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0 Preface 

The goal of this thesis was to characterize how α-Synuclein (αSyn) modifies lipid 

membranes in the presynaptic terminals of neurons. I aimed to couple molecular 

dynamics (MD) simulations with atomic force microscopy (AFM) and vesicle tubulation 

assays (done by collaborators) in order to characterize model membranes that include 

understudied lipids with features predicted to alter membrane mechanics. Synaptic 

vesicles and mitochondria are the two most prevalent organelles in the presynaptic 

terminal, where αSyn is natively located. The key lipid features of synaptic vesicles and 

mitochondria are highlighted in Figure 0.1. Chapter 1 uses molecular dynamics to study 

the interaction between αSyn and synaptic vesicle lipids. Chapter 2 combines molecular 

dynamics simulations with tubulation assays and binding affinity experiments to 

characterize how mitochondrial lipids change how αSyn remodels membranes. Finally, 

chapter 3 develops atomic force microscopy (AFM) methods to characterize αSyn and 

how it changes the mechanical properties of lipid membranes. Appendices A and B 

present other computational methods designed to compliment drug screening 

experiments. Appendix A features an algorithm to rank prospective lead drug compounds 

based on output from docking software, and appendix B uses elastic modeling and 

network analysis to examine how modifications to protein structure change the dynamics 

and connectivity of a protein. Appendix C is a mini-review on the complicated interplay 

between αSyn and oxidative stress.  

 

The first chapter was published in BBA-Biomembranes. In this study, I used molecular 

dynamics to demonstrate the effects of polyunsaturated fatty acids (PUFAs) and 

cholesterol, which are enriched in synaptic vesicle membranes, on the phase behavior of 

lipid membranes and show how αSyn associates with different lipid phases and PUFA-

containing lipids. Next, I turned my attention towards mitochondrial membranes where I 

examined how lipids enriched in the mitochondrial membrane—

phosphatidylethanolamine (PE) and cardiolipin (CL)—change the curvature-inducing 

ability of αSyn. Our collaborator’s experimental results demonstrated a clear relationship 

between the amount of PE or CL and the extent of αSyn-induced bilayer remodeling. I 
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conducted a series of molecular dynamics simulations to characterize the biophysical 

mechanism behind this lipid-dependent remodeling. In chapter 2, I detail the results of 

the study and provide a detailed experimental design for how the project should be 

continued. Chapter 3 highlights AFM methods I used to characterize lipid vesicles and 

features analysis software that I wrote to enhance the visualization and analysis of pulsed 

force mode (PFM) data.  

 

 
Figure 0.1 Features of synaptic vesicle and mitochondria lipid membranes.  

The synaptic vesicle composition is organized by lipid tail, and the mitochondria graph is organized by 

lipid headgroup. The large amount of polyunsaturated fatty acid and cholesterol were identified as key 

features in the synaptic lipid composition and are the focus of chapter 1. Cardiolipin and 

phosphatidylethanolamine were identified as key features in mitochondria and are the focus of chapter 2.  
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1 Polyunsaturated chains in asymmetric lipids disorder raft 

mixtures and preferentially associate with α-Synuclein 

 

Reprinted and Adapted from: 

Benjamin E. Brummel, Anthony R. Braun, Jonathan N. Sachs. Biochimica et Biophysica 

Acta (BBA) – Biomembranes, 1859(4), April 2017: 529-536. 

Copyright © 2017 Elsevier  

 

Using molecular dynamics simulations, we have explored the effect of asymmetric 

lipids—specifically those that contain one polyunsaturated (PUFA) and one saturated 

fatty acid chain—on phase separation in heterogeneous membranes. These lipids are 

prevalent in neuronal membranes, particularly in synaptic membranes, where the 

Parkinson’s disease protein α-Synuclein (αSyn) is found. We have therefore explored the 

relationship between asymmetric, PUFA-containing lipids, and αSyn. The simulations 

show that asymmetric lipids partition to the liquid disordered (Ld) phase of canonical raft 

mixtures because of the highly disordered PUFA chain. In the case of a membrane built 

to mimic the lipid composition of a synaptic vesicle, the PUFA-containing asymmetric 

lipids completely disrupt phase separation. Because αSyn is positively charged, we show 

that it partitions with negatively charged lipids, regardless of the saturation state of the 

chains. Additionally, αSyn preferentially associates with the polyunsaturated fatty acid 

tails of both charged and neutral lipids. This is a consequence of those chains’ ability to 

accommodate the void beneath the amphipathic helix. 

1.1 INTRODUCTION 

Amphipathic α-helical proteins bind to biological membranes and alter their physical 

characteristics, including shape [1–3], order [4], and phase [5]. Yet the biophysical details 

as to how these proteins affect the organization of lipids in complex biological 

membranes remains poorly understood. αSyn is a physiologically important amphipathic 

helix because of its role in Parkinson’s Disease [6–8]. Recently, solid-state NMR was 
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used to show that αSyn homogenizes phase-separated, model membranes containing both 

liquid ordered (Ld, enriched in POPC) and liquid disordered (Lo, enriched in 

Sphingomyelin and cholesterol) phases, reducing both the bilayer’s overall order and 

thickness [5]. Synaptic vesicle (SV) membranes, a primary physiological location for 

αSyn [9], have profoundly different lipid compositions than these canonical lipid raft 

mixtures. In particular, greater than 60% of the non-cholesterol lipids are asymmetric, 

meaning they contain one polyunsaturated fatty acid (PUFA) and one saturated fatty acid; 

cholesterol makes up 45% of the total lipid content; and SM makes up just 4% of the 

composition [10,11]. Konyakhina & Feigenson recently solved a phase diagram for a 

mixture containing asymmetric PUFA-containing lipids, sphingomyelin, and cholesterol 

[12]. In the region of Lo/Ld phase coexistence these PUFA-containing lipids form the Ld 

phase while sphingomyelin and cholesterol pack into the Lo phase, much like a canonical 

raft mixture.  

 

The motivation for this current computational study is to begin to understand how αSyn 

relates to the complex lipid constituency of synaptic vesicles. Specifically, coarse-grained 

molecular dynamics (MD) simulations were used to predict how αSyn interacts with 

asymmetric PUFA-containing lipids in a variety of complex bilayers. MD simulations 

have previously been used to study PUFA-protein interactions and revealed that the 

transmembrane protein rhodopsin has a preference for the PUFA chain in asymmetric 

PUFA-containing lipids [13]. The extreme flexibility of PUFAs allows them to adopt 

irregular conformations that maximize contact with proteins, which is not possible for 

rigid saturated fatty acids. The details of the interactions between PUFA-chains and 

amphipathic helices, on the other hand, have not been investigated with MD simulation. 

Relatedly, we have recently used simulations to show that αSyn disorders lipid chains 

directly beneath the protein when embedded in simple, single-component bilayers 

composed of asymmetric lipids containing a monounsaturated chain and negatively 

charged headgroup (POPG) [4].  

 

Because it is polybasic, αSyn binds with much greater affinity to bilayers composed of 

negatively charged lipids [14,15]. How this relates to the interaction between αSyn and 
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synaptic vesicles remains unknown. In synaptic vesicles, the vast majority of charged 

lipids have a phosphatidylserine (PS) headgroup, and those make up 12% of the total 

phospholipid content [10]. Of these PS lipids, 98% are asymmetric with a PUFA-chain, 

underscoring the likely biological importance of αSyn/PUFA interactions. There are 

contrasting reports of αSyn’s preference for Lo or Ld phases [16–18], both in model 

biophysical settings and in cells. Given Feigenson’s recent phase diagram [12], this raises 

the question as to whether the preference of the PUFA chain for the Ld phase drives a 

synaptic vesicle’s PS lipids into that phase and, if so, whether this brings αSyn along for 

the ride. We have designed a series of simulations aimed at addressing the possibility that 

αS localizes to whichever phase is enriched in PS lipids. In so doing, we address whether 

αS (and likely other amphipathic helices) has an intrinsic attraction to a given phase, or 

whether the electrostatics and/or chain disorder drive the protein’s partitioning behavior.  

We conducted four sets of simulations: To test 1) the behavior of asymmetric PUFA-

containing lipids in phase-separated bilayers, we simulated lipid raft mixtures (4:3:3 

DPPC:DLiPC:CHOL) with and without 12% PUFA-containing lipids (18:0-22:6 PS 

(SDPS)); 2) the phase behavior and lipid mixing of synaptic vesicle membranes, we 

simulated a synaptic vesicle mimic with 45% PUFA-containing lipids (88:12 

SDPC:SDPS), 45% cholesterol, and 10% saturated lipids (DPPC); 3) how the fatty acid 

composition of anionic PS lipids influences the phase partitioning of the cationic αSyn 

helix, we simulated αSyn bound to lipid raft mixtures with and without 12% PS lipids of 

three different fatty acid compositions: mixed saturated and unsaturated (6% DPPS, 6% 

DLiPS), unsaturated (DLiPS), and asymmetric saturated polyunsaturated (SDPS); and 4) 

whether αSyn interacts with PUFA tails independent of lipid charge, we simulated αS 

bound to the synaptic mimic, which contains both charged and neutral PUFA-containing 

lipids.  

 

Coarse-grained molecular dynamics (MD) simulations used the MARTINI force field 

[19], with the GROMACS v.4 simulation software [20,21]. To model αSyn, we used a 

single extended helix, MARTINI model of residues 1-100 (the amphipathic membrane-

binding helix) [22,23], with a pre-defined secondary structure, a limitation currently 

imposed by the MARTINI force field. We have previously shown the equivalence of an 



 6 

extended helix and a broken helix in the protein’s impact on membrane curvature. It is 

possible that increased protein dynamics (e.g. in a broken helix configuration) may 

influence partitioning in complex bilayers, though we have not investigated that 

possibility here. We have previously employed the MARTINI force-field to study Lo/Ld 

phase-behavior in lipid raft mixtures [24,25], and also to study membrane-bound αS on 

bilayers [3,4]. We based our raft simulations on prior MARTINI studies of planar lipid 

bilayers which used a 4:3:3 ratio of di-16:0PC (DPPC), di-18:2PC (DLiPC) and 

cholesterol (CHOL) [26]. 

1.2  METHODS 

1.2.1 Simulation methods 

Each simulation was carried out using coarse-grain (CG) MARTINI force field 

parameters in the GROMACS v4.5.3 molecular dynamics software package. We used the 

MARTINI lipid [19], MARTINI2.2 protein [27], and MARTINI2.P polarizable water 

parameters [28]. Lipids were constructed using previously published MARTINI 

parameters. Palmitic acid (P) and linoleic acid (Li) chains were modeled with four 

MARTINI beads [26,29], stearic acid (S) was modeled with five [30], and 

docosahexaenoic acid (D) was modeled with six (table 1.1) [31]. Each system was run in 

an isothermal-isobaric ensemble (NPT) using the velocity-rescaling thermostat [32], and 

Berendsen barostat [33], with a temperature of 295 K and compressibility of 3e-4 bar-1 

with a 10 fs time step. Pressure coupling was applied semi-isotropically with the xy- and 

z-dimensions coupled separately. For non-bonded interactions, the Lennard-Jones 

potential was shifted to zero between 0.9 and 1.2 nm and the van der Waals between 0 

and 1.2 nm.  

 

To explore the interactions between SDPS, αS, lipid rafts, and SV mimics we constructed 

the following bilayers: i) 4:3:3 DPPC:DLiPC:CHOL, a standard model lipid raft system 

[26]; ii) 12% SDPS and 88% 4:3:3 DPPC:DLiPC:CHOL; iii) 45% CHOL, 40% SDPC, 

10% DPPC, 5% SDPS, a synaptic vesicle mimic based on the makeup of rat synaptic 

vesicles [10]; iv) bilayer 1 with αS; v) bilayer 2 with αS; vi) bilayer 3 with αS; vii) 6% 

DPPS and 6% DLiPS added to 88% 4:3:3 DPPC:DLiPC:CHOL with αS; viii) 12% 
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DLiPS added to 88% 4:3:3 DPPC:DLiPC:CHOL with αS (Table 1.2 Bilayer 

compositions for each system.. Each system contains ~3,500 lipids randomly seeded in 

the bilayer plane and 56,000 polarizable water molecules with the appropriate counter 

ions to balance the system to a net neutral charge. Systems 1-3 and 7 were simulated for 

5.5 μs of simulation time, and systems 4-6 and 8-9 were simulated for 10.5 μs.  

 

Table 1.1 Coarse-grained lipid parameterization 

Name Acronym Atomistic 

composition* 

CG Bead Type 

Palmitic Acid P C16:0 CCCC 

Linoleic Acid Li C18:2 CDDC 

Stearic Acid S C18:0 CCCCC 

Docosahexanoic 

Acid 

D C22:6 DDDDDC 

*CG lipid chains represent multiple atomistic lipid chains due to 4:1 carbon to CG bead mapping. 

 

For the systems with αSyn, lipids were seeded around a single protein with 23 lipids 

removed from the protein leaflet to accommodate the amphipathic helix [3]. The 

membrane-binding domain of αSyn (residues 1-100) was used. Proteins in MARTINI 

require secondary structure constraints [27]. Residues 1-93 were modeled as α-helical 

and residues 94-100 random coil [4] . 

 

Table 1.2 Bilayer compositions for each system. 

 Protein Free  With α-Synuclein 

1 4:3:3 DPPC:DLiPC:CHOL 4 4:3:3 DPPC:DLiPC:CHOL 

2 88% (4:3:3 

DPPC:DLiPC:CHOL); 12% 

SDPS 

5 88% (4:3:3 DPPC:DLiPC:CHOL); 12% 

SDPS 

3 45% CHOL; 40% SDPC; 10% 

DPPC; 5% SDPS 

6 88 % (4:3:3 DPPC:DLiPC:CHOL); 6% 

DPPS; 6% DUPS 

  7 12% DLiPS; 88% (4:3:3 

DPPC:DLiPC:CHOL) 

   8 45% CHOL; 40% SDPC; 10% DPPC; 5% 

SDPS 

 

Each system was energy minimized using the GROMACS steepest-descent energy 

minimization algorithm for 100,000 steps or until machine precision. Then solvent 

molecules were added and the system was simulated for 50-100 ps with the lipids fixed in 
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the Z-dimension to allow the solvent to accommodate the membrane. An additional 1-3 

ns were simulated without lipid constraints to allow the system to relax before beginning 

our production runs of 5.5 or 10.5 μs (actual simulation time).  

1.2.2 Data analysis 

Simulations results were analyzed with GROMACS (v.4.5.3) utilities (trjconv, trjcat, 

make_ndx) to manipulate the trajectory files and MATLAB (v.R2013) to perform 

analysis and generate figures.  

1.2.3 Number density profiles 

To show localization of the lipid components in each simulation, colored density maps 

were created from the trajectory file coordinate information for each lipid. The bilayer 

was first parsed into upper and lower leaflets by defining an undulating reference surface 

for each leaflet and averaging the two surfaces [34]. The systems with αSyn were 

oriented with the protein aligned on the x-axis. For the non-protein systems, the Cartesian 

reference orientation (default xyz-coordinates) was used. Each 30 x 30 nm leaflet was 

then binned into a 200 x 200 grid and the number of CG beads was counted in each bin 

for each lipid species. Colored density plots were then produced from a surface using the 

bin contents for each species and normalized using the number of bins and number of 

beads so the volume under the surface is 1. These plots are displayed in Figure 1.1 and 

Figure 1.6. A 500 ns time window was used to highlight domain formation and average 

out transient lipid diffusion (Figure 1.7).  

 

To determine the density of a given acyl chain near αSyn, the protein-species distances 

were divided into 0.1 nm bins and the shortest distance between any protein bead and the 

center of mass of the species of interest was selected. Additionally, the shortest distance 

between any protein bead and any bead contained by the species of interest was selected 

for comparison as shown in Figure 1.8.  We plotted the number of each acyl chain near 

the protein for SDPS and SDPC in Figure 1.5A. 

1.2.4 Total lipid local order parameters 

To show the localization of phases in each system, we calculated total lipid order 

parameters as described in our previous work [4]. Order parameters were interpolated 
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onto a uniform 100 x 100 grid encompassing the 30 x 30 nm leaflet and the resulting 

surface was then plotted using the average order parameters at each point on the grid, as 

seen in Figure 1.3A-C, Figure 1.4, and Figure 1.9.  

 

To generate one-dimensional order histograms, the order parameter values for each pixel 

were divided into 0.01 (order parameter units) bins. Figure 1.3D was generated in this 

manner.    

1.2.5 Radial distribution functions 

To calculate the radial distribution between the species in each of our systems, the 

distances between all species in the system for each leaflet were binned according to 

length using only x- and y-coordinates. Each system was then normalized to its bulk 

density. The radial distributions between each species in each system are found in Figure 

1.6. These distribution plots are truncated to 3 nm to show enrichment and depletion at 

short distances.  

1.3 RESULTS 

1.3.1 Asymmetric PUFA-containing lipids disrupt phase separation 

In order to investigate the impact and localization of the asymmetric lipid SDPS in Lo/Ld 

separated bilayers, we first simulated the canonical raft mixture (4:3:3 

DPPC:DUPC:CHOL) established by Marrink absent SDPS [26]. Figure 1.1A shows the 

two-dimensional lipid distribution as calculated over a 500 ns window, and recapitulates 

the original findings of this mixture, showing strong phase separation. The Lo and Ld are 

single, well-defined and contiguous regions separated by clear boundaries that reflect the 

nearly complete isolation of cholesterol within the saturated lipid phase. It is important to 

note that the exact size and boundaries of the phase-separated domains portrayed in our 

analysis are not characteristic of a single snapshot from the system. The temporal 

averaging across the 500 ns window smoothes the phase boundaries and results in a 

subtle loss of refined structural detail. Nevertheless, the overarching results are consistent 

across all systems and are converged over separate 500ns windows. 
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Figure 1.1. Local densities of lipid species  

(A) In a lipid raft mixture, (B) lipid raft mixture with 12% SDPS, and (C) synaptic vesicle mimic mixture 

(45:40:10:5 Chol:SDPC:DPPC:SDPS). Each plot is a 500 ns time average of a single periodic cell taken 

from 5-5.5 μs. Hot colors indicate high density and cold colors indicate low density. 

 

Figure 1.1B shows that when SDPS is added to this mixture at 12 mol% it partitions to 

the Ld phase. Unlike in the case of an asymmetric, monounsaturated lipid (POPC), which 

was shown to partition to the boundary between the Lo and Ld phases [35], the 

polyunsaturated-containing SDPS is peppered throughout the Ld domains. The 

consequences of this on the separation of the phases are profound. Qualitatively, it is 

apparent that the phases are less well defined. Most notably, the exclusion of cholesterol 

from the Ld phase appears to be less complete. While cholesterol is still excluded from 

the centers of the Ld domains, it is more likely to encroach upon the boundaries of the Ld 

domains when SDPS is present. 

 

In the SV mimic system, in which 45% of the lipids contain a PUFA, large cohesive 

domains are no longer visible (Figure 1.1C). Nevertheless, close inspection reveals co-

localization of DPPC and cholesterol into small nanodomains; for example there is a 
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cluster near the top center edge of the simulation box. Additionally, in this location there 

is a depletion of PUFA-containing lipids, most noticeable as a blue spot in the third 

panel, which shows the density of SDPC.  

 

To quantify the association between cholesterol and DPPC and understand the extent of 

ordered domain formation, the radial distribution function between DPPC and cholesterol 

for each of the three systems was calculated. Figure 1.2A shows that the likelihood of 

finding cholesterol in the first shell surrounding a DPPC lipid is quite similar in each 

system. At increasing distances, the probability of DPPC-cholesterol interactions drops 

off in the Raft + SDPS system and even more so in the SV mimic mixture, indicating the 

formation of smaller ordered domains than in the raft mixture. The addition of PUFA-

containing lipids causes the size of DPPC-cholesterol rafts to shrink. In the SV mimic, 

the RDF reaches the bulk value (g(r) = 1) at ~2 nm, whereas the Raft systems do not 

reach bulk until ~15 nm (half the box dimension). 

 

 

Figure 1.2 Cholesterol radial distributions.  

(A) Radial distribution plots between the cholesterol OH group and the phosphate bead of DPPC are 

displayed for the raft mixture (black) the raft + SDPS mixture (red), and the SV mimic mixture (blue). (B) 

Radial distribution plots between cholesterol molecules in each system. Each RDF is a time average from 

5-5.5 µs of simulation time. The full-length (15 nm) radial distribution plots are shown as insets. 

 

Additionally, cholesterol-cholesterol interactions are ameliorated when PUFA-containing 

lipids are present (Figure 1.2B), reflecting the migration of cholesterol out of the Lo 

phase. In both the Raft + SDPS and the SV mimic simulations, the probability of finding 

a cholesterol-cholesterol interaction in the first shell is roughly half as likely as in the 
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Raft system. Interestingly, although the first-shell values for these two PUFA-containing 

systems are the same, the g(r) values are much lower in the SV mimic at greater 

distances. This provides evidence that cholesterol cluster size is inversely related to 

PUFA concentration. Furthermore, there is a greater probability of an SDPS/CHOL 

interaction than a DLiPC/CHOL interaction (Figure 1.6), presumably reflecting a 

preferential interaction between the cholesterol and the saturated chains that are in the Ld 

phase. Likewise, there are increased DPPC/DLiPC interactions in the SDPS system.  

 

The changes in lipid distributions induced by PUFA-containing lipids described in Figure 

1.1 and Figure 1.2 manifest in the calculated lipid order parameter profile, which further 

highlights the impact of the these lipids on the phase behavior of the membrane. Figure 

1.3 shows the local order parameters for the raft system with and without SDPS and from 

the SV mimic mixture. As is clear from the data, SDPS severely diminishes the order of 

the Lo phase. Figure 1.3D shows a histogram of the two-dimensional order parameter 

data, quantifying the extent to which SDPS reduces phase separation. This figure shows 

that the signature of the Lo phase (peak at Sz ~ 0.75) is completely eliminated, giving 

way to a broad, mixed state in the raft mixture with 12% SDPS. Furthermore, with 45% 

PUFA-containing lipid, the region with mixed order parameter (Sz = 0.4 to 0.6) is also 

eliminated. What remains in this SV mimic mixture is a single wider Ld peak (Sz ~ 0.25). 

In this representation of the data, an ordering effect of SDPS on the Ld phase can also be 

seen, though the change in the distribution is less striking than the impact on the Lo 

phase. That this effect on the Ld phase is relatively small is somewhat surprising, given 

that the Ld phase contains both additional cholesterol and the saturated chains of SDPS. 

Thus, this must reflect the severity to which the polyunsaturated chain disorders the 

surrounding lipids, even at low mol%, mostly overcoming the presence of the cholesterol 

and stearoyl chains. In the SV mimic system, this increase in order is more pronounced, 

most likely resulting from the significantly increased cholesterol content.  

1.3.2 SDPS draws α-Synuclein into the Ld phase. 

 Having established that the polyunsaturated chain on the asymmetric SDPS lipid disrupts 

phase separation by preferential association with the Ld phase, we asked how this might 

impact the behavior of αSyn. As stated earlier, it is well known that αSyn has a strong 
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preference for charged lipids and does not bind strongly to neutral membranes in the fluid 

phase [14,18,36–38]. Previously, atomistic simulations showed that the lysine residues in 

αS form salt bridges with charged headgroup [39]. Thus, we hypothesized that the phase-

distribution of the charged lipid should dictate the partitioning of the protein. This was 

tested with multiple simulations of αSyn bound to the 4:3:3 membrane mixture doped 

with either: i) 12% SDPS; ii) 12% DLiPS; iii) 6% DPPS + 6% DLiPS; or iv) no 

additional charged lipids and the vi) SV mimic mixture. DLiPS and DPPS contain the 

same fatty acids as the raft components DLiPC and DPPC, but have anionic 

phosphatidylserine headgroups rather than zwitterionic phosphatidylcholine.  

 

Figure 1.4A shows that in the raft mixture, αSyn exhibits no obvious preference for either 

the Lo or the Ld phase, instead partitioning to the phase interface. In contrast, Figure 

1.4C shows that in the raft + 12% SDPS bilayer, αSyn partitions to the Ld phase, 

matching the behavior of the lipid (Figure 1.1). As in the protein-free simulations, the Lo 

region is small and weakly formed (details below). Tracking the protein’s position over 

the full length of the simulated trajectory shows that as the ordered regions coalesced 

they never encroached on the protein (that is, the protein never sampled the Lo phase). A 

control simulation of the 4:3:3 mixture + 12% DLiPS was used as a first test of whether 

the localization of αSyn to the Ld domain is due to the PS headgroup localization, as 

opposed to something unique about the 18:0-22:6 chains. Here too, αSyn partitions to the 

Ld phase. Of the four αSyn simulations these were the only two where the protein 

remained squarely embedded in a single phase throughout the entire trajectory.  



 14 

 

Figure 1.3 Local order parameter distributions. 

(A) Local order parameters in the raft mixture. (B) Order parameters in the raft + SDPS mixture (C) SV 

mimic order parameters (D) Order parameter histograms of the data shown in A, B, and C. Each plot is the 

average from 5-5.5 µs of simulation time and shows a single periodic cell. 

 

Next, we tested whether the partitioning of αSyn into the Ld phase in the 12% SDPS 

bilayer is in fact driven by the location of the PS headgroup, or whether the protein itself 

imposes a separate (non-electrostatic) driving force into the disordered region. To do so, 

the 4:3:3 mixture + 6% DPPS + 6% DLiPS was simulated, which controlling against the 

headgroup charge localization to a particular phase. Figure 1.4B shows that αSyn exhibits 

dramatically different partitioning behavior in this case. As in the SDPS simulation, over 

the first 2.5 µs of the trajectory αSyn is excluded from the coalescing Lo phase (Figure 

1.9). At this time point, the Lo phase is almost fully formed, though its shape remains 

somewhat diffuse. After this time point, the Lo phase becomes more regular (a single 

stripe) and engulfs the protein. Thus, the result shown in Figure 1.4B for the equimolar 

DPPS/DLiPS  system should be taken carefully. It is very possible that the protein 
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became stuck in the Lo phase due to the slow exchange of saturated PS lipids, rather than 

having a true energetic preference for that phase. Given infinite sampling, one might 

expect that the protein would continue to sample both phases, with the Lo phase weighted 

heavily by the damped lipid diffusion and exchange. It is noted that there are two small 

patches of unsaturated lipids in the Lo phase at the site of the protein, and that the order 

parameter profile immediately under the protein reflects a slightly less-ordered lipid 

milieu (Figure 1.4B).   

 

Figure 1.4 Time-averaged local order parameter. 

Sz (x̄,ȳ) for each system containing αSyn. Hot colors are more ordered than cool colors. αS is indicated with 

black circles and is oriented with the N-terminus on the left. Each image is a time-average of 500 ns taken 

from 10-10.5 μs centered on the protein and represents a single periodic box of 30x30 nm. 

 

In a further attempt to understand whether the protein has an intrinsic preference for the 

Lo over the Ld phase (absent electrostatics), we next simulated the protein in the PS-free 

raft mixture. In this case the protein was never fully engulfed in the Lo phase. It was 

again excluded from the Lo phase in the initial portion of the trajectory, however over the 
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second half of the trajectory it partitioned to the interface between the Lo and Ld 

domains. This result is consistent with the idea that the Lo/Ld interface may act as a 

defect (due to a thickness mismatch) that increases αS binding affinity to gel-phase, 

charge-free membranes [5,15,40]. Regardless, the failure of the protein to sample the Lo 

phase in this mixture further suggests that it is not the palmitoyl chains that drive the 

protein into the Lo phase in the 6% DLiPS/6% DPPS system. Collectively, these results 

suggest that the protein has very little intrinsic drive towards either the Lo or the Ld 

phase. Rather, the protein’s localization to the Ld phase in the 12% SDPS bilayer (Figure 

1.4A) is due almost entirely to the protein’s attraction to the PS headgroup on the SDPS 

lipid, which has its own intrinsic preference for the Ld phase.  

1.3.3 α-Synuclein shows a preference for PUFA chains.  

We showed recently that the lipids in the solvating shell of αSyn in a simple bilayer 

(comprised of asymmetric monounsaturated lipids) are disordered by the protein, and that 

this has consequences for the protein’s curvature-inducing properties [4]. Thus, we were 

interested in exploring the lipid organization in the solvating shell of αS. Interestingly, we 

find that there is a rotational preference of the PUFA chains for the protein (fig. 1.5A), 

which is mindful of previous studies that have shown the propensity of PUFA chains to 

interact with transmembrane proteins [13,41,42]. In this case, we presume the preference 

is a consequence of the ease with which the more disordered chain accommodates the 

void beneath the protein. In the SV mimic mixture, this effect was observed for both 

SDPS and SDPC (Figure 1.5). This result is particularly surprising given that SDPC lacks 

the electrostatic attraction to αSyn possessed by SDPS and suggests that the acyl-chain 

disordering is a driving force for lipid partitioning/orienting near αSyn. Figure 1.5B 

shows a representative snapshot of a single lipid near a segment of the αSyn monomer, 

clearly revealing the extent to which the PUFA curls underneath the helix. In addition to 

the rotational preference, there is an overall enrichment of PUFA-containing lipids near 

the protein, which is highlighted in Figure 1.8, which compares the average number of 

each type of fatty acid and cholesterol near the protein. 

 

In addition to the electrostatic interactions favoring αSyn association with SDPS and the 

disordering process favoring partitioning near αSyn for asymmetric PUFA lipids, we 
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caution that the PUFA chain parameterization in the MARTINI CG force field may 

potentially bias PUFA-protein interactions. PUFA chains are slightly more hydrophilic 

than a typical saturated fatty acid chain, and as such are more attracted to typical CG 

protein beads. However, both CG and all-atom simulation studies have identified a 

preference for unsaturated chains to associate with proteins [13,41,42]. Although we 

cannot rule out a potential bias for PUFA-protein interaction we are confident that the 

two driving forces (electrostatics and disordering) dominate the observation.  

 

Figure 1.5 Distribution of lipid-protein distances between SDPS and αSyn. 

(A) The black plot shows the distances between DHA (22:6) and the protein, and the red plot shows the 

distances between Steroyl (18:0) and the protein. This data was sampled using 0.1 nm radial bins and is 

averaged over the last 500 ns of the 10.5 μs simulation. (B) Snapshot of a single asymmetric SDPC lipid 

near the αSyn helix highlighting the orientation shown in panel A. 

1.4 DISCUSSION 

Because of its amphipathic nature, αSyn wedges into the headgroup region of a bilayer. 

This creates a void beneath the protein that forces the lipids to undergo a dynamic 

rearrangement that reduces their order [4,40,43]. In a recent NMR study of a raft-like 

mixture containing sphingomyelin but lacking PUFA chains, the protein was shown to 

disorder the lipids in the bilayer and caused a dramatic thinning [5]. Our previous 

combined x-ray scattering and simulation study used a simple monounsaturated lipid 

mixture, and showed a much smaller thinning effect [44], despite a substantial decrease 

in the order of the lipids closest to the protein [4]. Here, too, we have seen no impact of 

the protein on the total bilayer order (Table 1.1). This is not surprising in PUFA-
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containing bilayers where we have shown that the overall order of the protein-free bilayer 

is already substantially reduced (Figure 1.3D). 

 

More interesting is that αSyn also has no effect on order or thickness in the simulated 

4:3:3 DPPC/DLiPC/Chol bilayer. This simulated mixture more closely mimics the 

composition used in the NMR study (equimolar mix of EYSM/POPC/Chol). The authors 

proposed that the protein acts by disrupting the interactions between lipid chains in defect 

zones, increasing diffusion and therefore mixing. In our simulation, interestingly, the 

protein spent considerable time either in the Ld (t < 6µs) or in the interface of the two 

domains (Figure 1.9). A major difference exists between the two systems, of course, 

namely the high-melting lipid: DPPC (our simulations) and sphingomyelin (the NMR 

experiments). It was speculated that the source of the homogenization in the SM mixture 

was due, at least in part, to specific interactions between αS and the sphingosine 

backbone of SM that don’t exist with glycerolipids (hydrogen bonding and electrostatics). 

Indeed, a recent MD simulation showed a more complex electrostatic potential in an SM 

membrane in the backbone region suggestive of this difference [45]. Thus, there appear 

to be at least two molecular driving forces for domain mixing in the SM mixture, only 

one of which exists in our DPPC mixture: 1) in both cases, the more dynamic, 

unsaturated lipid chain is drawn to the void under the protein: we saw this in the 

orientation of the PUFA chain (Figure 1.5A), and also in the 6% DLiPS/6% DPPS 

bilayer, where even in the Lo domain there are small hot-spots of DLiPS and DLiPC near 

the protein; and 2) in the SM mixture only, sphingosine backbone-driven electrostatics 

and h-bonding to the protein.  

 

While the available information regarding phase behavior of PUFA-containing bilayers is 

limited [42,46,47], there has been considerable progress made in understanding how 

chain asymmetry in monounsaturated lipids affects the separation of phases. Recently, by 

using a combination of fluorescence microscopy, FRET and ESR, nanodomains that are 

smaller than the large micron-sized domains and that are invisible to fluorescence 

microscopy, have been detected [48,49]. The core finding was that chain asymmetry in 

the unsaturated lipid (e.g. POPC or SOPC) results in much smaller domains (as small as 
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5-10 nm in diameter, or approximately 50-150 lipids) than in bilayers containing 

symmetric chained lipids, such as DOPC. Additionally, in Feigenson’s ternary PUFA 

mixture, the substitution of small amounts of POPC for SDPC resulted in a transition 

from macroscopic to nanoscopic phase separation.  Significant questions remain 

regarding the nature of these nanodomains: why should small domains be stable if the 

penalty of a high line tension would tend to push the system towards larger domains? 

One possibility is that in the asymmetric lipids, the monounsaturated oleoyl chains face 

inwards, interacting with the liquid disordered (Ld) domain. This chain-rotational bias 

may decrease the energetic mismatch at the domain boundary—and hence the line 

tension—and therefore significantly decreases the driving force for large domain size 

[35]. Indeed, in the simulated bilayers with asymmetric PUFA-containing lipids, there is 

a clear blurring of the boundaries between domains (Figures 1.1 and 1.2). In this case, 

however, the PUFA chain drives the lipids into the interiors of the Ld domains, 

dramatically reducing the size of the Lo domain and slightly increasing the order of the 

Ld domain. In fact, the phase boundaries are so poorly defined in these simulations that it 

was impossible to determine the extent to which the asymmetric chains might be oriented 

(although, interestingly, they are oriented at the binding site for αSyn). The partitioning 

of PUFA-containing lipids into the Ld domain in this study is consistent with the phase 

diagram of Feigenson [12], and is consistent with the observations of Wassall [42]. 

 

While our simulations of asymmetric lipids containing PUFA chains are revealing in their 

own right, they take only one small step in the direction of building physically accurate 

models of synaptic vesicles. In addition to PUFAs, there are other characteristics of the 

SV lipid composition that will need to be addressed in future studies. For example, one 

important characteristic of SVs missing from our current model is the 2:1 

protein:phospholipid w/w ratio, and that an estimated 20% of the SV surface area is 

covered by protein [10]. It has been suggested that this high protein/lipid ratio depicts 

SVs as rigid constructs composed of large protein patches surrounded by thin shells of 

lipid, rather than phase-separated fluid membranes [10,50,51]. These thin shells of lipid 

may look something like the nanodomains described above. 
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Another critical perspective on understanding SV phase behavior is the impact of the 

high curvature imposed on SV membranes (SVs are small, with a diameter ~40nm). αS is 

known to preferentially bind to vesicles of high curvature [15], and to induce curvature in 

large bilayer sheets [15,52–54], Recent studies have shown that the Ld phase is recruited 

to tubules (curvature similar to that of an SV) pulled from the Lo phase in biphasic 

vesicles [55]. The high curvature stress induced in a tubule or a small vesicle does not 

favor the rigid lipid packing of ordered domains [56]. This perhaps explains the 

importance of such a high percentage of PUFAs in SVs relative to typical cell membranes 

[57], especially given our finding that PUFA-containing lipids reduce the extent of Lo 

phase formation. Additionally, PE phospholipids, which are curvature inducing and 

therefore may reduce the curvature-strain on SVs, make up 23 mol% of SV 

phospholipids. Perhaps more striking is that plasmalogen phosphatidylethanolamine (Pl-

PE) makes up an astounding 19% of the SV lipid content. Pl-PE is a terribly understudied 

lipid that is likely to strongly impact the physical characteristic of SVs. In particular, Pl-

PE has a vinyl ether linkage that promotes formation of the inverse hexagonal phase [58], 

and promotes membrane fusion [59]. 

 

Changes in a membrane’s phase can influence its propensity to deform and fuse 

[56,60,61]. In complex membranes (e.g. those containing Lo/Ld phase coexistence) it is 

likely that any perturbations (e.g. protein binding) that might drive the system towards a 

homogenized, Ld state will ameliorate the driving force for fusion. Understanding the 

relationship between curvature strain, phase separation and αSyn binding will remain a 

critical focal point in the study of αSyn biology and pathology. 
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Figure 1.6 Radial distribution functions. 

Distributions for each lipid species compared to all other lipid species. Each plot is taken from the latest 

500 ns window for the corresponding system (either 5-5.5 μs or 10-10.5 μs). At longer distances, the values 

converge to 1, and then continue to trend according to whether the interactions are initially enriched or 

depleted. This is because the small phase-separated systems are not evenly mixed, even at their maximum 

periodic dimensions.     
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Figure 1.7 Time series of the location of αSyn. 

The location of αSyn relative to the time-averaged local order parameter Sz (x̄,ȳ) of the lipid components in 

each system. Hot colors are more ordered than cool colors. αS is indicated with black circles and is oriented 

with the N-terminus on the left. Each image is a 500 ns time-average of a single periodic box of 30 x 30 nm 

centered on the protein, with the exception of the starting image, which is a 1 ns snapshot that emphasizes 

the random initial distribution of lipid components in all systems. 
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 Table 1.3 Average order parameters for each system‡ 

 

 

 

 

 

 

 

 
 

 
‡Each number represents the mean Sz(x,y) value across all lipids in the system averaged over the final 500 

ns window of the simulation. 

 

 

 

 

Figure 1.8 Local densities of each lipid species in four systems with αSyn.  

Each plot is a 500 ns time average of a single periodic cell taken from 10-10.5 μs. 

  

  System 5 μs 10 µs 

1 SDPS 0.34  

2 Raft 0.47  

3 Mimic 0.26  

4 SDPS + αSyn 0.35 0.36 

5 Raft + αSyn 0.46 0.48 

6 DUPS + αSyn 0.36  

7 DPPS/DUPS + αSyn 0.46 0.46 

8 Mimic + αSyn 0.26 0.26 
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Figure 1.9 Distribution of fatty acid–αSyn position in the SV mimic mixture.  

The distance is computed from the center of mass of each fatty acid to the nearest protein bead. 
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2 How α-Synuclein remodels membranes containing lipids 

enriched in mitochondrial membranes 

Benjamin E. Brummel, Siobhan Toal, Anthony R. Braun, Ana West, Andrew H. Beaven, 

Elizabeth Rhoades, Jonathan N. Sachs 

2.1 INTRODUCTION 

2.1.1 Preface  

Whereas the previous chapter focused on how α-Synuclein (αSyn)—the principle protein 

implicated in Parkinson’s disease—interacts with synaptic vesicle membranes, this 

chapter focuses on how αSyn interacts with mitochondrial membranes. αSyn has been 

shown to alter the morphology and function of mitochondria [62–64]. Mitochondria are 

present in the presynaptic terminal where they produce ATP required for synaptic 

transmission [65]. The effects of αSyn on mitochondrial membranes may be part of the 

native or pathological functions of the protein. Using synthetic membranes as model 

systems to understand how αSyn affects physiological membranes may provide key 

details about the protein’s membrane remodeling function. These details may ultimately 

prove important for understanding αSyn’s native and pathological function, which could 

potentially provide insight towards the development of a therapy for synucleinopathies. 

This chapter summarizes our findings for how αSyn remodels bilayers containing 

mitochondrial lipids, presents preliminary computational results, and finally details how 

future studies can be used to describe the biophysical mechanisms behind this 

remodeling.  

2.1.2 α-Synuclein and mitochondria 

αSyn has been shown to have deleterious effects on mitochondria [63,66–70], posing a 

threat to the respiratory process. Specifically, αSyn causes mitochondrial fission, and 

aberrant cristae formation [62] and can inhibit essential mitochondrial proteins such as 

TOM20 [64], which is involved in mitochondrial protein import. Here, we are focused on 

its effect on mitochondrial membranes. What makes the mitochondrial membrane 

composition unique is the presence of cardiolipin (CL), a four-tailed lipid with a variety 

of specialized functions. Mitochondrial membranes are also enriched in 
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phosphatidylethanolamine (PE), a lipid with a strong preference for negative curvature 

[71]. Approximately 20% of phospholipids in mitochondrial membranes are CL, whereas 

PE composes between 30-40% [72,73]. The focus of this study is to elucidate the 

biophysical mechanisms of αSyn interactions mitochondrial membranes by studying the 

remodeling of model PE and CL membranes with αSyn. 

2.1.3 α-Synuclein-induced membrane remodeling  

αSyn forms an amphipathic α-helix when bound to lipid bilayers and induces different 

effects based on the nature of the bilayer. A recent review, on which I am an author, 

details how αSyn remodels membranes and alters their mechanics [74]. In the case of 

certain lipid vesicles with very small curvature, such as synaptic vesicles and synthetic 

small unilamellar vesicles (SUVs), αSyn does not dramatically remodel the bilayer shape. 

Instead, it stabilizes the curved bilayer and inhibits SUV fusion into larger vesicles. αSyn 

has also been shown to inhibit trafficking vesicle exocytosis in yeast [75]. Similarly, in 

the case of certain large vesicles and flat bilayers, αSyn causes the membrane to tubulate 

(Figure 2.1) by wedging itself into the bilayer [6–8,54,76,77]. This wedging mechanism 

involves amphipathic α-helical proteins inserting into one leaflet of a bilayer, causing it 

to bend towards or away from the embedded proteins, depending on the protein’s 

partition depth [74,78]. This mechanism has recently been shown to involve a 

combination of protein shape and molecular interactions [79,80]. The ability of αSyn to 

sense and induce membrane curvature has been well established by in vitro experiments 

and computational molecular dynamics simulations [3,4,39,44,53,74,76,77,81,82]. What 

remains unclear is how the lipids that are enriched in the mitochondrial membranes affect 

the way that αSyn interacts with and remodels the membrane. 
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Figure 2.1 α-Synuclein-induced membrane remodeling.  

(A) Electron micrograph of a 1:4 POPG:POPC vesicle with αSyn at a 1:10 protein:lipid ratio. Small tubes 

budding off of a larger tube are indicated with arrows. Figure from Varkey et al. 2010 [76]. (B) Snapshot of 

a molecular dynamics simulation of 48 αSyn monomers embedded on a POPG bilayer shows αSyn creating 

a budding tubule. Figure from Braun et al. 2014 [4]. 

 

2.1.4 PE and spontaneous curvature 

Phosphatidylethanolamine (PE), is a type of phospholipid with a small amine headgroup. 

In this work we focused on PE with one palmitoyl and one oleoyl chain (POPE). Lipids 

with the PO tail composition are commonly studied due to their abundance in biological 

membranes, in contrast to lipids with two saturated (DP) and two unsaturated (DO) fatty 

acids [83]. PE lipids are known for their inverted conical shape, which results from their 

fatty acid tails being larger than their headgroup [84]. The shape is influenced by both the 

physical arrangement of atoms, and their chemical interactions. This shape is one of the 

factors that give PE membranes negative spontaneous curvature. Spontaneous curvature 

is a measurement of the curvature radius of structures formed by a lipid monolayer. Lipid 

spontaneous curvature can be measured from experimental techniques on pure lipid 

constructs and approximated using several computational techniques [85–87]. Typical 
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model lipids have phosphatidylcholine (PC) or phosphatidylglycerol (PG) headgroups, 

which are larger than PE. PC and PG have near zero negative spontaneous curvature, 

meaning they form a flat, lamellar bilayer. Membranes with positive spontaneous 

curvature prefer to form convex shapes whereas those with negative spontaneous 

curvature prefer a concave geometry (Figure 2.2). Mitochondrial inner membranes form 

cristae, which are tight membrane folds with regions of positive, negative, and zero 

curvature. The high concentration of PE is believed to be essential for the tight curvature 

of cristae [88].   

 
Figure 2.2 Lipid shape and spontaneous curvature.  

(A) Coarse-grained representations of PC/PG, PE, and CL outlined by their apparent molecular shapes. (B) 

Lipids with a cylindrical shape, such as PG and PC, have near zero spontaneous curvature and favor flat 

bilayers. (C) Lipids with an inverted conical shape, like PE and CL (under the right conditions), favor 

membranes with inverse curvature, such as the inside layer of lipid vesicles. (D) Lipids with a conical 

shape, like single-tail lipids (lyso-lipids), favor membranes with positive curvature with applications 

including the outer layer of vesicles. 

 



 29 

2.1.5 Cardiolipin 

Like PE, CL is also capable of forming structures with negative curvature. However, 

unlike PE, the spontaneous curvature of CL is strongly dependent on the pH and presence 

of divalent cations. This is because the headgroup of CL has two phosphate groups with 

different pKa values (pK1 < 4, pK2 > 7) [89], while PE has a zwitterionic headgroup. 

Depending on the pH, CL can have either one or two negative charges. With a charge of  

-2, CL has near zero spontaneous curvature; with a -1 charge, CL has negative 

spontaneous curvature. CL also has negative spontaneous curvature in the presence of 

divalent cations like calcium [90]. In mitochondria, it is believed that CL has negative 

spontaneous curvature and behaves similarly to PE along with having a number of 

additional functions such as the stabilization of proteins involved in ATP production, ion 

gradient maintenance, and proper cristae formation [91–94]. Here, we are concerned only 

with the effect of CL on curvature.  

 

2.1.6 Background 

Previously, our groups showed that binding energy drives αSyn remodeling of simple, 

one- or two-component lipid bilayers containing zwitterionic and/or negatively charged 

lipids with neutral spontaneous curvature [4]. Because CL and PE generally prefer to 

form a curved bilayer, we hypothesized that they might enhance αSyn-induced membrane 

curvature. To test this, we studied αSyn-induced bilayer remodeling with tubulation 

(vesicle clearance) assays, fluorescence correlation spectroscopy (FCS) binding affinity 

measurements, and coarse-grained molecular dynamics (CGMD) simulations [3,4,95–

97]. To eliminate the lipid headgroup charge effects and balance binding affinities, we 

carefully manipulated the mole percentages of CL and neutral spontaneous curvature PG 

lipids. The tubulation and FCS results show that at equal binding affinities, αSyn has a 

significantly greater capacity to tubulate CL-containing bilayers than in the absence of 

negative spontaneous curvature lipids. Additionally, the results show that the addition of 

just 2% PE to a mixture containing only PG and PC enables αSyn-induced tubulation. 

The tubulation capacity for these bilayers is further enhanced by additional PE content, 

up to around 15% PE, where it levels off. 

 



 30 

To explain the biophysical basis for this observation, we conducted a series of CGMD 

simulations. Our preliminary results confirmed that αSyn enhances the curvature of lipid 

bilayers, but were unable to show how CL and PE specifically increase curvature 

induction. The future directions section further explains the application of additional 

methods to improve upon this preliminary data. In this chapter, I summarize the methods 

and experimental results, explain the preliminary computational results, and present a 

detailed plan for the future of this work. Siobhan Toal in the Elizabeth Rhoades group at 

the University of Pennsylvania conducted the in vitro experiments, and I did the 

computational work with assistance from Ana West, Andrew Beaven, and Anthony 

Braun in the Jonathan Sachs group at the University of Minnesota, using the Minnesota 

Supercomputing Institute to run the simulations.  

2.2 METHODS  

2.2.1 Protein expression, purification, and labeling 

αSyn100 was generated by introducing a stop codon after residue 100 in the full-length 

αSyn sequence using QuikChange mutagenesis (Strategene), as previously described 

[98]. The first 100 residues were selected because they comprise the membrane-binding 

domain and exclude the 40-residue c-terminus. A S9C mutation was also induced in 

αSyn100 via QuikChange to allow for site-specific fluorescent labeling. The protein was 

expressed in Escherichia coli and purified via ammonium sulfate precipitation, followed 

by cation exchange (pH 4.0) and size exclusion chromatography [52]. The purity of 

αSyn100was verified by SDS-PAGE and MALDI.  

 

For fluorescence correlation spectroscopy (FCS) experiments, αSyn100 was labeled with 

Alexa Fluor 488 maleimide (AL488) (Invitrogen, Carlsbad, CA) at the cysteine 

introduced at residue 9. Purified protein was treated with 1 mM DTT for 30 minutes at 

4°C. The DTT was removed using two coupled HiTrap desalting columns (GE 

Healthcare Life Sciences). Immediately following DTT removal, the protein was 

incubated in ~5x excess fluorescent dye for 4 hours at 4°C. Unconjugated dye was 

separated from the labeled protein by passing the sample again through two stacked 

HiTrap desalting columns. 
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2.2.2 Vesicle preparation 

Lipid powder (Avanti Polar Lipids) was dissolved in chloroform at 15 mg/mL or 20 

mg/mL stock solutions of pure (100%) 1-palmitoyl-2- oleoyl-sn-glycero-3- 

phosphocholine (POPC), 1-palmitoyl-2- oleoyl-sn-glycero-3-phosphoglycerol (POPG), 

1-palmitoyl-2-oleoyl-sn-glycero-3-phosphoethanolamine (POPE), and tetraoleoyl 

cardiolipin (TOCL) and immediately stored at -20 °C. Aliquots of stock solutions were 

mixed at the indicated ratios of heterogeneous lipid content listed in Table 2.1 and Table 

2.2. These mixtures were dried under nitrogen stream and desiccated under vacuum 

overnight. The resulting lipid film was resuspended in MOPS buffer (20 mM MOPS, 150 

mM NaCl, 2.7 mM KCl, pH 7.4) by vortexing for an hour, followed by equilibration 

through three freeze-thaw cycles and another 40 minutes of vortexing. The resulting 

multilamellar liposomes were used without additional processing for tubulation assays 

within 1 day of preparation. For FCS measurements, LUVs were prepared by extruding 

the multilamellar vesicles 21 times through two stacked membranes with 50 nm pores 

(Whatman) in a LiposoFast extruder (Avestin). All vesicles were assayed for inorganic 

phosphate to determine total lipid concentration and characterized by dynamic light 

scattering (DLS). DLS showed the average vesicle size to be 77 ± 3 nm for vesicles 

without POPE and 70 ± 5 nm for vesicles with POPE, in general agreement with previous 

reports [15]. DLS, tubulation, and FCS measurements were performed within 1 day of 

vesicle preparation [99]. 

 

 

Table 2.1 Tubulation experiment lipid mixtures 
 

Lipid composition 

1 100% POPG 

2 50% POPG, 50% POPC 

3 34% POPG, 66% POPC 

4 34% DOPG, 66% POPC 

5 17% TOCL, 83% POPC 

6 17% TOCL, 15% POPE, 68% POPC 
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Table 2.2 PE titration lipid mixtures 
 

Lipid composition 
  

1 17% TOCL, 2% POPE, 81% POPC  8 34% DOPG, 2% POPE, 64% POPC 

2 17% TOCL, 5% POPE, 78% POPC 9 34% DOPG, 5% POPE, 61% POPC 

3 17% TOCL, 10% POPE, 73% POPC 10 34% DOPG, 10% POPE, 56% POPC 

4 17% TOCL, 15% POPE, 68% POPC 11 34% DOPG, 15% POPE, 51% POPC 

5 17% TOCL, 20% POPE, 63% POPC 12 34% DOPG, 20% POPE, 46% POPC 

6 17% TOCL, 25% POPE, 58% POPC 13 34% DOPG, 25% POPE, 41% POPC 

7 17% TOCL, 30% POPE, 53% POPC 14 34% DOPG, 30% POPE, 36% POPC 

 

2.2.3 Vesicle tubulation 

To monitor remodeling of the liposomes into tubular structures by αSyn100, a decrease in 

scattered light was measured as a function of time. The liposomes begin as large µm-

scale multilamellar vesicles that scatter light. After the introduction of αSyn100, the 

liposomes remodel into tubules, causing them to scatter less light. The protein was added 

to the desired vesicle composition at a 1:10 protein:lipid ratio at room temperature, and 

the absorbance was monitored at 450 nm with 1 nm slit width and 1 second response time 

(Jasco) [4,76]. 1 mL of 400 μM lipid in MOPS buffer with 1 mM TCEP was placed in a 

quartz cuvette to measure the absorbance every 5 seconds for at least 10 minutes to 

obtain a baseline signal. Traces were all normalized to the lipid-only signal for each 

sample and the extent of tubulation was determined by averaging the absorbance of the 

last 100 time points and subtracting from the initial value. Each lipid composition was 

replicated at least three times.  

 

2.2.4 Fluorescence correlation spectroscopy 

FCS measurements were made on a lab-built instrument built from an Olympus IX-71 

inverted microscope and a 488 nm DPSS (Coherent) laser as described previously [100]. 

The laser power was adjusted to 5 μW prior to entering the microscope. Fluorescence 

emission was collected through the objective and separated from laser excitation using a 

Z488rdc long pass dichroic filter and an HQ600/200m band-pass filter (Chroma), and 

focused onto the aperture of a 50 μm optical fiber (Oz Optics, Ottawa, Canada) directly 

coupled to an avalanche photodiode. A digital correlator (Flex03LQ-12, correlator.com, 

Bridgewater, NJ) was used to generate the autocorrelation curve. FCS measurements 

were made in an 8-well chambered coverglass (Nunc, Rochester, NY) passivated by 
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polylysine conjugated polyethylene glycol (PEG-PLL) treatment to prevent protein 

adsorption to the chamber surface. Binding studies were all carried out at 20 °C. For each 

measurement, 100 nM αSyn100 (in MOPS Buffer) was incubated with the desired vesicle 

concentration. For every system, 25 traces were collected, each lasting 10 seconds. 

Individual autocorrelation curves were averaged before further analysis. The average 

FCS curve was fit to equation 2.1, which accounts for two species of differing brightness 

and size using custom MATLAB code, as described in a previous study [15]: 
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 2.1 

 

where τD1 and τD2 are the diffusion times for the free protein and vesicle-bound protein as 

determined by FCS measurements of the samples in the absence of lipid and with excess 

lipid, respectively. Corresponding diffusion times for intermediate lipid concentrations 

were constrained to within 5% of τD1 and τD2. The structure factor, s, was calibrated by 

measuring a solution of free dye (Alexa-488 hydrazide) and fixed to 0.2. N, the number 

of fluorescent species, F, the fraction of bound protein, and Q the average brightness of 

the vesicles were left as the only free parameters for fitting. This procedure yields the 

fraction of vesicle-bound protein, which is then used to determine an apparent binding 

affinity, KD, through fitting with a hyperbolic binding curve:  

 

 
𝐹 =

[𝑙𝑖𝑝𝑖𝑑]

𝐾𝐷 + [𝑙𝑖𝑝𝑖𝑑]
 

2.2 

 

 

where F is the fraction of vesicle bound protein determined from eq. 2.1 and [lipid] is the 

molar concentration of accessible lipid, the outer membrane leaflet, calculated as 55% of 

the total lipid concentration [15]. 
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Table 2.3 Simulated lipid bilayer compositions 

 Molar composition Size 

0.1 34% DOPG, 66% POPC ~2800 Lipids, 7 αSyn100 

0.2 17% TOCL, 83% POPC ~2800 Lipids, 7 αSyn100 

0.3 17% TOCL, 15% POPE, 68% 

POPC 

~2800 Lipids, 7 αSyn100 

0.4 100% TOCL ~500   Lipids, ± 1 αSyn100 

0.5 100% DOPG ~500   Lipids, ± 1 αSyn100 

0.6 17% TOCL, 83% POPC ~500   Lipids, ± 1 αSyn100 

0.7 34% DOPG, 66% POPC ~500   Lipids, ± 1 αSyn100 

0.8 17% TOCL, 15% POPE, 68% 

POPC 

~500   Lipids, ± 1 αSyn100 

0.9 66% DOPG, 34% TOCL 

(asymmetric) 
~500   Lipids, ± 1 αSyn100 

 

2.2.5 Simulation methods 

Simulations were conducted using the coarse-grained (CG) MARTINI force field with 

GROMACS v4.5 molecular dynamics software at the Minnesota Supercomputing 

Institute. The MARTINI parameters used include lipid [19], protein V2.2 [27], and 

general parameters V2.2 [101]. POPC, POPG, and POPE were obtained from the 

MARTINI lipids library [102]. Tetraoleoyl cardiolipin parameters were built from 

Dahlberg and Maliank’s parameters [103]. Each system was energy minimized using a 

steepest descent energy minimization, then equilibrated in an isothermal-isobaric 

ensemble (NPT) using the velocity-rescale thermostat and Berendsen barostat [33]. 

Following equilibration, NPT production runs were carried out using the Noose-Hoover 

thermostat [104] and Parinello-Rahman barostat [105]. Semi-isotropic pressure coupling 

was used with a compressibility of 5e-5 bar-1 and a time constant of 250 picoseconds to 

couple the xy- and z-dimensions. Temperature was maintained at 303 K using a time 

constant of 5 ps. The Lennard-Jones potential was shifted to zero between 0.9 and 1.2 

nm, and coulombic interactions were shifted to zero between 0 and 1.2 nm. A 25 

femtoseconds time step was used for each simulation.  

 

In each system, 23 POPC lipids were removed from the protein-bound leaflet per protein 

as established previously [3]. In the case of system 0.4, which is pure CL, 12 CLs were 
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removed, as the area per CL is slightly less than double that for POPC [106]. In each 

protein-containing system, the membrane-binding domain of αSyn (residues 1-100) was 

used. As required by the MARTINI force field, the secondary structure was constrained 

[27] with 1-93 α-helical and residues 94-100 unstructured [4]. 

 

A total of 15 bilayers were simulated: Three larger patches with ~2800 lipids: 1) 

POPG/POPC 66:34; 2) POPC/TOCL 83:17; and 3) POPC/POPE/TOCL 68:15:17, each 

containing seven αSyn monomers, and 12 small bilayers each with ~500 lipids along with 

a single αSyn100 helix: 4) POPG/POPC 34:66, 5) TOCL/POPC 17:83, 6) TOCL 100, 7) 

DOPG 100, 8) POPC/POPE/TOCL 68:15:17, 9) a system with TOCL on one leaflet and 

DOPG on the other, balanced using estimated area-per-lipid values, and 10-15) identical 

compositions to 0.4-0.9, but without protein.  

 

Systems 0.1-0.3 were run for 13 microseconds, and systems 0.4-0.15 were run for 10 

microseconds. Systems 0.1-0.3 contain ~81,000 CG water beads, 9,000 CG antifreeze 

beads, counter-ions to neutralize the system charge. Systems 0.4-0.5 each contain 9,000 

waters, and counter-ions. An additional 21 systems are proposed in the future directions  

(Table 2.4). 

2.2.6 Simulation data analysis 

Trajectories were analyzed with a combination of GROMACS (v.4.5) utilities (trjconv, 

trjcat, make_ndx, g_rdf), custom MATLAB (v.R2016) code, and GROMACS-ls 

[107],  to perform analysis and generate figures.  

 

Excess area per protein was calculated using custom MATLAB software as described 

previously [4].  In brief, undulating reference surfaces were fit to the bilayer every 

nanosecond [34,108] and centered on a single helix. The resulting surfaces for each 

protein at each frame were averaged to obtain a protein-centered height surface. The area 

of the resulting surface was compared to its flat projection, and the percent difference 

was plotted (eq. 2.3). Figure 2.3 shows an undulating surface and its flat projection, 

demonstrating the excess area method. 
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Figure 2.3 Excess area method.  

The percent excess area is calculated by comparing the area of a curved surface to its flat projection. Here, 

a generic example function is used to represent the height surface of a lipid bilayer and its projection.  

 

 

 
%𝐸𝐴 = (

𝐴ℎ(𝑥,𝑦)

𝐴𝑥,𝑦
− 1) ∗ 100% 

2.3 

 

Lateral pressure profiles were obtained using the GROMACS-ls pressure code 

[107,109,110]. Simulations were first run in GROMACS 4.5, and then rerun with 

GROMACS-ls with a grid spacing of 0.1 nm to obtain the 3D pressure tensor for each 

system. The lateral pressure (𝑃𝐿) was calculated using equation 2.4 from the x, y, and z 

stress tensors (𝜎𝑥𝑥 , 𝜎𝑦𝑦, 𝜎𝑧𝑧). 

 
𝑃𝐿  = − [

( 𝜎𝑥𝑥+𝜎𝑦𝑦)

2
] − 𝜎𝑧𝑧 (2.4) 

Figure 2.4 shows a diagram of a lateral pressure profile and how it relates to the locations 

of the lipid bilayer. To quantify differences in tension between bilayer leaflets, the 

pressure profiles were separated at the bilayer midplane (z = 0). The profile for the 

protein-free leaflet was subtracted from the profile for the protein-containing leaflet, and 

the resulting difference profile was integrated. 

 

Lipid-component number densities were determined using our undulation correction 

method [34,111]. Briefly, the z-coordinates relative to undulating reference surface were 

MATLAB	example	func on	

Ax,y	

AH(x,y)	
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binned for each bead. The anhydrous bilayer thickness and the hydrocarbon thickness 

were calculated from the resulting profiles as previously described [4]. Radial distribution 

plots were generated using GROMACS g_rdf. 

 

Figure 2.4 Lateral pressure profiles.  

The lateral pressure profile is the calculated along the z-dimension in a lipid bilayer simulation. The 

pressure profile of a lipid bilayer has three distinct regions shown in blue, white, and red. The hydrophilic 

headgroups repel one another (blue) shown as positive pressure. The exclusion of water causes attraction 

near the bilayer headgroups (white), and the hydrophobic tails also repel one another (red).  

2.3 RESULTS  

2.3.1 PE and CL enhance α-Synuclein tubulation of vesicles  

In our previous work, we demonstrated that tubulation could be driven by changes in 

membrane binding affinity [4]. We showed that while vesicles composed of 100% POPG 

completely tubulate, those composed of a 50/50 POPC/POPG mixture did not, even when 

the mixture was fully saturated with bound protein. To test whether lipid spontaneous 

curvature could also influence tubulation (controlling for binding affinity) we used 

vesicles with equal mol% anionic lipid, either POPG or CL, and measured the tubulation 

capacity of αSyn100 using vesicle clearance assays at a 1:10 protein to lipid ratio. Figure 

2.5A shows that the tubulation capacity of αSyn100 decreases as the POPG content of the 

mixture decreases, and that the tubulation capacity can be recovered by exchanging 

POPG for CL. Pure POPG vesicles completely tubulated, whereas vesicles containing 

50% POPG, 34% POPG, or 34% DOPG (two oleoyl tails per PG match the lipid tails of 

TOCL, which has four) did not tubulate significantly (Figure 2.5A: bars 1-4). Vesicles 

containing 17% CL, which have the same charge density and number of lipid tails as 34% 

0	

Heads	Water	

z	

Tails	
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DOPG vesicles, recovered a significant degree of tubulation capacity (red bar). To further 

test the role of negative spontaneous curvature in tubulation, while keeping the lipid 

charge density unchanged, we added POPE to the 17% CL (and POPC) mixture. Figure 

2.5B shows that adding PE to vesicles significantly increases the tubulation capacity of 

αSyn100, an effect that saturates at a maximum value around 15% PE. Finally, to isolate 

the effect of PE from cardiolipin, we measured the tubulation capacity of a series of lipid 

compositions containing 34% DOPG and 2-30% POPE. The results of this tubulation 

assay were striking, with the addition of only 2% PE completely recovering αSyn’s 

tubulation capacity. This effect was again enhanced up to about 15% PE. These results 

suggest that PE has a dramatic effect on αSyn’s tubulation capacity independent from 

cardiolipin. Given that the tubulation value for 17% cardiolipin with 2% PE was 

significantly lower than the value for 34% PG with 2% PE, this result suggests the 

possibility that CL might reduce PE’s affect on tubulation. This suggests that the 

mechanisms for how CL and PE enhance membrane curvature induction may be 

independent. The series of simulations proposed in the future directions section is 

designed to interrogate whether CL and PE have separate mechanisms and whether they 

work synergistically or antagonistically.   

 

To establish whether these observed increases in tubulation are the result of increased 

binding affinity, we measured the dissociation constant (Kd) for each mixture using FCS 

(Table 2.4). Figure 2.5C shows the tubulation capacities as a function of Kd. 

Recapitulating our previous work, the black points show a strong inverse correlation 

between Kd and tubulation capacity for neutral curvature, POPG and DOPG vesicles. The 

red data points show the values for the 17% CL mixtures with increasing amounts of PE. 

The dissociation constant for the 17% CL vesicles matches the Kd (within error) for the 

34% DOPG vesicles (160.1 vs 150.2 µM); however, the tubulation capacity in the 17% 

CL mixture is much higher (0.4 vs 0.11). Thus, in the case of CL, we can rule out binding 

affinity as the source of the increased tubulation, validating the hypothesis that negative 

spontaneous curvature lipids can enhance tubulation absent a change in binding affinity. 
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Table 2.4 Tubulation capacity and binding affinities 

 Mixture Tubulation 

Capacity 

KD (µM) 

1 100% POPG 0.89 ± 0.03 2.5 ± 0.3 

2 50% POPG, 50% POPC 0.12 ± 0.02 125.8 ± 9.1 

3 34% POPG, 66% POPC 0.08 ± 0.03 155.2 ± 12.9 

4 34% DOPG, 66% POPC 0.11 ± 0.03 150.2 ± 11.5 

5 17% TOCL, 83% POPC 0.40 ± 0.05 160.1 ± 15.1 

6 17% TOCL, 81% POPC, 2% POPE 0.50 ± 0.06 158.0 ± 15.5 

7 17% TOCL, 78% POPC, 5% POPE 0.59 ± 0.04 153.2 ± 20.6 

8 17% TOCL, 73% POPC, 10% POPE 0.67 ± 0.04 140.0 ± 23.0 

9 17% TOCL, 68% POPC, 15% POPE 0.70 ± 0.05 138.1 ± 24.1 

10 17% TOCL, 63% POPC, 20% POPE 0.72 ± 0.06 129.8 ± 28.7 

11 17% TOCL, 58% POPC, 25% POPE 0.77 ± 0.08 130.1 ± 29.4 

12 17% TOCL, 53% POPC, 30% POPE 0.75 ± 0.08 128.6 ±32.4 

13 34% DOPG, 61% POPC, 5% POPE 0.73 ± 0.04 131.2 ± 11.2 

14 34% DOPG, 56% POPC, 10% POPE 0.80 ± 0.03 116.2 ± 18.3 

15 34% DOPG, 41% POPC, 25% POPE 0.80 ± 0.04 102.6 ± 18.7 
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Figure 2.5 Tubulation capacity of αSyn100 in the presence of PG and CL.  

(A) Tubulation capacity values for each of multilamellar vesicles containing PG, CL, and or PE. (B) 

Tubulation capacity for mixtures containing 17% CL and 2-30% PE. (C) Tubulation capacity vs. binding 

affinity for each composition. Mixtures containing PG are shown in black and compositions containing CL, 

and PE are shown in red. The remaining lipid content in each mixture is POPC.  

 

Regarding PE data, the relationship between spontaneous curvature and binding affinity 

is a bit more complicated. Adding only 2% PE to the CL mixture increases the tubulation 

significantly (0.4 to 0.5) without a significant change in Kd (160.1 to 158.0 µM). The 

same negligible effect on binding affinity is observed when adding 5% PE to PG 

mixtures (Figure 2.6). Adding additional PE to the CL mixture increases the tubulation 

capacity further (max 0.77) with a small increase in binding affinity (max 128.6 µM). In 

comparison, the 50% POPG mixture had a comparable Kd value (125.8 µM), with an 

insignificant tubulation capacity (0.12). The small increase in affinity resulting from the 

addition of PE might be explained by the reduction in headgroup packing caused by the 

A.	 B.	

C.	



 41 

smaller headgroup of PE compared to PC [112]. Looser packing allows the formation of 

packing defects, to which αSyn is known to preferentially bind [40]. This small increase 

in binding affinity was also observed in mixtures containing POPG or DOPG (Figure 

2.8B). Additionally, the binding affinity of αSyn100 for bilayers containing 15% PE lipids 

with different tail compositions showed no significant difference between POPE, DOPE, 

and DPPE (Figure 2.8A). The minimal effects on binding affinity in the case of the PE 

lipids again support the idea that lipid spontaneous curvature enhances tubulation, rather 

than binding affinity. We do note that the CL and PE effect saturates at 15% PE and at a 

maximal tubulation that is somewhat lower than the 100% POPG result (compare 0.77 to 

0.89).   

 

Figure 2.6 Tubulation of membranes containing PE.  

Vesicle clearance assays showing αSyn-induced tubulation for bilayers containing 34% DOPG (required 

for binding), and various amounts of POPE, with the remainder being POPC.  
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Figure 2.7 Binding affinities of αSyn100 for PG bilayers containing varying amounts of PE lipids.  

(A) Binding affinity of αSyn100 for vesicles containing 15% PE lipids of varying tail composition and 34% 

DOPG, with the remainder of the lipids being POPC. (B) Comparison of the binding affinities of DOPG 

and POPG lipids with varying amounts of PE. Bars labeled with a PE percentage contain POPE along with 

34% of the respective PG lipid (grey = DOPG, black = POPG). The remaining lipids are POPC.  

 

2.3.2 Preliminary computational results 

In order to understand the biophysical basis for the experimental observations, we 

conducted a series of coarse-grained molecular dynamics simulations to explore the 

effect of the negative spontaneous curvature on αSyn curvature induction. Following our 

previous studies [4], we first used the simulations to determine the per-protein excess 

area induction. This metric captures the local curvature field around a protein by aligning 

each trajectory output to a single protein and averaging them into one surface, then 

calculating the ratio of the resulting surface area to its flat projection. In our previous 
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work on zero spontaneous curvature PG-containing bilayers, we observed that the per-

protein excess area was directly correlated with αSyn100-induced tubulation. We find here 

that the excess areas in CL- and CL/PE-containing bilayers are significantly reduced 

when compared to equivalent PG systems, despite having increased tubulation capacity 

(Figure 2.8). This effect of CL on excess area induction is, in retrospect, unsurprising 

given the shape of the lipids. First, due to the negative charge on the CL lipid and the 

positive charge on αSyn100, CL is enriched near the protein (Figure 2.9). Second, CL and 

PE prefer to form an inverted cone shape under the correct conditions [113], which 

means that it is energetically favorable for the CL chains to fill the void created beneath 

the amphipathic protein. Collectively, these effects suggest that the CL lipids may offset 

the positive curvature induction from the protein wedge.  

 

Figure 2.8 αSyn100-induced excess area in simulations of PG, CL, and PE-containing bilayers.  

Comparison of three different CGMD systems,  66% POPC/34% POPG (Black, left), 17% CL/83% POPC 

(Red, center), and 17% CL/15% POPE/ 68% POPC (Blue, right). Each bilayer contains seven αSyn100 

monomers at a 1:400 protein:lipid ratio. 
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Figure 2.9 Radial distributions of lipids around αSyn.  

(A) Distribution of each lipid type within 2 nm of αSyn100 for a 34% DOPG, 66% POPC bilayer with 7 

αSyn100 at a 1:400 protein:lipid ratio. (B) 17% CL, 83% POPC bilayer. (C) 17% CL, 15% POPE, 68% 

POPC. (D) 17% CL, 29% PE, 54% POPC. Each distribution is taken over the last 5 µs of a 13 µs 

simulation.  

 

Because of this loss in the local curvature effect, we hypothesized that the experimentally 

observed remodeling is, instead, a global bilayer phenomenon. Specifically, this 

hypothesis suggests that the combination of positive curvature (αSyn) and negative 

curvature (CL or PE) relieves curvature frustration in the outer leaflet CL lipids, but 

leaves unperturbed the curvature frustration of the inner leaflet CL. Collectively, this 

asymmetry should allow the negative curvature lipids on the opposite leaflet to curve the 

membrane as a whole.  

 

B.	

C.	

A.	

D.	
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To observe the forces driving curvature generation in CL-containing bilayers, we 

calculated lateral pressure profiles for each lipid composition by simulating smaller 

bilayers with a single αSyn100 monomer. The lateral pressure profile is computed from 

the 3D stress tensor along each dimension, making an average profile for the entire 

simulation box. The lateral pressure profile of a lipid bilayer is characterized by three 

distinct regions: headgroup repulsion, interfacial tension, and chain repulsion (Figure 

2.4). The headgroup and chain repulsion are balanced by interfacial tension, which keeps 

the bilayer flat. Systems with different compositions exhibit different bilayer thicknesses, 

complicating the direct comparison of pressure profile. Each profile was therefore 

normalized to its hydrophobic thickness to compare bilayers with different thicknesses.  

 

Figure 2.10: Lateral pressure leaflet comparison.  

Integrated lateral pressure difference between the protein-containing and protein-free leaflets. Positive 

values show a reduction in lateral pressure in the protein-containing leaflet relative to protein-free. Each 

system contained ~512 lipids and 1 αSyn monomer bound to a single leaflet. 
 

To demonstrate that the lateral pressure profile captures the inclination for global bilayer 

deformation, we simulated a protein-free bilayer with neutral spontaneous curvature 

lipids in one leaflet (DOPG, mimicking the effect of αSyn on a CL containing leaflet) and 

negative curvature lipids in the other (CL). The lateral pressure profile for this system is 

shown in Figure 2.13 (black line). 
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We next looked at how adding αSyn to symmetric bilayers changed their pressure 

profiles. Figure 2.11A shows the protein-containing lateral pressure profiles, where the 

protein is bound to the +z side. In all systems, the lateral pressure is reduced in the 

protein-containing side, suggesting that the bilayer is poised to curve away from the 

protein.  

 

Figure 2.11 Surface Tension Asymmetry from Lateral Pressure Profiles.  

(Left) Lateral pressure profiles from various lipid bilayers with αSyn100 bound to the right-hand side. 

(Right) The difference in the pressure profiles between the protein-containing and protein-free leaflets, 

defined by z = 0. One unit of Z is the distance between the regions of interfacial tension in each bilayer. 

The integral of these distance plots can be found in Figure 2.10. 

 

To quantify these effects, we computed the difference between the pressure profiles for 

each leaflet in each system (Figure 2.11B). The integrated difference plots (Figure 2.10) 

for these systems show the difference in lateral pressure between the protein and protein-

free leaflet. For each system, the pressure in the αSyn100-bound leaflet was lower than the 

opposite leaflet. The difference was nearly identical in each system, indicating that this 

metric is not sensitive enough to quantify differences in lipid composition. This is 

discussed in greater detail in the future directions section, where solutions are proposed.  

Consistent with the excess area result, adding 15% PE to the 17% CL system did not 

result in a greater difference in pressure. To understand this, we calculated the protein-

lipid radial distribution functions (Figure 2.9). The distributions show that in these 

simulations, at this protein density, the negative curvature PE lipids are not more 

enriched near the protein than the neutral curvature PC lipids, explaining the lack of 

effect on excess curvature and lateral pressures. We assume that this inability to match 

A	 B	
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the experimental PE effect is due to the reduced protein:lipid ratio (~1:500) in the 

simulations as compared to the tubulation experiments (surface-bound densities as high 

as 1:40 protein-to-lipid) [4]. We chose not to match the experimental ratios in the 

simulations because at a saturating density the protein dynamics (rotational diffusion) are 

severely damped, hampering adequate sampling. Given simulations with a higher protein 

density, we would expect to see more of an enrichment of PE lipids near the protein and 

more of an effect of the added PE of the pressure profiles.  

 

Figure 2.12. Radial distributions of lipids around αSyn.  

(A) Distribution of each lipid type within 2 nm of αSyn100 for a 34% DOPG, 66% POPC bilayer with 7 

αSyn100 at a 1:400 protein:lipid ratio. (B) 17% CL, 83% POPC bilayer. (C) 17% CL, 15% POPE, 68% 

POPC. (D) 17% CL, 29% PE, 54% POPC. Each distribution is taken over the last 5 µs of a 13 µs 

simulation. 

 

To further test the hypothesis that αSyn100 is pacifying the intrinsic curvature of CL in the 

protein-bound leaflet, we constructed a protein-free system with a ‘curvature pacified’ 

leaflet made up of DOPG and one pure CL leaflet. Figure 2.13 compares this system to a 
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100% CL bilayer + αSyn100. While there are clear differences, these overlaid plots show 

that the effect is nearly identical in the region of chain repulsion. In both cases, there is a 

curvature stress asymmetry between the leaflets should drives the bilayer to bend away 

from the curvature-pacified leaflet and towards the negative curvature leaflet. This 

supports a curvature-pacifying hypothesis of αSyn-induced membrane remodeling, where 

αSyn effectively converts negative spontaneous curvature into neutral spontaneous 

curvature, allowing the curvature preference of the unbound bilayer leaflet to dictate the 

curvature of the bilayer.  

 

Figure 2.13. Lateral pressure profiles of cardiolipin bilayers.  

A pure CL bilayer with a single αSyn100 monomer added to the right-hand leaflet is shown in black. A 

bilayer with CL on the left and DOPG on the right is shown in red. 

 

Finally, in our previous work both binding affinity and protein partition depth played 

central roles in inducing membrane curvature [4]. It was, therefore, important to ensure 

that the results we report here for CL-containing bilayers were not due to differences in 

protein partition depth. The partition depth of αSyn100 in each simulated bilayer was 

measured using the undulation corrected lipid component density profiles as described 

previously [4]. The protein partitioned most deeply in the pure POPC bilayer, to nearly 

the same position in the 34% PG and 17% CL systems, and most shallowly in the pure 

CL bilayer (Figure 2.14). This conflicts with our previous findings that showed a direct 

correlation between depth and curvature induction. Here the partition depth of αSyn100 in 

different bilayers does not correlate with either the tubulation capacity or the lateral 
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pressure asymmetry, so we do not believe it plays a significant role as a potential driving 

force for curvature induction in CL-containing bilayers (Figure 2.14).  

 

Figure 2.14 Simulated protein partition depths compared to experimental tubulation capacities. 

 Although there appears to be some relationship between tubulation and shallow insertions depths more 

than 1.5 Å above the glycerol, the correlation is unclear. 

2.4 FUTURE DIRECTIONS 

Simulations can provide high-resolution descriptions of inter- and intra- molecular 

interactions that produce experimentally observed phenomena. In this way, simulations 

and experiments cross-validate each other and provide a multi-resolution description of 

biophysical observations, both spatially and temporally. In our study on protein-induced 

remodeling of lipid membranes containing lipids with negative spontaneous curvature, 

our simulations and analyses so far do not capture our experimental observations. The 

experimental observations are that αSyn-induced membrane remodeling can be enhanced 

by the presence of two lipids: TOCL and POPE. To measure membrane remodeling in 

silico, we used two computational metrics that have been used in prior studies: excess 

area [4], and lateral pressure profiles [114–116]. Both metrics showed a difference 

between protein-free and αSyn-containing bilayers, but neither metric showed enhanced 

remodeling of bilayers containing CL or PE over controls consisting of only POPC 

and/or DOPG. This is likely because our simulations and subsequent analyses are 
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insensitive to the different lipid compositions. There are two possible factors contributing 

to this lack of sensitivity: simulation setup and analysis metrics. Our previous simulations 

were set up using a number of suboptimal choices, leading to asymmetries and other 

confounding factors that likely led to our simulations not producing meaningful data. 

Furthermore, our choice of analyses was limited and did not include several relevant 

methods.  

 

Figure 2.15. Proposed methods for the computational study of how αSyn remodels bilayers 

containing mitochondrial lipids.  

Using a new set of lipid compositions, three simulation studies will be conducted. 1), Simulations of lipid 

tubulation, which will provide a measurable curvature radius. 2) Simulations of cardiolipin-containing 

bilayers under different ionic conditions. 3) Traditional flat-patch simulations that will be analyzed to 

obtain bending modulus, curvature frustration, and per-protein excess area. Lipid shape deformations near 

the protein and the protein insertion depth will also be calculated for each protein-containing system. 

 

To overcome these inconsistencies, I propose three new sets of simulations with robust 

analysis metrics designed to calculate membrane curvature and the underlying 

mechanisms of curvature induction: 1) Simulations of bilayers detached from one 

periodic boundary to directly observe membrane bending and the initiation of tubule 

formation, following the methods established by Klaus Schulten’s group [117,118]. 2) 

Simulations of cardiolipin-containing bilayers under different ionic conditions to 

demonstrate the effect of divalent cations ion on the curvature propensity of CL-

containing bilayers. 3) Simulations of periodic lamellar bilayers to calculate the bending 

modulus following the methods of Khelashvili [119–121], and curvature frustration 
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following the methods of Alex Sodt and Richard Pastor [79,122–124]. Combined, these 

methods will show bilayer curvature through direct observation and by calculating 

curvature from specific mechanical properties involved in bending. These proposed 

simulations and resulting measurable are outlined in the flowchart in Figure 2.15. 

2.4.1 Simulations to directly observe membrane bending 

Studying protein-induced curvature with simulations is made more difficult by periodic 

boundary conditions. Small lipid bilayer simulations with periodicity in the x and y 

directions are forced to maintain almost zero net curvature, even if they would bend in 

unconstrained settings. This propensity to bend manifests as curvature frustration in such 

periodic simulations (see Section 2.4.2). Curvature frustration is abstruse, whereas direct 

visualization of curvature is obvious. Klaus Schulten’s group directly observed 

membrane bending by detaching one of the periodic boundaries. Instead of the bilayer 

connecting across both x and y, it was connected only in y, with a water gap in x allowing 

there to be two free ends (Figure 2.16). These free ends allowed the simulated bilayer to 

bend into an arc with measurable curvature. This was done with all-atom simulations and 

ultra coarse-grained (CG) simulations. In the case of the CG simulations, the authors 

were able to observe complete tubule formation under certain conditions.   

 

The primary goal of these studies was to determine whether specific parts of N-BAR 

domains and/or specific N-BAR lattice structures are required for curvature generation. 

The same methods could be applied to how αSyn curves bilayers with different lipid 

compositions. The simulations from Braun 2014 of a budding tubule with different 

arrangements of αSyn showed that αSyn is capable of inducing curvature in several 

orientations [4]. This means we can use a single arrangement of αSyn monomers on the 

bilayer in the simulations of curvature generation. Nevertheless, for additional validation, 

I propose testing three different arrangements on system 1.1  (Figure 2.17). 
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Figure 2.16. All-atom simulations of curvature induction by BAR-domains.  

(a) Each system consists of a lipid bilayer connected across the periodic boundary in y, but separated by a 

water gap in x. Simulations of the entire protein and protein fragments (b and c) revealed differences in 

curvature radii (figure adapted from Arkhipov et al. 2009) [118]. 
 

I propose constructing five different systems designed to agree with our experiments and 

test how CL and PE affect the curvature generation of αSyn (Table 2.5). System 1.1 

consists of 100% POPC. Although this was not a composition used experimentally, it 

provides a baseline for lipid-dependent changes and serves as a negative control. Next, 

system 1.2 adds 34% DOPG to a POPC bilayer. This is one of the experimental systems 

that did not fully tubulate. Importantly, system 1.2 adds negative charge, which enhances 

the binding of αSyn. System 1.3 swaps DOPG for TOCL. TOCL is used to replace two 

DOPG lipids, maintaining the charge distribution with two negative charges and four 

tails. Again, this mixture matches experiment and allows us to investigate why the 

mixture containing 17% TOCL tubulated, while the 34% DOPG mixture did not. System 

1.4 adds 15% POPE to 34% DOPG mixture. This allows us to investigate the effects of 

PE independent from cardiolipin. Again, this is a mixture that tubulated and can be 

directly compared to the 34% DOPG system, which did not. Finally, system 1.5 adds 
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15% POPE to the 17% TOCL mixture, allowing us to see whether TOCL and POPE have 

synergistic or antagonistic effects. Together, I believe these 5 systems make up the 

minimal set required to reproduce our experimental observations and illuminate the 

biophysical mechanisms for how CL and PE affect αSyn-induced membrane remodeling. 

 

 

Figure 2.17. Proposed αSyn lattice geometries for direct curvature simulations.  

(A) 16 Helices angled 45º. (B) 16 helices oriented perpendicular to the direction of the tube. (C) 16 helices 

oriented parallel to the tube direction. In (A) and (C) helices are drawn that span the periodic boundary. 
 

Each system will be composed of a 10 by 90 nm bilayer containing ~3200 lipids, with 16 

αSyn1-100 monomers embedded in the top leaflet arranged as pictured in Figure 2.17. This 

system size is close to the size of Schulten’s atomistic N-Bar simulations. The 1:100 

protein:lipid ratio in the top leaflet should be sufficient to observe remodeling and is 

closer to our 1:10 experimental protein:lipid ratio than our previous simulations. As in 

our prior work [4,52,125,126], 23 lipids will be removed to accommodate each helix. I 

propose simulating three arrangements of αSyn, oriented parallel to the tube, 

perpendicular to the tube, or at a 45º angle from the tube (Figure 2.17). I expect all three 

arrangements to curve to a similar extent based on the results from Braun et al. 2014 [4]. 

Each system should contain around 300,000 MARTINI beads with enough solvent to 

allow bending to occur without the influence of periodic images. If similar scaling to my 

prior work is achieved, these simulations should get >500 ns/day on 400 processors 

[125]. Based on Schulten’s atomistic and CG simulations, I expect the curvature to 

converge in under 2 microseconds. Each system will be built and run independently three 
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times for more robust statistics. The primary result from these simulations will be a 

curvature radius value for each simulation. I expect the radius of curvature to decrease 

with increased concentrations of CL and PE as in the tubulation experiments. Secondary 

results include protein partition depth, bilayer thickness, and lipid shape changes. 

 
Table 2.5. Lipid compositions for direct curvature simulations 

 Molar composition Description Expected result 

1.1 100% POPC Negative control Minimal curvature 

1.2 34% DOPG, 66% POPC Anionic control Minimal curvature 

1.3 17% TOCL, 83% POPC CL experiment More curvature than 

controls 

1.4 34% DOPG, 15% POPE, 

51% POPC 

PE experiment More curvature than CL 

experiment 

1.5 17% TOCL, 15% POPE, 

68% POPC 

CL + PE synergy 

experiment 

Greatest curvature 

induction 

 

2.4.2 Flat-patch simulations to calculate spontaneous curvature from bending 

modulus and lateral pressure 

Direct observation of membrane curvature using the above approach will provide a visual 

metric and a value for curvature radius. However, it is unable to provide energetics and 

fully explain the thermodynamic driving forces, which are needed for thorough 

biophysical characterization. Another approach that will complement the direct 

observations and dive further into a mechanistic explanation is to simulate flat lipid 

bilayers periodic in both x and y, calculate their bending modulus, leaflet bending 

propensity, and curvature frustration (from the lateral pressure profile), along with 

several secondary analyses.  

 

This approach contains three key differences from our original methodology that improve 

on our previous methods. First, flat patch simulations containing protein will be 

symmetrical with a protein on both leaflets. This will eliminate any concern with area 

mismatch. For instance, in the original methods, simulations containing seven αSyn on a 

single leaflet were used to calculate the per protein excess area. In these simulations, 23 

lipids were removed, with an estimated error of ± 1 lipid per protein, giving a potential 

area mismatch of ± 7 lipids. This is within the tolerance indicated by Park et al. for 
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calculating lateral pressure and other sensitive metrics, but a symmetric system would 

eliminate noise from this asymmetry [127]. Furthermore, a symmetric system with one 

protein on each leaflet will eliminate noise in the excess area calculations caused by 

neighboring proteins. Second, the analysis will closely follow previously established 

methods to compute both the bending modulus and the curvature stress in order to 

actually calculate an estimated curvature radius and to determine what is responsible for 

differences in curvature. Previously, we used a simplified analysis of the lateral pressure 

profile that did not address the bending modulus. Finally, the effect of MARTINI ions on 

bilayer spontaneous curvature will be explored to connect more closely with experiment. 

Charged lipids change curvature preference as a function of ionic environment. 

Therefore, we need to fully understand how our simulations behave to quantify an 

underlying mechanism for bending induction. 

 

In these flat-patch periodic simulations, each simulation will consist of ~3200 lipids and 

will be run with and without one αSyn1-100 helix embedded in each leaflet. As before, I 

propose using the MARTINI force field and same run parameters as used previously. As 

with the simulations proposed in section 1, each system will be built and run in triplicate. 

These systems are labeled as 2.1-3.5 in Table 2.7. With the same five lipid compositions 

shown in Table 2.5, three replicates, and simulations with and without protein, I propose 

running 30 simulations. With much less water than the bending simulations, these should 

run at ~5 microseconds/day on ~500 processors using Gromacs 4.x on the MSI 

supercomputers.  

2.4.2.1 Measure the effect of ion concentration on bilayer spontaneous curvature 

It has been demonstrated that ions, specifically Ca2+, are capable of dramatically altering 

the spontaneous curvature of cardiolipin. A recent study measured the spontaneous 

curvature of cardiolipin, and DOPE, and dioleoyl phosphatic acid (DOPA), revealing that 

cardiolipin’s spontaneous curvature changes from weakly positive to strongly negative as 

the concentration of Ca2+ is increased from 0 to 100 mM [90]. PA, another anionic lipid 

showed an even stronger dependence on Ca2+concentration. While the change in 

cardiolipin and PA’s spontaneous curvature with the addition of Ca2+ was dramatic, the 

change in PE was negligible. The authors explained that the apparent shape of cardiolipin 



 56 

depends on the balance between electrostatic repulsion modulating the size of headgroup, 

and the four lipid tails modulating the hydrophobic tails (Figure 2.18). 

 

Figure 2.18. How the molecular characteristics of cardiolipin affect its spontaneous curvature.  

(Left) Opposing forces between the doubly negative headgroup and four lipid tails cause cardiolipin to have 

near 0 spontaneous curvature (C0 ≈ 0).  (Top) Charged objects like calcium can neutralize electrostatic 

repulsion in cardiolipin headgroups. This allows it to form shapes with negative spontaneous curvature (C0 

<< 0). (Bottom) If cardiolipin had only two lipid tails instead of four, it would have positive spontaneous 

curvature due to the repulsion between the doubly negative headgroups (figure from Chen et al. 2015) [90]. 

 

Our simulations of cardiolipin-containing bilayers have only included counter-ions to 

keep the simulation at net zero charge. Although these simulations include positively 

charged ions, it is unclear whether these monovalent cations are sufficient to cause 

cardiolipin to have negative spontaneous curvature. It is also unclear how well MARTINI 

ions are capable of capturing the dependence of cardiolipin spontaneous curvature on 

Ca2+ concentration. To test the effects of divalent cations on the properties of CL-

containing bilayers, I propose conducting a series of flat-patch bilayer simulations with 

varying concentrations of MARTINI CaCl2. It is worth noting that there was no Ca2+in 

our tubulation experiments, where the aqueous buffer was 20 mM MOPS, 150 mM NaCl, 

and 2.7 mM KCl at pH 7.4. In this buffer, we observed tubulation of bilayers containing 

cardiolipin. In contrast, the experiments on calcium-dependent spontaneous curvature 

used an aqueous buffer containing 10 mM HEPES, and 0-100 mM CaCl2.  

 

To explore the effects of ion concentration on the curvature of cardiolipin-containing 

bilayers in MARTINI coarse-grained simulations, I propose simulating five systems 

shown in Table 2.5, each with the same lipid bilayer, but different ionic conditions. 

System 4.1 contains only counter ions and is identical to system 2.3 and does not need to 

be simulated twice. System 4.2 will test the difference between calcium and sodium 

beads by substituting divalent calcium beads for the sodium in system 4.1. I expect this to 
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cause a small, possibly undetectable change in bending modulus and curvature. In 

systems 4.3 and 4.4, 20 mM and 100 mM CaCl2 will be added to the simulation, 

respectively. This will test whether the curvature of a cardiolipin-containing bilayer is 

dependent on calcium concentration in CG simulations. I expect the results from systems 

4.1-4.4 to trend from near zero spontaneous curvature to negative spontaneous curvature. 

System 4.5 matches the NaCl content from the experimental buffer. Differences between 

the rigidity and spontaneous curvature observed in system 4.5 and the previous systems 

will indicate whether CG sodium has the same effect as CG calcium. If the only systems 

that reveal negative spontaneous curvature are those with high calcium concentration 

(systems 4.3 and 4.4), and simulations with NaCl do not show curvature, then this 

suggests that cardiolipin enhances αSyn-induced membrane remodeling through 

something other than spontaneous curvature.  

 

Each of these ion-dependent simulations in Table 2.6 will be analyzed along with the 

systems 2.1-3.5 in Table 2.7 to determine the bending modulus, curvature frustration, and 

spontaneous curvature. Each of these systems is protein-free and all protein-dependent 

analyses will be excluded. 

 
Table 2.6. Lipid compositions for ion-dependence simulations‡ 

 Lipid Composition Ions Expected Result 

4.1 17% TOCL, 83% 

POPC 

Na+ Counter ions only Neutral curvature 

4.2 17% TOCL, 83% 

POPC 

Ca+2 Counter ions only Neutral curvature 

4.3 17% TOCL, 83% 

POPC 

20 mM CaCl2 and counter 

ions 

Slightly negative 

curvature 

4.4 17% TOCL, 83% 

POPC 

100 mM CaCl2 and counter 

ions 

Negative curvature 

4.5 17% TOCL, 83% 

POPC 

150 mM NaCl and counter 

ions 

Negative curvature 

‡ Each simulation will be protein-free and contain 3200 lipids. Expected results are for monolayer 

spontaneous curvature values calculated from the bending rigidity and curvature frustration. 

 

2.4.2.2 Obtain Kc using lipid splay  

The bending modulus, Kc, is an important bulk material property that partially determines 

how much a bilayer or monolayer will bend. The energetics of bending can be calculated 



 58 

using the Helfrich Hamiltonian shown in equation 2.4, where �̅�𝑙𝑖𝑝𝑖𝑑 is the per area 

bending free energy, R-1 is the measured curvature of a monolayer, and 𝐹0,𝑙𝑖𝑝𝑖𝑑
−1  is the 

spontaneous curvature of a monolayer. The equation provides the free energy associated 

with bending a monolayer away from its spontaneous curvature to a new curvature, R-1. 

This equation has the same functional form as a spring potential energy function, 𝑃𝐸 =

𝑘

2
(∆𝑥)2. Here, the spring constant is the bending modulus, and instead of a change in 

distance, we have a change in curvature. Obtaining the bending modulus and the bending 

free energy will allow us to calculate the difference between a flat monolayer and the 

monolayer spontaneous curvature, simply providing the spontaneous curvature, as the 

radius of curvature for a flat layer is ∞, and ∞-1 = 0. 

 

 
𝐹𝑙𝑖𝑝𝑖𝑑(𝑅−1) =

𝐾𝑐,𝑙𝑖𝑝𝑖𝑑

2
(𝑅−1 − 𝑅0,𝑙𝑖𝑝𝑖𝑑

−1 )
2
 2.4 

 

To obtain the bending modulus for each of these multicomponent lipid bilayers, I propose 

using the method of Khelashvili, which calculates Kc from the distribution of lipid splay 

moduli [119–121]. Although this method does not come as close to experimental Kc 

values as other computational techniques, it is the first method designed for small 

multicomponent bilayers, and it accurately ranks bilayers with known bending rigidities. 

The thermal undulations methods we used in the past were limited by size, and are 

generally considered unsuitable for multicomponent mixtures [111,128]. Likewise, the 

method of Levine et al., which calculates the bending and tilt moduli from Fourier 

analysis of lipid orientation vectors, only works on single component systems [129]. 

 

Khelashvili’s splay method calculates the tilt and splay from director vectors for each 

lipid. The tilt is defined as the deviation between the lipid vectors and the bilayer normal 

at the lipid’s x-y coordinate. Lipid vectors were defined for MARTINI lipids as the 

vector between the center of mass of the phosphate (PO4) and glycerol beads (GL1 and 

GL2), and the center of mass of the terminal carbons on each tail. The probability 

distribution of these lipid tilts is used to construct a potential of mean force for lipid 

tilting, from which the tilt modulus, kt, can be calculated [119]. Similarly, the distribution 
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of lipid splay is calculated for each lipid/lipid type using the difference in tilt angle 

between lipid vectors for each pair of lipids. The probability distributions for splay angles 

between each lipid/lipid pair were used to construct a potential of mean force for lipid 

splay, from which Kc can be calculated [119–121]. Recently, this group made a python 

module for their analysis publicly available, making it straightforward to apply this 

method to our flat-patch bilayer simulations [119]. 

 

Using this method to obtain Kc is unfortunately limited to lipid-only systems. Recent 

work by Sodt and Pastor used the protein-free bending modulus to estimate the bending 

free energy of bilayers containing a protein [79]. Equation 2.5 shows their simple 

approximation. They demonstrate, using a continuum model, that inserting amphipathic 

helices can change the bending modulus bilayer based on the surface coverage and depth 

of the helix. Doubling the surface coverage from 5 to 10% can change the bending 

modulus by as much as 25%. In the proposed 2-protein simulations, the surface coverage 

is roughly estimated to be 5%, which may also produce a change of up to 25% based on 

the helix depth. This error, however, is estimated for a continuum model and may be 

significantly reduced in MARTINI because of additional molecular interactions. To best 

estimate the potential error in bending modulus, the depth of the protein (section 2.4.3.1) 

will be characterized. Aside from dramatic differences in protein depth, using the 

assumption that the bending modulus of the bilayer does not change with the insertion of 

αSyn will allow us to accurately compare how different lipid compositions affect αSyn-

induced membrane curvature.  

2.5 

 

𝐹𝑙𝑖𝑝𝑖𝑑+𝑖𝑛𝑐𝑙(𝑅−1) =
𝑘𝑐,𝑙𝑖𝑝𝑖𝑑+𝑖𝑛𝑐𝑙

2
(𝑅−1 − 𝑅0,𝑙𝑖𝑝𝑖𝑑+𝑖𝑛𝑐𝑙

−1 )
2

≈
𝑘𝑐,𝑙𝑖𝑝𝑖𝑑

2
(𝑅−1 − 𝑅0,𝑙𝑖𝑝𝑖𝑑+𝑖𝑛𝑐𝑙

−1 )
2
 

2.4.2.3 Calculate bending frustration for each leaflet 

The second piece required to calculate the spontaneous curvature from a flat bilayer 

simulation is the per area bending free energy, 𝐹𝑙𝑖𝑝𝑖𝑑. This value can be calculated for 

each leaflet from the lateral pressure profile, and determines how the leaflet will bend 

when unconstrained. Lateral pressures can only be determined computationally, as there 
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are no in vitro methods capable of measuring stresses along the z-dimension of a bilayer. 

The method established by Ollila et al. 2009, first calculates a 3D pressure tensor for 

each volume element in the simulation box, using the position, velocity, mass, and 

interaction potentials for each atom [110]. The lateral pressure is then obtained from the 

planar and normal components of the 3D pressure tensor. The resulting profiles can be 

quite noisy and require a high output frequency and sufficient sampling time. They can 

also be difficult to converge, sometimes requiring very long simulation times. Lateral 

pressure profiles are essentially impossible to visually interpret meaning that quantitative 

methods should be employed to understand changes in their features. Although changes 

in lipid composition and the addition of proteins will visibly change local minima and 

maxima, these changes must be understood and quantified to describe a biophysical 

phenomenon like tubulation.  

 

Lateral pressure profiles have been quantified in a few different ways. In the context of 

curvature, the first moment of the lateral pressure profile is used to calculate the bending 

free energy. 

  

𝐹
′

𝑜 = −𝐾𝑐𝑅0
−1 =

𝑑𝐹(𝑅−1)

𝑑𝑅−1
|

𝑅−1=0

= − ∫ 𝑧[𝑝𝑇(𝑧) − 𝑝𝑁(𝑧)] 𝑑𝑧 
∞

−∞

 
2.6 

 

Equation 2.6 shows the connection between the first moment of the lateral pressure 

profile and the first derivative of bending free energy with respect to curvature. 𝐹
′

0 is the 

per area change in free energy with respect to curvature evaluated for a flat bilayer (R-1 = 

0). pT(z) is the tangential pressure, and pN(z) is the normal component. −𝐾𝑐𝑅0
−1is the 

first derivative of equation 1 with respect to the lipid spontaneous curvature, 𝑅0
−1 , 

evaluated at R=∞ (flat bilayer). For symmetric bilayers, 𝐹
′

0 is zero, because the values of 

F0' for each leaflet have equal and opposite magnitudes. Comparing the individual leaflet 

values of symmetric protein-containing systems to protein-free simulations will show the 

change in leaflet bending free energy caused by the protein.  
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2.4.2.4 Calculate spontaneous curvature from bending modulus and curvature free 

energy 

By measuring 𝐹
′

0 , and Kc, we can calculate a value for the radius of spontaneous 

curvature using the first part of eq. 2.6: 𝑅0 =
−𝐾𝑐

𝐹0
′ . These curvature radii can then be 

compared to the values obtained from the direct curvature simulations, and will reveal 

whether lipid-specific changes in the protein-induced curvature are the result of bending 

frustration or changes in bending rigidity.  

2.4.3 Additional analyses methods to further explore the biophysical mechanism of 

membrane remodeling 

Although the methods above will grant considerable insight into the lipid-dependent 

curvature mechanisms of αSyn, there are a few additional metrics that will solidify the 

mechanism and may provide insight into any disagreement between experimental and 

computational results. The two primary methods discussed here involve the protein’s 

partition depth and the conformation of lipid tails near the inserted helix.  

2.4.3.1 Protein partition depth 

The depth of a helix inserted into the bilayer has been directly linked to curvature 

generation [122,130]. These changes in insertion depth are often very subtle and may not 

be fully captured by the MARTINI CG force field. It is nevertheless important to test 

whether the protein depth is a contributing factor in our simulations. Despite our 

preliminary work showing no clear relationship between protein partition depth and 

lateral pressure, it is important to complete this analyses again on both the direct 

curvature simulations and the larger symmetric flat patch simulations. It is possible that 

the change in size and simulation conditions will lead to a measurable difference in 

protein insertion depth. Additionally, the partition depth affects our error estimate for the 

bending rigidity in protein-containing systems [79].  
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Figure 2.19. Lipid tail conformation changes as a function of distance from an inserted protein.  

(Left) The shape of 18:1 lipid chains averaged over radial bins around the gramicidin protein are shown in 

black. (right) The shape of 22:1 lipid chains based on their distance from the helix. Purple lines in both 

images are the hydrophobic surface, computed using the average positions of the closest carbon to the 

water interface in the lipid acyl chains (figure from Sodt & Beaven et al. 2017).(83) 

2.4.3.2 Lipid tail conformation 

Related to the depth of insertion is the conformation of lipid tails near the inserted 

protein. Following the methods of Sodt & Beaven et al., I propose to calculate the shape 

of the lipid chains as a function of distance from the protein [131]. This will show how 

much each type of lipid is deforming to accommodate the protein, and should directly 

relate to the partition depth and curvature induction. This method directly shows a 

physical change in the lipids that doesn’t require complicated analyses or theory to 

understand. It can be done both on the curved bilayer simulations and the flat patch 

symmetric simulations.  

2.4.3.3 Excess area 

It is important to also calculate the excess area induced by αSyn in these simulations. 

Previous work has shown that in the symmetric, 2-protein methodology, the excess area 

results will be much less noisy, than from multi-protein asymmetric systems [4], and it is 

possible that a significant result will emerge that differs from our preliminary results. 

Nevertheless, I expect the excess area induced by the protein to be very small and there to 

be no direct relationship between the excess area result and the in vitro tubulation results.  
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2.4.4 Combining these results into a mechanism 

Together, these results will provide a thorough picture of αSyn-induced membrane 

remodeling in membranes containing CL and PE. The three sets of proposed simulations 

will allow direct observation of membrane curvature, test the effect of divalent cations on 

cardiolipin-containing bilayers, and show how bending rigidity and curvature frustration 

contribute to spontaneous curvature. Additionally, this work will demonstrate how lipid 

tails deform as a function of distance from inserted helices, examine the effect of protein 

insertion depth on curvature stress, and show how different arrangements of αSyn on the 

bilayer affect curvature induction. 

 

The results are expected to show that the mechanism for curvature induction primarily 

involves changes in curvature frustration that directly relate to the amount of PE, or to a 

lesser extent CL, present in the bilayer. The curvature strain in CL-containing bilayers is 

expected to depend slightly on the concentration of divalent cations, but a similar 

observation is expected for the systems containing high concentrations of monovalent 

cations. Overall, these new simulations should compliment the experimental results and 

provide a mechanistic explanation for the interactions between lipid shape, solvent 

properties, protein insertion, and bilayer mechanical properties.  

2.5 DISCUSSION 

As it currently stands, this project provides compelling experimental evidence for a 

novel, lipid-dependent mechanism for protein-induced bilayer remodeling. The 

experimental data reveals that only very small amounts of PE are required for αSyn to 

remodel large vesicles. The addition of only 2% POPE to a lipid mixture containing 34% 

DOPG and the remainder as POPC caused tubulation to occur, while the PE-free mixture 

does not show significant tubulation. Similarly, exchanging the 34% DOPG with 17% CL 

allowed αSyn to tubulate membranes. These results show that both PE and CL are 

capable of making bilayers susceptible to remodeling by αSyn. What remains 

unanswered is a mechanistic explanation for how these lipids enhance remodeling. 

Nevertheless, our experimental data, and preliminary computational work rule out many 

potential biophysical mechanisms and point towards testable hypotheses.      



 64 

The original null hypothesis for this study was that the mechanism for αSyn remodeling 

bilayers containing CL and PE would be the same as that for remodeling bilayers 

containing PG. In this mechanism, the extent of tubulation is governed by the 

concentration of PG present in the lipid mixture, which correlates with the binding 

affinity of αSyn for the membrane, the depth of the protein in the bilayer, and asymmetry 

between the order parameter of protein-bound and protein-free membranes. Braun et al. 

2014 established this mechanism of tubulation using a combination of vesicle clearance 

assays to measure tubulation, FCS to measure binding affinity, and molecular dynamics 

simulations to measure the protein’s depth, curvature induction, and lipid order 

parameters [4]. Following the approach of Braun 2014, we revealed that membranes 

containing PE or CL tubulate at much lower binding affinities than their PG counterparts 

in Braun 2014. Furthermore, our MD simulations show that there is no direct relationship 

between partition depth, the excess area induced by the protein, and the experimentally 

determined tubulation capacities. This effectively ruled out this mechanism and led us to 

formulate additional hypotheses.  

 

Because we expect both PE and CL to have negative spontaneous curvature under our 

experimental conditions, we hypothesized that the lipid shape is a driving force for 

tubulation. It is possible that both lipids share a common mechanism; however, it is also 

possible that their effects on the membrane and αSyn are distinct, especially when 

divalent cations are present [90]. To test whether shape drives tubulation, we turned to 

MD simulations. Since the system size in MD is much smaller than the experiments, 

tubulation cannot be measured directly. Instead, one can measure local curvature caused 

by a protein, and stresses inside the bilayer that indicate how and whether a bilayer will 

bend. Our preliminary results with both of these methods showed no correlation with the 

experimental tubulation data. Both methods showed that adding αSyn to a lipid bilayer 

causes a change in curvature and stress, but the effect was mostly consistent across 

different lipid types and did not relate to whether a bilayer tubulated or not. My working 

hypothesis is still that lipid shape is part of the mechanism for the tubulation of CL and 

PE-containing bilayers.  
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Moving forward, computationally determining the biophysical mechanism for αSyn 

remodeling of bilayers containing CL and PE will require the use of additional analysis 

methods. The combination of three sets of simulations to directly observe curvature 

formation, establish the interaction between divalent cations and CL in MARTINI, and 

measure the mechanical properties contributing to curvature, should prove more robust 

than our previous methodology, which was a simplified analysis of coarse bilayer lateral 

pressure profiles, that did not account for the bilayer bending rigidity. I expect this set of 

proposed methods to produce a clear mechanistic explanation for how αSyn remodels 

bilayers containing PE and cardiolipin.  

Table 2.7. Summary of proposed simulations 

 Lipid Composition Description 

1.1 100% POPC Bending, 16 αSyn100 

1.2 34% DOPG, 66% POPC Bending, 16 αSyn100 

1.3 17% TOCL, 83% POPC Bending, 16 αSyn100 

1.4 34% DOPG, 15% POPE, 51% 

POPC 

Bending, 16 αSyn100 

1.5 17% TOCL, 15% POPE, 68% 

POPC 

Bending, 16 αSyn100 

1.6 100% POPC Bending, 16 αSyn100, parallel geometry 

1.7 100% POPC Bending, 16 αSyn100, perpendicular geometry 

2.1 100% POPC Flat patch, protein-free 

2.2 34% DOPG, 66% POPC Flat patch, protein-free 

2.3 17% TOCL, 83% POPC Flat patch, protein-free 

2.4 34% DOPG, 15% POPE, 51% 

POPC 

Flat patch, protein-free 

2.5 17% TOCL, 15% POPE, 68% 

POPC 

Flat patch, protein-free 

3.1 100% POPC Flat patch, 2 αSyn100 

3.2 34% DOPG, 66% POPC Flat patch, 2 αSyn100 

3.3 17% TOCL, 83% POPC Flat patch, 2 αSyn100 

3.4 34% DOPG, 15% POPE, 51% 

POPC 

Flat patch, 2 αSyn100 

3.5 17% TOCL, 15% POPE, 68% 

POPC 

Flat patch, 2 αSyn100 

4.1/2.3 17% TOCL, 83% POPC Flat patch, protein-free, Na+ Counter ions only 

4.2 17% TOCL, 83% POPC Flat patch, protein-free, Ca+2 Counter ions only 

4.3 17% TOCL, 83% POPC Flat patch, protein-free, 20 mM CaCl2 and 

counter ions 

4.4 17% TOCL, 83% POPC Flat patch, protein-free, 100 mM CaCl2 and 

counter ions 

4.5 17% TOCL, 83% POPC Flat patch, protein-free, 150 mM NaCl and 

counter ions 
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3 Characterizing α-Synuclein using Atomic Force Microscopy 

Ben Brummel, Greg Haugstad, Jonathan Sachs 

3.1 INTRODUCTION 

To complement computational investigations of α-Synuclein (αSyn), I used atomic force 

microscopy (AFM). The advantage of AFM over other imaging techniques is that it 

enables measurements of mechanical properties. AFM measures the displacement of a 

cantilever probe as it contacts the sample surface, and can provide information on 

multiple structural and mechanical sample properties at very high spatial resolution, 

making it suitable for the characterization of lipid vesicles and protein aggregates [132–

134]. Because we believe that one of αSyn’s native functions was to reduce the 

fusogenicity of synaptic vesicles by lowering their bending modulus, we set out to 

characterize the bending modulus of synaptic vesicles and to demonstrate how this value 

changes upon addition of αSyn. Although we were unable to characterize the effect of 

αSyn on the bending modulus of synaptic vesicles, we were able to image synthetic lipid 

vesicles without αSyn, and in doing so developed a software package for viewing and 

analyzing pulsed force mode (PFM) data. The user manual for this software is included in 

section 3.4. 

 

Another application of AFM is imaging αSyn fibrils. Fibrils are the misfolded form of 

αSyn that are the pathological hallmark of Parkinson’s disease (PD) and other amyloid 

protein misfolding disorders. αSyn is natively an unstructured monomer [135], but 

becomes an amyloid fibril in the disease state [136], and when monomers are shaken and 

incubated at high concentrations. These fibrils are relatively rigid and can be dried onto a 

coverslip and imaged in air, making them much easier to study than lipid vesicles. 

Additionally, amyloid fibers can be microns long [137], making them much easier to 

detect and image than 40-100 nm diameter lipid vesicles. Many studies have 

characterized αSyn fibrils, using AFM to measure their size and structure [134,138–142]. 

AFM can be used to show structural changes in fibrils due to specific mutations, and 

verify the absence of fibrils caused by drugs designed to inhibit fibril formation. I imaged 

wild type αSyn fibrils and compared them to fibrils with tyrosine mutations. Tyrosine 
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mutations were selected to test whether aromatic-methionine interactions are involved in 

fibril formation. Mutating the aromatic residues (tyrosines) to alanine eliminates the 

possibility for methionine-aromatic interactions, which our group has previously shown 

to be important for stabilizing protein structure [143,144]. This study was conducted as a 

proof of concept, and the data collected is insufficient to make conclusive claims about 

how tyrosine mutants affect fibril morphology. Future work will likely focus on testing 

whether lead drug compounds inhibit or modify fibril formation, and may also look at the 

effects of specific mutations, such as those involved in methionine-aromatic interactions. 

It is also possible that future work may explore the effects of αSyn on vesicle mechanical 

properties.  

3.1.1 Vesicle mechanical properties 

One of the parameters that govern whether a transport vesicle will fuse with a membrane 

is its bending modulus [145,146]. The bending modulus is a spring constant that allows 

one to calculate the energy required to bend a membrane away from its spontaneous 

curvature (see eq. 2.6 from chapter 2). If a vesicle is composed of lipids that favor the 

vesicle’s current curvature, then the vesicle is free of curvature stress. A vesicle 

composed of lipids that would spontaneously form a different radius, a flat bilayer, or 

another shape, is under curvature stress and has an energetic driving force to remodel. 

The apparent bending modulus of a vesicle under high curvature stress will be higher 

than in a stress free membrane because the energy required for bending scales with the 

square of the difference between the current curvature and the spontaneous curvature. It 

is possible that synaptic vesicles prefer to form a lamellar bilayer and, therefore, have a 

high bending rigidity, causing them to have high curvature stress. This curvature stress 

could be the driving force for vesicle fusion after the docking machinery mates the 

vesicle to the cell membrane. Proteins that modify either the spontaneous curvature or the 

bilayer bending modulus change the energy requirement for the bilayer to remodel, and 

could affect vesicle fusion or exocytosis. AFM can measure the size and stiffness of 

vesicles [133,147–150]. The stiffness can then be converted into the bending modulus 

using the methods from Li et al. 2011 [151], which are detailed in the methods section. 

The importance of converting stiffness into bending modulus is that the modulus is a 
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constant for lipid bilayers of a certain composition and does not depend on vesicle size, 

unlike stiffness.  

 

αSyn has been shown to affect both the curvature and the bending rigidity of lipid 

bilayers [52,77,126,152]. In the case of small unilamellar vesicles, αSyn blocks fusion, 

and it has been shown computationally to reduce their apparent bending rigidity [126].  

We hypothesized that one of aSyn’s functions in the presynaptic terminal is to regulate 

synaptic vesicle exocytosis by altering vesicle rigidity, and we employed AFM to test this 

hypothesis. We proposed to compare bending modulus values obtained computationally 

and experimentally to demonstrate the effect of αSyn on vesicle mechanics, and reveal 

underlying molecular details including specific protein-lipid interactions only accessible 

via simulation. 

 

Vesicle stiffness is inherently difficult to obtain via AFM. Nanoscopic vesicles are 

difficult to measure because they require substrate conditions that favor stable adsorption, 

without causing them to pop and form a bilayer on the substrate. They must also be 

imaged in an aqueous media, rather than dried onto a substrate. This can increase sample 

drift, damp cantilever motion, and change the cantilever’s resonance frequency. Most of 

the model lipids we worked with have a spontaneous curvature near zero, meaning they 

are under considerable curvature stress and need little incentive to rupture and form a flat 

bilayer. If stable adsorption is achieved, it remains difficult to tune the forces to prevent 

the vesicle from rupturing, lifting off the substrate, or irreversibly deforming. In addition 

to the inherent difficulty of measuring vesicle stiffness via AFM, aSyn presents more 

complications for extracting the bending modulus from stiffness measurements. αSyn 

sticks to many different substrates, including mica and silica nitride probe tips. 

Modifying the charge of the tip and substrate could potentially alleviate this, along with 

using low concentrations of αSyn Moreover, there are a number of assumptions required 

to convert measured stiffness into a bilayer bending modulus. Finally, even after 

verifying the assumptions of the model, the apparent bending modulus does not account 

for the spontaneous curvature. Together, these difficulties and limitations made 

characterizing αSyn’s effect on bilayer bending modulus intractable. 
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3.1.2 Fibril characterization 

A more straightforward application of AFM towards αSyn is imaging the pathological 

amyloid fibrils that form in Parkinson’s disease and other synucleinopathies. Unlike 

vesicles, fibrils can be dried onto a substrate and imaged in air. This eliminates 

difficulties presented by liquid samples. My preliminary study imaging wild type and 

mutant fibrils was able to produce a high-resolution images for each of the mutant fibrils 

(Figure 3.6). Although the mechanical properties of fibrils can be investigated, most 

AFM studies on fibrils are concerned with their morphology, which can be obtained from 

topography data and does not require force curves or advanced analyses. Different 

aggregation methods and mutant forms of αSyn can produce fibrils with different size 

and shape distributions. They can be quantified based on average length, branching, and 

whether they have periodic features. Prior high-resolution AFM studies have shown 

periodicity in certain AFM fibrils, indicative of different fibril structures [139]. 

 

The fibril characterization I did was a ‘proof-of-concept’ study to differentiate between 

mutant forms of αSyn. I successfully demonstrated these measurements by imaging each 

mutant. Repeating this measurement and combining it with other fibril characterization 

methods like Thioflavin-T to confirm consistent production of wild-type and mutant 

αSyn fibrils could be a promising future study [153] .   

 

Overall, AFM can be a very powerful tool to characterize amyloid fibrils and interrogate 

how αSyn monomers affect the mechanical properties of lipid vesicles. Nevertheless, the 

difficulties presented by in-liquid characterization of vesicles in the presence of αSyn 

indicate that other methods for characterizing vesicle mechanics may be more viable. In 

this chapter I detail the methods I have used to image lipid vesicles and αSyn fibrils and 

include my preliminary results. I also include a user manual for my custom Digital Pulsed 

Force Mode (DPFM) Visualizer software. Figure 3.7 shows the general functionality of 

the DPFM Visualizer. 

3.2 METHODS 

My work with AFM has involved several different techniques and instruments. To 

characterize lipid vesicles, I used two different oscillatory modes to survey the vesicles: 
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acoustic alternating current (AC) (tapping) mode, and pulsed force mode (PFM). To 

calculate vesicle stiffness, I used Force-volume mapping, and calculated stiffness from 

the PFM data. I used AC mode to image αSyn fibrils. 

3.2.1 Lipid vesicle preparation 

Lipid solutions of dimyristoyl phosphatidylcholine (DMPC) and DMPC/cholesterol were 

created from 25mg/mL stock lipid in chloroform (Avanti Polar Lipids). First, the 

chloroform was evaporated overnight in a rotary evaporator, leaving a dried lipid film 

that was subsequently suspended in deionized H2O to 1 mM. Liposomes were fully 

hydrated through five freeze-thaw cycles, then extruded 31 times through two layers of 

0.1 µm filters to produce small unilamellar vesicles (SUV)s ~50 nm in diameter. Vesicle 

solutions were then diluted between 15 and 250x and 400 µL of the diluted liposomes 

was deposited onto a positively silanized DETA coverslip inside the AFM sample 

chamber. Coverslips were prepared following the methods described in Li et al. 2011 

with KOH etching followed by sonication in a solution containing DETA [151].   

3.2.2 Vesicle characterization 

DMPC vesicles with and without cholesterol were characterized using AFM, following 

the techniques described in Li et al. 2011 [151]. DMPC mixed with cholesterol in an 

equal molar ratio is known to form significantly stiffer bilayers and vesicles at room 

temperature than DMPC by itself [154]. Characterizing this known stiffness difference 

was intended to be the first of a series of studies involving increasingly complex lipid 

mixtures. 

3.2.3 Fibril preparation 

Fibrils were created by incubating a 100 µM solution of monomeric αSyn for at least 27 

hours under continuous shaking following the methods of Sweers et al. 2011 [155]. 50 

µL of 10x diluted fibril solution was then deposited on mica, allowed to adsorb for 10 

minutes, washed with 100 µL milliQ water, and dried with a low-pressure nitrogen 

stream. 
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3.2.4 Lipid vesicle mechanics 

After synthesis, the liposomes were characterized with an Agilent 5500 Environmental 

Scanning Probe Microscope (AFM), or an Asylum MFP-3D (next section). Using a 

Bruker DNP-10 cantilever (kcl ~ 0.06 or 0.12 N/m, tip radius ~ 20 nm), samples were 

surveyed in either pulsed force mode (PFM) or AC (tapping) mode to determine their 

quantity and morphology. AC mode uses driven cantilever oscillations to rapidly raster 

scan across a sample, and PFM performs rapid approach-retract cycles to make 

intermittent sample contact. The advantage of these methods over traditional contact 

mode is minimal shear force and reduced time of contact with the sample. 

 

To characterize the stiffness of the vesicles, we used force-volume mapping, and 

calculated the stiffness from PFM data. PFM or AC was first used to locate and image 

vesicles, then linear force curves were obtained for each in a 32 x 32 or 16 x 16 grid over 

a single vesicle. In force-volume mapping, data for each pixel is obtained by a linear 

trace in Z, rather than the sinusoidal pattern in PFM. The force curves were measured for 

every pixel in the grid and a second PFM or AC image of the vesicle was obtained to 

confirm that the vesicle remained intact. This method suffered from sample drift and the 

loss of vesicle adsorption, as the second survey image rarely showed the targeted vesicle. 

Additionally, the force-volume data often did not reveal the expected vesicle features, 

indicating that the vesicle had changed, or the location of the sampling grid drifted away 

from the vesicle. To mitigate the issues with switching modes, I focused on calculating 

the stiffness from a single image using PFM. 

 

To calculate relevant parameters from the force-volume data, I developed a MATLAB 

script (separate from DPFM Visualizer). After loading in the data files, the point of 

contact for each force curve was determined and used to plot a height surface of the 

liposome. This surface was compared to the PFM or AC topography image of the same 

liposome (Figure 3.1). After the height was verified, the force curves were converted 

from Volts to Newtons using: 

 

 𝐹=𝐹cl × 𝐹 × 𝐹 3.1 
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where 𝑘cl is the cantilever spring constant (N/m), 𝑎 is the deflection sensitivity computed 

from the slope from a force curve of the cantilever deformation on bare substrate (m/V), 

and V is the raw voltage signal from the photodiode.  The raw stiffness at each pixel was 

calculated from the slope of the force curve after the point of contact (highlighted in 

Figure 3.1E). Finally, the sample stiffness at each pixel was calculated considering the 

cantilever and sample as two springs in series: 

 1

𝑘𝑙
+

1

𝑘𝑐𝑙
=

1

𝑘𝑚𝑠 
 3.2 

where kl is the liposome stiffness,  kcl is the cantilever stiffness, and kms is the measured 

stiffness. Figure 3.2 displays the height and for a 16 x 16 force curve map over a single 

liposome. 

 

Expanding on the characterization from the Agilent 5500 I used an Asylum MFP-3D 

AFM. The primary motivation for the switch was the fact that the paper—whose methods 

I was following—used an MFP-3D [151].  There are a few key differences between the 

Agilent and Asylum instruments. First, the Agilent 5500 was an environmental AFM 

with a closed chamber and a fluid cell, whereas the MFP-3D required working in a 

droplet for use in liquid mode. Second, the z-scanner approach on the MFP-3D is 

operated manually, whereas the Agilent instrument uses a set of three servo motors to 

adjust the coarse position of the z-scanner. The final major difference is that the 

workflow on the MFP-3D included automated cantilever calibration prior to each 

measurement, using Asylum’s trademarked GetReal™ software. Cantilever calibration is 

not part of the workflow on the Agilent 5500 and was completed manually, using thermal 

tuning methods and pressing against a reference cantilever. The GetReal™ method is 

customized for specific probes, allowing it to accurately obtain spring constants, 

resonance frequencies, and deflection sensitivities (also called inverse optical lever 

sensitivity or InVOLS) for a large library of probes of various geometries. It follows the 

thermal noise method established by Sader, and uses the magnitude of thermal noise to 

determine the InVOLS without making contact with the substrate [156,157]. 
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The main benefit of using the MFP-3D, apart from the automated cantilever calibration 

was the use of the Olympus RC-150VB Biolever cantilevers, which are extremely soft 

cantilevers specifically designed to image biological samples in liquid. The two probes 

have a nominal stiffness of 6 and 30 pN/nm, and a tip radius of 30 nm. The combination 

of a relatively large tip radius and soft cantilever minimizes the disruption of lipid 

vesicles and more closely models the assumptions required for Hertzian contact 

mechanics, which is one of the models considered for calculating the Young’s modulus 

for the lipid vesicles [158,159]. 

3.2.5 Converting stiffness to bending modulus 

Although I do not report values for the bending modulus in this study, the best available 

methods I could find involve using the empirical formula developed by Li et al. 201l 

[151]. This formula calculates the bending modulus kc, and area compressibility, ka from 

vesicle stiffness using a COMSOL finite element model (FEM) of elastic deformation of 

a sphere (vesicle) resting on a plane (substrate) by a hyperbolic object (tip) moving 

downwards towards the plane. Their manuscript presents several formulas for 

determining these elastic parameters from the Young’s modulus, E, shell thickness, t, and 

Poisson ratio: 

 
𝑘𝑐 =

𝐸 x 𝑡3

𝛼(1 − 𝑣2)
, 𝑘𝑎 =

𝐸 x 𝑡

1 − 𝑣2
→

𝑘𝑐

𝑘𝑎
=

𝑡2

𝛼
 3.3 

 

the values  and α = 24 were obtained from literature values for ‘lipid bilayers’, with the 

value for  obtained by averaging the upper and lower limits of normal lipid bilayers.120 

Additionally, the liposomes were assumed to be incompressible and perfectly elastic for 

small deformations, and thus possess a Poisson ratio of 0.5. After setting up the FEM 

using a radial symmetric wedge to represent the vesicle membrane, artificial force curves 

were generated from by applying hyperbolic tip deformation to the top of the FEM 

wedge. These force curves were generated for Young’s moduli from 8 to 75 MPa in steps 

of 1 MPa and diameters from 30 to 120 nm. The curve that best fit the AFM force curves 

for a vesicle with a given diameter was then selected, and the stiffness was calculated 

from a linear fit of the force curve. From this model, the authors were able to relate E, t, 

d, to liposome stiffness kl with an empirical formula: 
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𝑘𝑙 ≈ 47 x 105 𝐸−.53 x

𝑡2

𝑑0.66
 

 

3.4 

They presumably derived this equation with a fitting algorithm, possibly using the 

Buckingham Pi theorem, which generates dimensionless parameters relating a series of 

variables. Using the assumptions in their method, the Young’s modulus can be computed 

from the empirical formula (eq. 3.4), then plugged into (eq. 3.3) to solve for kc and ka. I 

will initially use their empirical model to obtain values for kc and ka. This will be 

reasonable for the calculations on DMPC and DMPC/cholesterol vesicles, but the 

assumptions may not hold in the case of more complex synthetic model liposomes. One 

starting point is the Hertz model [158,159], which was previously used to compute the 

Young’s modulus, E, for cholinergic synaptic vesicles [147]. As with the empirical 

formula developed by Li et al. 2011, the Hertz model implementation makes multiple 

assumptions (spherical rigid tip, small strain, small area of contact relative to vesicle size) 

that will not always hold true. 

3.3 RESULTS 

3.3.1 Vesicle stiffness from force-volume data 

Stiffness values plotted in Figure 3.2B trend as expected with the substrate stiffer than the 

liposome and the center of the liposome stiffer than the edges [133,147,151]. The reason 

for the increased stiffness at the center is primarily due to the gap between the vesicles 

and substrate resulting from their spherical geometry. Accurate quantification requires 

the stiffness of the cantilever to be calibrated either using thermal excitations of the 

cantilever [160,161] or from interactions between the tip and a well-characterized sample 

[162]. I have conducted this analysis on DMPC vesicles with and without cholesterol. 

The resulting height images are shown in Figure 3.1. 



 75 

 

Figure 3.1. Height Images of DMPC and DMPC/CHOL liposomes.  

(A) 100 nm diameter DMPC/CHOL liposome imaged using AC mode over a 0.5 µm area imaged after FV 

mapping. (B) Reconstruction of the same vesicle in A from a 16 x 16 force curve map. (C) 100 nm 

diameter DMPC liposome imaged using PFM over a 0.5 µm area before FV mapping. (D) Reconstruction 

of the same vesicle in C from a 32 x 32 force curve map. (E) Linear Force curve taken from a FV map of a 

DMPC vesicle. A single force curve shows the relative force on the tip as it approaches and retracts from 

the sample. The x axis is the relative z position of the piezo-scanner, with the sample on the left. The point 

at which the tip makes contact is marked with an X.  The region of the curve used to fit the sample stiffness 

is highlighted in blue. 
 

 

Figure 3.2. Stiffness analysis of a DMPC/CHOL vesicle.  

(A) Height image of DMPC/CHOL vesicle reconstructed from a 16 x 16 grid of force curves. (B) Stiffness 

(nN/nm) was computed using the substrate deflection and cantilever stiffness. 
 

3.3.2 Vesicle stiffness from PFM 

An alternative to calculating vesicle stiffness from force-volume maps is to calculate 

stiffness from PFM data. The advantages to this method are the greatly increased 

sampling, ability to scan a larger region with multiple vesicles, and that there is no need 

to switch between an imaging mode and force curve mapping. The slower oscillation 

speed of PFM, in the hHz to kHz range, is much lower than the sampling rate (5 MHz), 

allowing curves for each oscillation to be extracted from the raw data and converted into 

linear force curves. PFM can operate at speeds greater than 1 line/second, and up to 1000 
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pixels per line when operating at 1kHz. Ideally, the number of pixels per line is less than 

half of the operating frequency. I generally used 256 pixels per line when operating at 1 

kHz, yielding ~4 contact curves per pixel. The conversion of PFM data to linear force 

curves and subsequent fitting to obtain stiffness data is built into the DPFM Visualizer 

software detailed in the user manual in the next section. 

 

Figure 3.3 and Figure 3.4 show PFM topography images of 2 x 2 µM regions each 

containing several lipid vesicles. The stiffness for each liposome was calculated using a 

custom image processing routine that located the pixels representing each vesicle. The 

average stiffness values for nine pixels representing the highest points on each vesicle 

were used as the stiffness for that vesicle. The inverse of the resulting stiffness values are 

plotted against their size in Figure 3.5. These values fail to demonstrate that DMPC 

vesicles that include cholesterol are stiffer than lipid only vesicles. This can be attributed 

to the high level of noise introduced by the image processing routine and the, along with 

inconsistencies with the force curve stiffness fitting. Despite failing to replicate the 

difference between vesicles with and without cholesterol, there is a weak relationship 

between stiffness and size that follows the expected trend where stiffness decreases with 

increasing size [151]. With a larger data set, and hand-selecting vesicles and their pixels 

using the DPFM Visualizer, the published differences in stiffness should become 

apparent. 

 

Figure 3.3. Topography Images of DMPC liposomes.  

Each image is 2 by 2 µm. Height range is from 0 (black) to value displayed on each figure (white). 
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Figure 3.4. Topography images of 50:50 DMPC:cholesterol liposomes.  

Each image is 2 by 2 µm. Height range is from 0 (black) to value displayed on each figure (white). 

 
 

 
Figure 3.5. Inverse stiffness of DMPC and DMPC/cholesterol liposomes.  

(A) Inverse stiffness values calculated from the DMPC/cholesterol liposomes shown in Figure 3.4. (B) 

Inverse stiffness values for the DMPC liposomes shown in Figure 3.3.  Lower inverse stiffness represent 

higher stiffness values.  

 

3.3.3 Images of aSyn mutant fibrils 

The results from my pilot study of αSyn fibrils are summarized in Figure 3.6. Although 

there are visible differences between the mutant and wild-type images, there are 
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insufficient data to conclude that these differences are the result of the mutations. In all 

images, αSyn fibrils are visible, with characteristic rod-like morphology. The WT fibrils 

in Figure 3.6A appear to be more clumped together, resulting in tall regions of protein 

displayed as white regions in the figure. The Y125A mutant form in Figure 3.6B appears 

to form smaller, more disperse fibrils, and the four-tyrosine mutant in Figure 3.6C 

appears to form longer ribbon-like fibrils. The morphology of WT fibrils can resemble all 

three of these images based on aggregation conditions, concentration, and specific region 

chosen for the image. Therefore, to confidently characterize these mutants, the 

measurements would need to be repeated many times using randomly chosen regions of 

the sample, and consistent fibril aggregation needs to be validated using a secondary 

method like thioflavin-T fluorescence [134,155].   

 

Figure 3.6. Images of αSyn fibrils.  

(A) Top row shows wild type αSyn. The top left image is a 10 x10 µm patch. The blue rectangle indicates 

the location and zoom of the next image to the right. (B) Middle row shows images of Y125A mutants. (C) 

Bottom row shows images of αSyn with four tyrosine mutations: Y136A, Y133A, Y125A, and Y39A. 
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Although neither the results from my characterization of lipid vesicles nor the results on 

mutant αSyn fibrils yielded conclusive results, they did lead to the advancement of AFM 

methods and to the development of a software package designed to aid in the 

visualization and analysis of PFM data to obtain sample stiffness and other properties. 

My work stands as a testament to the difficulty of AFM imaging of soft biological 

samples in liquid with the goal of obtaining mechanical measurements. 

3.4 DPFM VISUALIZER USER MANUAL 

 

Figure 3.7. Schematic for the DPFM Visualizer software.  

Data exported from the Witec PFM Control software is imported into the visualizer, where it can be 

analyzed and saved. The DPFM visualizer user manual included at the end of this chapter details how the 

raw data is processed and various options for analyzing and exporting.  
 

3.4.1 Overview 

DPFM Visualizer is MATLAB-based software designed to read and visualize files saved 

by the Witec Pulsed Force Mode PFM-control software. It has only been tested with 

Witec digital pulsed force mode PFM control version 1.75. Newer versions of Witec 

hardwar as well as Bruker’s PeakForce Tapping® include updated analysis software 

(QNM®) with superior capabilities. DPFM Visualizer has no financial interest and is not 

designed to compete with Bruker or Witec. It is designed to extend the capabilities of 

dated hardware operated by the University of Minnesota Characterization Facility. 

Interested parties should consider using the latest software and hardware. 

 



 80 

DPFM Visualizer is first designed as visualization software where you can export raw 

data for each pixel in your experiment, and second as a platform for analyzing pulsed 

force mode data. Currently, its analysis capabilities are limited, but adding custom 

analysis modules is a relatively straightforward process, detailed in section 5, which may 

allow DPFMV to be expanded in the future. 

3.4.2 Prerequisites 

Data Production 

· Witec Digital Pulsed Force Mode (DPFM) data acquisition module 

· Witec PFM-control software version 1.75  

Running DPFM Visualizer 

· MATLAB R2016 or newer 

· DFPM MATLAB Scripts 

3.4.3 Layout 

 

Figure 3.8. DPFM Visualizer Layout.  

(A) Pixel data window. (B) Notifications window. (C) Analysis window. (D) Image window. 
 

The DPFM visualizer GUI is divided into four main windows (Figure 3.8). First, The 

pixel data window shows the data for the selected pixel. To the right, the notifications 

pane displays feedback for the user, notifying the user when a process starts and 
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completes. In the lower left, the analysis tab allows the user to select several analyses 

options and change parameters. Finally, in the lower right, the image window displays the 

selected image channel and allows the user to select which pixel’s data should be 

displayed in the pixel data window. 

3.4.3.1 Pixel data window 

The primary feature of the DPFM visualizer is the ability to view and analyze data in 

specific pixels. When a pixel is selected in the image window (Figure 3.8D), the data is 

displayed in the pixel data window. The layout and options for the pixel data window are 

shown in Figure 3.9. The user is able to select how the data should be displayed in the 

dropdown menu centered over the axes. By default, ‘raw data’ is selected, which shows 

the raw DPFM data scaled to mV using the 10 V limits. The pixel data window allows 

the user to pan and zoom, either using a right click, or buttons to the right of the axes. 

3.4.3.2 Saving the pixel data 

The data in the pixel data window can be saved by right clicking, or from the menu using 

file-save-image window. The user can choose between saving the image as a jpg, fig, or 

png, or saving the raw data as a csv, dat, or mat file. The dat file is saved as a two-column 

ASCII file with a 1-line header, and can be opened using any text editor. The comma 

separated value file is also a two-column comma-separated ACII text file and can be 

opened by text editors, and various spreadsheet editors. The MATLAB binary mat file 

saves the data as a two-column double array, and the headers as strings in a cell array. 
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Figure 3.9. Pixel data window.  

(A) Filename – The prefix filename for each of the witec files is displayed here. (B) Figure window – Data 

is displayed on a MATLAB axes object. (C) Analysis selection dropdown menu – Select between 

displaying the raw data and several analysis options. (D) Pan and zoom options – select between panning 

zooming, and resetting the image to its original state. (E) Curve separation options – Option to divide and 

overlay each curve in the pixel data. User can manually select the curve number and cycle through curves 

using the ‘next’ button. (F) Right click options – Same pan and zoom options along with the option to 

export the current graph or the data displayed in the axes. 

3.4.3.3 Analyzing the pixel data 

There are three options for displaying processed pixel data. These options were designed 

to analyze samples in liquid, and will not work for samples imaged in air. The first option 

is to remove the sinusoidal background. This works by separating the pixel data into 

individual contact curves and fitting each curve to a sine wave using a sinusoidal 

regression fit (Figure 3.10A). The region of the curve in ‘contact’ is excluded from the 

fit, and any curves shorter than a cutoff value are also excluded. Figure 3.10B shows the 

resulting data after the sinusoidal background is removed. This is what is displayed by 

default when ‘Sine Removed’ is selected. The view in Figure 3.10A can be displayed in 

the pixel data window by setting the DEBUG variable to ‘true’ in the subtractSine.m 

function. The x-axis in both the sine-subtracted, and raw data views is time, which is 

initially in binary units, then converted to milliseconds using equation 3.5.  The 

conversion factor is the inverse of the product of sampling rate, pixels per line, and 

samples per pixel. 

𝑚𝑠
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The next display option is ‘Force Curves’. When ‘Force Curves’ is selected from the 

dropdown menu, the background-subtracted curves are split into approach and retract 

‘linear’ force curves and overlaid (Figure 3.11). The approach curves are shown in red 

and retract displayed in blue. Additionally, the x-axis is changed from binary time to 

distance. The conversion from time to distance requires knowing the time-distance 

relationship in the baseline sinusoidal oscillations, as well as the z-scanner hysteresis. 

Both of these values can be obtained by simultaneously running linear force curves while 

the PFM is oscillating. The conversion between time and distance is detailed in section 

3.4.3.7. 

 

Figure 3.10. Sinusoidal curve-fitting and subtraction from raw data.  

(A) The first step in processing the pixel data is to fit the sinusoidal z-scanner oscillations. This is done 

using a best-fit regression on portions of each curve that do not include the ‘contact region’. Raw data is 

shown in blue and the sinusoidal fit is shown in red. The pixel data shown includes three complete contact 

curves, which are separated and fit independently. The fragment on the far left is part of another contact 

curve and is excluded from analysis. (B) When ‘Sine Removed’ is selected from the dropdown menu above 



 84 

the pixel data window, the ‘off-peak’ data is fit with a sine wave, which is then subtracted from the entire 

function. 
 

When ‘Force Curves’ is selected, the option to separate force curves becomes 

available.  This option shown is in Figure 3.8E. The push button ‘Separate Force Curves’ 

displays the first curve in the pixel data. The curve number can be manually changed in 

the edit box, or advanced using the ‘Next’ push button. These force curves can then be 

saved independently using the save functions. Figure 3.11B shows the separated curves. 

 

Figure 3.11. Linear force curves.  

(A) After the sinusoidal background is removed, each contact curve can be separated into approach and 

retract and overlaid. Approach curves are shown in red and retract curves in blue. (B) When the ‘Separate 

Force Curves’ push button is pressed, only the approach and retract curve for the first contact curve in the 

selected pixel data will be displayed. The selected curve can be changed manually in the edit box, or 

advanced to the next curve using the ‘Next’ push button.  
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3.4.3.4 Image Window 

The image window displays data for a selected channel and allows the user to select 

which pixel to display in the pixel data window. Figure 3.12 shows the image window 

with its associated buttons. First, the dropdown menu labeled (A) allows the user to 

change between different image channels. By default, the digital pulsed force mode 

software saves maximum force (Fmax), stiffness, and adhesion data. There is also a 

fourth data acquisition channel that is labeled accordingly. This fourth channel is usually 

‘loss angle’ or ‘bias’. The data for each of these images is loaded with the selected file 

from the raw binary. These values are intermingled with the raw binary data and are 

extracted for each pixel using the pixel clock event file (ExtClk.wmp). 

 

Pixels are selected using one of three different methods. By default, pixel (1,1) will be 

loaded. Clicking another pixel in the image window will load the data for that pixel into 

the pixel data window. Thin crosshairs spanning the length and width of the figure are 

displayed while mousing over the image, while a static smaller crosshair is displayed at 

the currently selected pixel. The currently selected pixel is also displayed in the white 

edit boxes in Figure 3.12B, and the moused over pixel coordinate is shown above the 

image. Pixels coordinates can also be typed into the edit boxes of Figure 3.12B. While 

the edit boxes are selected, the arrow keys can be used to move 1 pixel in x or y, allowing 

the user to move along scan lines on top of key sample features. The colormap and 

colorbar limits can be modified by right-clicking the colorbar. 
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Figure 3.12. Image window.  

(A) Dropdown menu to select image type, generally includes fmax, stiffness, adhesion, and the remaining 

DAC channel. (B) Selected pixel coordinates are shown in white edit boxes, and the pixel currently being 

moused over is displayed as the figure title (X,Y). These coordinates can be changed by clicking on the 

image, typing new coordinates into the box, or clicking in one of the boxes and navigating with the arrow 

keys. (C) Toggle buttons select whether to display trace data, retrace data, or both trace and retrace data 

together. When ‘retrace’ is selected, the selected coordinate is retained, and the image is mirrored. (E) 

Another view of the image window showing the retrace view of the stiffness channel. (F) Trace view of 

Fmax data. Both (E) and (F) show the mouse-over crosshairs, and the static selected crosshairs along with 

their associated labels. 
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Figure 3.13. Additional image window options.  

(A) Right click options allow the user to switch between selecting a pixel and selecting an area of the image 

as well as panning, zooming, resetting the image to its original view, and saving the image as a jpg, png, or 

fig file. (B) Highlight of zoom functionality demonstrates how users can easily identify specific pixels in a 

feature of their image. 
 

3.4.3.5 Analysis Tab 

 

Figure 3.14. Analysis tab.  

The analysis tab is designed to allow users to process their image further and save the data. At the present, 

only automated calculation of deflection sensitivity, and stiffness are supported. 
 

The last window in the DPFM visualizer is the analysis tab. The current version of the 

software is limited to calculating the deflection sensitivity, and calculating the stiffness 

for pixel data given the cantilever spring constant. In its present form, the analysis tab 

stands primarily as a template for integrating advanced analyses modules into the 
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software. The UI tab element allows additional analysis modules to easily be attached to 

the UI tab group (Figure 3.15). 

 

Figure 3.15. Layout for future analysis tabs. 

The UI tab element supports multiple custom tabs, each with their own unique layouts and functions. 

Future iterations of the DPFM visualizer may incorporate additional analyses module. The ‘Phase 

Properties’ and ‘Advanced Options’ tabs are mockups that currently do not exist. The arrow to the right of 

‘Advanced Options’ allows the user to access additional tabs should they be added. 

3.4.3.6 Deflection Sensitivity 

The primary functioning analysis element in the analysis tab is the deflection sensitivity 

calculation. The deflection sensitivity, also referred to as the inverse optical lever 

sensitivity (InVOLS), is a measure of the voltage response to displacement of the 

cantilever and is given in units of nm/V. This metric can be calculated using optical 

methods, or from force curves against a rigid substrate. The ‘Compute’ push button on 

the right side of the analysis tab executes an automated script that uses image processing 

to mask image features and find pixels that are in the background of the image. Using the 

assumption that the background pixels represent contact against an infinitely stiff 

substrate, the deflection sensitivity is calculated as the average value across all 

background pixels. This calculation uses voltage vs distance force curves in the pixel data 

and fits the slope of the contact region. The inverse of this slope, in nm/V is the 

deflection sensitivity. 
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After the deflection sensitivity for the sample is calculated, the ‘Force Curves’, and 

‘Stiffness Fit’ option in the pixel data drop down menu will be updated to display force 

vs distance rather than voltage vs distance. Additionally, when ‘Stiffness Fit’ is selected, 

the stiffness values for the approach and retract for each curve in the pixel data will be 

displayed in the notifications window. Currently there is no option to save the stiffness 

values. Figure 3.16 shows the stiffness fits for a given pixel before and after the 

deflection sensitivity is calculated. 

 

 

Figure 3.16. Stiffness fitting.  

(A) The slope of the contact region of each force curve is fit using a linear regression. This gives stiffness 

in binary units per nanometer. The binary units can be converted to voltage using 2^16 bin = 20 V. The 

stiffness values for the approach and retract curves are displayed in the notifications window and shown 

here as an inset. (B) After the deflection sensitivity has been calculated or input, and a cantilever spring 

constant is provided, the stiffness is converted into units of nN/nm. Again, the stiffness values from the 

notifications window are shown as an inset in the lower left corner of the axes. The deflection sensitivity 

for approach and retract, also from the notifications window, is shown as a second inset. 
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3.4.3.7 Converting from voltage to distance 

The z-velocity of the sinusoidal piezo-driven oscillations in pulsed force mode is a cosine 

function—the first derivative of the distance function. The binary distance is first 

converted to voltage using the 20 V range of the 16 bit binary values. Then the z-distance 

traveled during each oscillation is captured by running a linear force curve while pulsed 

force mode is running. The resulting data includes the z-sensor output values, the linear 

distance input values, and the sampling time Figure 3.17. In order to convert to distance, 

the height of the sinusoidal oscillations must be calculated. This is done by first 

subtracting the input distance from the z-sensor output to get the ‘z-error’. This error is 

composed of hysteresis and the oscillation amplitude. Because the z-scanner hysteresis is 

known to be quadratic [21], it can be fit with a polynomial regression and subtracted, 

leaving only the oscillation data in the z-error signal (Figure 3.17B-C). The quadratic z-

scanner hysteresis in the remaining oscillatory data is considered negligible due to the 

small amplitude of the oscillations—the small size of the oscillations relative to the 

distance required for noticeable hysteresis is apparent in Figure 3.17A. The amplitude of 

the hysteresis-subtracted signal is the conversion factor in µm or nm for the amplitude of 

the cosine-based velocity. In the case of my experiments, I found this amplitude to be 27 

nm. This value should be tested frequently and updated to reflect the value for a given 

sample. To update this value, change the F.zscan variable in the ‘subtractSineCos.m’ 

function.  
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Figure 3.17. Converting z-axis to distance.  

(A) Linear ramping with simultaneous sinusoidal ramping shows both the z-scanner hysteresis, and the 

oscillation amplitude in the plot of z-sensor signal versus linear input ramp distance. (B) Plot of the z-

sensor error (z-sensor signal minus the input distance) versus time shows both the hysteresis and the 

oscillation amplitude. The quadratic hysteresis was fit using a second order polynomial regression for both 

the approach and the retract data (blue and red curves). (C) Plot of z-sensor error with the quadratic 

hysteresis subtracted shows only the oscillation amplitude. The amplitude is the distance between the two 

lines—here it is 27 nm.  
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3.4.3.8 Adding Analysis Modules 

Adding content to the DPFM visualizer is relatively straightforward, but requires a bit of 

knowledge about the organization of the code. First, the code is organized using two 

structure objects, S and F. S is the structure for the GUI, and contains all of the GUI data 

including F. F is a the structure that contains all of variables required for the GUI and 

associated scripts. F is stored as the ‘UserData’ in the main figure, which is S.fh. Here are 

step-by step instructions for adding a new module: 

1) Create a new uitab element in the DPFM visualizer main function. 

a) Place the uitab element in section V. Analysis tab. 

b)   Make the parent the analysis tab group object. 

c) Set the background color and title 

 
S.tb2 = uitab('Parent', S.tgroup,... 

'backgroundcolor',F.bg,... 

'Title',’ModuleTitle’);  

 

d) Create uicontrol element in the new tab 

i) I recommend drawing the layout using a simple drawing software or graph 

paper. 

ii) Set the style, parent, background color, label, and other options. 

iii) Set the position 

(1) Units should be “normalized” meaning the range of the elements in x and 

y spans from 0 to 1. 

(2) Position are [left bottom width height] 

(a) For example, [0 0 0.5 0.5] is the lower left quadrant of the tab element. 

 
S.tb2_pb1 = uicontrol('style','push',... 

'Units','normalized',... 

'position',[.05 .42 .15 .1],... 

'parent',S.tb2,... 

     'Backgroundcolor','w',... 

'string','New Push Button’,... 

'fontsize',floor(5*F.font)); 

 

2) Set the callbacks for each interactive element in the uitab. 

a) Every interactive element must have a callback function. 

i) These can either be an internal functions listed at the end of the main in VIII. 

b) Callbacks must be placed in section “VIII. Callbacks,” after all ui elements are 

defined, to prevent references to nonexistent objects. 

c) Callbacks should pass the S structure containing all the GUI data. 

 
set(S.tb2_pb1,'callback',{@New_function,S});  
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3) Write new analysis functions. 

a) New functions should be separate MATLAB files contained in the same folder as 

the main function or an internal function appended to the end of the main file. 

i) Internal functions are generally limited to simple utility-based operations 

while external functions contain more complex operations. 

b) Functions can interact with and modify other elements of the interface, including 

the notifications window, pixel data window, and image window. 

c) Internal functions can also interact with other internal functions. 

d) Each function should begin by gathering the input variables, which should just be 

the structure S. The functions do not require outputs, as modifications to S will be 

saved, however, if changes are made to the variable structure, F, the new version 

of F will need to be saved in S using: 

 
set(S.fh,'UserData',F); 

 

e) The typical opener for existing external functions as follows: 

 
% Function Description and Header 

function New_function(varargin) 

S = varargin{3}; 

F = get(S.fh,'UserData'); 

 

f) Copying all of the example code above into the correct locations will create a new 

tab object, a pushbutton, a callback, and a new function that is called by the 

pushbutton. 

i) Adding a breakpoint at F = get(S.fh,'UserData'); will allow the user to press 

the pushbutton and stop the code inside New_function. 

ii) This will make S and F appear in the workspace and allow the user to work 

with the stored values and data. A screenshot of the contents of S and F as 

shown in Figure 3.18.  



 94 

 
Figure 3.18. Structures inside the DPFM Visualizer.  

(S) The main GUI structure, contains all UI elements, figures and axes, along with user data. (F) The 

variable structure, contains all variables, including those from the information file, the screen size, default 

font color, selected coordinates, …etc. 

3.4.4 DPFM Visualizer Functions 

DPFM Visualizer functions 

• Main  

o DPFM_Visualizer_alpha 

▪ Primary GUI and internal functions. 

• Utility  

o notification.m 

▪ Displays text in the notification window. 

o readfmax.m 

▪ Extracts data for each of the window options in PFM control: 

fmax, stiffness, adhesion, and custom DAC options from the 

binary wdp file using the pixel clock file (Extclk.wmp). 

o readinf.m 
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▪ Extracts parameters from the information file. Includes a large 

number of parameters. 

o readwdp.m  

▪ Given the coordinates of a pixel, extracts the pixel data from the 

binary wdp file. 

• Analysis and visualization 

o calcstiff.m 

▪ Fits the stiffness for each force curve. 

o inegrateFmax.m 

▪ Displays scan-line integrated Fmax values in the image window, 

providing a qualitative estimate for topography. 

o stiffPlot.m 

▪ Fits the stiffness  and plots it (idrk though). 

o subtractSineCos.m 

▪ Corrects for quadratic z-scanner hysteresis using a fixed hysteresis 

vale.  

o subtractSine.m 

▪ Fits and subtracts a sine wave from the raw binary data.  

• Internal functions 

o Cancel_call 

▪ Quits the program and closes the GUI. 

o click_drag 

▪ Allows the user to click and drag to select an area.  

o click_release 

▪ Initiates masking after click and release.  

o click_select 

▪ Stores the coordinates for the selected pixel and allows the user to 

hold and drag the mouse to select an area. 

o Crosshairs 

▪ Displays crosshairs at moused-over pixels.  

o disp_tabs 
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▪ Allows the analysis tab to be popped out as a separate window.  

o file_load 

▪ Loads file. 

o file_save 

▪ Saves either displayed images or the displayed data values. 

Supports several image formats and data file formats.  

o image_toggle 

▪ Toggles between displaying trace, retrace, or both in the image 

window.  

o marker_x 

▪ Displays a marker crosshair at the selected pixel.  

o mask_image 

▪ Masks the image based on the selected region. 

o mask_type 

▪ Toggles whether to include or exclude masked data. 

o mode_toggle 

▪ Changes the type of data displayed in the pixel data window. 

o mouseClick 

▪ Gets the clicked pixel coordinates. 

o mouseMove 

▪ Updates the crosshair and figure title to show pixel being moused 

over. 

o selectImageType 

▪ Changes the data channel displayed in the image window. 

o sep_plots 

▪ Separates each approach-retract cycle in a given pixel 

o updateCoord 

▪ Allows the user to update the selected pixel with the arrow keys. 

o update_parm 

▪ Stores user input values for deflection sensitivity (def sensitivity), 

cantilever spring constant (kcl), and sample radius (r). 
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o update_plot 

▪ Updates the data displayed in the pixel data window. 

o zoomoptions 

▪ Options when right-clicking.  
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Conclusion 

The research presented in this thesis is a minor contribution to the study of how α-

Synuclein affects lipid membranes. The results of this work show how polyunsaturated 

fatty acids (PUFAs) affect lipid phase, demonstrate a preference of αSyn for 

polyunsaturated fatty acids, and reveal a novel mechanism for how αSyn remodels 

bilayers containing CL and PE. Furthermore, this work advanced the data analysis 

capabilities for AFM users in the characterization facility, greatly expanding the capacity 

to view and analyze pulsed force mode data.   
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5 Appendix A: High-throughput computational screening to 

identify compounds that interact with the dimer interface of 

TNFR1 

Methods used in: An Innovative High-Throughput Screening Approach for Discovery of 

Small Molecules That Inhibit TNF Receptors [163] 

Lo et al. 2017 

 

Along with my studies on αSyn, I also did two small studies on the protein Tumor 

Necrosis Factor Receptor 1 (TNFR1). First, I developed an algorithm to score the ability 

for compounds in the screening library to affect specific residues in the preligand 

assembly domain of TNFR1 involved in dimerization, which is believed to be essential to 

its function [164]. The methods I developed are detailed here in appendix A. The second 

study I conducted on TNFR1 predicted how specific mutations could potentially affect 

the protein dynamics. This study is detailed in appendix B.  

 

Figure 5.1 Weighted scores from docking simulations 

Scores for two ‘hit’ compounds interacting with dimer-interface residues compared to the average score of 

‘non-hit’ compounds. Hit compounds were discovered using a high-throughput FRET-based screen 

detailed in Lo et al [163]. 
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To predict how strongly specific compounds affect the dimerization region of TNFR1, I 

developed an algorithm to analyze outputs from MOE™ docking simulations. The 

simulation setup is detailed in Lo et al. 2017 [163]. These simulations were set up to test 

how compounds from the screening library used in Lo 2017 interacts with the 

dimerization region of a TNFR1 monomer. The targeted region was selected, and the 

compounds were scored in different poses around TNFR1. The top 1000 poses for each 

compound were exported from MOE. Each pose contained a score that roughly relates to 

the binding free energy of the compound for TNFR1, along with a list of residues within 

5 Å of the compound. The algorithm I designed combined the probability of a compound 

being posed within 5 Å of a given residue with the ‘free energy score’ for each of the 

1000 poses into a single score. The output was a score between every compound and 

every residue. We found compounds that scored highly in the experimental screening 

also scored highly in my computational screen when considering only the residues 

involved in dimerization. Equation 1 shows the equation I developed to score compounds 

for a given residue. The weighted score is equal to the product of the probability of 

contacting a given residue multiplied by the exponent of the docking score (represented 

as −∆𝐺), divided by the Boltzmann constant times the temperature. Figure 5.1 shows 

how the highest performing compound from the experimental screening compares to 

other compounds. This compound, zafirlukast, ranked in the top 10 overall in the 

computational screen out of ~700 compounds for K19, a residue previously identified as 

essential for TNFR1 dimerization. Zafirlukast was also demonstrated to affect dimer 

formation. Another hit compound, Triclabendazole, did not affect dimer formation, which 

is reflected by its below-average score in the computational screen.  
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Figure 5.2 Scatterplot of weighted scores of each compound for residue K19.  

Zafirlukast, a hit compound shown to affect dimerization is marked by a blue star and scores much higher 

than average. Triclabendazole, another hit compound that was not shown to affect dimerization, 

consequently has a below-average score. 

 

Derivation for the weighted score used in [163]: 

 

   

 
𝑊𝑠𝑐𝑜𝑟𝑒 = 𝑃 〈𝑒

−∆𝐺
𝑘𝐵𝑇 〉 

 

(1) 

 

Starting with the parameters from MOE output on each pose 

• Docking score is designated −∆𝐺 

• List of residues within 5Å of the compound in each pose 

• Number of poses contacting a given reside, 𝑛𝑘 

• Total poses, 𝑛𝑇 

Beginning with the Boltzmann probability distribution:  
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𝑝𝑘 =
𝑒

−∆𝐺𝑘
𝑘𝐵𝑇

∑ 𝑒
−∆𝐺𝑗

𝑘𝐵𝑇𝑁
𝑗=1

= 〈𝑒
−∆𝐺𝑘
𝑘𝐵𝑇 〉 (2) 

 

 

The overall probability of a pose encountering residue k is equal to the sum of the 

Boltzmann weighted scores (eq. 3).  

 

 
𝑃𝑘 = ∑ 𝑝𝑘 = ∑ 〈𝑒

−∆𝐺𝑘
𝑘𝐵𝑇 〉 

 

(3) 

 

Let 𝑃 =
𝑛𝑘

𝑛𝑇
 , the probability of a given pose contacting residue k,  

and let 𝑤𝑝𝑘 =
𝑒

−∆𝐺𝑘
𝑘𝐵𝑇

𝑛𝑇
 , the weighted score for a given pose and given residue 

 

𝑊𝑃𝑘 = ∑ 𝑤𝑝𝑘 = 𝑛𝑘 〈
𝑒

−∆𝐺𝑘
𝑘𝐵𝑇

𝑛𝑇

〉 =
𝑛𝑘

𝑛𝑇

〈𝑒
−∆𝐺𝑘
𝑘𝐵𝑇 〉 

 

(4) 

 

Where 𝑊𝑃𝑘 is the weighted score for a given residue across all poses.  

This brings us back to equation 1.  

 
𝑊𝑠𝑐𝑜𝑟𝑒 = 𝑃 〈𝑒

−∆𝐺
𝑘𝐵𝑇 〉 

 

(1) 

One caveat of this derivation is that the denominator of the Boltzmann expression, 

partition function ∑ 𝑒
−∆𝐺𝑗

𝑘𝐵𝑇𝑁
𝑗=1   is replaced with  the total number of poses 𝑛𝑇.  

Because this denominator is constant for all residues, 𝑊𝑠𝑐𝑜𝑟𝑒 ∝ 𝑃𝑘 for each compound.  
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6 Appendix B: Elastic network modeling and community 

network analysis of TNFR1 

Ben Brummel, Andrew Beaven, Jonathan Sachs 

 

6.1 INTRODUCTION 

6.1.1 Elastic network modeling 

Elastic networks can be used to model fluctuations dynamics in proteins, and connects 

protein dynamics to function. For example, this method has been used to show changes in 

protein fluctuations upon ligand binding [165,166]. The anisotropic network model 

(ANM) is an updated version of elastic network modeling [165].  This method models the 

entire protein as a system of masses and springs where the coordinates for the positions 

of the protein backbone are the masses, and the springs are created between any two 

masses inside a distance cutoff. Fluctuations in this system are calculated using normal 

modes. Modes are orthogonal motions characterized by a fixed shape and frequency. 

Normal modes are modes that require minimal energy input for optimum excitation 

amplitude. Resonance frequencies of objects are examples of normal modes. In the case 

of a protein system, normal modes reveal how the protein will fluctuate. The advantage 

of normal mode analysis over molecular dynamics simulations is that the normal modes 

can be calculated without conducting a simulation, dramatically reducing the cost. The 

outputs of normal mode analysis include fluctuations across all residues, which can be 

summed over the normal modes to give the fluctuation magnitude for each residue, and 

the cross-correlated motions between all pairs of residues. The cross correlation matrix is 

useful for determining whether the motions of different regions of a protein are 

connected.  

6.1.2 Community network analysis 

Network analysis stems from a 1736 paper by Euler and has been used for a broad variety 

of applications from electric circuits, to social networks, to the analysis of biological 

systems. Network analysis can be conducted on anything that can be modeled as a series 

of nodes connected by edges and provides valuable information about the connectivity of 



 117 

elements in the given network [1]. The use of network analysis to study allostery was 

developed ~10 years ago [167–169], and has been extensively applied to recent studies of 

protein allostery as well [170–176]. Using molecular dynamics simulations, correlation 

analysis, and a series of network analyses algorithms, one can group a protein’s amino 

acids into communities and calculate the strength of the connections between these 

communities. The resulting network reveals how influencing one community could 

influence potentially distant regions of the protein, i.e., allostery. These results could be 

used to inform on potential allosteric binding sites for drugs designed to introduce 

specific conformational changes. 

This work is motivated by Gasper et al., which used network analysis in conjunction with 

classical molecular dynamics (CMD) and accelerated molecular dynamics (AMD) 

simulations [177]. Because typical CMD simulations are often hampered by their 

inability to sample meaningful timescales, AMD was used to enhance system sampling 

by adding biasing potentials to minimize potential energy minima. In their work, Gasper 

et al. used CMD and AMD to calculate the dynamic residue cross correlation matrix, 

NHN order parameters, and the community network structure of thrombin with or without 

its transmembrane (TM) domains. Beginning with a TM-domain-free version of 

thrombin, they showed that the addition of the TM domains created a strong connection 

(edge) between the TM domains and the active site in the community network structure. 

Their cross-correlation plots further highlight this connection between the TM domains 

and the active site. 

Herein, we aim to describe allosteric effects of ligand binding to Tumor Necrosis Factor 

Receptor 1 (TNFR1) using the advanced computational techniques of community 

network mapping and AMD simulations to enhance sampling. In tandem, we will 

describe how ligand binding affects dynamics and conformational changes of the TNFR1 

protein. 
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6.2 RESULTS AND FUTURE DIRECTIONS 

6.2.1 Using ANM to identify target sites for inhibition of TNFR1 conformational 

dynamics 

 

Lewis et al. 2012 established a mechanism for TNFR1 activation [166]. In this proposed 

mechanism, ligand binding induces a hinge motion in the membrane proximal region of 

the TNFR1 extracellular domain. This motion is thought to propagate through the TM 

region, move the intracellular domain and cause downstream signaling. We characterized 

this mechanism using normal mode analysis, which show the correlations between the 

predicted motions of different regions of the extracellular domain. Our results showed 

that the motions of the ligand binding domain and the membrane proximal domain are 

anti-correlated in both the ligand-bound and ligand-free structures. 

 

Inhibition of this conformational change between the ligand-bound and ligand-free states 

is a potential method of suppressing TNFR1 activation. Using the anisotropic network 

model (ANM) in the LOOS software package [178], the root mean square fluctuations 

and the cross correlation between each alpha carbon in the trifold symmetric structure 

(1ntr.pdb) were calculated [165].  To screen for interactions of interest, a single rigid 

bond was added to the elastic network for each pair of alpha carbons within 6 Å. In order 

to characterize the effect of adding these bonds between nearby residues on the ability of 

TNFR1 to change conformation, the difference between the bonded system and the 

original cross correlation was integrated between region iv (residue 105-115) and regions 

v and vii. The resulting values were normalized by the average RMSD fluctuation for the 

residues involved in each bond to remove intrinsic bias towards residues with greater 

baseline fluctuations. The resulting scores shown in  

Figure 6.1A for each residue pair reveal potential locations for TNFR1 inhibition. Scores 

above zero represent a decrease in the anti-correlated motions between regions iv and 

v,vii, which would inhibit receptor activity based on our published model. Our 

preliminary screen identifies a subset of bonds in regions iii and iv that greatly inhibit the 

anti-correlated hinge motion. Of particular interest is the region consisting of residues 98-

102 as it appears to be uninvolved in ligand-binding or receptor dimerization, nor is it 
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fundamental to the secondary structure. Indeed, a rigid bond between R99 and Q102 had 

the fifth highest inhibition score.  

Figure 6.1B highlights the location of this bond and depicts the hinge region along with 

all of the hits identified in  

Figure 6.1A.  

Figure 6.1shows the cross-correlation of the original trimer and  

Figure 6.1D shows how the cross correlation changes when the R99-Q102 bond is added. 

The addition of the bond reduces the anti-correlation between region iv and regions v and 

vii. A small molecule capable of binding to this loop could potentially cause a similar 

reduction in hinge motion, thereby blocking TNFR1 activation. The fluctuations, ∆𝑟𝑖
2 

were calculated from  

 
∆𝑟𝑖

2 ∝ ∑
𝑒𝑖

2(𝑣)

𝜔𝑣
2

𝑣

 

 

 

(1) 

, where ei(v) and ωv are the eigenvectors and angular frequency, respectively, of the dynamical 

matrix corresponding to atom i and mode v. The cross-correlated maps were calculated over the 

first 100 frequency modes using: 

   

 

𝐶𝑖,𝑗 =

∑
𝑒𝑖∙𝑒𝑗

𝜔𝑘
2

𝑘
1

(∑
𝑒𝑖∙𝑒𝑖

𝜔𝑘
2 )^1/2 (∑

𝑒𝑖∙𝑒𝑖

𝜔𝑘
2 )^1/2𝑘

1
𝑘
1

 

 

(2) 

where ei and ej correspond to the eigenvectors of residues i and j, respectively, and ωk is 

the angular frequency of the kth normal mode. These methods are detailed in [166]. 
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Figure 6.1 Normal Mode Analysis Screening.  

(A) Inhibition of hinge motion by individual rigid bonds. Each bond is plotted as a two blue x’s at the 

residue numbers connected by a dashed black line. The score for each bond was calculated from the 

integrated equal-time motion correlations between region 4 and regions 5-7 and normalized by the 

fluctuation intensity for each residue. Bonds with a normalized intensity greater than 0.5 and in regions iii-

vii were selected for further analysis as potential sites for direct hinge inhibition (red box). The R99-Q102 

bond is circled and used as an example in (B)-(D). (B) The TNFR1 hinge as described in Lewis et al. 2012 

[166]. Each of the bonds selected in the red box in (A) are shown as black dashed lines and the residues are 

highlighted in red. The hinge defined by residues 80, 104, 117, and 133 is shown in black. The anti-

correlated motion of regions iv with regions v-vii around the hinge is shown with black arrows. (C) Equal-

time motional correlations for residues 105-115 in the original 1ncf structure. Negative values indicate anti-

correlated motions. (D) Difference in equal-time motional correlation induced by the addition of a rigid 

R99-Q102 bond.  

 

6.2.2 Community Mapping of TNFR1 

In the present work, we followed the methods from Gasper et al. to conduct network 

analysis on the extracellular domain of TNFR1 in both its ligand-bound trimer and 

ligand-free dimer [177]. Community networks were obtained from unrestrained 20 ns 

conventional molecular dynamics (CMD) simulations [167,177,179,180], from which the 

proximity and Pearson correlation (𝐶ij) [181–183] of each residue pair were obtained: 

R99	

Q102	Hinge	

iv.	

vi.	

iii.	

vii.	

A.	 B.	

C.	

D.	

iv.	 v.	 vii.	

v.	
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𝐶ij =
cov(𝑟i, 𝑟j)

𝜎i𝜎j
=

〈(𝑟i − 〈𝑟i〉)(𝑟j − 〈𝑟j〉)〉

√(〈𝑟i
2〉 − 〈𝑟i〉2)(〈𝑟j

2〉 − 〈𝑟j〉2)

 
(3) 

where 𝑟i and 𝑟j are the instantaneous positions of atoms i and j, respectively, cov is the 

covariance, 𝜎 is the standard deviation, and the angle brackets represent the ensemble 

average. The value of 𝐶ij can vary from –1 for perfectly anticorrelated motions to +1 for 

perfectly correlated motions, and 0 for uncorrelated motions. The cross-correlation maps 

for the two TNFR1 structures are shown in Figure 6.2. 

The plots show the 𝐶ij between residue pairs; light colors represent strong correlations, 

while dark colors represent zero correlation between residue pairs. TNFR1 in a dimer 

structure shows relatively strong intra-monomer correlations compared to TNFR1 with 

ligand bound. These results suggest that ligand binding strengthens the connections 

between amino acids relative to the ligand-free dimer form and reduces the flexibility of 

the protein (Figure 6.2C). 

 

 

Figure 6.2. Cross-correlated motions of TNFR1 residues.  

(A) Ligand-bound trimer structure (1tnr), (B) dimer structure (1ncf), and (C) difference between (A) and 

(B). Plots were calculated using 20 ns trajectories, and were computed using the alpha carbons of each 

residue. Each plot shows the correlated motion for a single TNFR1 monomer. 

 

While insightful, further inference can be drawn by constructing residue community 

network maps using knowledge of the protein topology and cross-correlation data from 

Figure 6.2. In residue network maps, residues are represented as “nodes” connected by 

“edges.” The protein topology is monitored as a function of time, and edges are defined 

between residues with heavy atoms within 5 Å for >75% of the simulation duration. The 
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negative logarithm of the absolute value of the correlation values is used to determine the 

weight of each edge, 𝑤ij: 

 𝑤ij = − ln|𝐶ij| (4) 

Community definitions are obtained using the Girvan-Newman edge betweenness 

algorithm [184]. This algorithm receives a list of connected vertices and edge weights, 

and then calculates the “edge betweenness” for each edge. Edge betweenness is defined 

as the number of shortest paths from any node to any other node that pass through a given 

edge. Edges that serve as the lone connection between two large groups of nodes will 

therefore have a high betweenness. The Girvan-Newman algorithm removes the edge 

with the highest betweenness and calculates a modularity score for the resulting structure. 

The modularity score is calculated by comparing the number of edges connecting two 

communities to the number of expected edges between the communities [185]. The edge 

removal and modularity score process is repeated, and the community structure with the 

highest score is selected as the final community structure. The highest scoring structure 

minimizes the number of connections between communities. 

Figure 6.3 shows the relations between the all-atom structure, residue community 

network maps, and community maps. Communities can be visually mapped on the full 

protein structures. Regions with beta-sheets and/or tightly packed coils form communities 

(edge thickness indicates stronger correlations between nodes; in this representation, edge 

length is meaningless). As expected, these echo Figure 6.2 in that the TNFR1 trimer 

produces stronger intra-monomer correlations. Improved sampling using longer CMD or 

running AMD simulations will provide a more robust analysis.  
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Figure 6.3. Community Network Analysis of TNFR1. 

 (A) Secondary structure of the TNFR1 ligand-bound trimer and (D) dimer trajectories. (B) Community 

networks for each residue in the ligand-bound trimer and (E) dimer trajectories. Communities were 

determined using the Girvan-Newman “edge-betweenness” algorithm in the igraph network analysis 

software. Edge lengths are the negative natural log of the correlation between residues. (C) Connectivity of 

the communities in the ligand-bound trimer and (F) dimer.. The number of residues in each community is 

represented by the circle size, and the line width reflects correlation strength.  
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6.2.3 Accelerated molecular dynamics (AMD) 

Various methods (e.g., coarse graining, replica exchange, weighted ensemble sampling, 

and brute force) exist to increase sampling across the system’s potential energy surface 

(PES). Perhaps the most popular coarse grain force field, Martini, does not allow for 

changes in secondary structure [186], while other minimalistic coarse grain approaches 

are typically applied solely to studies on folding/unfolding [187]. Replica exchange 

requires many co-dependent simulations (e.g., at different temperatures), which can 

require large computational resources and convolute the extraction of kinetic information 

[188]. Weighted ensemble sampling requires an external package for tracking, creating, 

and condensing swarms of trajectories [189]. Brute force simulations require the use of 

substantial computational resources [190] or the use of the special-use computer, Anton 

[191]. 

A promising method is to use accelerated molecular dynamics (AMD) [177,192,193], 

which has been extensively used for problems of protein folding/unfolding, protein-

ligand binding, and protein conformational change [192–204].  AMD is very much like a 

typical CMD simulation, and is already within standard NAMD builds [205]. Thus, AMD 

can be implemented by simply adding new parameters to a typical NAMD input file 

[192,206]. AMD uses a potential energy biasing technique that produces dynamics 

equivalent to very long (on the order of 10s of s) unbiased simulations. In AMD, an 

artificial “boost energy,” 𝐸b, is included above the minimum of the typical CMD PES. 

This boost energy acts as a threshold such that if the instantaneous potential energy, 

𝑉(𝑟) , drops below 𝐸b  at any point in the simulation, an unfavorable potential bias, 

∆𝑉(𝑟), is added to 𝑉(𝑟). If 𝑉(𝑟) is above 𝐸b, then the CMD PES remains unchanged. 

The modified potential, 𝑉∗(𝑟), becomes: [192] 

 
𝑉∗(𝑟) = {

𝑉(𝑟), 𝑉(𝑟) ≥ 𝐸b

  𝑉(𝑟) + ∆𝑉(𝑟), 𝑉(𝑟) < 𝐸b
 (3) 

       

where: 
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∆𝑉(𝑟) =

(𝐸b − 𝑉(𝑟))
2

𝐸b − 𝑉(𝑟) + 𝛼
 (4) 

 

Equation 4 relates that simulations are accelerated by choices of 𝐸b  as well as the 

“acceleration parameter,” 𝛼 . While 𝐸b  determines when the biasing will turn on, 𝛼 

controls the “extent of flattening” within potential energy wells (Figure 6.4 shows the 

effects of small and large 𝛼). Choosing these biasing parameters must be done with care. 

Unfavorable choices can either produce no enhanced sampling at all, or conversely, 

completely flatten the PES. If the PES is flattened, the protein’s conformation changes 

will be a random walk, possibly visiting unphysical conformations. 

 

 

Figure 6.4. Accelerated Molecular dynamics. 

When a system existing on a PES (𝑉(𝑥); thick black curve) goes below a given threshold energy (dotted 

black line), a boost potential is added to make escaping the minima easier. The resulting biased potentials, 

𝑉∗(𝑥), depend on 𝐸b  and 𝛼 (red, blue, and black curves). For a constant 𝐸b , 𝛼  changes the “extent of 

flattening” of the boost potential. A large 𝛼 contours more to the original PES (gray curve), while small 𝛼 

flattens the PES (red curve). 

AMD simulations on the dimer and trimer systems are proposed using the current 

CHARMM C36 protein force field [207] within NAMD [205]. The implementation of 

AMD in NAMD allows AMD to be trivially turned on/off during a production run. 

Therefore, AMD can be restarted from a typical MD simulation, vice versa. The AMD 

parameter values and methodology from the papers by McCammon and coworkers 
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should first be used [177,208] .This methodology uses a “dual boost” AMD 

approach[209] (also available in NAMD), in which two acceleration potentials are 

applied: a strong potential on torsional terms only, and a weaker potential applied to the 

whole system. Additionally, the McCammon protocol consists of two sets of simulations. 

The first induces “aggressive” sampling with 𝐸b(𝑑𝑖ℎ) − 〈𝑉0(𝑑𝑖ℎ)〉 = [4 𝑘𝑐𝑎𝑙/𝑚𝑜𝑙 ∗

𝑛𝑜. 𝑟𝑒𝑠𝑖𝑑𝑢𝑒𝑠]  and 𝛼  set to one-fifth of this value. The second protocol induces 

“moderate” sampling with 𝐸b(𝑑𝑖ℎ) − 〈𝑉0(𝑑𝑖ℎ)〉 = [2 𝑘𝑐𝑎𝑙/𝑚𝑜𝑙 ∗ 𝑛𝑜. 𝑟𝑒𝑠𝑖𝑑𝑢𝑒𝑠] and 𝛼 

the same as in the “aggressive” method. In all AMD simulations, the total background 

acceleration parameters should be set to 𝐸b(𝑡𝑜𝑡) − 〈𝑉0(𝑡𝑜𝑡)〉 = 𝛼(𝑡𝑜𝑡) = [0.16 𝑘𝑐𝑎𝑙/

𝑚𝑜𝑙 ∗ 𝑛𝑜. 𝑎𝑡𝑜𝑚𝑠 𝑖𝑛 𝑐𝑒𝑙𝑙]. 

Another benefit of AMD is that it yields a correct canonical average of an ensemble by 

reweighting each point in the configurational space by the Boltzmann factor of the bias 

energy. The ability to obtain a canonical ensemble means that thermodynamic and other 

equilibrium properties can be determined. Reweighting is accomplished by:[192] 

〈𝐴〉 =
〈𝐴(𝑟) exp(𝛽∆𝑉(𝑟))〉∗

〈exp(𝛽∆𝑉(𝑟))〉∗         (5) 

where 〈𝐴〉 is the ensemble average of observable, 𝐴(𝑟),  𝛽 = 1/𝑘B𝑇, and 〈… 〉 and 〈… 〉∗ 

are the ensemble averages of the unbiased and AMD simulations, respectively. 

The goal of these simulations is to enhance sampling of these TNFR1 systems to study 

long timescale dynamics and fluctuations and compare the results to CMD. Enhanced 

sampling should allow access to protein conformations that would be unlikely to sample 

on a CMD timescale. As described, AMD is the preferred method because: i) it produces 

a single trajectory that can be reweighted to a correct canonical average; ii) is easily 

accessible in NAMD; and iii) can be turned on/off arbitrarily during a simulation run so 

that AMD can produce new structures for a CMD simulation to explore. 

There are ~500 node-node pairs computed from the community maps above. Therefore, 

to study all possible mutation pairs, running ~2,000 AMD simulations with a handful of 

CMD simulations as verification of results should be sufficient to obtain statistically 

meaningful conformational data of TNFR1 dynamics.
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7 Appendix C: The relationship between oxidative stress and 

α-Synuclein 

Ben Brummel 

 

Oxidative stress is caused by an imbalance between reactive oxygen species (ROS) 

production and antioxidant activity. Briefly, ROS are produced during the electron 

transport chain (ETC) where electrons reduce superoxide anions (O2
-) into O2 [210]. In 

addition to O2
-, ROS species generated in the mitochondria include H2O2 and the 

hydroxyl radical (OH⋅ ), which are produced from O2- that leak from the ETC [211]. 

These leaked ROS are kept in check by enzymes and antioxidants. Superoxide dismutase 

(SOD) enzymes convert O2- into H2O2; catalase enzymes,[212] thioredoxin peptides 

[213], and glutathione (GSH/GSSG) molecules [214], convert H2O2 into H2O; and 

antioxidants molecules including GSH, mannitol, melatonin, and vitamin E, neutralize 

radicals formed by OH⋅ , and other ROS [215]. Oxidative stress can result from 

impairment of any one of these antioxidant systems, from impairment of ETC complexes 

leading to increased ROS formation, or from extracellular sources (i.e. microglia) [216]. 

 

The brain is more susceptible to oxidative stress than other tissues due to disproportionate 

oxygen consumption [217], limited antioxidant activity (catalase, superoxide dismutase 

(SOD) and glutathione peroxidase) [218], along with an abundance of polyunsaturated 

fatty acids (PUFA) in lipid membranes [219], which are among the most readily oxidized 

macromolecules [220]. Degradation products from oxidative attacks on lipids and DNA 

have been measured in brain tissue from Alzheimer’s disease (AD), Parkinson’s disease 

(PD) patients, and other neurodegenerative diseases [221]. As a result, it is believed that 

oxidative stress is an important factor in neurodegenerative disorders. It is disputed 

whether oxidative stress results from neurodegeneration, or whether oxidative stress 

causes neurodegeneration [222,223]. In either case, it is believed that oxidative stress 

leads to further neurodegeneration, making ROS management a prime target for 

therapeutic development [224]. 
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Managing oxidative stress is a delicate affair, which is complicated by protein 

misfolding. Furthermore, the pathophysiology for each neurodegenerative disorder 

differs, necessitating a detailed understanding of the role of oxidative stress in each 

disorder [225]. For example, a recent review highlights three interconnected sources of 

ROS generation in PD – dopamine (DA) metabolism, mitochondrial dysfunction, and 

neuroinflammation [226]. Although oxidative stress plays a role in PD, it is not 

considered the primary cause. Rather, the misfolding of α-synuclein (α-Syn) has been 

identified as the key. Overexpression of α-Syn has been shown to increase ROS in human 

dopaminergic neurons [227], and in hypothalamic tumor cells [228]. Understanding how 

this protein influences oxidative stress pathways and how oxidative stress influences α-

Syn misfolding, could unlock novel treatments for PD.  

 

Many studies have explored the how oxidative stress affects α-Syn aggregation [229–

232]. In the presence of ROS, α-Syn’s methionines – Met1, Met5, Met116, and Met 127 

– are the first amino acids to oxidize, as α-Syn lacks other easily oxidized amino acids 

(Trp, Cys) [231]. All four methionines are readily oxidized into methionine sulfoxide 

(MetSO). Unoxidized α-Syn forms fibrils, which can be detected in vitro by ThT 

fluorescence. The oxidized form is incapable of forming these fibrils without the 

presence of heavy metals, which are able to coordinate with MetSO [233,234].This is due 

to the formation of stable α-Syn oligomers that are not capable of forming fibrils. 

Additionally, oxidative species can cause nitration, inducing tyrosine crosslinking, and 

the formation of a α-Syn octomer [235]. Recently, it was shown that the C-terminal 

methionines – M116 and M127 – are irreversibly oxidized to MetSO in the presence of 

ROS, while M1 and M5 can be restored by methionine sulfoxide reductase (MSR) [236]. 

The ability for the N-terminal methionines to be reversibly oxidized allows membrane-

bound α-Syn to act as an antioxidant in lipid membranes, protecting against lipid 

peroxidation of unsaturated lipids [237]. It has also been shown that membrane-bound α-

Syn does not form fibrils [238]. α-Syn fibril formation can also be induced by ROS-

induced cholesterol-aldehyde formation [239]. Taken together, these studies reveal that 
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oxidative stress alone is insufficient for α-Syn fibril formation, but may be an important 

factor when combined with heavy metals or other macromolecules.  

Along with examining the effects of oxidation on α-Syn, studies have investigated how α-

Syn affects oxidative stress. One hypothesis is that α-Syn is involved with the dopamine 

transport and storage and in PD this function is impaired, allowing dopamine to 

accumulate in the cytosol and form ROS [221,240]. Cytosolic dopamine is normally 

transported by vesicular monoamine transport (VMAT) proteins into synaptic vesicles. 

Dopamine remaining in the cytosol can be oxidized by monamine oxidase or auto-

oxidized into cytotoxic ROS [226]. Excess cytosolic dopamine can result from VMAT 

impairment, L-dopa treatment, or excessive dopamine reuptake. Reduced VMAT 

expression leads to the degeneration of dopaminergic neurons in mice [241]. L-dopa, a 

dopamine precursor used to replenish dopamine in PD patients, forms ROS and causes 

the degeneration of serotonergic neurons in a dose-dependent manner [242]. α-Syn has 

been shown to functionally couple with human dopamine transporter (h-DAT), leading to 

increased dopamine reuptake and dopamine-induced apoptosis [243]. In contrast to the 

idea that α-Syn leads to increased dopamine, α-Syn has been shown to suppress 

dopamine synthesis by inhibiting tyrosine hydroxylase, the enzyme that converts tyrosine 

into L-dopa (the rate limiting step in DA synthesis) [244,245]. However, aggregated α-

Syn does not have this same inhibition effect [246]. Interestingly, expression of human α-

Syn was shown to upregulate dopamine synthesis and lead to neuron degeneration in C. 

elegans [247]. It may be possible that α-Syn suppression of tyrosine hydroxylase activity, 

which was observed in transfected cell lines, does not occur in C. elegans. A recent study 

added exogenous α-Syn to rat substantia nigra and striatum. They found that α-Syn 

reduces DAT expression and tyrosine hydroxylase activity and decreases the metabolism 

of dopamine to its oxidized forms [248]. The effects of α-Syn on dopamine transport and 

oxidation may account for the selective vulnerability of dopaminergic neurons to α-Syn 

pathology. In addition to affecting dopamine, α-Syn has also been shown to impair 

mitochondrial function, leading to increased oxidative stress [226]. Overall, there is 

strong evidence that misfolded α-Syn contributes to the formation of ROS from 

dopamine and mitochondria, leading to cellular dysfunction and apoptosis.  
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There are several apoptotic pathways that result from ROS generation. Cellular ROS can 

stimulate calcium channels and suppress calcium pumps, and the resulting intracellular 

calcium levels can lead to dead. ROS in mitochondria can cause mitochondrial uptake of 

calcium, and the release of cytochrome-C, initiating an apoptotic cascade [225]. 

Additionally, microglia can become activated and produce ROS in response to 

environmental toxins, leading to chronic neuroinflammation [226]. These toxins include 

heavy metals and neuromelanin, which is a byproduct of dopamine metabolism and 

reacts with iron and other transition metals. Neuromelanin is released from dying 

neurons, where it enters the extracellular space and is degraded by microglia, leading to 

their activation and ROS production [249]. This creates an environment of chronic 

oxidative stress, which promotes further neurodegeneration. 

 

In summary, α-Syn is involved in the regulation of oxidative stress through various 

mechanisms, and oxidative stress is involved in misfolding and aberrant behavior of α-

Syn. Natively, α-Syn may act as a membrane-protective antioxidant, a cofactor for 

dopamine reuptake, an inhibitor of dopamine synthesis, and a regulator of synaptic 

vesicle and mitochondrial membranes. Pathogenic α-Syn may compromise neurons 

through loss of these native functions leading to ROS production from mitochondria and 

dopamine. Toxins accumulated with aging (environmental factors and from dying cells) 

also contribute to neurodegeneration by catalyzing the formation of ROS, and initiating 

an over-active immune response from microglia. ROS and metal toxins together promote 

fibrillation of α-Syn leading to further impairment of its native function. α-Syn and 

oxidative stress are part of a vicious cycle that promotes neurodegeneration in PD.  

 

 

 

 

 


