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Abstract

Protein aggregation into oligomeric species has been linked to a number of

neurodegenerative diseases. The ability to assemble into ordered fibril like

forms under certain conditions is now regarded as a very common property of

polypeptide chains. A different form of assembly is known for some proteins

in which protein molecules sequester into liquid like droplets. Understanding

the biophysical mechanisms behind these phenomena is of great relevance

not only for deeper insights into the associated disorders but also for any

protein based therapeutics. Here we review a few examples of the use of

Markov Chain Monte Carlo simulations in the study of these two forms of

protein assembly.
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Introduction

Protein aggregation is the self assembly of proteins into supra-molecular

structures ranging from dimers to highly structured amyloid fibrils. While

functional forms of fibrils are known[1, 2], much of the research on formation

and characterization of amyloid fibrils stems from the fact that biophysical

research over many decades has linked the process of aggregation with a va-

riety of diseases such as Alzheimer’s, Parkinson’s and Huntington’s diseases,

type II diabetes and spongiform encephalopathies[3, 4, 5, 6]. Detailed causal

chains connecting molecular self assembly events to disease pathology remain

obscure. But it is believed that a clearer atomic picture will be a very useful

aid in understanding and hopefully treating these diseases. Another related

reason is that protein aggregation constitutes a common and recalcitrant

obstacle in the highly target specific protein based therapeutics[7].

The ability to form aggregates is not just a special property of rare or

disease related proteins, but rather a more general property of polypeptide

chains[8, 9]. Different biophysical strategies have evolved in cells to oppose

protein aggregation[10]. An understanding of the biophysical mechanisms

driving protein misfolding and aggregation is therefore expected to inform

therapeutic strategies.

Proteins involved in aggregation related diseases such as α-synuclein are

often intrinsically disordered proteins (IDP) [11, 12]. IDPs do not have a

compact native fold, but rather populate a wide range of structures at physio-

logically relevant conditions. Some IDPs are also known to undergo a process

called liquid liquid phase separation (LLPS) or coacervation, in which con-

centrated liquid droplets of proteins develop inside the solution[13, 14, 15].
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These droplets exhibit a continuous, fluid like, internal reorganization of the

member molecules instead of a more ordered, solid like, cross-β arrangement

typical of fibrils. It has been suggested that LLPS can facilitate fibril for-

mation for some proteins[16] or present an alternative to aggregation. Func-

tional roles for the liquid droplets have also been proposed where they serve

as membrane-less organelles[17]. The phenomenon of LLPS has been stud-

ied using different theoretical and computational techniques, such as random

phase approximation[18], field theoretical simulations[19] and lattice Monte

Carlo simulations[20].

Computer simulations have long been used to provide a conceptual frame-

work to understand biophysical phenomena. Because of the high degree of

complexity arising from the large number of interacting components, they

constitute an essential class of tools in interpreting experimental studies,

connecting them to fundamental physics, organizing our knowledge and ask-

ing new questions based on an ever improving picture. Simulation methods

used for bio-molecular systems are very diverse. Most computational studies

of bio-molecular systems use the molecular dynamics (MD) method. For a

recent review of atomistic MD simulations used to study protein aggrega-

tion, see Ref. [21]. For an overview of field theoretical simulations for LLPS,

see Ref. [19]. A completely different computational approach is the Monte

Carlo method. The Markov Chain Monte Carlo (MC) method was developed

in the 1940s in the Los Alamos National Laboratory[22] in connection with

nuclear weapons research. Because of the generality of the technique and its

scaling properties for high dimensional problems, the MC method has found

increasing use since its inception in diverse fields of inquiry ranging from
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fundamental high energy physics to finance and risk evaluation. Although in

bio-molecular simulations the use of MC is less common than MD, for some

problems they offer an alternative to MD at a significantly lower computa-

tional cost. In this chapter, we will summarize a few applications of MC

simulations to explore self assembly of proteins.

Markov chain Monte Carlo simulations

Thermodynamic Monte Carlo (MC) simulations sample random struc-

tures from an ensemble which is either directly a Boltzmann ensemble, or has

a rigorous exact mapping to such an ensemble. From such a random sam-

ple, statistical averages can be estimated. The class of MC algorithms most

commonly used for molecular simulations is called a Markov Chain Monte

Carlo, and in the following, we will refer to this type of MC simulations as

simply MC. In this method, the simulated system performs a random walk

in the conformation space. At every step, we propose a random change to

the conformation, and accept or reject the change according to an acceptance

probability. This simple recipe of random moves with accept/reject decisions

is repeated billions of times and sample points for statistical analysis are col-

lected at regular intervals from the resulting Markov Chain. The principle of

detailed balance is a convenient way to ensure that the sample points reach a

stationary distribution with the correct relative statistical weights. If P (A)

and P (B) are the equilibrium probabilities of states A and B, and pAB is

the probability to propose a move from A to B (and likewise for pBA), de-

tailed balance can be expressed as the requirement P (A)pAB = P (B)pBA.

Conformation updates satisfying detailed balance do not cause a net flow
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of probabilities. For proper sampling, it is also important that the entire

conformation space remains connected under the conformation updates.

The form of the acceptance probability depends on the type of ensemble

we intend to generate. If P (A) represents the weight of a state A in the

target ensemble, the acceptance probability for a conformation change to a

state B is p = min(1, P (B)
P (A) ). In the simplest case of a canonical ensemble,

the microscopic weight of a state A is P (A) ∝ exp(−βEA), where EA is

the energy of state A, β = 1
kBT

is the inverse temperature, and kB is the

Boltzmann’s constant. Each state with an energy E will have a weight of

exp(−βE), and the total probability of all states with energy E is propor-

tional to g(E) exp(−βE), where g(E) is called the density of states, which

counts the number of states at energy E. For a simple Metropolis MC simu-

lation sampling the canonical ensemble, the acceptance probability takes the

form p ∝ min(1, exp(−β∆E)), ∆E being the change in energy due to the

conformation change. Long Markov chains with this acceptance probability

will sample each state of energy E with weight exp(−βE), so that with g(E)

states at energy E, the sampled probability for energy E will be an approx-

imation of g(E) exp(−βE). In general, g(E) is an unknown function, and

the histogram of energy from a long Markov chain is one way to estimate

it. This is one of the important goals of thermodynamic MC simulations, as

a good estimate of g(E) along with correlations of various state properties

with energy can be used to calculate thermodynamic averages.

The canonical MC recipe described above can be improved in many ways

for faster convergence of statistical averages. The exp(−β∆E) factor in the

acceptance probability suppresses positive energy changes, which impedes
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the escape from local energy minima. Since the global energy minimum of a

system is usually unknown at the start, it is important that the simulations

are able to escape local energy minima, and search for the low lying states in

the entire energy landscape. Sophisticated techniques have been developed

to help the MC simulations navigate rough energy landscapes and converge

faster. These include simulated tempering[23], parallel tempering[24, 25],

multi-canonical method[26] and Wang-Landau simulations[27, 28].

Small update MC simulations

Unlike in MD simulations, in MC, we do not integrate Newton’s equations

of motion. There is no restriction on how big or small a single step along

the Markov Chain can be, and this property can be exploited for very fast

importance sampling from a high dimensional conformation space. In many

studies, the random updates are restricted to make small overall changes to

the system so that after an MC step, the system retains much of its structure

from before the step, with small modifications. A Markov Chain generated in

this way vaguely mimics a trajectory, i.e., continuously changing coordinates

as a function of time, as seen for instance, in MD simulations. The MC sim-

ulations however do not contain a real “time” variable, and can not reveal

information about physical time scales of processes. In our own research,

we have found that small update MC simulations sampling the canonical

ensemble yield pseudo-trajectories with easily rationalizable qualitative be-

havior. This is not entirely unexpected, as, despite not following a path

set by Newton’s equations of motion, the Markov Chain stochastically fol-

lows paths defined by the energy landscape. Let’s compare how coordinates

are updated in a small update MC simulation and an MD simulation us-
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ing the same force field. The conformation updates in the MC leading in

the opposite direction relative to the acceleration in the corresponding MD

simulation (i.e., updates along the positive gradient of the potential energy)

are unfavorable due to the min(1, exp(−β∆E)) acceptance probability. MC

updates leading roughly in the direction of the acceleration on the other

hand, are accepted. The MC simulation treats all possible changes which

reduce the potential energy equivalently, whereas the MD will pick one of

them definitively. But the barriers in the energy landscape which slow down

a particular transition in an MD will have a similar effect on a small update

MC, because of the exponential suppression of the positive ∆E in the accep-

tance probability. Larger changes, unlike larger time steps in an MD do not

result in larger numeric errors in an MC simulation, but suppress their su-

perficial resemblance to MD trajectories. Therefore, with the understanding

that no time scales can be read out from the simulations, small update MC

simulations have often been used to study kinetic processes because of their

much smaller computational cost compared to a equivalent MD simulations

[29, 30, 31, 32, 33, 34, 35, 36].

Folding and aggregation using all atom MC simulations

In this subsection, we will review a few examples of the use of the MC

method to study peptide aggregation. Although the methods discussed above

are very general, currently we focus on studies conducted using a specific im-

plicit solvent physics based model. In this model, we explicitly represent all

atoms in the protein molecules, including all hydrogen atoms, as interacting

entities. We ignore fluctuations in lengths of covalent bonds as well as the

bond angles between converging bonds, so that all sample states considered
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preserve the values for these geometrical parameters. This leaves only tor-

sional rotation around bonds inside a single molecule and global translations

and rotations as degrees of freedom. The conformation update in every step

of the MC simulation is chosen randomly from a small set of move types. This

set includes rigid body translations and rotations of one or more molecules,

random changes to a single randomly chosen backbone or side chain torsion

angle, or a concerted rotation of up to 8 backbone angles affecting a local

deformation of a single protein chain[37]. The random single angle updates

as well as the rigid body translations and rotations can create very large

displacements of large numbers of atoms. If we worked with explicitly repre-

sented solvent molecules, most of these updates would result in steric clashes

and our approach will lose much of its ability for fast exploration. We there-

fore developed an implicit solvent force field to model protein interactions.

Our interaction potential consists of four terms : E = Eexv +Eloc +Ehb +

Esc. Excluded volume effects are represented by Eexv. Eloc represents local

electrostatic effects along the protein backbone. Ehb represents backbone

and side chain hydrogen bonds. Esc encapsulates side chain charge charge

interactions as well as the hydrophobic effect. Detailed mathematical forms

of each of these terms can be found elsewhere[38]. Here we only note that

in this reductive physical approach, the interaction parameters are tied to

atoms or groups of atoms, and are regarded as universal. For instance, every

phenylalanine residue has exactly the same interaction capacity with respect

to each of the terms in our force field, irrespective of its position in a pro-

tein sequence or structure. This also means that in simulations with many

molecules, intra-molecular and inter-molecular interactions necessarily have
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the same functional form and parameters. The form and parameters of this

force field have been developed through thermodynamic folding simulations

of small polypeptide chains [39, 38] from randomly initialized chains. The

approximations of this force field developed through studies of small peptides

of sequence length 10–30 residues have occasionally proven to be sufficient

to describe reversible folding transitions of somewhat larger sequences (See

Fig. 1), such as Top7-CFr, several three helix bundle proteins of about 70

residues, and even a mixed 92 residue α/β protein Top7[40, 38, 41] with very

slow folding times of about 1 second in experiments.

The ability of simulations with this model to find the native folded states

of some proteins starting from completely randomized initial configurations,

without biasing the simulations with any prior information on the folded

states, is a very non-trivial attribute. Calculated temperature dependence

of secondary structure propensities and native populations often agree well

with suitable experimental results. An implementation of the protein model,

force field and MC simulation tools is available as an open source software

package called ProFASi[42].

We have used this all atom protein model to explore protein aggregation

and related phenomena using MC simulations. In 2004, after developing

an early version of the model, we applied it to study the oligomerization of

Aβ16−22 peptides (sequence: KLVFFAE) [43]. From that proof-of-concept

study with only up to 6 chains of Aβ16−22 peptides, we learned that systems

of many protein chains can show interesting physical behavior in MC simu-

lations. The MC simulations sampled multiple transitions between isolated

monomers and several different kinds of oligomers. Monomer simulations
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showed that the isolated Aβ16−22 behaves as a random coil. In multi-chain

simulations, the statistical secondary structure propensities were consistent

with single chain simulations at high temperatures, but with decreasing tem-

peratures the β-sheet content smoothly increased, exhibiting a sigmoid tem-

perature dependence. Analysis of the structures obtained at the low tem-

peratures showed that they were predominantly oligomeric, and the β-sheet

secondary structure was exclusively from the oligomers present in the struc-

tures.

In [30], we compared two truncated segments Aβ16−22 and Aβ25−35 (se-

quence: GSNKGAIIGLM) of the Alzheimer’s Aβ peptide with small update

MC simulations with ProFASi at different concentrations and temperatures.

It turned out that the two peptides show different aggregation behavior.

The Aβ16−22 system showed a rapid hydrophobic collapse to large clusters of

unstructured aggregates with ample chain mobility. These structures then

gradually transitioned into β-sheet rich oligomers due to the formation of in-

ter chain hydrogen bonds, which curiously exposed some hydrophobic groups.

In contrast, the Aβ25−35 showed little tendency to collapse into disordered

aggregates, but rather formed β-sheet hydrogen bonds early in the process.

In [32], we examined aggregation behavior of a small segment AcPHF6

(Ac-VQIVYK-NH2) of the tau protein, also connected with the Alzheimer’s

disease. We analyzed the structure and organization of the oligomers forming

in the simulations. For instance, we kept track of the relative orientation of

the neighboring chains in a β-sheet and the inter-chain hydrogen bonds. We

found that a variety of very small oligomers emerged quickly with no pref-

erence for orientation or registry between neighboring chains. These small
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oligomers formed and dissolved rapidly resulting in an equilibrium with the

solution. This stochastic process sometimes results in oligomers of a critical

size, which do not dissolve as easily. Of these relatively stable oligomers, we

found that only a subset continued to grow into long β-sheets and two sheet

oligomers (Fig. 2). The subset of the minimal stable oligomers which man-

aged to grow in our simulations were those with the greatest internal order,

i.e., those with the highest percentage of parallel in-register strand organiza-

tion. Even the largest simulations in reference [32] had only 36 peptides in

them, which makes multi-layered structures less probable. The simulations

did however result in many double layered aggregates exhibiting a steric zip-

per interface (see Fig. 2) between the two sheets with the V1, I3 and Y5 side

chains packed in the sheet-sheet interface. Such a dry-steric zipper interface

has been proposed for a variety of small fibril forming peptides including

PHF6 using X-ray diffraction[44].

The above mentioned simulations are examples of small update MC simu-

lations where the Markov chains resemble kinetic trajectories. In [31], Irbäck

and Mitternacht again explored oligomerization of Aβ16−22 using equilibrium

simulations. For this purpose they used our all-atom model and its imple-

mentation in ProFASi, but did not restrict the runs to small updates. They

also tested experimental modifications to the force field which contributed to

the next iteration of the default interaction calculations in ProFASi. These

simulations provided a different view of the oligomerization of Aβ16−22 . The

temperature dependence of properties such as the size of the largest clus-

ter in the system and the secondary structure content were calculated with

excellent statistical errors. They showed that with decreasing temperature,
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the size of the largest cluster starts to increase a little before the β-sheet

secondary structure does. This is in perfect agreement with the more kinetic

simulations[30] which showed that the disordered “molten” oligomers formed

before the ordered β-sheets in MC time. In addition, they found that the

simulations resulted in the spontaneous formation of tight, extraordinarily

long-lived β-barrels.

Aggregating systems are often characterized by strongly bimodal energy

distributions. Sparse conformations without aggregates have energies cor-

responding to multiple free monomers. Once an aggregating nucleus forms,

there is a rapid transition to a low energy oligomer rich state. For such sys-

tems, the canonical probability of intermediate states connecting the compact

low energy states with the sparse higher energy states is very small. There-

fore, MC simulations based on the canonical ensemble only rarely visit the

intermediate states, and because of this, they may struggle to cross back and

forth between the low and high energy basins in free energy. Methods such

as multicanonical or Wang-Landau simulations can alleviate the difficulty of

crossing the free energy barrier. In Ref. [45], we applied a slightly modified

form of the Wang-Landau method to a system of 8 chains of a 7 residue frag-

ment (sequence : GIIFNEQ) of the Cu/Zn superoxide dismutase 1 protein

(SOD1). This system exhibited an aggregated and an unaggregated phase,

which coexisted at the mid-point temperature with a free energy barrier of

height 2.7 kBT . The intermediate states for this system had low canon-

ical probabilities at the mid point temperature, (approximately 1
15 of the

probability of the aggregated and unaggregated states). Analogous to the

multicanonical method, our simulations sampled a non-canonical ensemble
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which amplifies these intermediate states facilitating repeated sampling of

the high and low energy basins in free energy. This is achieved while main-

taining a well defined mapping to the canonical ensemble so that the correct

thermodynamic averages can be calculated during post-processing. Using

direct comparison, we showed that results from our modified Wang-Landau

method agree with those from canonical simulations, but have smaller sta-

tistical errors per consumed computing resources.

Exploring fibril formation with lattice models

While atomic resolution simulations, like those discussed above, have been

used for studies of small oligomeric systems, it is easier to obtain general in-

sights on much larger scale processes by using reduced representations of

the molecules. Lattice models represent one popular class of reduced rep-

resentation. Each amino acid is represented by one or a few beads, and

each bead exclusively occupies one location in a grid of possible positions.

A peptide chain in such a model is a sequence of connected beads. In Ref.

[46], Li et al developed a model in which an amino acid is represented as

a hydrophobic, polar or charged bead, with electrostatic and hydrophobic

interactions with other beads. Their MC moves consisted of global transla-

tions and rotations of a randomly chosen peptide, and local moves such as

tail rotations and crank shaft rotations. Since the set of states on a spatial

grid is countable, it is possible to perform exact enumeration of all possible

conformations for small system sizes. Despite the simplicity of this model, it

was able to capture several interesting characteristics of peptide systems. Li

et al found a non-degenerate ground state clearly separated from degenerate

higher energy conformations for a chosen peptide sequence. In simulations
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with multiple chains, they observed self-assembly into anti-parallel β-sheet

like structures, with the strands arranged perpendicular to the fibril axis. In

Ref. [47], this model was further used to study the effect of macro molecular

crowders on peptide aggregation. Crowders were modeled as impenetrable

cubical entities spanning several grid positions in each dimension. The crow-

ders limited access to a part of the spatial grid, but did not otherwise interact

with the peptide chains. Using MC simulations with this model, they were

able to reconcile experimental observations regarding both increase[48] and

decrease[49] of fibril formation rate in the presence of co-solutes. For large

crowders, the model showed a decrease in fibril formation time with increas-

ing crowder concentrations, while for small crowders, it showed the opposite

effect. This result illustrates how MC simulations with a good physical model

can sometimes help clarifying very non-trivial experimental observations.

In Ref. [50], Irbäck et al explored the thermodynamics of fibril forma-

tion using a stick model for small peptides in a lattice approximation. The

peptides were modeled as unit length sticks, which were allowed to occupy

any available positions on a 3 dimensional cubic lattice. The hydrogen bond-

ing direction was assumed to be perpendicular to the chain (stick) direction,

and the hydrophobic interactions were assumed to be in the direction per-

pendicular to both of these. This is inspired by the typical geometry of a

cross-β structure of a fibril, with hydrogen bonds running perpendicular to

the chain axis and hydrophobic interactions bind multiple sheets together.

By using a reduced model and strategies to update large clusters together,

they were able to study systems consisting of up to 131,072 peptides. They

found that the simulated system shows sigmoidal kinetics characteristic of
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fibril formation in experiments[51]. The fibril like structures found in these

simulations had an average length of around 210 and comprised 7 layers on

average. Similar to the above mentioned all-atom simulations of AcPHF6

peptide, they observed an initial waiting phase where small aggregates form

an dissolve until by random chance a stable growth capable aggregate forms.

After that there is rapid growth in the mass of the aggregate until the de-

pletion of available monomers slows the kinetics down. In the stick model

simulation, the distinguishing characteristics of the critical aggregate was its

width in terms of the number of β-sheet layers in the aggregate. Most growth

capable aggregates had at least 4 layers.

A different type of model was developed by Abeln et al[52] to study

protein folding and aggregation on 3 dimensional cubic lattices. Instead of

grouping amino acids into broad categories such as hydrophobic and polar,

they used 20 different kinds of beads to represent the 20 different naturally

occurring amino acids. The state of each amino acid in this model consists of

a position at one of the lattice points, a secondary structure marker (strand

or coil) and a side chain direction marker (which could point to one of the

neighboring sites not occupied by the backbone). The potential energy func-

tion was written to mimic the interactions of real proteins, including terms to

account for hydrogen bonds, interactions with the solvent and steric terms for

the side chains. The idea was to infuse a lattice model with enough details to

capture the most essential physical aspects of protein behavior. Despite these

increased details, this is still a lattice model with orders of magnitude lower

computational complexity than a typical atomic resolution model. Abeln et

al designed a protein sequence for a target 3D structure and simulated the
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designed sequence with their model using MC simulations. The simulations

showed a sharp folding transition as a function of temperature, with a rapid

increase in the number of native contacts. Control simulations performed

for a random sequence with a similar amino acid content did not show any

similar transition to a hydrogen bond rich compact state. They also per-

formed simulations of multi-chain systems starting with no contact among

different chains. Spontaneous formation of small oligomers as well as fibril

like structures was observed. The observed inter-molecular contacts in these

aggregates are consistent with the cross-β geometry of fibrils. The thermal

stability of the multi-layered fibril like structures was found to be maximum

for sequences with the ability to pack hydrophobic groups between β-sheets.

MC simulations of liquid liquid phase separation

MC simulations on cubic lattices have also been used to study liquid-

liquid phase separation in intrinsically disordered proteins. In [20], Das et

al modeled protein chains as self avoiding walks on a cubic lattice. Each

monomer along the sequence exclusively occupies a lattice site, and is con-

nected to its sequence neighbors which must occupy a nearest neighbor lattice

site. The monomers in each chain interact with other monomers in any chain

with electrostatic interactions. Using MC simulations with 300 chains of 50

monomers, several box sizes and temperatures, they compared the temper-

ature and concentration dependence of polymer density for different charge

patterns along the sequence. Comparing sequences with zero net charge but

different distribution of charge along the sequence, they found that sequences

with greater clustering of like charges showed a greater tendency to phase

separate.
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Conclusion

In this short review we have visited a few examples of the use of MC

simulations for the study of self assembly of proteins. Aggregation of pro-

teins into amyloid fibrils spans many orders of magnitude in length and time

scales, and models with different levels of detail have been used to create

complementary insights. The models span a range of resolutions from highly

detailed all-atom descriptions of the protein chains to stick models represent-

ing entire protein chains as unit sticks on a lattice. We have used atomically

detailed models for systems consisting of a few chains to few hundred short

chains, and such simulations can capture essential sequence specific behav-

ior, such as different aggregation mechanisms between two fragments taken

from the Aβ peptide. They also support the idea that the tendency to form

fibril like structures is an inherent property of polypeptide chains, because

interaction models developed to describe protein folding lead to spontaneous

aggregation for certain sequences when many chains are present. Despite the

significant speed benefits of the MC procedure however, such models have

a very high computational cost when applied to the formation of amyloid

fibrils. General principles governing processes at larger length scales have

been more successfully explored with simpler models, at the cost of finer

sequence level details. Bead chain models on a lattice with different levels

of details have been shown to capture the essential features of the folding

and aggregation processes. In studies of liquid liquid phase separation, lat-

tice models with only electrostatic interactions have revealed that particular

charge distributions are more prone to phase separate than others. Similar

studies with HP models, treating each amino acid bead as either hydrophobic
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(H) or polar (P), are currently underway. Even simpler models with peptides

as unit length sticks have been used in simulations of over 105 chains to gain

insights about the kinetics of fibril formation. The complete picture of pro-

tein assembly into liquid like droplets or ordered solid like fibrils requires

atomic resolution insights as well as physics at a coarser resolution. The MC

technique has proven useful at each of these resolutions and will continue

to play a role, alongside other theoretical, computational and experimental

methods in the immediate future.
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Figures

Figure 1: The protein model highlighted in this chapter in the context of atomistic MC

simulations is capable of folding many small proteins starting from completely random

conformations. Here we show two snapshots from a simulation of a 92 residue α/β protein

Top7 for which the native state contains two α-helices and a 5 stranded β-sheet. Left:

an example structure near the beginning of the simulation. Right: a snapshot from the

simulation (blue) representing the free energy minimum at 273 K aligned with the PDB

structure 1QYS (gray).

26



Figure 2: Example snapshots from MC simulations of 24 chains of Ac-PHF6-NH2 at

308 Kelvin in a 95 Åperiodic box. Residues V 1, I3 and Y 5, which appear in the dry-

steric zipper interface in two layer aggregates have been marked red, while V 4, another

hydrophobic residue which does not get buried in the dry interface is marked green. Left: a

snapshot from near the beginning of the simulation. Right: closer view of a large oligomer

towards the end of the simulation.
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