shows equality. All free energy minima are
to the right of the equality line, showing an average of ~0.25 kcal/mol decrease in free energy in
the monolayer. The effect of the NLs is more pronounced at the PL maximum (at the edge of the
PL tails), where the monolayer free energies are on average 1 kcal/mol lower in free energy.

The single residue PMFs also provide a mechanism for why certain amphipathic helices are more
easily able to bind to lipid droplets as opposed to the ER (Copi¢ et al., 2018; Prevost et al.,
2018). Regions 2 and 3 have a slightly lower free energy in the monolayer compared to the
bilayer, which should allow all amphipathic helices to more easily bind to lipid droplet
membranes. Additionally, increasing the length of the amphipathic helix while maintaining the

same hydrophobic moment should also increase targeting, as a simple sum of the free energies

should lead to increased targeting.
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3.4 Conclusion

We demonstrate here the differences in the free energy amino acid insertion into bilayer and lipid
droplet membranes using transition-tempered metadynamics. An increase in lipid packing
defects allows amino acids of all types to more easily and more stably insert into monolayer
membranes. Larger stabilization is observed in the phospholipid tail regions in the monolayer,
which directly interact with the neutral lipids. These free energy differences explain why proteins

with amphipathic helices are observed to more easily bind to lipid droplet membranes.

3.5 Methods

3.5.1 General Simulation Parameters

Simulations were performed using the GROMACS(Abraham et al., 2015) (version 2016)
simulation engine with the CHARMM36 lipid(Klauda et al., 2010) and protein(Best et al., 2012;
MacKerell et al., 1998) force fields. Biased simulations were also conducted in GROMACS,
with the addition of the PLUMED2(Tribello et al., 2014) plugin (version 2.3). Simulations were
integrated with a 2 fs timestep. Non-bonded VDW interactions were cut-off at 1.2 nm and were
switched to zero between 1.0 and 1.2 nm. Electrostatic interactions were evaluated using the
Particle Mesh Ewald(Essmann et al., 1995) algorithm. Bonds to hydrogen were constrained
using the LINCS(Hess, 2008) algorithm. Temperature was maintained at 310 K using the
stochastic velocity rescaling thermostat(Bussi et al., 2007) with a coupling time constant of 0.1
ps for simulations that were run in the isothermal-isobaric (NPT) ensemble as well as the
canonical ensemble (NVT). In constant pressure simulations, the pressure was maintained

semiisotropically using the Parrinello-Rahman(Parrinello and Rahman, 1981) barostat at a
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pressure of 1.0 bar, a compressibility of 4.5x10, and a coupling time constant of 5.0 ps.

Coordinates were saved every 10 ps.

3.5.2 Single Residue Simulation Setup

Membrane patches for the bilayer and monolayer were initialized according to procedure
described previously. Briefly, a membrane patch was generated with CHARMM-GUI(Jo et al.,
2007; Jo et al., 2008; Jo et al., 2009; Lee et al., 2016; Wu et al., 2014) with 34 1-palmitoyl-2-
oleoyl-sn-glycero-3-phosphocholine (POPC), 14 1,2-dioleoyl-sn-glycero-3-
phosphoethanolamine (DOPE), and 4 1-stearoyl-2-arachidonoyl-sn-glycero-3-phosphoinositol
(SAPI) lipid molecules. Positional restraints were initially placed on the lipids and were slowly
relaxed according to the CHARMM-GUI equilibration procedure. For the monolayer system, a 4
nm box of neutral lipids was inserted between the equilibrated bilayer leaflets. Restraints were
placed on the neutral and phospholipids and slowly relaxed using the same equilibration
procedure. Each system was then further equilibrated for 1 ps in the isothermal-isobaric

ensemble.

3.5.3 Single Residue Metadynamics

Each peptide system was generated as follows. First, each peptide was generated with the psfgen
plugin in VMD(Humphrey et al., 1996) with an amidated N-terminus and methylated C-
terminus, and solvated in a 4x4x4 nm?® TIP3P water box. Each peptide was then simulated for
100 ns in the isothermal-isobaric ensemble. Next, each peptide was placed 1 nm from the
phosphate plane of the pre-equilibrated membrane patches. Each membrane-peptide system was
then re-solvated and re-ionized with TIP3P water and 150 mM NaCl. Restraints were then placed

on the peptide and the lipids and slowly relaxed, in the same manner as described above.
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Transition-Tempered Metadynamics (Dama et al., 2014b; Sun et al., 2016) was then carried out
for 2 ps and 3 ps for each bilayer and monolayer replica, respectively. Four independent replicas
were calculated for each peptide-membrane system. The collective variable was defined as the z-
distance between the center of mass of the residue side chain and the midplane of the membrane,
as determined by the center of mass of all phosphate atoms in the membrane. Hills were
deposited every 2 ps with a height of .001 kJ/mol/nm, a width of .2 nm, a bias factor of 10, a
threshold of 10 kJ/mol/nm, an exponential decay factor (o) of 0.5, and transition wells at the
carbonyl level of the phospholipids. At least five transitions through the membrane were

observed for each replica.

3.5.4 Lipid packing defects

Packing defects were calculated using a described procedure in Cui et al. (Cui et al., 2011) and
similar to that described in Vamparys et al. (Vamparys et al., 2013). In brief, the solvent
accessible surface area of the hydrophobic tails (defined as up to the glycerol atoms) was
calculated using VMD (Humphrey et al., 1996) using a probe radius of 0.3 nm. The points along
this solvent accessible surface area are then projected onto the plane of the membrane. To
simplify the calculation, the surface is then divided into bins with size 0.16 nm?. Each of these
points is then placed into a bin such that it is either occupied or not occupied. Occupied bins are
considered part of the same defect cluster if they are within 0.25 nm A histogram of defect sizes
was then tabulated for each system. The histogram was then fit to an exponential decay p(x) =
ce~* where x is the defect size, p(x) is the probability of finding a defect of size x, ¢ is a

constant, and a is the decay rate in units of nm™.

68



3.6 Acknowledgements

We thank Rui Sun for his help with the simulations and Thomas Dannenhoffer-Lafage for
comments on this manuscript. The simulations in this work used the Extreme Science and
Engineering Discovery Environment (XSEDE), which is supported by the National Science
Foundation grant number ACI-1548562. Specifically, it used the Bridges system at the
Pittsburgh Supercomputing Center (PSC) through allocation number TG-MCA94P017. This
work was also completed in part with resources provided by the University of Chicago Research

Computing Center (RCC).

69



Chapter 4. Targeting of hydrophobic hairpin motifs to the surface of lipid droplets from
the ER
Work in this chapter was conducted in collaboration with Maria-Jesus Olarte, Tobias C. Walther,
and Robert V. Farese Jr. at the Harvard Medical School. Experiments were conducted by Maria-

Jesus Olarte.

4.1 Introduction

Lipid droplets (LD) are cellular organelles that store excess metabolic energy in the form of
neutral lipids. Improper function of lipid droplets is associated with a number of diseases,
including lipodystrophy, obesity/type 2 diabetes, and atherosclerosis (Krahmer et al., 2013a; Pol
et al., 2014; Welte, 2015).

Lipid droplets are unlike other organelles because they contain a core of neutral lipids (NL),
composed of triacylglycerols (TG) and sterol esters (SE), and are surrounded by phospholipid
(PL) monolayer membranes, not bilayers membranes (Fujimoto and Parton, 2011; Thiam et al.,
2013b; Walther and Farese, 2012; Welte, 2015). The LD monolayer is covered with proteins,
which include enzymes and regulatory proteins involved in lipid synthesis (Kory et al., 2016).

Current understanding suggests two pathways for protein targeting to LDs (Kory et al.,
2016). Class I proteins are inserted into ER and have membrane embedded domains. Proteins of
this type typically contain long stretches of hydrophobic amino acids. Class I LD proteins in the
ER can only have a non-membrane domain on the cytosolic leaflet, as there is no lumen leaflet in
the LD, and therefore require a membrane domain likely with hairpin loops. These proteins
relocalize to LDs through physical connections, called ER-LD bridges (Jacquier et al., 2011;
Thiam et al., 2013a; Wilfling et al., 2013).
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Class II proteins are translated in the cytosol and directly bind LD membranes. This class of
proteins contains perilipins as well as metabolic proteins (Bickel et al., 2009; Kimmel and
Sztalryd, 2016; Krahmer et al., 2011; Miyanari et al., 2007; Ohsaki et al., 2016; Rowe et al.,
2016). Class II proteins typically contain amphipathic helices (Bouvet et al., 2013; Bulankina et
al., 2009; Krahmer et al., 2011), which they use to sense out and bind to LD membranes(Kory et
al., 2016). Previous research by us (Prevost et al., 2018) and others (Copi¢ et al., 2018) have
shown that having a strong hydrophobic face on the amphipathic helix is key to binding LDs,
and that binding LDs is easier than binding to bilayer membranes. This is due to the increase in
packing defects on the surface of LDs, which is caused by the interdigitation of the neutral lipids
with the PL tails (Bacle et al., 2017; Prevost et al., 2018), even though the PL composition is
similar to the ER (Bartz et al., 2007; Choudhary et al., 2015). Additionally, as the free energy
due to the hydrophobic-hydrophilic partitioning of the amphipathic helices into the membrane is
likely additive by residue, increasing the length of amphipathic helices while maintaining the
hydrophobicity leads to an increase in binding (Copi¢ et al., 2018).

In this manuscript, we set out to determine what drives these proteins to target to LDs. Do
Class I proteins target in a similar process to Class II proteins - preferentially, but not
specifically, large hydrophobic residues drive targeting due to the larger and more frequent
packing defects on LD surfaces. Or, is it driven by some other mechanism, such as protein
conformational change.

Here we combine molecular dynamics simulations with experimental approaches to show
how the membrane embedded domain of GPAT4 (glycerol-3-phosphate O-acyltransferase)
targets to LDs. We show that GPAT4 has sequence specific features that allow it to stabilize in

both bilayer and LD membranes. These features drive a conformational change as GPAT4 moves
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from the ER to LDs. Positively charged and large hydrophobic residues at specific locations in
the sequence drive the conformational change and relocalization to LDs. Furthermore, the
increase in packing defects in the LD membranes aids in the preference of large hydrophobic
residues targeting to LDs. We suggest that other Class II proteins have similar properties in order

to target to LD membranes.

4.2 Results and Discussion

4.2.1 GPAT4 Hairpin Contains Sequence Specific Residues Required and Sufficient for
Targeting to Lipid Droplets

We first set out to determine the minimum sequence required for targeting to LDs. We expressed
only the hairpin domain of GPAT4 fused to mCherry in Drosophila S2 cells and compared this
domain with the full length GPAT4 (FL-GPAT4) for LD targeting. As seen in Figure 4-1, both
FL-GPAT4 and the hairpin target to LDs from the ER. Since only the hairpin is required for
targeting, it is likely that the cytosolic domain of the protein is not involved in driving LD

targeting.
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Figure 4-1 GPAT4 Hairpin is Sufficient for LD Targeting
(A) GPAT4 hairpin sequence in D. melanogaster compared with other species. Many residues
are conserved, including hydrophobic residues (blue), charged residues (red), and polar residues

(green).

(B) Analysis of LD targeting ability of full length GPAT4 (FL-GPAT4) compared with the
hairpin domain of GPAT4. Drosophila cells were transfected with mCherry-tagged constructs
and incubated with 0.5 mM oleic acid. LDs were stained with BODIPY. Representative images

are shown. Scale bar, 5 um (merge), 1 um (inlay). The 44-residue long hairpin domain is
sufficient for LD targeting from the ER.

We then attempted to determine the specificity of the sequence of the GPAT4 hairpin.
Leaving in place the residues at the end of the hairpin, as well as the residues around the hinge of
the protein (P185, L186, R186), two different mutants were constructed: a scrambled helix,
where the rest of the residues within the hairpin were randomly scrambled; and an artificial helix,
where these residues were replaced randomly to maintain similar hydrophobicity of the hairpin

(see sequences in Table 4-1). These two constructs did not re-localize to LDs from the ER
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(Figure 4-2), suggesting that the sequence of GPAT4 contains specific residues at specific

locations that are required for targeting.

A Cherry-Hairpin Cherry-Scrambled Cherry-Artificial

Cherry Merged

<— Time after oleate induction

LD enrichment factor

3h 24h

BHairpin OScrambled O Artificial

Figure 4-2 GPAT4 Hairpin Contains Sequence Specific Residues Required for LD
Targeting

(A) Analysis of LD targeting ability of GPAT4 hairpin compared with two hairpin-like
constructs. Randomizing the residues in the GPAT4 hairpin sequence (Scrambled) abolishes
targeting, as does replacing the replacing the residues with those of similar hydrophobicity
(Artificial).

(B) Quantification of the protein signal on LDs, as compared to the ER. Data is represented as
mean + standard deviation.

74



To determine which specific residues are required for LD targeting, we conducted a sequence
alignment with the GPAT4 hairpin and evolutionarily related proteins to determine which
residues are strongly conserved. Three of the residues which are highly conserved are charged:
K167, R179, and R187. To determine the importance of these three charged residues in LD
targeting, each of these three residues was mutated to alanine and assayed for LD binding
(KRR _AAA mutant). The KRR _AAA mutant exhibited a decrease in LD enrichment compared
to the WT hairpin (Figure 4-3), though some targeting was still observed. This suggests that the

charged residues are not the sole determinant of targeting.

A

Cherry-Hairpin Cherry-KRR_AAA

Cherry Merged

<— Time after oleate induction

LD enrichment factor
N

3h 24h

BHairpin OKRR_AAA

Figure 4-3 Charged Residues on GPAT4 Play a Role in LD Targeting
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Figure 4-3 Cont.

(A) Analysis of LD targeting ability of GPAT4 hairpin compared with a mutant with K167,
R179, and R187 mutated to alanine (KRR AAA). Targeting is diminished significantly for the
charged mutant.

(B) Quantification of the protein signal on LDs, as compared to the ER. Data is represented as
mean + standard deviation.

To assess the importance of each of these charged residues, single point mutants of each of
these residues were expressed. Of these single point mutations, all showed at least a small
decrease in targeting of 15%, while R179A showed a decrease in targeting of 40% (Figure 4-4).
Since the ER and LD membranes contain similar concentrations of PLs(Bartz et al., 2007;

Choudhary et al., 2015), it is likely that these charged residues play a structural role in GPAT4

and therefore affect LD targeting.
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Figure 4-4 R179 is Key to LD Targeting by GPAT4 Hairpin

(A) Analysis of LD targeting ability of GPAT4 hairpin compared with single point mutations of
the charged residues.

(B) Quantification of the protein signal on LDs. Each of the charged mutants shows a decrease in
targeting, and R179A shows the largest decrease in targeting.

Our previous research on amphipathic helix targeting to LD membranes demonstrated that
large hydrophobic residues are key to LD targeting (Prevost et al., 2018). Additionally, structural
alignment of the GPAT4 hairpin showed that these large hydrophobic residues (W, F, Y) are
highly conserved. We therefore tested whether mutating the large hydrophobic residues (LHR

mutant) in the GPAT4 hairpin to valine (sequence in Table 4-1). Targeting was abolished for the
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LHR mutant (Figure 4-5). In the case of amphipathic helix targeting to LDs, the types of large
hydrophobic residues present were not nearly as important as the presence of many large

hydrophobic residues (Prevost et al., 2018).

Cherry-Hairpin Cherry-LHR mutant

Cherry Merged

3h Oh

<— Time after oleate induction

24h

LD enrichment factor
O NWhMUOON®

3h 24h

mHairpin ®LHR mutant

Figure 4-5 Large Hydrophobic Residues are Critical for GPAT Targeting to LDs

(A) Analysis of LD targeting ability of GPAT4 hairpin compared with a mutant where the
aromatic residues where mutated to Val (LHR mutant). The LHR mutant is observed to be
localized primarily in the ER and not on LDs

(B) Quantification of the protein signal on LDs. The LHR mutant shows a substantial decrease in
LD enrichment.

To explore whether this trend is maintained for membrane-embedded hairpin domains, each

type of large hydrophobic residue was mutated to valine (PHE VAL, TRP VAL, and
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TYR VAL). In this case, only the Trp mutant showed a decrease in targeting (Figure 4-6). The
Phe mutant only had a slight decrease in targeting compared to the WT, and the Tyr mutant
displayed an increase in targeting. These mutants suggest that the targeting of proteins with
membrane-embedded hairpin motifs does not proceed due to the same features as amphipathic
helix-containing proteins. Instead of an increase in hydrophobicity driving targeting, the location

of the residues within the structure likely plays an important role.
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Figure 4-6 TRP Residues Are the Only Aromatic Residues Required for Targeting
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Figure 4-6 Cont.

(A) Analysis of LD targeting ability of GPAT4 hairpin compared with three mutants, where all
of the aromatic residues of a specific type were mutated to Val (Phe Val, Trp Val, Tyr Val).
Only the Trp_Val mutant shows a significant change in targeting ability, and is mostly localized
to the ER.

(B) Quantification of the protein signal on LDs. The Phe and Tyr mutants do not show much
change in targeting ability compared to the WT hairpin, but Trp mutant does not relocalize to the
LDs.

We further tested the generality of GPAT4 targeting to examine whether other proteins with
hairpin domains target to LDs from the ER. Of these proteins, only Alg4 targets to LDs (Figure
4-7). The Alg4 hairpin contains a number of the same sequence features as the GPAT4 hairpin:
large hydrophobic residues are distributed along the hairpin domain, and contains a number of
charged residues adjacent a proline residue near the center. However, when the Trp and Phe
residues were mutated to Val, the Phe mutant showed the largest decrease in targeting in this

case (data not shown). From this, we can hypothesize that both the identity and the location of

the specific hydrophobic residues are key to targeting.
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Figure 4-7 Alg4 Targets to LDs in a similar manner to GPAT4
Analysis of LD targeting ability for a series of protein membrane-domains predicted to have
hairpins. Of these, only the Alg4 hairpin relocalizes from the ER to LDs. The sequence of Alg4
contains a number of similarities compared to the GPAT4 hairpin.

4.2.2 Molecular Dynamics Simulations Reveal GPAT4 Structural Differences in Bilayer
and LD Membranes

Since the structure for the GPAT4 membrane-bound domain has not been resolved
experimentally, we predicted the structure using the Rosetta software package. The best 10

scoring structures were all quite similar, showing two helices closely associated with a hinge at
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P185. We then relaxed and inserted GPAT4 into bilayer and lipid droplet membranes from
Prevost et al. (Prevost et al., 2018), with phospholipid (PL) concentration composed of 65:27:8
palmitoyl-oleoyl phosphatidylcholine (POPC): dioleoylphosphatidylethanolamine (DOPE):
stearoyl-arachidonoyl phosphatidylinositol (SAPI) and for the lipid droplet membranes, a neutral
lipid (NL) concentration of 1:1 triolein and cholesteryl oleate inside of a flat bilayer. We

simulated 3 independent simulations for each membrane type, each for 1 ps.

A
Bilayer Monolayer
2.5 25 T T T T
3 3
£ =
8 2 I 2 b
c c
e T
3] @
o 15 o 15r- -
(50 a0
o o
N [§V]
< <
© 1 & 1 .
© e
= =
0.5 0.5 L
0.5 06 0.7 0.8 09 1 0.5 06 0.7 0.8 09 1
Time (us) Time (us)
B
T T T T
14 - Bilayer *
12 L Monolayer
e 10 _
©
o 8 i
8
(2]
£ 6& ]
4 — -
2r i
1 | |
0.6 0.8 1 1.2 1.4 1.6 1.8 2

W166-A203 Distance (nm)

Figure 4-8 W166-A203 Distance in in Bilayer and Monolayer Simulations

(A) W166-A203 distance in bilayer (left, blue) and monolayer (right, orange). These residues are
located on the two helices at the phosphate plane, and approximate the association of the two
helices. The three replicas are shown in different shades of blue (bilayer) and orange
(monolayer). In the bilayer simulations, these residues are not interacting, while in the monolayer
they are closer and interacting.
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Figure 4-8 Cont.

(B) Histograms of W166-A203 distance in the bilayer and monolayer. While the three replicas in
the different membranes did not converge to similar results, in all replicas, the mean of the
W166-A203 distance is longer in the bilayer simulations.

In 2 out of 3 simulations of GPAT4 in bilayer membranes, we observe a change in
conformation of GPAT4. First, the two helices begin separating, both at the lumen and the
cytosolic membrane-water interfaces. Both the distances between W166-A203 and between
F177-F193 increase during length of the simulations (Figure 4-8). Additionally, P185 is

significantly closer to the cytosolic membrane-water interface in the monolayer compared to the

bilayer membranes (Figure 4-9).
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Figure 4-9 P185 Membrane Depth in Bilayer and Monolayer Simulations

(A) P185 membrane depth in bilayer (left, blue) and monolayer (right, orange). The membrane
depth is calculated in relation to the cytosolic phosphate plane. The three replicas are shown in
different shades of blue (bilayer) and orange (monolayer). In the bilayer simulations, P185 is
deeper in the membrane, almost interacting with the lumen phosphate plane. In the monolayer,
P185 is closer to the cytosolic phosphate plane.

(B) Histograms of P185 membrane depth in the bilayer and monolayer. The mean P185
membrane depth is deeper in all of the bilayer simulations than in all of the monolayer
simulations.

While the average structure of GPAT4 was observed to be different in bilayer membranes

compared to monolayer membranes, it is unclear from these simulations what is the equilibrium

structure of GPAT4. The structures in the bilayer are highly varying, and the structures in
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monolayer membranes vary as well. The slow relaxation of the lipids prohibits GPAT4 from
relaxing to the equilibrium structure. We therefore performed Metadynamics on the distance
between W166-A203 to more efficiently sample the separation of the helices, and calculate the
potential of mean force (PMF) of separating these helices in both membrane types. After
simulating two independent replicas for each membrane type for two ps, we observed structures

with distances ranging from 0.5 to 5 nm (Figure 4-10).
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Figure 4-10 W166-A203 Distance in Metadynamics Simulations

The distance between W166 and A203 in bilayer (blue) and monolayer (orange) over time during
the metadynamics simulation. While distances between 0.5 and 4 nm were sampled, a full
traversal of collective variable space took longer than 1 ps. Converging this free energy surface
using metadynamics along this slow collective variable have required significant amount of
simulation and clock time.
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Figure 4-11 Potential of Mean Force for Association of GPAT4 Hairpin Helices.

The PMF for the hairpin association of GPAT4 was calculated along the W166-A203 distance.
GPATH4 helices are observed to be close together in the monolayer membrane, with a minimum
in the PMF at 0.7 nm. The helices of GPAT4 are further separated in the bilayer, and cannot
achieve the close distances observed in the monolayer.

Using the structures generated from the Metadynamics simulations, we performed Umbrella
Sampling on the W166-A203 distance in both bilayer and monolayer membraness. The PMF
calculating using Umbrella Sampling shows that GPAT4 in a bilayer prefers to be at a helix
separation of 1.7 nm, but prefers a much closer separation of 0.7 nm in the monolayer (Figure
4-11).

Inspecting the minimum free energy structures in the bilayer and monolayer, we can verify
the structural differences between the two membrane types. In addition to the difference in the
association of the helices, we also observe that P185 is closer to the cytosolic membrane-water
interface in the bilayer membranes. Additionally, in the bilayer, R179 and R187 are interacting
with the charged region of the PLs on the lumen membrane-water interface (Figure 4-12). In the

monolayer, R179 is flipped and interacting with the cytosolic membrane interface, while R187 is
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solvated by the glycerol oxygens of triolein (Figure 4-12). The 5-residue segment between R179
and the hinge at P185 (seq: YVILM) contains some flexibility required for the two orientations
of R179. In the monolayer, this segment is stretched towards the cytosolic interface so that R179

can reach the polar PL region, while the segment is condensed in the bilayer membrane (Figure

4-12).
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Figure 4-12 Snapshots of GPAT in Bilayer and Monolayer.
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Figure 4-12 Cont.

(A) The helices of GPAT4 are associated in the monolayer (right), while in the bilayer (left) they
remain separated. In the bilayer, the two ARG residues (R179, R187) are associated with the
lumen leaflet, while in the monolayer R179 interacts with the cytosolic leaflet.

(B) The hinge region zoomed in. In the bilayer, the residues between R179 and P185 are
stretched parallel to the phosphate plane, while in the monolayer they are stretched perpendicular
to the phosphate plane.

(C) An overlay of the bilayer (blue ribbon) and monolayer (orange ribbon) GPAT4 structures.
The hairpin is shifted significantly towards the cytosolic phosphate plane (solid black line).
Instead of R179 (dark purple) interacting with the luminal leaflet (dashed black line) in the
bilayer, R179 in the monolayer (pink) interacts with the cytosolic leaflet.

In the bilayer, the mismatch in hydrophobic and hydrophilic regions between the two helices
causes them to separate. There are only 11 residues between K167 and R179, while there are 18
residues between R187 and G206. The N-terminal helix is oriented parallel to the bilayer normal,
while the C-terminal helix is tilted in order to fit all of the hydrophobic residues within the
bilayer. In the monolayer membrane, the hydrophobic regions of the GPAT4 hairpin are more
similar in length because R179 interacts with the cytosolic PL leaflet and the 5-residue flexible
segment is stretched upwards.

We also inspected whether specific intra-protein or protein-lipid interactions played a role in
the targeting. In the simulations, we did not observe the hairpin interacting with a specific type of
lipid. Additionally, in the monolayer, we did not observe specific, stable inter-helix residue

contacts forming. Instead, hydrophobic residue side chains would interact dynamically with all

residues nearby.

4.2.3 Lipid Droplet Preference of GPAT4 is Driven by a Shift Upwards in the Membrane
Driven by the Hydrophobic Residues.
From MD simulations, we observe that the charged residues determine the distances between

helices and the angle between the helices and the membrane, as they prefer to interact with the
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charged phospholipid head regions. But, to re-localize to LD membranes, GPAT4 needs to move
R187 from the lumen facing leaflet to the NL region and move R179 from the lumen leaflet to
the cytosolic leaflet. These changes are kinetically and thermodynamically unfavorable and
therefore require a large gain in free energy elsewhere in order to target to LD membranes. In the
bilayer simulations, we observed that the aromatic hydrophobic residues are clustered around the
bilayer midplane, while in the monolayer they are localized just below the glycerols of the PLs
(Figure 4-12). In the monolayer membrane, these regions of hydrophobic residues (highlighted in
orange) replace regions of the helices that are filled will polar and smaller hydrophobic residues
(highlighted in pink) in the glycerol region.

To determine the free energy preference occurring due to this switch in residues sitting just
below the glycerol level, we can inspect the free energies of residues inserting within bilayer and
monolayer membranes (see Chapter 3. ), as calculated from Transition-Tempered Metadynamics
(Dama et al., 2014b; Sun et al., 2016). In these PMFs, the barrier at the edge of the PL tails is
lowered in monolayers as compared to bilayers. Furthermore, the PMF minimum, around the PL
carbonyls, is stabilized even further in the monolayer PMFs. The overall lower free energy for
residues within monolayer membranes should drive proteins to relocalize to lipid droplet
membranes. But, an even larger free energy gain is observed due to the shift in residue positions
within the membrane. The hydrophobic residues located near the midplane of the bilayer (Phe,
Trp, Val) are shifted to the carbonyl level of the PLs in the monolayer, giving a large gain in free
energy (Figure 4-12). Additionally, the less hydrophobic residues (Thr, Ala) are shifted upwards
towards the polar regions, leading to a further reduction in free energy (Figure 4-12). This
combination of large hydrophobic residues shifting to more preferable regions of the membrane

while more polar regions are shifted to more polar regions of the membrane drives the
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relocalization to LD membranes from monolayers. From these PMFs, we can estimate the free
energy stabilization due to all of these residues shifting upwards in the monolayer membrane to
be ~40 kcal/mol (Figure 4-13), though this is likely decreased by the insertions of the charged

residues, which are in unfavorably positions within the membrane.
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Figure 4-13 Summary of Single Residue Free Energies at Membrane Depths in Bilayer and
Monolayer
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Figure 4-13 Cont.

(A) Free energy for each residue in GPAT4 hairpin in both the bilayer (blue) and monolayer
(orange). The areas with the large hydrophobic residues show that there is a significant decrease
in free energy upon re-localization from the bilayer to monolayer from these residues.

(B) Free energy difference between bilayer and monolayer for each of the above residues. A
majority of the residues show a significant decrease in free energy upon re-localization.

Based on these TTMetaD simulations, it would seem that in the bilayer, R179 should also be
interacting with the cytosolic leaflet instead of the lumen leaflet, as the stabilization accrued by
the hydrophobic regions shifting upwards is quite large. But, R179 and R187 are only 8 residues
apart, and the maximum distance separation between the charged nitrogen atoms is 2.5 nm in the

monolayer simulations. This would require that the two ARG residues interact with hydrophobic

portions of the bilayer, an extremely unfavorable interaction. To verify this effect, we ran
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Umbrella Sampling on the W166-A203 distance for the GPAT4 hairpin with R179 mutated to
ALA in the bilayer (Figure 4-14). In this calculation, the minimum free energy structure is
observed to have a W166-A203 distance of 1.1 nm, which is considerably closer to WT GPAT4
in the monolayer. In this minimum free energy structure, the entire N-terminal helix is shifted
upwards, with the structure more closely resembling the WT structure in the monolayer. This
explains the decreased targeting of the R179A and R187A mutants (Figure 4-4). Without either
of these ARG residues, the corresponding helix is shifted upwards in the bilayer, allowing the
hairpin to achieve some of the stabilization in the bilayer that is only possible for the WT hairpin

in the monolayer.

Umbrella Sampling of GPAT4 Hairpin
12 T T

| | |
Monolayer W

10 Bilayer WT
Bilayer R179A

PMF (kcal/mol)

0608 1 1.214161.8 2
W166-A203 Distance (nm)

Figure 4-14 Helices of R179A Mutant in Bilayer are More Associated than WT

The PMF for the intra-protein helix association of GPAT4 was calculated along the W166-A203
distance. GPAT4 helices in the R179A are observed to be close together in the monolayer
membrane, with a minimum in the PMF at 0.7 nm. The helices of GPAT4 are further separated
in the bilayer, and cannot achieve the close distances observed in the monolayer.
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4.3 Conclusion

Here we show that the GPAT4 hairpin domain contains a number of residues in specific
locations within the sequence that drive conformational change upon relocalization from the ER
to LDs. Through a combination of experimental approaches and MD simulations, we have
identified key residues that drive GPAT4 targeting to LDs. Mutations of the three charged
residues as well as of the Trp residues led to a significant decrease in LD targeting. In the
bilayer, the GPAT4 hairpin was observed to prefer unassociated intra-protein helices, while in
the monolayer, associated helices are strongly preferred. Furthermore, in the monolayer, the
GPAT4 hairpin is significantly shifted towards the membrane-cytosol interface.

From the MD and experimental results shown above, we determine the mechanism of the
GPAT4 hairpin targeting to LDs from the ER as follows. First, charged residues on the ends of
each of the helices, as well as the hydrophobic regions of the protein, require large hydrophobic
residues to reside at the bilayer midplane. The LD monolayer membrane, which does not contain
a second polar region for the R179 and R187 to interact with, forces a conformational change
upon relocalization to LDs. R179 switches to interact with the cytosolic PL headgroups, while
R187 is solvated somewhat successfully by the glycerols of the NLs. This shift of R179 to the
cytosolic-LD interface is accompanied by the whole membrane-embedded domain shifting
upwards towards the cytosolic leaflet. This is driven by large hydrophobic residues shifting from
the PL tail region in the ER to the PL carbonyl region, which is highly preferred. Additionally,
the association of the two helices in the hairpin may provide additional stability within the LD
membranes.

This suggests a mechanism by which all Class I proteins can target to LDs from the ER. In

the ER, hairpin domains will likely contain charged residues that interact at both the cytosolic
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and lumen bilayer-water interfaces. These domains should contain long hydrophobic stretches
between the charged residues, with large hydrophobic residues localized around the bilayer
midplane. Conformational change upon relocalization to LDs allows these large hydrophobic
residues to shift towards the glycerol level, providing a large free energy gain. The Alg4 hairpin,
which contains many of the same sequence specific features, also has a strong preference for
LDs as opposed to the ER. As such, Class I proteins are expected to target to LDs in the same
manner as the GPAT4 hairpin.

Understanding why other ER proteins do not target to LDs is important as well. Since the
results in (Chapter 3. ) suggest that all amino acids prefer to reside in monolayer membranes as
opposed to bilayer membranes as long as the membrane insertion depth is equivalent, other
aspects of the proteins must be preventing LD targeting. Proteins such as seipin(Wang et al.,
2016), which is involved in LD expansion, contain both a cytosolic and luminal domain. These
proteins could not target to lipid droplets without pushing the luminal domain through the
membrane, an event that is extremely unlikely. Other proteins may also contain a large number
of charged residues at the ER-lumen interface. Since there is no polar region for these residues to

reside in lipid droplet membranes, these proteins are likely prevented from relocalizing to LDs.

4.4 Methods

General MD Simulation Parameters

All atom simulations were performed using the GROMACS(Abraham et al., 2015) (version
2016) simulation engine with the CHARMM36 lipid(Klauda et al., 2010) and protein(Best et al.,

2012; MacKerell et al., 1998) force fields. Biased simulations were also conducted in
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GROMACS, with the addition of the PLUMED2(Tribello et al., 2014) plugin. Simulations were
integrated with a 2 fs timestep. Non-bonded VDW interactions were cut-off at 1.2 nm and were
switched to zero between 1.0 and 1.2 nm. Particle Mesh Ewald(Essmann et al., 1995) algorithm
was used to evaluate all electrostatic interactions. Bonds to hydrogen were constrained using the
LINCS(Hess, 2008) algorithm. Temperature was maintained at 310 K using the stochastic
velocity rescaling thermostat(Bussi et al., 2007) with a coupling time constant of 0.1 ps for
simulations that were run in the isothermal-isobaric (NPT) ensemble as well as the canonical
ensemble (NVT). In constant pressure simulations, the pressure was maintained
semiisotropically using the Parrinello-Rahman(Parrinello and Rahman, 1981) barostat at a
pressure of 1.0 bar, a compressibility of 4.5x10, and a coupling time constant of 5.0 ps.
Coordinates were saved every 10 ps.

GPAT4 Structure generation

The GPAT4 structure was generated using the Rosetta ab initio Structure Generation
tool(Bradley et al., 2005; Raman et al., 2009; Rohl et al., 2004). Fragment files were created
using the Robetta server(Kim et al., 2004; Song et al., 2013). 50,000 structures were generated
and the ten structures with the best scores were chosen for analysis. These ten structures
contained the same main structural elements (kink at PRO185 and two transmembrane helices on
each side of PRO185). The top scoring structure was used for all simulations. We also predicted
the structure with MEMSAT-SVM(Jones, 2007; Jones et al., 1994; Nugent and Jones, 2009) and
TOPCONS(Tsirigos et al., 2015), which gave similar structures with the same features as
Rosetta. The Rosetta generated structure was then solvated in a cubic water box and relaxed with

1 ns of NVT equilibration and 20 ns of NPT equilibration.
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GPAT4-Membrane System Setup

GPAT4 was inserted into the bilayer and monolayer membranes using the procedure described in
Javanainen(Javanainen and Martinez-Seara, 2016). Briefly, the protein was placed next to the
membrane patch, with residue PRO185 at distances of 2, 2.5, and 3.0 nm below the cytosolic
leaflet phosphate plane, with the water and ions removed from the system. Restraints were
placed on the protein backbone as well as the phosphorous atoms of the lipids. A lateral pressure
of 1000 bar was applied to the system, pushing the protein into the membrane. Three lipids were
removed from the cytosolic membrane leaflet to maintain equal area of both leaflets. The
systems were then relaxed for 2 ns of NPT equilibration. TIP3P water and 0.15 M NaCl was
added to the membrane systems. Finally, the membrane-protein systems were equilibrated
according to the CHARMM-GUI(Jo et al., 2008) membrane equilibration(Jo et al., 2007; Jo et
al., 2009; Lee et al., 2016; Wu et al., 2014) procedure. All 6 systems were then run for 1 ps with
coordinates saved every 10 ps.

Umbrella Sampling

Umbrella sampling(Torrie and Valleau, 1977) was conducted on the distance between residues
W166 and A203. Harmonic restraints with a force constant of 10* kJ/mol/nm were placed on
each of 80 windows, spaced every 0.05 nm over a distance range of 0.5 to 4.5 nm. Each window
with a distance less than 1.5 nm was run for 90 ns, while every other window was run for 50 ns.
The first 10 ns was considered equilibration and was not used for calculating the PMF. Starting
structures for each window were generated as follows. Metadynamics(Laio and Parrinello,
2002a) was conducted on the same collective variable as the umbrella sampling, for both the
bilayer and monolayer. Hills were deposited with a height of .003 kJ/mol/nm every 1 ps. The

simulation length of each of the four metadynamics runs was at least 1 us. Each of the starting
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structures for the umbrella sampling was then chosen from the metadynamics runs, where the
Dwies-a203 was within 0.02 nm of the equilibrium window distance. The potential of mean force
was then calculated using the Grossfield(Grossfield) weighted histogram analysis method(Kumar
et al., 1995; Roux, 1995) (WHAM) package with a bin spacing of .02 nm, a tolerance of 10
kJ/mol/nm. The error in the simulations was estimated by dividing the trajectories into 5
subsamples, calculating the PMF for each subsample, and then determining the standard

deviation of the 5 subsamples.

4 Protein S N LD Enrichment
(Domain) cquence (Mean)
1 GPAT4 FISWKITSIWVFGFFIRYVILMPLR... 6.12
(Hairpin) ...VLVCFVGVVWLTVCTAAVG )
) GPAT4 FISVKITSIVVFGFFIRY VILMPLR... 25
(W-V) ...VLVCFVGVVVLTVCTAAVG )
3 GPAT4 FISWKITSIWVVGVVIRYVILMPLR... 6.19
(F-V) ...VLVCVVGVVWLTVCTAAVG ’
4 GPAT4 FISWKITSIWVFGFFIRVVILMPLR... 741
(Y-V) ...VLVCFVGVVWLTVCTAAVG ’
5 GPAT4 FISVKITSIVVVGVVIRVVILMPLR... 139
(LHR-V) ...VLVCVVGVVVLTVCTAAVG )
6 GPAT4 FISWAITSIWVFGFFIAYVILMPLA... )83
(KRR-AAA) ...VLVCFVGVVWLTVCTAAVG )

Table 4-1 Table of Hairpin Sequences used in this Manuscript

Table of hairpin sequences used in this manuscript, with their respective LD enrichment. LD
enrichment is a measure of the amount of protein on LDs, as compared to the ER and cytosol.
Mutated residues are underlined in the sequences of mutants.
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GPAT4

FISWAITSIWVFGFFIRYVILMPLR...

7 (K167A) ...VLVCFVGVVWLTVCTAAVG >.08
q GPAT4 FISWKITSIWVFGFFIAY VILMPLR... 337
(R179A) ...VLVCFVGVVWLTVCTAAVG ‘
0 GPAT4 FISWKITSIWVFGFFIRY VILMPLA.. .. 537
(R187A) ...VLVCFVGVVWLTVCTAAVG ’
10 GPAT4 FISLGFVTWLVRTCWSVIFVLMPLR. .. 176
(Scrambled) .. .VGVFIKYTIWCVAIVFAVG :
. GPAT4 WSGYLTGIVAFFLAIFAVLSLGPMIW. .. 126
(Artificial) .. ICAFIVFLCVAMITVWAG ’
LVNEVCWAVFSLSCIFYYVITSLLAANWTAFIT
12 AGPAT3 ALSVLGLEYWLM 1.31
ILVTAFFTSMLLILLSVSFLLVAGSL...
131 DGAT2 .. JYGGLLVRSLMVTYLAYVFVH 1.37
1 Alod QSWLSSIFTSLWALLWSCYLVWRDRPQ. .. 035
g ...LILCNGPGTCVPFCYAAYLWRLLGRLPS :
EIDSHIEVAKIYVLTVLLLPIRVV. .
151 LysoPA ...GCVLSLISAWMFACIGLYGMT 1.87
STEAVLEGLQTQIQALEKYMINT. ..
...EERKRRFVTNFVGFTIGAYIV...
...GFEGLWWYFYFPPTMQECFM. ..
16|  Lunapark ...YLVPLLLFPIVIIFLRRLFTWY.... 2.92
... FQRKLNKNGDKLTRLKEDKRK. ..
.. ILEQVMDKETYKVAVNLLERFGD
DPPGLNYYLSKMIFALKIIIVSVVS. ..
17|  SelT-like ...AVSPFTFLGNTPSWWSHMQANK.... 1.25

...JIYACMMIFFLGNMLEAQLISSGA

Table 4-1 Cont.
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Chapter 5. Endophilin HO Folding on Bilayer Membranes

5.1 Introduction

Curvature generation in membranes can take place through several mechanisms, including
protein scaffolding, amphipathic insertion and protein crowding (Simunovic et al., 2015). In the
case of BAR (Bin/amphiphysin/Rvs) domain-containing proteins, it has been shown that
different curvature stabilizing domains within the protein each stabilize curvature in a different
fashion (Snead et al., 2018). The BAR domain itself stabilizes curvature through its banana
shape, typically containing many positive charged residues on the membrane-interacting face to
bind to the negatively charged phospholipids (Frost et al., 2009; McMahon and Gallop, 2005;
Mim and Unger, 2012). BAR proteins that contain intrinsically disordered domains can also
generate positive curvature on the membrane due to protein crowding on the surface of the
membrane (Snead et al., 2018).

Amphipathic helices (AH), a common motif on BAR domains, are known to generate
curvature through wedging, where the AH insert at the membrane-water interface, increasing the
surface area at the interface, generating and stabilizing curvature (Boucrot et al., 2012; Cui et al.,
2011; Cui et al., 2013). Large, hydrophobic residues within the AH have been shown to read out
the packing defects in the membrane (Vamparys et al., 2013; Vanni et al., 2013), which are
created when hydrophobic core is exposed in the membrane, and fold inside the membrane.
However, the exact process of helix formation (and the immersion process) in vesicles and

tubules are not well known (Ambroso et al., 2014; Voth, 2013). Time-evolution data from double
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electron-electron resonance (DEER) experiments indicate that AH immersion in tubules has a
timescales on the order of microseconds (Ambroso et al., 2014).

Here we simulate the buried N-terminal helix from rat endophilin Al protein in a lipid
bilayer, in order to determine bilayer protein interactions that lead to the AH insertion in the
membrane (Gallop et al., 2006; Jao et al., 2010). Though large defects favor helix folding and
insertion, recent studies (Cui et al., 2011; Vamparys et al., 2013; Vanni et al.,, 2013) have
revealed that large defects are not natural in self-aggregating lipid systems and the defect size
distribution depend largely on the curvature, following an exponential law. Since average defect
size is only a tiny fraction of the size of the folded helix, it is hypothesized that the defects must
nucleate dynamically along with the folding of the AH and the restructuring of the defects is
coupled with the hydrophobic sensing and helix folding/insertion process (Cui et al., 2011).

With the long microseconds simulations, we show the difficulties in simulating the folding
process of AH on membranes. With multiple simulations together comprising over 50 ps of
simulation, two partial folding events were observed. Folding was observed around the residue
that was inserted first into the membrane, though the residues closest to the inserted residue
displayed difficulty in folding. The data suggests that successful HO folding will occur

directionally from one end of the helix to the other to prevent kinks from occurring at the center.

5.2 Results and Discussion

To mimic the lipid packing defect distributions observed in curved membranes, where HO is
known to insert and fold (Cui et al., 2011), lipids were removed from one membrane leaflet.
Upon the removal of 12 lipids from one leaflet, the membrane was observed to maintain the

same lipid packing defect distribution as a highly curved membrane. We set out to determine
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whether specific insertions of hydrophobic residues are more likely to result in a folded helix.
Therefore, a single hydrophobic residue on the endophilin HO was then inserted into a large
packing defect on the membrane surface. Hydrophobic residues on amphipathic helices are
known to first insert into the membrane before folding occurs (Vanni et al., 2013) and beginning
the simulations after this mechanistic step simply decreases the simulation time necessary for
folding. Two replicas were run with each V3, L6, and V21 inserted into the membrane. Three
replicas were run with F10 inserted, as F residues have been shown to more frequently insert first
into the membrane. For the folding simulations, we characterize the folding using two collective
variables: 1) alpha-beta similarity, a measure of whether the phi- and psi-dihedral angles are in a
helix conformation, and 2) backbone hydrogen-bonding, which is a sum of the number of

backbone hydrogen bonds occurring in the protein.

L 28

I

'

Figure 5-1 Folding of Endophilin H0 on a Membrane

Within the first 2 ps of simulation, no folding was observed in 6 out of the 9 replicas (Figure
5-2). In one simulation where F10 was inserted, folding began on the C-terminus and proceeded

until F10 and then did not proceed any more. In a second simulation where F10 was inserted,
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folding proceeded from both the N- and C-terminus, halting as it approached the residues near
F10. In another simulation where V21 was inserted, the peptide popped out of the membrane, L6
inserted into the membrane, which afterward began to fold from the N-terminus. In this

simulation, 16 out of 22 residues folded.
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Figure 5-2 Endophilin HO exhibits limited folding with 2 ps of simulation
The CVs alpha-beta similarity (orange) and backbone hydrogen bonding (blue) plotted over time
for the folding simulations. Simulations are denoted by the residue that was first inserted (e.g.
V21) into the membrane, along with the replica (A,B,C). The folded values for the CVs are
denoted with a dashed line.
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Two of these partially successful simulations were further extended to observe whether
additional folding would occur Figure 5-3. With the initial insertion of V21, a stable partially
folded state is observed within 5 ps of simulation. For the initial insertion of F10, a partially
folded conformation is observed within the first us of simulation. But, over 20 us of simulation
is required for HO to leave this state. Protein folding in water is known to contain a number of
frustrated states along the folding pathway (Lindorff-Larsen et al.). Folding on the membrane is

likely frustrated even further, due to the slower diffusion of phospholipids, compared to water.
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Figure 5-3 Extended Simulations of HO do not Achieve Full Folding
The simulations with V21 and F10 initially inserted that demonstrated partial folding were
extended past 2 ps of simulation time. The V21 simulation continues folding and achieves a
stable partially folded state. The HO with F10 inserted stayed partially folded for 17 ps, after
which unfolding occurred.

From these simulations, we were able to learn a number of details about the folding process

on the membrane. First, insertions of larger hydrophobic residues into the membrane, including

PHE and LEU, promote folding. But insertions of these residues is not enough to drive folding,
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as folding did not occur in a number of simulations where these were inserted. Second, once
folding begins, it will proceed fairly quickly, within 2 ps, to a mostly folded state. This mostly
folded structure is stabilized compared to the unfolded structure. But, there appears to be an

additional barrier to folding which cannot be overcome within ps of simulation.

5.3 Methods

System Setup

Bilayer membranes were built using the CHARMM-GUI (Jo et al., 2007; Jo et al., 2008; Jo et
al., 2009; Lee et al., 2016; Wu et al., 2014) web server. The CHARMM36 protein (Best et al.,
2012; MacKerell et al., 1998) and lipid (Klauda et al., 2010) force fields were used for all
simulations. Bilayer membranes were built with 100 DOPG and 50 DOPE lipid molecules per
leaflet. 12 lipids were removed from one leaflet to mimic the defect distribution in curved
membranes. The endophilin HO (sequence: MSVAGLKKQFHKATQKVSEKVG) was simulated
for 10 ns at 400K to unfold the helix and then simulated at 310K for 10 ns to generate an
ensemble of configurations to begin the folding simulations. 9 configurations were chosen,
where one of the hydrophobic residues (V21, V3, L6, F10) was orientated in opposite directions
of the rest of the helix. Each configuration was inserted into a large packing defect on the
membrane, such that it was the only residue in the hydrophobic region, with the rest of the
protein in solution, using VMD (Humphrey et al., 1996). Each system was then re-solvated and
ionized (150 mM NaCl) using VMD.

Simulations Using Anton

Simulations were run on the ANTON (Shaw et al., 2009) supercomputer. Simulations were

integrated using the multigrator (Lippert et al., 2013) with a 2-fs timestep using RESPA

107



(Tuckerman et al., 1992), where long range electrostatic interactions were evaluated every three
timesteps. VDW interactions were switched to zero between 1.0 and 1.2 nm, and Particle Mesh
Ewald (Essmann et al., 1995) was used to evaluate electrostatic interactions. All bonds to
hydrogen were constrained using the SHAKE algorithm (Ryckaert et al., 1977). The Nose-
Hoover thermostat (Hoover, 1985) was used to maintain temperature at 310 K with a coupling
time constant of 1.0 ps. The MTK barostat (Martyna et al., 1994) maintained a pressure of 1.0

atm semiisotropically.
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Chapter 6. A Bottom Up Approach for Multi-Configuration Coarse Grained Molecular

Dynamics

6.1 Abstract

Standard coarse-grained modeling techniques have difficulty capturing multiple configurations
of protein systems. Here we present a method for creating accurate CG models with multiple
configurations using empirical valence bond theory. Individual CG models are created to capture
the individual states, and the coupling between the two states is determined from the all-atom
potential of mean force. We show that the multi-configuration coarse-graining (MCCG) method
accurately captures the transition state as well as the free energy between the two states. We test

the method on the folding of dodecaalanine as well as the amphipathic helix of endophilin.

6.2 Introduction

Cellular systems are inherently multiscale, involving the interplay of many length scales and
time scales working in concert. As a result, the theoretical methods used to understand these
systems must be able to take into account this multiscale nature. Although molecular dynamics
(MD) simulations can be used to successfully probe bio-molecular processes and interactions in
ways that can complement experimental results (Schlick et al., 2011), standard MD methods are
limited to length and time scales that may be unable to accurately characterize biological
phenomena. These systems require the use of multiscale MD methods (Marrink and Tieleman,
2013; Riniker et al., 2012), where low resolution, or coarse grained (CG), models of biological
molecules are developed to reduce the computational cost of such simulations; all while

maintaining the fundamental physics and chemistry underlying the biological processes (Noid,
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2013). The use of low-resolution CG models can be used to probe important biological processes
such as protein-protein interactions (Grime and Voth, 2012; Langowski et al., 2013; Pak et al.,
2017), membrane remodeling by proteins (Arkhipov et al., 2008; Braun et al., 2012; Fuhrmans
and Marrink, 2012; Simunovic et al., 2016; Simunovic et al., 2013; Simunovic and Voth, 2015;
Simunovic et al., 2015; Su et al.,, 2018), and large-scale protein conformational changes
(Elofsson et al., 2012; Kalli et al., 2016; Lelimousin et al., 2016; Yefimov et al., 2008).

Current CG models are often unable to accurately reproduce conformational change of
proteins (Marrink and Tieleman, 2013; Riniker et al., 2012), and are typically best suited to
reproduce a single conformation of a protein. However, even CG models that are able to capture
multiple protein conformations are still unable to reproduce neither the free energy difference
between the two states nor the transition barrier (Calero-Rubio et al., 2016; Rudzinski and
Bereau, 2016). This has been demonstrated for CG models that were parameterized with a top
down approach, incorporating information from experiment, or a bottom-up approach, where
high frequency motions in higher resolution all-atom (AA) simulations are integrated out to
generate smoother, but less detailed interaction potentials. The popular MARTINI protein force
field (de Jong et al., 2013; Monticelli et al., 2008), a top-down CG model, requires an elastic
network on the peptide backbone to maintain secondary structure and is therefore restrained to
the native state (Marrink and Tieleman, 2013; Periole et al., 2009). Bottom up CG approaches,
including relative entropy minimization (REM) (Shell, 2008) and multiscale coarse-graining
(MS-CG) (Izvekov and Voth, 2005; Noid et al., 2008a; Noid et al., 2008b) can at best capture
portions of multiple conformations, but less accurately capture the free energy difference
between the states and the transition barrier (Carmichael and Shell, 2012; Rudzinski and Noid,

2015; Thorpe et al., 2008). This deficiency of current CG modeling techniques prevents the
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study of complex, multiscale biophysical phenomena, including for example, actin
polymerization, where the ATP hydrolysis within actin as well as actin conformational change
drive polymerization and depolymerization (Pollard et al., 2000) .

Much of the previous work on multi-configuration CG modeling has been focused on
developing fine-grained, Ca elastic network models of proteins that can switch between two or
more equilibrium states (Best et al., 2005; Chu and Voth, 2007; de Marco and Varnai, 2009;
Maragakis and Karplus, 2005; Okazaki et al., 2006; Zheng et al., 2007). These methods treat the
individual equilibrium configurations as discrete states and use an empirical valance bond
method (EVB) like approach to couple the discrete states while also providing the smooth saddle
point between the states. The benefit of this approach is that the CG model can sample
configurations, or states, corresponding to very different structures. But, switching between
structures in these simulations is not parameterized in a multiscale manner that accurately
reproduces key features in the potential of mean force (PMF), such as the transition barrier and
the free energy difference between the states.

In this work, we introduce a new multi-configuration coarse graining (MCCG) method that
can both switch between CG models during the course of a MD simulation and directly takes
into account the AA PMF to couple the individual CG models. The multiscale approach results
in CG simulations that can reproduce the AA PMF, but with much fewer degrees of freedom
than the AA case. In the MCCG method presented here, an EVB-like approach is used, where
the diagonal elements of the Hamiltonian represent the potential energy surface for each of the
independently developed CG models. MCCG takes advantage of the strength of CG models to
accurately reproduce individual protein conformations. Each of these models can represent the

system in a different state, e.g. folded or unfolded, open or closed, in membrane or in solution.
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The off-diagonals elements represent the thermodynamic coupling between the CG states. The
coupling is treated as function of CG CVs that describe the transition between states and is
directly calculated from the AA PMF in a way that compensates for the differences between the
CG potential energy surfaces and the AA PMF. This results in a CG simulation that can
reproduce all of the features of the AA PMF, including the saddle point barrier, in terms of CG

CVs that describe the transition between the CG structural states.
6.3 Theory and Methods

6.3.1 Theory
To develop CG models that can adopt multiple configurations, we first treat the individual

structures as discrete states with completely separate force fields and potential energy surfaces,
labeled ¥, (R")and V,,(R") . Here, we are limiting ourselves to the case where only two CG

structural models are considered. Although our system is not a quantum mechanical system,
treating the individual CG structures as discrete thermodynamic states allows us to conveniently
describe the system using an eigenvalue problem, as in the case of electron transfer.(Marcus,
1964) By using the following characteristic equation, the potential energy surface, £, can be

created that includes a smooth saddle point between the potential energy surfaces of the

individual CG models, VH(RN) and sz(RN) :

MiRY) VR e | g 6.0)
Vlz(RN) sz(RN) &) G '
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where R" is the CG coordinates, V“(RN) and V22(RN) are the potential energy surfaces of the
discrete thermodynamic states, V,,(R")is the thermodynamic coupling between the two states,
E is the potential energy surface of the total system, and ¢, and ¢, are the components of the

eigenvector. In the MCCG model, the ¥, (R") and V,,(R") terms are determined by the force

fields describing the individual states.
If there is a nontrivial solution to the characteristic equation above, then the secular equation

can be solved for the lowest energy eigenvalue:

Vi(RY)—E  V,(R")
=0 (6.2)
I/lz(RN) V22(RN)_E

resulting in the following expression for the potential energy surface:

1/2

1 +V,(R") (6.3)

E= E[V“(RN)+ V22(RN)]— (

V(R -V (RY)Y
2

Previously developed multistate MD methods have either treated the off-diagonal coupling term,
VH(RN), as either a constant (Best et al., 2005; de Marco and Varnai, 2009; Maragakis and

Karplus, 2005; Okazaki et al., 2006) or have used a second order expansion around the saddle

point to approximate the coupling (Chang and Miller, 1990; Chu and Voth, 2007).
Our goal in this work is to develop a method for determining V,,(R") using parameters
calculable from AA simulations. This will allow the CG system to reproduce the PMF calculated

for the AA system. To this end, we can solve the potential energy solution in eq. (6.3) for the off-

113



diagonal coupling term, Vlz(RN), in terms of both the individual states and the total potential

energy surface:

VoYY =V, (RN~ E][V,,(R)~ E] (6.4)

To derive an expression for VIZ(RN ) in which we can easily calculate the relevant terms, we

make two assumptions. First, similar to the CG method of Boltzmann Inversion (BI), we make

the assumption that the potential energy surface of the CG system can be approximated by the
true many-body PMF, F(R"). Here we will use the AA PMF in place of the true system PMF,
but this may also be determined using force-pulling experiments or constructed ad hoc. Second,
we assume that we can describe the process of transitioning from state VM(RN ) to state VZZ(RN )
with a single, or collection of, collective variables Q. The off-diagonal coupling can now be

rewritten in terms of the PMFs of the CG diabatic states, F,,(Q) and F,,(Q), as well as the AA

PMF, F, (Q)

Vy(Q) =[ F(@)- F (@) ][ F,,(Q)- F,,(Q) ] (6.5)

For F,,(Q), we assume that there is a function that maps the AA coordinates onto the CG CV,
0. By including the off-diagonal coupling between states in a way that is determined directly
from the AA PMF, the potential energy surface of this MCCG model can exactly reproduce the
AA PMF in terms of CG CVs.

If the coupling term is correct, the MCCG PMF will match the AA PMF. But, as in the case

of BI, entropic contributions from the AA system have not been accounted for in the CG
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potential energy terms. To account for this, V,,(@) must be iteratively updated (as in Iterative
Boltzmann Inversion) to create agreement between the AA and CG PMF. The coupling term

V,(Q) is iteratively updated to improve the resulting MCCG PMF by adding the difference

between the AA PMF F,,(Q) and the MCCG PMF F,,...(Q) to the coupling term:

V1[2+1(Q) = V]Z(Q) + a(FAA (Q) - F/\i//CCG (Q)) (66)

where & is a tuning parameter to ensure convergence. Successive updates to the off-diagonal

coupling term will drive the MCCG PMF to approach the AA PMF.

6.3.2 Simulation Details

AA Simulations

All Atom (AA) simulations were performed with the GROMACS (version 5) simulation suite
(Abraham et al., 2015) using the CHARMM36 force field (Best et al., 2012). Simulations were
integrated with a 2 fs timestep. Non-bonded VDW interactions were switched to zero between
1.0 and 1.2 nm. Electrostatic interactions were evaluated using Particle Mesh Ewald (Essmann et
al., 1995). Bonds to hydrogen were constrained using the LINCS algorithm (Hess, 2008).
Temperature was maintained at 310 K using the stochastic velocity rescaling thermostat (Bussi et
al., 2007) with a coupling time constant of 0.1 ps. The pressure was maintained isotropically in
constant pressure simulations using the Parrinello-Rahman barostat (Parrinello and Rahman,
1981) at a pressure of 1.0 bar, a compressibility of 4.5x10, and a coupling time constant of 2.0
ps. Coordinates were saved every 1 ps.

AA System Initialization and Equilibration: The endophilin HO amphipathic helix (Sequence:

MSVAGLKKQFHKATQKVSEKVG) and the capped alanine 12-mer were each initialized in a
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linear configuration using the Molefacture plugin in VMD (Humphrey et al., 1996). HO and
dodecaalanine were solvated using VMD in a TIP3P water box with a side length of 6.0 and 4.8
nm, respectively, and ionized with 150 mM NaCl. The two peptides were then energy-
minimized using the steepest descent algorithm to a maximum force of 1000 kJ mol-1 nm-1; the
systems converged within 500 steps. The peptides were then equilibrated for 1 ns in the
isothermal-isobaric ensemble (NPT).

AA production simulations: Dodecaalanine (ALA-AA) was simulated for 1 ps in the canonical
ensemble (NVT) to adequately sample the folding/unfolding process. Free energy surfaces and
CG models were obtained from the single, 1 us simulation. HO was simulated (HO-AA) using
temperature replica-exchange molecular dynamics(Sugita and Okamoto, 1999) (T-REMD) with
72 temperature windows exponentially distributed from 310 K to 565 K. Each temperature
replica was first equilibrated at the respective temperature for 100 ps. Each temperature replica
was then simulated for 100 ns, with exchanges occurring every 100 steps. The average exchange
probability across all replicas was 25%. Free energy surfaces and CG models were obtained from
the lowest temperature replica.

CG Simulations: Coarse-grain (CG) simulations were carried out using the LAMMPS
simulation package (Plimpton, 1995). Simulations were integrated with a 5.0 fs timestep.
Temperature was maintained using the Langevin thermostat (Schneider and Stoll, 1978) with a
damping coefficient of 500 fs. Coordinates were saved every 200 timesteps. MCCG simulations
were performed using a newly designed plugin for LAMMPS simulation package
(https://github.com/mocohen/USER-MCCG), which interfaces with the PLUMED2

plugin.(Tribello et al., 2014) MCCG simulation parameters were the same as the CG simulations.
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CG Models

Dodecaalanine: Four solvent free CG models of Dodecaalanine were constructed from the 1 ps
AA simulation. Each alanine residue was represented by a single bead corresponding to the o
carbon, for a total of 12 CG beads for the whole peptide. Two methods for creating CG models
were used: heterogeneous elastic networks (Lyman et al., 2008) (HENM) and Boltzmann
Inversion (BI). HENM models of polyalanine were created using the full trajectory (ALA-
HENM) as well as for only the folded configurations (ALA-HENM-F). HENM models were
constructed using a cutoff of 1.5 nm. BI models of polyalanine were created using the full

trajectory (ALA-BI) as well as for only the unfolded configurations (ALA-BI-U), configurations

with a helicity (Q, ) less than 0.2. Each bead in the BI model was treated equivalently - models

hel
were constructed with a single bond, angle, dihedral, and non-bonded interaction. Each CG
model of dodecaalanine was simulated for 4 billion timesteps to obtain the free energy surfaces.

HO: Two solvent free CG models of h0 were constructed from the lowest temperature replica of
the AA T-REMD simulation. Each residue was represented by a single bead corresponding to the
Ca carbon, for a total of 22 CG beads for the whole peptide. An HENM model of hO was
constructed using only the folded configurations (HO-HENM-F). The HENM model was
constructed using a cutoff of 1.5 nm. A BI model of h0 was created using only the unfolded
configurations (HO-BI-U). Each bead in the BI model was treated equivalently — models were
constructed with a single bonded, angular, dihedral, and non-bonded interaction. Each CG model

of h0 was simulated for 4 billion timesteps to obtain the free energy surfaces.
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MCCG Models: MCCG models were constructed for dodecaalanine (ALA-MCCG) and h0O (HO-
MCCQG) using the folded HENM and unfolded BI CG models for the two states. For the iterative

(04

procedure, ¥ was set to be 1.

6.4 Results and Discussion
In this study, we demonstrate the ability of a coupled two-state CG system to capture the folding

and unfolding of two different peptides: an alanine 12-mer and endophilin hO.

6.4.1 Dodecaalanine

Dodecaalanine was chosen as the first system to study because it has been used in previous
studies, which have attempted to capture the folding and unfolding process of peptides
(Carmichael and Shell, 2012; Rudzinski and Noid, 2015). We first simulated dodecaalanine for 1
us using AA MD. This fine-grained simulation sampled folded, partially folded, globular, and

extended configurations. The free energy surface (Figure 6-1) along the collective variables

(CVs) helicity (@Q,,) and radius of gyration (Rg) shows a large free energy minimum in the
unfolded configuration (Q,,< 0.2) as well as a few small free energy minima in the helical

configurations (@,,,> 0.8). These two CVs have been previously (Rudzinski and Noid, 2015)

used to characterize the different conformations explored by dodecaalanine.
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Figure 6-1 2D potential of mean force for the AA dodecaalanine (ALA-AA) system.
The PMF is plotted with mapped coordinates as a function of helicity (@, ,) and radius of

gyration (R, ). The folded state is denoted in the red square (F), and the unfolded state (U) in
purple.

We chose a Ca mapping — one CG site per residue at the Ca position — for each CG. A Ca
CG mapping is able to characterize the difference between an unfolded or folded helix (Tozzini
et al., 2006). Using the Ca CG mapping, we developed two simple CG models to try to capture
the folding and unfolding of the peptide using the AA trajectories. Both the Boltzmann Inversion
(ALA-BI) and Heterogeneous Elastic Network (ALA-HENM) models developed from the AA
trajectory of dodecaalanine failed to capture this transition, as seen in the 2D PMF (Figure 6-2).

ALA-BI reproduces only portions of the folded configuration and is quite sticky — it stabilizes

structures with small radius of gyration (Rg < 0.4), configurations that are not sampled in the AA

simulation. ALA-HENM samples the unfolded configuration as well as a large number of high-

energy states that are not sampled in the AA simulation. Previous studies by Carmichael and
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Shell(Carmichael and Shell, 2012), as well as Rudzinski and Noid, (Rudzinski and Noid, 2015)
have demonstrated the inability of more complicated CG methods to accurately capture both the
folded and unfolded configurations of alanine polymers using the REM, iterative generalized

Yvon-Born-Green, (Cho and Chu, 2009; Lu et al., 2013) and MS-CG techniques.

ALA-BI
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0.6

Qhe]
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02 —
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0.8 —
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[ e ——
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kJ/mol

Figure 6-2 2D potentials of mean force of dodecalalanine for the BI (ALA-BI) and hENM
(ALA-HENM) CG models.

The PMF is plotted with mapped coordinates as a function of helicity (@, ) and radius of
gyration (Rg ). ALA-BI and ALA-HENM both cannot reproduce the AA mapped PMF, and do

not even sample portions of the AA mapped PMF well.
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Figure 6-3 2D potentials of mean force of dodecalalanine for the unfolded BI (ALA-BI-U)
and folded hENM (ALA-HENM-F) CG models.

The PMF is plotted with mapped coordinates as a function of helicity (@, ) and radius of

gyration (Rg ). ALA-BI-U reproduces the unfolded portion of the AA PMF, and ALA-HENM
reproduces the folded portion of the AA PMF.
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We next parameterized separate CG models to model the folded and unfolded configurations.
A BI CG model parameterized solely from AA coordinates of the unfolded configuration (ALA-
BI-U) reproduced the unfolded portion of the 2D PMF, and a heterogeneous Elastic Network CG
model parameterized solely from AA coordinates of the folded configuration (ALA-HENM-F)
reproduced the folded portion of the 2D PMF (Figure 6-3). While these simple CG models
reproduce the general shape of the unfolded and unfolded areas of the PMF, they do not contain
some of the local minima observed in the AA PMF. This is to be expected, as CG models
generally smooth out the PMF. Additionally, more features could be obtained in the individual
CG models if more sophisticated CG modeling techniques, such as MS-CG and REM, are used
to build the diabatic states.

Using these CG models as the diabatic states, and the AA and CG 2D PMFs to calculate the

coupling, we constructed an MCCG model of dodecalanine (ALA-MCCG). The coupling term
V,(Q) was mostly localized to the transition region between the two states (Figure 6-4). Due to

the large transition region, the coupling is required to operate over a large portion of
conformational space. The resulting 2D PMF from simulations of ALA-MCCG show sampling
in both the folded and unfolded configurations, with transitions between the two states (Figure

6-4).
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Figure 6-4 MCCG Model of dodecaalanine
Top. Tabulated coupling term, (V,,(@) ), used for the dodecaalanine MCCG model, as a function

of helicity (@, ) and radius of gyration (R ).
Bottom. Resulting MCCG PMF for dodecaalanine (ALA-MCCG). ALA-MCCG reproduces 2-

state behavior, but does not reproduce the barrier height or well depths.

While the MCCG model was able to describe the two-state behavior of dodecaalanine, it was
not able to accurately reproduce neither the barrier height nor the free energy difference between
the two configurations. The high PMF barrier, 25 kJ/mol in the MCCG model versus 15 kJ/mol

in the AA model, suggests that the coupling in the transition region is too low. We therefore
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refined the MCCG model by using the iterative procedure described in Equation (6.6). Since the
MCCG PMF is most different compared to the AA PMF in the transition, this slowly increases
the coupling in the transition region, and the MCCG PMF barrier will approach the AA PMF

barrier. As seen in Figure 6-5, the iterative MCCG procedure reduces the free energy barrier to
20 kJ/mol by the third iteration and 17 kJ/mol (within an order of k,T ) by the seventh iteration.

Additionally, the PMF well depths, at 0 kJ/mol for both states in the AA PMF is matched by the
seventh iteration. It should be noted that the AA PMF contains at least 10 local minima, which
are smoothed out in the CG PMF. While MCCG substantially improves the transition region, it
should not be expected to improve other aspects of the CG model, especially features in the
diabatic wells. The primary motions of the system are driven by the diabatic potentials — it is
only in the transition region that the coupling term has an effect. But, with MCCG, diabatic
states derived from simple CG models can more accurately reproduce the AA PMF compared to
more sophisticated CG modeling techniques.

We further analyzed the MCCG trajectories to determine whether ALA-MCCG can
accurately capture additional CVs that were not included in the coupling term (SI FIGURE 1).

For each additional CV, MCCG produces a PMF that is a mix between the ALA-HENM-F and

ALA-BI-U models. The two collective variables most correlated with the coupled CVs, R;z (the

second component of the gyration tensor which describes the width of the polymer) and RMSD
improve the most compared towards the 1D AA PMFs. But, end-to-end distance, which is least
correlated with the coupled CVs, is significantly worse at reproducing the reference AA PMF.
This demonstrates the importance of choosing good CVs for the coupling term. CVs not

correlated with the coupled CVs may be adversely affected by the MCCG procedure. By
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reducing the many-body PMF to the PMF dependent only upon a few CVs, some information is
lost. Choosing CVs that can best represent the many body PMF will produce the best MCCG
models. When building MCCG models, it is important to check whether properties not correlated

with the coupled CVs are worsened.
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Figure 6-5 PMFs of dodecaalanine iterative MCCG model.
2D PMFs as a function of helicity (@, ,) and radius of gyration (Rg ) comparing the mapped AA

system (ALA-AA) with various iterations (Iter X) of MCCG. The iterative procedure improves
the difference in free energy difference between the two states, as well as the free energy barrier
to match the AA system.
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6.4.2 Endophilin HO

The folding process of endophilin HO, a 22 residue amphipathic helix that targets curved
membranes, has been previously studied by (Cui et al., 2013). The folding process was
characterized using the CVs aff similarity and the number of backbone hydrogen bonds. These
CVs can only be described using atomistic detail. Here, we chose to characterize the folding

process using the RMSD from the idealized folded configuration and the second component of

the gyration tensor(Vymetal and Vondrasek, 2011) (R;Z) of the Ca coordinates (Figure 6-6A).

These CVs adequately separate the two states and contain a minimal transition region. The

folded configuration of HO is characterized by R;z and RMSD values less than 0.4 nm, while the

unfolded configuration is characterized by RMSD > 0.5 nm.
A BI CG model of the unfolded configuration (HO-BI-U) and a hENM model of folded

configuration (HO-HENM-F) accurately reproduced respectively, the unfolded and folded

portions of the PMF, along the CVs R;Z and RMSD , but with smoothed PMF minima compared

to the AA PMF. CG techniques typically smooth out portions of the potential energy surface
because the high frequency motions are integrated out of the model. We then constructed an
MCCG model of HO (HO-MCCG). As in the case of dodecaalanine, the coupling is highest in the
transition region (Figure 6-6), as well as regions not sampled by the diabatic states (RMSD> 1.0

nm and RMSD < 0.2 nm).
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Figure 6-6 PMFs of AA and CG models of endophilin HO
2D PMFs as a function of root mean squared deviation (RMSD ) and the second component of

the gyration tensor (R;z) for HO. For the mapped AA system (HO-AA), the folded state is

denoted in the red square (F), and the unfolded state (U) in purple. The Boltzmann inversion CG
model of the unfolded state (HO-BI-U) captures the unfolded portion of the AA PMF, and the
hENM CG model of the folded state (HO-BI-F) captures the folded portion of the AA PMF. The

coupling term (V,(Q) ) is at a maximum in the transition region (RMSD=0.45) as well as the
portions of the PMF unsampled by HO-BI-U and HO-HENM-F.

HO-MCCG exhibits two-state behavior, sampling both the unfolded and folded

configurations, with transitions between the two states (Figure 6-7). HO-MCCG has a barrier
height of 10 kJ/mol, within an order of k,T of the barrier height of 7.5 kJ/mol in the AA PMF.

As in the case of dodecalanine, the initial barrier height is incorrect. Applying the iterative
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MCCG method for only 2 iterations for HO-MCCG reproduces the 7.5 kJ/mol barrier height at
RMSD= 0.5 nm.

The HO-MCCG PMF is in much better agreement with the AA PMF compared to ALA-
MCCQG. This is likely caused by the more accurate diabatic states in the case of HO-MCCG. The
coupling term is required to do less work to reproduce the AA PMF, as it is already more
accurately represented by the individual CG models. Additionally, the number of iterations
required to converge the barrier height and PMF minima is significantly reduced due to the much

improved CG diabatic states.
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Figure 6-7 PMFs of iterative MCCG model for endophilin HO.
2D PMFs as a function of root mean squared deviation (RMSD ) and the second component of

the gyration tensor (R;Z) comparing the mapped AA system (HO-AA) with various iterations

(Iter X) of MCCG. The iterative procedure improves the difference in free energy difference
between the two states, and converges to HO-AA within 2 iterations.
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6.5 Conclusion

The method introduced in this work is able to capture the transitions between multiple CG
models in a way that can reproduce the AA PMF for the process. Proteins can undergo major
conformational changes that cannot always be captured by a single CG model. This can
especially be the case when conformational changes are due to degrees of freedom that have
been absorbed into the CG site. Although previous methods have been developed that can
simulate a CG model that transitions between multiple conformational states, these methods are

not guaranteed to reproduce key features of the PMF. Our new method is able to use AA-based
off-diagonal coupling, the V,,(@) term in eq. (6.5), to reproduce the correct distribution of states

as well as the transition barrier.

An important strength in our new method is the fact that the off-diagonal coupling term is a
function of the CVs that describe the transition process. When a constant off-diagonal coupling
term is used, the system is unable to capture the correct location of the transition barrier. Using a
coupling term that is a function of the transition CVs not only allows the system to reproduce the
transition barrier, but also leads to more realistic descriptions of the transition process.
Additionally, as the method is applied to other systems, more complicated CVs can be used to
take into account other influences on structural transformations, such as environmental
interactions. As long as a PMF can be calculated to describe the transition between states,
whether from AA simulations or from experiment, an accurate MCCG model can be
parameterized for the system of study.

Another advantage of the MCCG is the ability to use simple CG models to capture complex,

multistate behavior instead of more complex CG methods. An accurate MCCG model instead
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requires the calculation of the AA PMF, for which many methods have been developed
(Barducci et al., 2008; Darve et al., 2008; Laio and Parrinello, 2002b; Sun et al., 2016; Torrie
and Valleau, 1977). If CG models are made for each of individual protein conformations and the
AA PMF is known for the structural transition, then an MCCG model can be created for the
system. The major reduction in computational effort can be taken advantage of to investigate
new emergent behavior. When many proteins are allowed to interact with each other, as occurs
in cellular environments, the MCCG model will not only be influenced by the AA PMF for a
single protein, but also by the interactions between proteins on the CG level. This will lead to
simulations that will be more representative of actual cellular environments, where protein
conformations are influenced by both smaller scale atomistic level interactions and by the larger

scale protein motions and protein-protein interactions.
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