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ABSTRACT

The “lipid raft” hypothesis proposes that cell membranes contain distinct domains of varying lipid compositions, where “rafts” of ordered
lipids and cholesterol coexist with disordered lipid regions. Experimental and theoretical phase diagrams of model membranes have revealed
multiple coexisting phases. Molecular dynamics (MD) simulations can also capture spontaneous phase separation of bilayers. However, these
methods merely determine the sign of the free energy change upon phase separation—whether or not it is favorable—but not the amplitude.
Recently, we developed a workflow to compute the free energy of phase separation from MD simulations using the weighted ensemble method.
However, while theoretical treatments generally focus on infinite systems and experimental measurements on mesoscopic to macroscopic
systems, MD simulations are comparatively small. Therefore, if we are to put the results of these calculations into the appropriate context, we
need to understand the effects the finite size of the simulation has on the computed free energy landscapes. In this study, we investigate this
phenomenon by computing free energy profiles for a model phase-separating system as a function of system size, ranging from 324 to 10 110
lipids. The results suggest that, within the limits of statistical uncertainty, bulk-like behavior emerges once the systems contain roughly 4000
lipids.
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I. INTRODUCTION

Cell membranes are often compositionally heterogeneous,
spontaneously forming domains exhibiting collective behavior
and preferential interactions.'” The formation of such functional
domains has been attributed to liquid-liquid phase separation, which
can be recapitulated in simple model membranes.” '’ However, the
biological importance of phase separation in membranes and the
size, lifetime, biochemical makeup, and functional importance of the
resulting domains have been debated for many years."" '* Recent
studies have proposed an adaptable fluid mosaic model for biolog-
ical membranes, spatially tuned to reside close to a critical point so
that the phase separation can be used for functional roles.'”'®

Due to their high spatial and temporal resolution, molecular
dynamics (MD) simulations have been used extensively to study
phase separation in lipid mixtures and augment the experimen-
tal results.”” >’ Although all-atom MD simulation studies of lipid
phase separation have been reported,” *’ previous studies have

predominantly used coarse-grained models to minimize the com-
putational expense. This was necessary because capturing phase
separation requires a relatively large simulation. While spontaneous
separation may occur on time scales accessible to MD, estimat-
ing the thermodynamic favorability of the process would require a
significant number of reversible transitions, which is prohibitively
slow. To circumvent this limitation, we developed FLOPSS,’! a
workflow built on the weighted ensemble method™ ' to com-
pute the membrane phase separation thermodynamics from MD by
enhancing the sampling®™ along a novel clustering-based collective
variable.

Systematic errors can arise while estimating thermodynamic
quantities from simulations due to the finite size of the simula-
tion box.”® Previous studies have explored the system-size effect
on computing transport properties such as translational diffusion
coefficients and viscosities,” ' on free energies of solvation,"
and nucleation* from MD simulations. Such finite-size effects are
also well-documented for lipid bilayer systems.”** Therefore, it is
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necessary to know the extent and meaning of fluctuations and cor-
related motions within the system and how they affect the computed
bulk properties.”’ Ideally, a simulation would be large enough to
approach the thermodynamic limit, where the bulk-like behavior
is independent of the extent of the system. Recently, a systematic
study of finite-size effects on the domain formation in a ternary lipid
bilayer using standard MD simulation with systems ranging from
240 to 5406 lipids suggested a lower limit for macroscale domain for-
mation and estimated that the thermodynamic limit would require
systems of 10 000 lipids or more.”’ A similar conclusion was reached
in a study applying Monte Carlo sampling to a lattice model of lipid
mixtures.”

Inspired by these studies, we use molecular dynamics simula-
tions to investigate finite-size effects on the free energy landscapes of
a phase-separating ternary lipid bilayer. The ternary lipid bilayer that
we investigate consists of dipalmitoylphosphatidylcholine (DPPC),
dilinoleyl-phosphatidylcholine (DIPC), and cholesterol (CHOL), at
a molar ratio of 0.42:0.28:0.3. We use the FLOPSS workflow to esti-
mate the free energy landscapes of forming distinct domains in
this system as a function of system size ranging from 324 lipids to
10110 lipids while keeping the lipid composition and hydration the
same. We track the evolution of these free energy curves and AAGsep
with system size and show that most quantities appear to become
bulk-like once the systems have roughly 4000 lipids.

Il. METHODS

As reported previously,” FLOPSS is a workflow to compute the
free energy landscapes of phase-separating systems which, we tested
on multiple ternary lipid bilayer systems simulated at varying tem-
peratures. The workflow starts with building the bilayer replicates,
followed by running standard MD simulations. These standard sim-
ulations are then used to collect seed configurations for weighted
ensemble MD simulations to enhance the sampling of mixing and
demixing the bilayer. In our original FLOPSS study, we showed
that the choice of progress coordinate is not trivial and can lead
to misleading conclusions due to poor convergence. We reported
that a progress coordinate based on the clustering of lipids can be
an excellent choice. In this study, we applied the same protocol to
DPPC-DIPC-CHOL systems of varying sizes, using the coordinate
designated as FLCopt in our original work.

ARTICLE pubs.aip.org/aipl/jcp

A. System construction and standard MD simulation

Using the MARTINI-MAKER module from CHARMM-
GUL"> we built DPPC-DIPC-CHOL systems in a molar ratio of
0.42:0.28:0.3, with varying sizes ranging from 324 to 10 110 lipids;
see Table I for a complete listing of systems. For each system size, we
built four independent replicates. MARTINI 2.x particle parameters
and force field parameters”™” were used, along with MARTINI
polarizable water.”® An approximate 1:30 lipid:real water ratio was
maintained in all systems. Following the CHARMM-GUI Martini
Maker default protocol, each system was minimized and equili-
brated in steps using the GROMACS 2020.3 package.”” However,
to prevent the excessive membrane undulations that were previ-
ously reported to be associated with large membrane systems,”* *’
we applied a flat-bottomed restraint potential® with a well radius of
2.3125 nm and force constant k = 1000 KJ mol™! nm™2 to the PO4
beads of phosphatidylcholine lipids.

All production simulations were performed using GROMACS
2020.3. Unless otherwise mentioned, we have adopted previously
reported MARTINI simulation parameters.”” For van der Waals
interaction, a potential-shift van der Waal’s modifier was used with a
1.1 nm cutoff. For electrostatics, we used the reaction field method®’
with a 1.1 nm Coloumb cutoff and a dielectric constant of 2.5.
The verlet cutoff scheme®* with a neighbor list update frequency of
20 time steps was used for neighbor searching. Extended-ensemble
Parrinello-Rahman pressure coupling® was used with a 12 ps time
constant, a compressibility of 3 %1074 bars™!, and 1 bar reference
pressure. Velocity rescaling® with a 1 ps time constant was used
for temperature coupling. For better accuracy and energy conserva-
tion, we used the LINCSolver constraint coupling matrix® with 8th
order expansion and a short 20 fs time step, respectively.®® These
choices were based on previous reports of artifacts due to inaccurate
constraints in MARTINI coarse-grained bilayer simulations. For all
replicates, an initial 100 ns run at 400 K in the NPT ensemble was
followed by two independently forked 4 ys standard MD production
runs, at 323 and 423 K, respectively. The low-temperature runs were
used to sample the phase separated state and transitional values,
while the 423 K remained mixed. The short high-temperature run at
the beginning was intended to ensure random mixing of lipids at the
starting state since some demixing occurred during the equilibration
process.

TABLE I. Details of lipid composition, solvation, and dimensions of the different systems under study. Average box dimensions
are calculated after 4 us standard MD production run at 323 K (supplementary material, Table S1).

Average box

Total number No. of No. of No. of Total dimensions

of lipids DPPC (0.42) DIPC (0.28) cholesterol (0.3) CG wate (xxyxz) (A)
324 138 920 96 2430 117.8 x 115.8 x 66.7
648 276 180 192 4860 159.2 x 159.2 x 66.9
972 414 270 288 7290 194.9 x 192.4 x 66.2
1944 828 540 576 14580 265.1 x 265.5 x 69.1
3888 1656 1080 1152 29160 370.9 x 370.4 x 68.8
7776 3312 2160 2304 58 320 513.9 x 513.4 x 71.3
10110 4306 2808 2996 75825 582.7 x 583.3 x 72.2
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B. Choice of progress coordinate

A progress coordinate or collective variable is intended to rep-
resent the complex multidimensional dynamics of the system in
a single dimension that is easy to track and interpret. Therefore,
for the same system, a progress coordinate can vary depending on
the question one is addressing. Frequently, progress coordinates
are used to track the progress of the transition of interest in a
system, which in our case is the transition of the bilayer from a
mixed state to a separated state and vice versa. Progress coordi-
nates are also central to the application of many enhanced sampling
techniques, including the weighted ensemble method at the core
of the FLOPSS workflow.**% Previously, we have reported that
progress coordinates that correlate with phase separation in bilayers
often do not enhance the sampling in WE simulations. We identi-
fied one effective choice, the Fraction of Lipids in Clusters (FLCs),
defined as

¥ No. of Lipid X; in Lipid X; Clusters

FLC =
Total No. of Lipids

, 1

where subscript i denotes the individual lipid species in a bilayer
consisting of N total lipid species. Since we have a ternary DPPC-
DIPC-CHOL system, N = 3. FLC can range from 0 to 1, where
FLC = 1 indicates a separated state where all lipids are part of some
cluster. This clustering is performed using the Density-Based Spa-
tial Clustering of Applications with Noise (DBSCAN) algorithm”""’
as implemented in scikit-learn.”” We pre-compute all lipid-lipid
distances two-dimensionally, treating the two leaflets independently.

DBSCAN takes two parameters: the distance within which
two lipids are considered neighbors and the minimum number
of neighbors needed to form a cluster. In our previous work, we
used two different sets of clustering parameters, but here we use
the values we previously termed FLCop in our previous work,
as these parameters do a better job of distinguishing mixed and
separated states. The optimized set of values for the DPPC-DIPC-
CHOL system were (26.5 A, 24 neighbors), (31.5 A, 26 neigh-
bors), and (32.5 A, 23 neighbors) for DPPC, DIPC and cholesterol,
respectively.

C. Weighted ensemble simulation

Each iteration of the weighted ensemble (WE) algorithm con-
tains two components. In the first, a number of “walkers” (conven-
tional MD simulations) are propagated starting from each bin on the
progress coordinate. In the second component, the progress coordi-
nate is updated based on the state of the system at the end of each
walker’s trajectory, and based on that, the walker is assigned to a
bin. The target number of walkers per bin is maintained by merging
or splitting walkers while conserving the statistical weight in each
bin. More details on the theory and implementation of the weighted
ensemble method can be found in recent reviews.”"””

We ran two replicates of weighted ensemble simulations for
each system size. We seeded each replicate by picking evenly spaced
frames from the last microsecond of each of the conventional MD
simulations. We used structures from both the 323 and 423 K sim-
ulations to ensure that the weighted ensemble simulations initially
sampled both well-mixed and demixed states to speed equilibration
and convergence of the WE simulations.

ARTICLE pubs.aip.org/aipl/jcp

To propagate the WE simulations, we used WESTPA2
v2022.06”* and followed the previously established protocols.””*”
A Minimal Adaptive Binning (MAB) scheme’® was employed to
divide the progress coordinate space into 30 dynamic bins. We
set the target number of “walkers” per bin to 4. To speed up the
convergence of WE simulations, the WE Equilibrium Dynamics
(WEED) reweighting protocol’”” was used with a reweighting win-
dow of ten iterations. It is not statistically correct to average values
across multiple reweighting windows, so unless otherwise noted,
the average values reported here are from the last ten iterations
of the WE simulations. GROMACS 2020.3 was used to propa-
gate the MD part of each iteration using the same settings detailed
earlier.

For all the system sizes except 7778 and 10110 lipids, each
replicate completed WE 1000 iterations. The system with 7778 and
10110 lipids completed 600 and 500 iterations, respectively, as the
computational cost was significantly higher. However, for the sys-
tems that ran 1000 iterations, we saw that the results did not change
significantly after the first 500 iterations.

All simulations were run using the BlueHive computing clus-
ter in the Center for Integrated Research and Computing facility at
the University of Rochester. Intel Xeon E5-2695, Gold 6130, 6140,
and 6330 processors with Tesla K20Xm, K80, V100, and A100 GPUs
were used to propagate the dynamics.

Simulation data were processed and analyzed with the LOOS
software package.”” The data from each WE replicate were combined
using the w_multi_west tool in WESTPA2. Subsequently, WESTPA2
tools such as w_pdist and plothist were used to construct the free
energy landscapes, AG(FLC). The data generated from WE simula-
tions were projected onto other auxiliary variables to derive further
insights using w_crawl and LOOS tools.

Once the free energy landscapes were constructed for each
system, we calculated the average FLC, (FLC) as given below:

. Y (FLC p(FLC))
(FLC) = =S (Fl0) (2)

where p(FLC) is the probability of finding the system at a particular
FLC value as obtained from WE. Similarly, we can estimate the vari-
ance and standard deviation ¢ (FLC) by using the analogous formula
for (FLC?). We also quantified the fluctuations in free energy curves
by computing the variance AG(FLC) over a range of FLC values. To
compute the free energy difference between the mixed and phase-
separated states of the system, AAGs.p, we identified the maximum
value of AG within the range (FLC) + ¢(FLC) and considered that
to be the barrier between the two states. To distinguish genuine bar-
riers from statistical noise, we only considered the maximum to be a
barrier if it was greater than 20(AG).

Ill. RESULTS
A. Finite size effects from standard MD

Figure 1 shows the evolution of the FLC as a function of time
from standard MD simulations that ran at 323 and 423 K, with four
independent replicates simulated at each temperature. For all system
sizes, the FLC values remain very low at 423 K, indicating that the
lipids are well-mixed. By contrast, at 323 K, the FLC values increase
rapidly over the first 100 ns of each trajectory before equilibrating
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and remaining stable for the remainder of the trajectory, suggesting
highly non-ideal mixing and possibly phase separation.

The average FLC values do not appear to vary significantly with
system size at either temperature; this is visible in Fig. 1 and shown
quantitatively in supplementary material, Table S2. However, the
fluctuations drop significantly as the system size increases, indicat-
ing qualitatively different behavior with different-sized systems. If
we track the contribution of individual species to FLC, we see a
similar trend, as shown in supplementary material, Fig. S1.

To better understand the nature of the structural differences
with system size, we tracked the size of the clusters formed by indi-
vidual lipid species. Figure 2 shows the average size of lipid clusters
as a function of system size as computed from the standard MD sim-
ulations. As expected, large clusters are not observed at the higher
temperature. However, at 323 K, the mean cluster size increases
with system size for the smallest systems. However, the average clus-
ter size plateaus, within the limits of the statistical uncertainties,
once there are roughly 2000 lipids in the system. This strongly sug-
gests that smaller periodic boxes suppress the formation of larger
aggregates.

B. Finite size effects on free energy landscapes
from weighted ensemble molecular dynamics

Figure 3 shows the free energy curves obtained from WE MD
runs, averaging over the last ten WE iterations. For the smaller sys-
tems, the free energy surfaces are flat and noisy. However, for larger
systems than 3888 lipids, the free energy curves are smoother, with
well-defined basins at relatively low FLC and high FLC values. This
implies that the system can be found in a relatively mixed state
(where fewer lipids are part of clusters) as well as a demixed state
(where more lipids are part of clusters); based on previous analysis,
the construction of the progress coordinate, and visual inspection,
we interpret the high-FLC basin as the phase-separated one, while
the lower-FLC basin is a single-phase but non-ideally mixed state.

For the smaller systems, virtually the entire range 0.2 < FLC
< 0.8 is thermodynamically accessible. However, for systems with
3888 lipids and larger, the width of the wells narrows, and the
free energy increases more rapidly at the edges. For the two largest
systems, the free energy curves are very similar.

One key question is whether the system size affects the mor- 0.51
phology of the membrane; Fig. 2 showed this to be the case using the
conventional MD simulations, but WE should allow a more com-

o
n

e
o

=
o

Fraction of Lipids in Clusters (F

o
U

0.0

1.0

plete exploration of the free energy landscape. Figure 4 shows the 0.0
distribution of DPPC cluster sizes for all system sizes simulated. 10110
Except for the smallest 324-lipid system, the primary peak in the 1.0

distribution is around 50-60 lipids in a cluster. However, the dis-
tribution is far from Gaussian, with a significant tail at large cluster
sizes. Moreover, all of the distributions have a secondary large-
cluster peak, but the location of this peak varies non-monotonically

0.51

with system size. It is not clear whether this results from statistical 0.0

noise due to poor convergence as large clusters slowly coalesce or if _

this is a genuine feature of the system. time (us)
mem 323-1 == 323-3  =m 423-1 423 -3
— 323-2 —323-4 = 423-2 423-4

C. Finite size effects on AAGsep estimation
FIG. 1. Evolution of FLC of the system over 4 us at 323 and 423 K. Line colors

The free energy difference between the mixed and the demixed correspond to independent replicates simulated at different temperatures.

states of the system, AAGsep, can be obtained by defining an FLC
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FIG. 2. Average size of lipid clusters as a function of system size. Dashed lines
represent the simulations at 423 K, while solid lines show the data from the sim-
ulations at 323 K. The error bars are the standard error computed treating each
replica as a single measurement.

cutoff that distinguishes one state from another and using the
weights from the WE simulations to compute their relative proba-
bilities,

AAGyey = —ksT In %. 3)
'mixed

The challenge, therefore, is to identify an appropriate cutoff in
an unbiased manner. With a smooth two-well free energy curve, the
choice is obvious: the local maximum of the free energy is the best
choice. However, because the present simulations were run close
to the transition temperature, where the barrier must go to zero
because there are no longer two coexisting states, the statistical noise
in the free energy curves is comparable to the barrier height. As a
result, it was necessary to use a more robust procedure. As discussed
in the Methods section, we compute the average and standard devi-
ation of FLC from the AG curve and search for the highest local
maximum within one standard deviation of the average. To dis-
tinguish noise from a genuine barrier, we only consider maxima
whose values are greater than 2 ¢(FLC). The free energy curves are
computed by combining the data from two independent replicates;
curves computed separately from the individual WE runs are shown
in Fig. §9.

Figure 3 shows that, for the smaller systems, the free energy
surfaces are relatively flat and noisy and do not resemble double-
well free energy curves. Although we can apply the above-mentioned
algorithm to calculate a AAGiep for them, in reality we would argue
that phase separation does not occur. For the three largest systems
(3888, 7776, and 10110 lipids), the free energy curves do show a
clear double-well shape; for the latter two, the location of the aver-
age and the walls are consistent, and our algorithm identifies similar
FLC cutoffs.

The resulting AAGsep values are shown in Fig. 5. The estimated
free energy changes are sensitive to the system size, fluctuating non-
monotonically for the smaller systems; this is largely an artifact
of the flat landscapes, making a separation into two states some-
what arbitrary. However, for the three largest systems, AAGsep is
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FIG. 5. Computed AAGsg, for systems ranging from 324 lipids to 10 110 lipids.

consistent to within ~0.1 kcal/mol. Consistent with our previous
work,”! the values are slightly positive, indicating that the melting
temperature for phase separation is roughly 323 K. This information
would not be accessible from conventional simulations alone.

IV. DISCUSSION

Molecular dynamics simulations of lipid bilayers face a funda-
mental challenge in that they attempt to represent an infinite (or at
least macroscopic) system with a finite number of molecules repli-
cated via periodic boundary conditions. In a sense, we go into the
calculations knowing that periodic boundaries are “wrong,” and

ARTICLE pubs.aip.org/aipl/jcp

while they are clearly the least wrong choice, it is still crucial to
understand how the finite size of the system affects the results.

This challenge is particularly acute when studying phase sepa-
ration in lipid bilayers. The formation of domains is intrinsically a
macroscopic or at least mesoscopic phenomenon, while atomistic
simulations (even with coarse-grained potentials) are necessarily
microscopic. Theoretical approaches generally assume an infinite
system, or at least one large enough that the size of the system does
not affect the results and tend to break down for smaller systems.
Therefore, when attempting to compare simulations to experiments
or theory, it is important to understand potential finite-size artifacts
present in the simulations.

In this work, we leverage our recently developed technology for
computing the free energy landscape of lipid phase separation’’ to
directly measure these finite-size effects. We conclude that small sys-
tems are unable to separate at all but rather undergo a wide range
of fluctuations, as indicated by the wide, flat free energy curves. A
barrier between the two states begins to emerge with the ~2000-
lipid systems, and the two largest systems (~8000 and 10 000 lipids,
respectively) have free energy curves that are consistent within sta-
tistical error, while the AAGiep is consistent once the systems reach
about 4000 lipids.

Figures S7 and S8 show representative snapshots of the systems
at different values of FLC. We see that the larger systems do not form
neat round domains at values of FLC corresponding to the phase-
separated minimum of their respective free energy curves, around
FLC = 0.7. Rather, there are large regions containing mostly DPPC
and cholesterol, while DIPC-enriched regions are messier and less
well-defined. Figure S8 shows that FLC = 0.9 corresponds to more
“pure” separation, but the free energies are very high at this point
for all but the smallest systems.

Previous studies have investigated finite-size effects in the sim-
ulation of lipid phase separation, although the present work is, to
our knowledge, the first to use the free energy landscape as a read-
out. For example, Pantelopulos et al.”’ performed coarse-grained
simulations of a lipid composition similar to the one in this paper
and tracked the number of order parameters as a function of system
size. Although their largest simulation had roughly 5400 lipids, they
extrapolated their systems’ behavior to estimate that bulk behavior
would be observed for systems with 10000 lipids. A previous lat-
tice model simulation of two-component bilayer phase separation
also concluded that 10000 lipid systems were sufficiently large to
eliminate finite-size effects.”’

The free energy change upon phase separation, AAGiep, is an
extensive quantity and so should scale linearly with the system size.
However, once the simulations are sufficiently large, all intensive
quantities should become independent of system size. These include
the ability to form coexisting phases and the transition temperature
T'm, where coexisting phases melt into a single phase. Moreover, the
composition of coexisting phases will also become independent of
system size in the thermodynamic limit; in our data, this will show
up as constant locations for the minima of the free energy curves.
Unfortunately, because our simulations were run very close to Ty,
the linear trend in AAGgp is not readily visible.

One additional challenge in interpreting this work is the poten-
tial for confusion due to an imperfect progress coordinate. Our
previous work established that FLC produces results that make sense
across a range of system compositions and temperatures, while other
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intuitive coordinates, particularly those related to local enrichment
of the density of individual lipid species, do not.”" That said, there
is no guarantee that FLC perfectly correlates with the phase tran-
sition since it is sensitive to both the presence of multiple phases
and to changes in the composition of those phases; this is why in
previous work we saw shifts in the curves toward lower FLC with
increasing temperature.’! We are currently pursuing other potential
coordinates that may more directly correlate with the formation of
distinct phases.

V. CONCLUSIONS

Whenever one tries to draw conclusions from simulations of
phase separation (or similar bulk phenomena), one natural question
to ask is whether the system is big enough to accurately represent
the phenomenon in question. The present work uses the free energy
landscape as a readout for the phase separation of a ternary lipid
bilayer, measuring its dependence on the size of the simulation. We
see that for very small systems, phase separation is entirely sup-
pressed, but once the system approaches 10* lipids, more bulk-like
behavior is observed. The present work has two limitations. First,
using a ternary system means we do not know if the minimum
bulk system size will change with the addition of more components,
including other lipid species, transmembrane or peripheral proteins,
etc. Second, it would be ideal to have system sizes far larger than
our estimated threshold for the thermodynamic limit. However, the
computational cost of such simulations is currently prohibitively
high. As an alternative, we plan to perform analogous calculations
using simpler lattice models, which should make calculations across
3-4 orders of magnitude in system size tractable.

SUPPLEMENTARY MATERIAL

See the supplementary material for simulation details. It con-
tains further standard MD analysis details, including (1) mean and
variance of FLC, (2) evolution of individual species contribution
to FLC, (3) species-wise cluster count analysis, and (4) cluster size.
The supplementary material also contains further weighted ensem-
ble analysis such as individual species contribution to free energy
landscapes and species-wise cluster size details. We also include
snapshots of systems at representative levels of FLC in order to pro-
vide more intuition as to the meaning of phase separation in these
systems.
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