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Keywords: Peptides can aggregate into ordered structures with different morphologies. The aggregation mechanism and
Peptides evolving structures are the subject of intense research. In this paper we have used molecular dynamics to ex-
Aggregation kinetics amine the sequence-dependence of aggregation kinetics for three short peptides: octaalanine (Ala8), octaas-
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paragine (Asn8), and the heptapeptide GNNQQNY (abbreviated as GNN). First, we compared the aggregation of
20 randomly distributed peptides using the coarse-grained MARTINI force field and the atomistic OPLS-AA force
field. We found that the MARTINI and OPLS-AA aggregation kinetics are similar for Ala8, Asn8, and GNN.
Second, we used the MARTINI force field to study the early stages of aggregation kinetics for a larger system with
72 peptides. In the initial stage of aggregation small clusters grow by monomer addition. In the second stage,
when the free monomers are depleted, the dominant cluster growth path is cluster-cluster coalescence. We
quantified the aggregation kinetics in terms of rate equations. Our study shows that the initial aggregation
kinetics are similar for Ala8, Asn8, and GNN but the molecular details can be different, especially for MARTINI
Ala8. We hypothesize that peptide aggregation proceed in two steps. In the first step amorphous aggregates are
formed, and then, in the second step, they reorganize into ordered structures. We conclude that sequence-
specific differences show up in the second step of aggregation.
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1. Introduction

A detailed understanding of aggregation kinetics of peptides is im-
portant both for the development of functional biomaterials and for the
development of therapies against protein misfolding diseases [1].

Molecular dynamics simulations can explore aggregation kinetics at
the molecular level that is difficult to access experimentally. All-atom
(AA) molecular dynamics models only probe small systems at early
stages of aggregation. Coarse-grained (CG) models allow longer simu-
lations of larger systems so general characteristics of the thermo-
dynamics and kinetics of aggregation can be obtained. Applications of
AA and CG models for protein aggregation were recently reviewed in
[2-4].

One direction to study the mechanism of protein aggregation is to
use peptide fragments as model systems [5]. Short peptides, typically
2-10 residues, have been the subject of many AA and CG simulations.
Explicit solvent AA simulations provide the most detailed information
on the cluster formation process [4]. In most kinetic studies randomly
dispersed monomer are allowed to aggregate freely even though en-
hanced sampling techniques can also provide kinetic information [6,7].
AA simulations use different force fields, e.g. GROMOS [8], OPLS-AA
[9], CHARMM [10], AMBER [11], and different water models, e.g. SPC
[12] and TIP3P [13]. Comparative studies of peptide aggregation pro-
pensities showed inconsistencies between AA force fields, however, it is
not clear which AA force field is currently the best or recommended
model [4].

Several CG force fields with sequence specificity have been used to
study aggregation of short peptides [2]. MARTINI is a popular CG force
field that uses a four to one mapping scheme, i.e. four heavy atoms
together with associated hydrogen atoms are represented by a single CG
bead [14]. Consistently, MARTINI water beads correspond to four real
water molecules. However, MARTINI requires a secondary structure
assignment. The peptideB implicit solvent model has a more detailed
coarse-grained mapping than MARTINI [15]. As peptideB does not fix
the secondary structure it can be used explore cluster structures. Pep-
tideB uses Langevin dynamics for molecular motions. The PRIME im-
plicit solvent model also allows secondary structure changes [16]. It
makes use of discontinuous molecular dynamics (DMD) which provides
additional speed up.

In this work we use AA and CG molecular dynamics simulations to
study aggregation kinetics of three short polypeptides: alanine octa-
peptide (Ala8), asparagine octapeptide (Asn8) and the heptapeptide
GNNQQNY (abbreviated as GNN). Homopetide repeats of alanine and
asparagine are prevalent in eukaryotes [17]. Due to its simplicity,
polyalanine is a good reference peptide to study the effect of side-chains
on aggregation. Molecular dynamics has been employed to study ag-
gregation of alanine and asparagine homopetides [18-24] and GNN
[25-37]. Those studies indicated that the aggregation kinetics and
evolving morphologies depend on the peptide sequence. Moreover,
different force fields lead to one-step or two-step aggregation [38]. In
one-step aggregation free peptide monomers aggregate directly into
ordered clusters. In the first step of two-step aggregation free monomers
aggregate into disordered clusters. In the second step the initial me-
tastable clusters reorganize into ordered structures.

The purpose of this work is to gain further insight into sequence-
dependent aggregation kinetics of short peptides Ala8, Asn8, and GNN.
First, we compared aggregation kinetics and cluster morphologies
generated by the atomistic OPLS-AA force field and the CG MARTINI
force field for small systems with 20 peptides. We found that the CG
MARTINI force field reproduces the AA aggregation kinetics of Ala8,
Asn8 and GNN. This justifies the use of the MARTINI force field to study
larger system at longer times. Second we simulated the aggregation
kinetics with the CG MARTINI force field for 72 peptides and explored
the concentration dependence of aggregation. We found that the ag-
gregation kinetics can be approximately described by rate equations,
which suggests that the aggregation mechanism does not change with
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the initial peptide concentration. Third we used the MARTINI force
field to explore the system-size dependence of aggregation kinetics for
Ala8. We found that the aggregation mechanism changes with the
system size. For small systems we observed aggregation leading directly
to a single cluster whereas for larger systems several clusters are formed
initially and those clusters coalesce into a single cluster.

The conclusions of our work depend on the quality of the force fields
applied. It is well known that even atomistic force fields may not re-
present aggregation propensities accurately [39-41]. For instance,
Carballo-Pacheco et al. [41] showed that OPSA-AA predicts the ag-
gregation of peptides which are known experimentally not to aggregate.
Also coarse-grained models may fail to describe aggregation accurately.
For instance, Javanainen et al. [42] showed that MARTINI causes ex-
cessive aggregation of membrane proteins.

This paper is organized as follows. In the next section we present
details of simulations and data analysis. The results of simulations are
presented in Section 3. First, we demonstrate consistency between the
OPLS-AA and CG MARTINI simulations for Ala8, Asn8, and GNN. Then
we focus on the concentration and system-size effects for aggregation
using the MARTINI force field. In Section 4 we discuss the origin of
differences between aggregation propensities for Ala8, Asn8, and GNN.
Finally in Section 5 we present summary and conclusions.

2. Methods

In this work we focus on aggregation kinetics of Ala8, Asn8, GNN
and find that the aggregation kinetics for OPLS-AA and MARTINI are
similar, although the molecular details are different.

2.1. Simulations

Atomistic OPLS-AA simulations and CG MARTINI simulations were
performed using GROMACS 4.6.5 software package [43].

2.1.1. OPLS-AA

The OPLS-AA simulations were performed with the TIP3P water
with a time step of 2 fs and periodic boundary conditions applied in all
directions. For the van der Waals interactions a cut-off of 1 nm was
used. The temperature was maintained at 303K via the velocity re-
scaling algorithm with a stochastic term. Pressure was maintained at
1 bar with the Parrinello-Rahman barostat. The OPLS-AA simulations
were repeated twice for each peptide.

The OPLS-AA force field was used to simulate aggregation of a small
system with N = 20 peptides randomly dispersed in a box of size
13.05nm. The simulation box contained about 73,000 TIP3P water
molecules which corresponds to a concentration of 15 mM. The simu-
lated time was 180 ns in each case.

2.1.2. MARTINI

The CG simulations were performed with the MARTINI 2.2 force
field [44,45] which is a CG force field for proteins, lipids, and carbo-
hydrates. The MARTINI force field and its modifications have been
previously used to study peptide aggregation [46-53]. A detailed de-
scription of the MARTINI model is given in [44,54]. Periodic boundary
conditions were applied in all directions. Temperature was maintained
at 303K via the Berendsen thermostat. Pressure was maintained at
1 bar via the Berendsen barostat. A cut-off of 1.2nm was used for the
van der Waals interactions.

To assign the secondary structure for MARTINI beads we performed
short OPLS-AA simulations of single peptides in water and determined
the distribution of secondary structures by using the VMD timeline
plugin [55] and the Gromacs do_dssp tool [43]. The most populated
structure for all examined peptides was random coil but various types of
beta-type structures had significant contributions too: 30% for Ala8,
44% for Asn8, and 13% for GNN. The least populated were the helix-
type structures. Our preliminary MARTINI simulations showed that
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Table 1
Summary of MARTINI simulations used to explore the concentration effect on
Ala8, Asn8, and GNN aggregation. Temperature 303 K.

Concentration Number of Approx. Box Simulated time
[mM] monomers number of size [ns] Ala8 Asn8
water beads [nm] GNN
35 72 29,000 15 600 500 300
15 72 64,000 20 800 800 800
72 125,000 25 600 600 500
4 72 227,000 30 1250 1250 1100

Ala8 aggregates for all secondary structures (coild, extended, helix) but
Asn8 and GNN with random coil beads do not aggregate whereas Asn8
and GNN with extended and helix beads do aggregate (cf. Fig. S1 in
Supplementary Information). This implied that either the extended or
helix structure could be assigned to Asn8 and GNN. In order to bring out
and rationalize the sequence dependence of aggregation kinetics it is
convenient to have the same secondary structure type for all MARTINI
beads. Because the aggregation prone helix-type structures were least
populated, we decided to apply the extended type to all MARTINI beads
used in this work. This was justified a posteriori by the consistency of
the MARTINI and OPLS-AA aggregation kinetics.

Three sets of MARTINI simulations were performed to compare
Ala8, Asn8, and GNN aggregation kinetics. The first set was designed to
compare AA and CG simulations. We studied aggregation kinetics of
Ala8, Asn8, and GNN for a small system with N = 20 MARTINI peptides
randomly dispersed in a box of size 13.05 nm containing about 17,200
water beads. This corresponds to a peptide concentration of 15 mM as
in AA simulations. The simulated time was 800 ns and each simulation
was repeated twice.

In the second set of MARTINI simulations (cf. Table 1) we increased
the system size to N = 72 and explored the concentration effect on
aggregation kinetics for Ala8, Asn8, and GNN. Peptides were randomly
placed in boxes of different sizes at concentrations from 4 mM to
35 mM. Each simulation was repeated three times.

In the third set of MARTINI simulations we explored the finite-size
effects on Ala8 aggregation kinetics. The concentration of Ala8 was
kept at ¢ = 15 mM and the simulated time was 800 ns. The number of
Ala8 peptides and the box size varied as shown in Table 2.

2.1.3. Modified MARTINI simulations

The MARTINI model pre-assigns the secondary structure and does
not define H-bonds explicitly. In general, this may lead to different
aggregation kinetics of OPLS-AA petides and the corresponding
MARTINI peptides [47,53]. In our preliminary simulations we found,
for instance, that the OPLS-AA aggregation kinetics of glutamine oc-
tapeptide GIn8 are not well represented by the MARTINI force field,
although MARTINI GIn8 is similar to Asn8.

The fourth set of MARTINI simulations was carried out for GIn8 to
explain the different behavior of MARTINI Asn8 and GIn8. Aggregation

Table 2

Summary of MARTINI simulations used to explore the system-size effect on
Ala8 aggregation. Temperature 303K. Concentration about ¢y, = 15 mM.
Simulated time 800 ns.

Number of Ala8- Approx. number of water Box size  Replicas
monomers beads
[nm]
3 2530 7.00 10
6 5220 8.75 10
9 7760 10.00 10
15 13,820 11.85 10
20 17,230 13.05 10
30 29,870 15.00 10
72 64,000 20.00 3
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of GIn8 was simulated with the original and modified MARTINI para-
meters. In these simulations glutamine was mapped using the original
MARTINI backbone bead (Nda) and a side chain bead (P4) with vari-
able BB-SC interactions, ¢ = 4.0-4.5 kJ/mol. The meaning of the bead
symbols Nda and P4 is given in Table S1 in Supplementary Information.
The initial monomer number was N =72 and concentration
co = 15mM. The simulated time was 600 ns.

2.2. Data analysis

2.2.1. Cluster analysis

We refer to a peptide molecule as a monomer. We refer to an ag-
gregate made up of two or more peptides as a cluster. A peptide belongs
to a cluster when the center of any of its atoms is less than a cut-off
distance of 0.5 nm from the center of an atom of another peptide in that
cluster.

To analyze aggregation we used several descriptors: N, — the
number of free monomers; N, — the number of clusters (dimers, trimers
and higher order aggregates); M — the size of a cluster, i.e. the number
of peptides in the cluster; R, — the radius of gyration of a cluster; b — the
asphericity of a cluster, defined as b = A,” — (A,> + A,%)/2 where A,
Ay, A, are the principal moments of the gyration tensor and the axes are
chosen such that A,”> = A,®> = A,% and C,- the end-to-end correlation
parameter of a cluster defined as [56].

C, = # n.-n)?

g M(M_Dg(l ) o
where the unit vector n; is oriented from the first to the last backbone
atom of peptide i. The correlation parameter C, is normalized in such a
way that for uncorrelated n; vectors the parameter assumes the value 1/
3 whereas for correlated n;-s it tends to 1.

To characterize peptide-peptide encounters we used the collision
acceptance probability (CAP) defined as (Mpind — Munbind)/Mbind, Where
Nping iS the number of monomer binding events and nyuping is the
number of events where a monomer unbinds from a cluster [41].

Due to periodic boundary conditions, a cluster that crosses a
boundary gets split and is represented in the simulation box as two or
more split clusters. To properly calculate cluster descriptors, these split
clusters are merged into a single clusters before a descriptor is calcu-
lated.

2.2.2. Rate equations

In our simulations peptide aggregation is dominated by three types
of molecular events: aggregation of two monomers into a dimer
(smallest cluster), addition of a monomers to clusters, and cluster-
cluster coalescence. In an attempt to quantify aggregation kinetics we
focused on the following kinetic model

de

=m o= oke2 — kyem

dc. 2 2

=< = kel — k

dt 16m = Hate ®3)

where ¢, is the number concentration of free monomers and c. is the
number concentration of all clusters, c. = Zic., ;, where c., ; is the
number concentration of clusters of size i = 2. According to Eq. (2), free
monomers decay by formation of dimers with rate constant k; and by
attachment to the existing clusters with rate constant k,. According to
Eq. (3), clusters are generated by fusion of two monomers with rate
constant k; and decay by binary coalescence with rate constant k3. Note
that Eq. (3) has no term of form c,c. as the addition of monomers to
clusters does not change the overall number of clusters, although it
increases the overall cluster mass. Egs. (2) and (3) were fitted globally
to kinetic data for different initial monomer concentrations cy and the
rate constants kq, ko, and ks were estimated by the least-squares fitting.
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Fig. 1. Average number of free monomers Ny, (top panels), the average number
of clusters N. (mid panels), and average size of the largest cluster M (bottom
panels) as a function of time for Ala8, Asn8, and GNN: MARTINI (left panels) vs
OPLS-AA (right panels) simulations at N = 20 and ¢y = 15 mM. Note the dif-
ferent time scales.

3. Results
3.1. OPLS-AA vs MARTINI aggregation

3.1.1. Aggregation kinetics

In order to compare AA and CG kinetics we performed OPLS-AA and
MARTINI simulations for N = 20 randomly dispersed peptides at the
initial concentration ¢y = 15mM. Fig. 1 shows the average number of
free monomers Ny, (top panels), the average number of clusters N; (mid
panels), and the average size of the largest cluster M (bottom panels) as
a function of time for Ala8, Asn8, and GNN. The MARTINI (left panels)
and OPLS-AA (right panels) kinetics are quite similar. The number of
free monomers drops from the initial value to a low value corre-
sponding the saturation concentration. The number of clusters reaches
a maximum and than drops to one or two clusters. The size of the
largest cluster grows monotonously and reaches a values close to a
maximum (20). At the end of simulation one gets one or few clusters
depending on the trajectory repeat.

Interestingly, the aggregation half-times ¢, » of the average kinetics
for AA and CG simulations are comparable: Ala8: t; ,» = 3.6 ns (AA) and
3.8ns (CG), Asn8: t;,» =2.5ns (AA) and 6.6ns (CG), GNN: t;,
2 = 4.5ns (AA) and 4.0 ns (CG). For comparison, the aggregation times
t3,4 to reach one quarter of the initial number of free monomers are:
Ala8: t3,4 = 13.9ns (AA) and 9.8 ns (CG), Asn8: t3,4 = 10.7 ns (AA) and
15.3ns (CG), GNN: t3,4 = 13.4ns (AA) and 16.5ns (CG). The reported
times refer to the actual simulation times for the AA and CG simula-
tions, which entails that we do not observe a large speed up factor due
to the smoothness of the CG potential [57].

The times t,.x when the average number of clusters reaches a
maximum for the AA and CG simulations are also comparable: Ala8:
tmax = 13.8ns (AA) and 12.1ns (CG), Asn8: tnhax = 8.2ns (AA) and
9.91ns (CG), GNN: thax = 12.9ns (AA) and 13.5ns (CG).

Another way to characterize the OPLS-AA and MARTINI aggrega-
tion kinetics is to compare the collision acceptance probabilities (CAP)
[41]. As seen in Table 3, CAPs are similar except for MARTINI Ala8,
where it is much smaller, CAP(Ala8, MARTINI) = 0.06. Note, however,
that np;ng and nypping for MARTINI Ala8 are much higher than those for
Asn8 and GNN.

3.1.2. Cluster shapes and structures

Fig. 2 shows the radius of gyration R of the Ala8 largest cluster as a
function of time (solid lines) for MARTINI (top panel) and OPLS-AA
(bottom panel) simulations for N = 20 and ¢, = 15mM. The R, time
series are scaled by their maximum values along the trajectories.
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Table 3

Comparison of the average collision acceptance probability (CAP) for the OPLS-
AA an MARTINI force fields for N = 20 estimated from the initial 180 ns tra-
jectory segments.

Peptide OPLS-AA MARTINI

Tlpind Tunbind CAP Tlpind Tunbind CAP
Ala8 173 155 0.13 449 430 0.06
Asn8 52 36 0.31 83 64 0.23
GNN 76 60 0.22 80.5 62.5 0.26

OPLS-AA 1

0 60 . 120 180
Time [ns]

Fig. 2. Aggregation of Ala8 for N = 20 and ¢, = 15 mM. Top panel: time evo-
lution of the radius of gyration R, of the largest cluster scaled by its maximum
value (solid line) and the size of the largest cluster M scaled by its maximum
value (dotted line) for MARTINI simulations. Bottom panel: Same for OPLS-AA
simulations. Note the different time scales.

In the course of aggregation, R, increases to reach a steady value.
The noise on the R, time series has two origins. The low amplitude noise
is related to the internal structure fluctuations when the cluster size
stays constant. The jumps are related to cluster-cluster coalescence.
This is clearly seen by comparing R, with the size M of the largest
cluster (dotted lines). Note that the M time series were also scaled by
their maximum values. We found a similar behavior for Asn8 and GNN
(cf. Fig. S2 in Supplementary Information).

Fig. 3 shows the asphericity (b — solid line) of the largest GNN
cluster from CG (top panel) and AA (bottom panel) simulations at
N = 20 and c¢o = 15 mM. For reference the size of the largest clusters M
scaled by its maximum value is added (dotted line). The asphericity

1 — \
MARTINI

-b

E, 0 250 500
< ] T T reepelessessdicesseel 0
OPLS-AA ""*
0,5
0

120 180
Time [ns]

Fig. 3. Asphericity (b - solid line) of the GNN largest cluster and the size of the
largest cluster M scaled by its maximum value (dotted line) from MARTINI (top
panel) and OPLS-AA (bottom panel) simulations for N = 20 and ¢y = 15 mM.
Note the different time scales.
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MARTINI GNN OPLS-AA GNN MARTINI GNN

OPLS-AA GNN

~70ns ~ 104 ns ~ 180 ns ~ 180 ns

Fig. 4. Snapshots from GNN MARTINI and OPLS-AA simulations at ¢, = 15 mM
and Ny = 20. The two snapshots on the left are taken when the largest clusters
are formed. The two snapshots on the right are taken at 180 ns. The clusters
formed by coalescence of two clusters (clusters on the left) have initially ex-
tended shapes that evolve into spherical shapes (clusters on the right). The
rearrangement is faster for the MARTINI force field.

decreases for the CG MARTINI force field, showing large fluctuations,
whereas for the AA OPLS-AA force field the asphericity decreases in-
itially but reaches a steady value when the largest size is reached. We
found a similar behavior for Ala8 and Asn8 (cf. Fig. S3 in Supplemen-
tary Information). This is consistent with visual inspection of the largest
AA and CG clusters (cf. Fig. 4). The clusters formed by coalescence of
two clusters (clusters on the left in Fig. 4) have initially extended shapes
that show a tendency to evolve into spherical shapes (clusters on the
right). The rearrangement is faster for the MARTINI force field. Note
that the OPLS-AA largest cluster begins to split at 180 ns. We found a
similar behavior for Ala8 and Asn8 (cf. Fig. S4 and S5 in Supplementary
Information).

In this work we have used the end-to-end correlation parameter C,
to explore the internal structures of AA and CG aggregates. We found
that OPLS-AA and MARINI clusters have disordered structures,
C, = 0.3, except for the MARTINI Ala8 clusters which are ordered,
Cp=1..

Fig. 5 shows the C,, time series for coarse-grained simulations of the
MARTINI force field (top panels) and the OPLS-AA force field (botom
pannels) for Ala8 (left panels) and GNN (right panels). The solid-lines
show C,, of the largest cluster. For comparison the dotted lines represent
the size M of the largest cluster normalized to its maximum value. For
completeness, the C, time series for Asn8 is presented in Fig. S6 in

Y 1 *
—-C
n
] ey
0,5 1l
Martini Martini
Alag8 GNN
;: 1O 300 0 300
D ! '0‘000000000000 L
0.5 flial g
W OPLS-AA OPLS-AA
b A N
0 70 140 0 70 140

Time [ns]

Fig. 5. End-to-end correlation parameter C, for MARTINI (top panels) and
OPLS-AA (bottom panels) simulations of Ala8 (left panels) and GNN (right
panels) for N = 20 and ¢y = 15 mM. Solid-lines: C, of the largest cluster. Dotted
lines: the size M of the largest cluster normalized to its maximum value. Note
the different time scales.
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Fig. 6. Time evolution of the average concentration of monomers ¢, and the
average concentration of clusters ¢, for MARTINI GNN at various initial
monomer concentrations co (circles) together with the global fit to rate Egs. (2)
and (3) (solid lines).

Supplementary information. Only MARTINI Ala8 clusters show parallel
alignment of peptides (cf. Fig. S3 in Supplementary Information). When
two clusters aggregate they may not be aligned properly, which is seen
as a drop of C,. However, such aggregate rearranges quickly into an
ordered structure.

3.2. MARTINI aggregation kinetics

In order to explore peptide aggregation kinetics for larger and
longer times we performed Martini simulations with N = 72 peptides at
various initial monomer concentrations co.

Fig. 6 shows the time evolution of the average concentration of
monomers Gy, and the average concentration of clusters ¢, for MARTINI
GNN at various initial monomer concentrations c, (circles) together
with the global fit to rate Egs. (2) and (3) (solid lines). Similar fits were
performed for Ala8 and Asn8 (cf. Fig. S7 and S8 in Supplementary In-
formation). The fitted rate constants are listed in Table 4.

The fits for GNN and Asn8 were quite good but the fit for Ala8 was
poorer at low concentrations. This may have two origins. The first is the
statistical noise of the simulated kinetics curves for ¢, and c.. The
second is an approximate character of rate Egs. (2) and (3). The global
fits to the time trajectories of c,, and c. suggest that there is no sig-
nificant change of the kinetic mechanism in the studied concentration
range.

We found that both the monomer and cluster kinetics scale with the
initial concentration c,. Fig. 7 illustrates the concentration dependence
of the aggregation kinetics for the MARTINI simulations. The ag-
gregation half time t,,, was determined for the average monomer N,,
decay. The top panel in Fig. 7 shows the scaling of the monomer ki-
netics: there is a linear correlation between the logarithm of the ag-
gregation half-time, t;,» and the logarithm of the initial monomer
concentration co. The slope v;,» is —1.61 for Ala8, —0.98 for Asn8, and
—1.14 for GNN.

The bottom panel in Fig. 7 shows the scaling for the average cluster
kinetics: the logarithm of the time t;,,x when the average number of

Table 4
The global fits of rate Egs. (2) and (3) to the averaged simulated ¢, and ¢, time
series together with the estimated standard deviations (in parenthesis).

Rate constant Ala8 Asn8 GNN

[mMns?]

ky 0.0059 (0.0004) 0.0048 (0.0009) 0.0056 (0.0005)
ko 0.0051 (0.0006) 0.0088 (0.0040) 0.0066 (0.0016)
k3 0.0116 (0.0012) 0.0032 (0.0011) 0.0046 (0.0004)
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Fig. 7. Concentration dependence of the average aggregation kinetics for
coarse-grained simulation for Ala8, Asn8 and GNN at N = 72. Top pannel:
Logarithm of the aggregation half-time, t;,» vs the logarithm of the initial
monomer concentration, co. Bottom panel: Logarithm of the time t,,, when the
number of clusters reaches a maximum vs the logarithm of the initial monomer
concentration co. The error bars indicate the sample standard deviation.

clusters reaches a maximum vs the logarithm of the initial monomer
concentration co. The slope y,.x of the linear correlation between
logtmax and logcy is —1.49 for Ala8, —1.15 for Asn8, and —1.36 for
GNN.

3.3. Finite-size effects

In order to explore the dependence of aggregation on the system
size, simulations of MARTINI Ala8 were performed for different num-
bers of peptides at a constant initial concentration ¢, = 15 mM. Fig. 8
shows the average number of free monomers (N, — top panel) and the
average largest cluster size (M - bottom panel) scaled by the initial
number of monomers N. The scaled N, is similar for all system sizes.
However, the scaled M time series show that the largest cluster growth
is slower for larger systems. For larger systems (N = 30 and 72) the
dominant mechanism of growth at longer times is cluster-cluster coa-
lescence seen us jumps on the M time series.

3.4. Modified MARTINI simulations

Fig. 9 shows the number of free GIn8 monomers N, as a function of
time for coarse-grained (top panel) vs all-atom (bottom panel). In AA

L L | L
0 200 400 600
Time [ns]
Fig. 8. Finite-size effects for coarse-grained simulations of Ala8 at 15 mM. The
average number of free monomers Ny, (top panel) and the average largest
cluster size M (bottom panel) scaled by the initial number of monomers N as
indicated in the inset.
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Fig. 9. The number of free monomers N,, as a function of time for GIn8:
MARTINI (top panel) vs OPLS-AA (bottom panel) simulations for N = 20 and
co = 15 mM. Note the different time scales.

simulations Ny, drops to almost zero, whereas in CG simulations N,
decreases to about one-half of the initial value. Moreover, a single
cluster is formed in AA simulations whereas CG simulations produced
several cluster undergoing fusion and fission.

Fig. 10 shows the number of free monomers N, as a function of time
for modified MARTINI GIn8 with different interaction strengths be-
tween BB-SC beads. The aggregation propensity increases for larger e.
This points to the crucial effect of the BB-SC interactions in aggregation
of MARTINI polyglutamine.

4. Discussion
4.1. OPLS-AA vs MARTINI aggregation

The aggregation propensity of MARTINI peptides correlate with the
interaction strength between MARTINI backbone (BB), side-chain (SC)
and water (W) beads [54]. MARTINI Ala8 is a homopeptide with BB
(Nda) beads (cf. Tables S1 and S2 in Supplementary Information).
MARTINI Ala8 shows the highest propensity for aggregation despite the
low interaction strength between two BB chains. Moreover MARTINI
Ala8 forms ordered clusters, but Ala8 and GNN form only amorphous
clusters. The ordered structure of Ala8 clusters is caused by the lack of
side chains in the MARTINI alanine. Alanine backbone beads have a
‘hydrophobic’ character. The interactions between water and alanine
beads and between two alanine beads belonging to different molecules
have the same strength (¢ = 3.5kJ/mol) and are weaker than water-
water interaction (e = 5kJ/mol). With this in mind, we suggest that

60

Rt
i —
|

600

Time [ns]

Fig. 10. MARTINI simulations of GIn8 at N = 72 and ¢, = 15 mM. The number
of free monomers Ny, as a function of time for different interaction strengths e
[kJ/mol] as indicated.
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alanine aggregation is caused by the tendency to reduce the number of
water-alanine contacts, which results is the aggregate shape with lim-
ited solvent-peptide surface.

MARTINI Asn8 is a homopeptide with BB(Nda), SC(P5) beads. The
side chain-side chain (SC-SC) and side chain-water interactions (SC-W)
are the same (e = 5.6 kJ/mol), but the interactions between side chains
and backbone (SC-BB, ¢ = 5.0 kJ/mol) are stronger than between the
backbone and water (BB-W, € = 4.0 kJ/mol). The strong SC-BB inter-
actions induce aggregation.

MARTINI GNN is a heteropetide with Nda, P5, P4, SC4 and SP1
beads. To understand GNN aggregation propensity one can represent
the GNN-GNN and GNN-water interactions as an average over the GNN
sequence. The average was calculated as the sum of individual inter-
actions strengths between all (146) pairs of beads on two chains divided
by the number of pairs. The average GNN-GNN and GNN-water inter-
actions are the same ¢ = 4.3kJ/mol. We suggest that there are two
reasons why GNN aggregation occurs. First, a slight ‘hydrophobic’ effect
caused by water-water interactions (e = 5.0 kJ/mol) that are stronger
then average GNN-water interactions. The second reason is the amino-
acids sequence. Chains assume such positions in a cluster that reduce
the number of unfavorable interactions and thus decrease the potential
energy.

4.2. MARTINI aggregation kinetics

The MARTINI model and its modification has been often used to
study aggregation of peptides [46,47,49-51,53]. It was found that the
aggregation kinetics and the aggregate morphology depend strongly on
the peptide sequence.

Interestingly, we found no such strong dependence in our OPLS-AA
and MARTINI simulations. The initial aggregation kinetics are similar
for OPLS-AA and MARTINI Ala8, Asn8, GNN. The ordered MARTINI
Ala8 aggregates are different from the amorphous Asn8 and GNN ag-
gregates. Note, however, that in our OPLS-AA simulations Ala8, Asn8,
and GNN form similar disordered aggregates. A different behavior of
MARTINI Ala8 may be caused by the lack of side-chain beads.

Also the CAP shows a different behavior of MARTINI Ala8. In ref.
[41], a low value of CAP correlates with a lower propensity for ag-
gregation. This is not the case for MARTINI Ala8. The low collision
efficiency is compensated by a high number of collision events (cf.
Table 3). Visual inspection of trajectories suggests that high values of
Nping and Nynping May be related to internal re-organization motions of
MARTINI Ala8 clusters. This is consistent with the ordered structure of
MARTINI Ala8 aggregates.

In our simulations GNN forms disorderd clusters. The question
arises whether longer simulation of MARTINI GNN lead to ordered. We
have extended MARTINI GNN simulations to 2.6 us and not found any
ordered or fibril-like structures.

We found in our MARTINI simulations that the characteristic times
t12 and tn.x change regularly with the initial concentration co. This
prompted us to search for a kinetic model of aggregation [58]. The
proposed model (2) and (3) describes well the kinetics of c,, and c. for
different initial concentrations c,, which suggest the same mechanism
for all concentrations studied. However, our kinetic model does not fit
the Ala8 data as well as the Asn8 and GNN data, but this may be an
artifact due to the simplifications of the MARTINI force field.

4.3. Finite-size effects

The finite-size effects on peptide aggregation kinetics have been
noted by several authors [36,59,60]. The focus of those studies was
mainly on equilibrium properties. Here we explored the finite-size ef-
fect for the kinetics of MARTINI Ala8 and found that the monomer
kinetics are similar for different system-sizes but the cluster kinetics are
different (cf. Fig. 8). For small systems (N = 6 and 20) the time series of
the largest cluster size M shows growth by monomer addition. For
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larger systems, the dominant path is the cluster-cluster coalescence. We
hypothesize that the turnover system size is about 30 peptides.

4.4. Modified MARTINI simulations

Glutamine repeats are known from experiment to aggregate effec-
tively [23]. This is consistent with our OPLS-AA simulations but not
with our MARTINI simulations (cf. Fig. 9). Molecular structures of Asn8
and GIn8 are similar, however, they behave differently in MARTINI
simulations. The difference between OPLS-AA and CG MARTINI simu-
lation for GIn8 correlate with the parameters of MARTINI GIn8 beads.
MARTINI GIn8 is a homopeptide with BB(Nda), SC(P4) beads. The side
chain-side chain (SC-SC) and side chain-water interactions (SC-W) are
the same (e = 5.0 kJ/mol). Moreover, the side chain-backbone inter-
actions for different molecules are the same as the water-backbone
interactions (¢ = 4.0 kJ/mol). Only the BB-BB interactions contribute to
aggregation propensity, because backbone beads interact more strongly
with each other (¢ = 4.5kJ/mol) than with water (or with side chains).
Therefore, aggregation of MARTINI polyglutamine is only slightly en-
ergetically preferred: aggregates are slightly more stable than mono-
mers surrounded by water. In the case of asparigine, the side chain-side
chain and side chain-water interactions are also the same, but the in-
teractions between side chains and backbone are stronger than between
water and backbone and, therefore, induce aggregation.

For MARTINI GIn8 aggregation the SC-BB interactions provide the
most important contribution to aggregation propensity. To prove this
conjecture, we performed a set of simulations with modified SC-BB
interaction parameters. An increase of the MARTINI SC-BB attraction
leads to enhanced aggregation propensity, modified MARTINI simula-
tions approach all-atom kinetics (cf. Fig. 10). Our modified MARTINI
simulations suggest that the MARTINI parameters need to be modified
in specific situations, e.g. to reproduce aggregation accurately.

5. Summary and conclusions

In this paper we have examined aggregation kinetics of three short
peptides: Ala8, Asn8, and GNN. Those peptides have different struc-
tures: Ala8 and Asn8 are homopetides with different side-chains and
GNN is a heteropeptide. We have been interested in how the different
structures affect early stages of aggregation. To overcome the system-
size and simulation-time limitations of molecular dynamics we have
focused on the CG MARTINI force field.

First, we validated the MARTINI force field by comparing CG si-
mulations with the OPLS-AA aggregation kinetics for small systems
with N = 20 peptides. The aggregation kinetics generated by the OPLS-
AA and MARTINI force fields are consistent for Ala8, Asn8, and GNN
(cf. Fig. 1). The OPLS-AA clusters are disordered and so are the MAR-
TINI Asn8 and GNN clusters. However, MARTINI Ala8 forms ordered
clusters (cf. Fig. 5), which we explain by the lack of side-beads for
MARTINI Ala8. For the MARTINI force field we rationalized qualita-
tively the aggregation propensities and cluster morphologies of Ala8,
Asn8, GNN by an analysis of the backbone-backbone and backbone-
sidechain interactions.

We concluded that the MARTINI force field reproduces essential
aspects of the AA aggregation kinetics for Ala8, Asn8, and GNN.
However, this may not hold for other sequences, as demonstrated by the
GIn8 aggregation kinetics (cf. Fig. 9).

Second, we used the MARTINI force field to study early stages of
aggregation kinetics for a larger system with N = 72 peptides. In the
initial stage small clusters are created that grow by monomer addition.
Those small cluster coalesce to form larger clusters. In the second stage,
when the free monomers are depleted, the dominant cluster growth
path is cluster-cluster coalescence. Accordingly, we have proposed rate
Egs. (2) and (3) that describe the time evolution of the monomer con-
centration ¢, and the overall cluster concentration c.. Rate Egs. (2) and
(3) globally fit quite well the simulations for different initial
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concentrations (cf. Fig. 6).

Third, the peptide aggregation kinetics are system-size dependent,
which can be seen for instance on the largest cluster time coarse (cf.
Fig. 8). For small systems (N = 6 and 20) we can see the simultaneous
cluster creation and growth by monomer addition but we do not see a
second stage where, for larger systems, the dominant path would be
cluster-cluster coalescence. We found that the time evolution of the
largest cluster size is strongly system-size dependent. This raises the
question to what extent aggregation pathways in small system (say
fewer than 30 peptides) are informative about aggregation in larger
systems.

This study shows that the initial aggregation kinetics are similar for
Ala8, Asn8, and GNN although the molecular details can be different,
especially for MARTINI Ala8. With the exception of MARTINI Ala8,
amorphous aggregations are formed. We hypothesize that peptide ag-
gregation proceeds in two steps. In the first step (explored in this work)
disordered clusters are formed which, in the second step (not studied
here), reorganize to form ordered structures. We conclude that the se-
quence-specific differences show up in the second step.

The two-step mechanism may be connected with a high con-
centration of monomers (mM range) used in this work. For example,
when two peptides come together they have little time to reorganize
before a third one comes along. However, aggregation experiments are
carried out in the uM range where intermolecular distances are larger
and cluster may have time to rearrange. If so a one-step mechanism
emerges.

It is also fair to note that the conclusions of our work depend on the
force fields applied. Both OPLS-AA and MARTINI may fail to describe
aggregation accurately [39-42]. Although, OPLS-AA and MARTINI
predict different molecular details for Ala8, Asn8 and GNN aggregation,
both force fields predict consistent aggregation kinetics for systems of
size N = 20. This leads us to believe that our simulations capture the
essential features of Ala8, Asn8, and GNN aggregation.
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