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ABSTRACT: We suggest a coarse-grained model for DPD simulations of
polypeptides in solutions. The model mimics hydrogen bonding that stabilizes
α-helical and β-structures using dissociable Morse bonds between quasiparticles
representing the peptide groups amenable to hydrogen bonding. We
demonstrate the capabilities of the model by simulating transitions between
coil-like, globular, α-helical, and β-hairpin conﬁgurations of model peptides,
varying Morse potential parameters, the hydrophobicities of residue side chains,
and pH, which determines the charges of residue side chains. We construct a
model triblock polypeptide mimicking the sequence of residues α-synuclein at
two diﬀerent pHs. The conformations of this model polypeptide depend on pH
similarly to the behavior observed experimentally. The suggested approach to
accounting for hydrogen bond formation within the general DPD framework may make the DPD method a competitive
alternative to CGMD for modeling equilibrium and dynamic properties of proteins and polypeptides, especially during their
transport in conﬁned environments.
SECTION: Biophysical Chemistry and Biomolecules

T

to model membrane proteins.1,6 The main problem in the
current approaches to coarse-grained modeling of proteins and
polypeptides in solutions is a lack of established methods to
simulate hydrogen bonding between the skeletal peptide
groups, which play one of the main roles in secondary structure
formation15 and whose eﬀect is often mimicked by forces of
very diﬀerent nature. Simpliﬁed or minimalistic models of
proteins within the framework of CGMD have been suggested
to treat long time scale phenomena. Nguyen and Hall8 used
discontinuous MD simulation and an intermediate-resolution
model (PRIME) to mimic amyloid ﬁbril formation by
polyalanine peptides. Marchut and Hall4,5 extended PRIME
to treat aggregation of polyglutamine (pGLN), a disordered
protein prone to ﬁbrillar aggregation. A minimalistic MD model
of pGLN was also suggested by Digambaranath et al.16 Wang
and Voth10 used a multiscale coarse-graining method to
construct solvent-free coarse-grained models for pGLN
peptides having various repeat lengths.
CGMD modeling of folded proteins in solutions often
involves geometry enforcement using nondissociable bonds.
For example, in their DPD modeling of membrane proteins, de
Meyer et al. and Morozova et al.7,17 represented proteins as soft
bodies composed of hydrophilic and hydrophobic beads
connected by bonds in a special way to achieve the desired
speciﬁc arrangement of hydrophilic and hydrophobic segments.

remendous progress has been made in molecular
simulations of biopolymers (e.g., refs 1−12), yet the
wide range of length scales and time scales relevant to living
systems continues to pose signiﬁcant challenges to such
simulations. The crowded and conﬁned environment of cells
requires that biopolymers undergo large conformational
transformations during function and transport. The fundamental challenge is to account for a complex interplay of properties
across many characteristic length and time scales (1 nm−1 μm,
1 ns−10 ms) while obtaining reliable statistics for these
stochastic processes. Relevant macromolecular properties
include monomer size, persistence length, gyration radius,
length of secondary structures, chain length, and the nature of
environmental conditions including conﬁnement. Among the
most challenging biomolecules are polypeptides and proteins,
for their size and structural diversity. When conditions and/or
the sequence result in signiﬁcant disorder in the polypeptide,
structures can ﬂuctuate between folded, unfolded, globular,
coil-like, α-helical, β-hairpin, and others in varying combinations depending on the hydrophilic/hydrophobic, electrostatic,
and other interactions involving backbone and side-chain
functional groups. The time scales of these structural changes
can be very long compared to the capabilities of traditional
molecular dynamics (MD). These challenges can be met by
coarse-grained representation of biomolecules.
The most widely used and currently most powerful method
for biomolecule simulation at long length and time scales is
coarse-grained molecular dynamics (CGMD).1,3−6,8,10,13,14
CGMD methods with hard-core particles were recently applied
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Similarly, the torsion potential can be used to enforce an αhelical structure of the protein.6,18 Enforcing a desired
secondary structure is appropriate for static structures with
small excursions from known folded geometries. Such an
approach breaks down for phenomena involving protein
transport and restructuring such as unfolding during protein
translocation through nanopores19 or disordered ensembles of
structures. It is desirable to enable modeling of secondary
structure formation and destruction under variable environmental conditions that is compatible with eﬃcient modeling of
protein transport. Such large-scale structural changes suggest
the need for replacing harmonic bonds with dissociating bonds.
Existing CGMD studies focus primarily on static and short
time properties of the biomolecules reproducing atomic-level
structure and thermodynamic variables while modeling smallscale ﬂuctuations from a known geometry. Modeling cellular
and other long time scale phenomena requires a proper
treatment of transport properties, adding the requirement that
hydrodynamic behavior and the eﬀects of dissipation and
thermal ﬂuctuations be accurately included. By its nature,
CGMD has diﬃculty reproducing hydrodynamic behavior as
the coarse-graining removes the degrees of freedom that are
responsible for dissipation.
By contrast, dissipative particle dynamics (DPD) explicitly
accounts for drag and random forces between soft and
permeable coarse-grained particles and explicit solvent.20
DPD can provide an accurate bridge from the atomic scale to
the hydrodynamic scale, which is vital for reproducing transport
of biopolymers in crowded and/or conﬁned environments.
DPD has been actively employed in modeling polymers and
various self-assembled systems including lipid membranes,12,21,22 but application of explicit solvent DPD to
peptides has thus far been limited to simplistic models of
membrane proteins.23,24 Implicit solvent Brownian dynamics
(BD) simulations of helical peptide dynamics have also been
attempted.18 For soft particle approaches as DPD and BD,
accounting for charge distribution also poses a problem, and
direct inclusion of electrostatic forces in DPD simulations of
biosystems is rare.9 The distribution of charges is particularly
relevant for modeling movement of nanoconﬁned polypeptides
in the presence of strong electric ﬁelds.19
In this Letter, we introduce a novel approach to eﬃcient
modeling of polypeptide and protein secondary structures and
their transitions by means of DPD that lays the groundwork for
future development of comprehensive computational tools for
studies of cellular and biotechnological phenomena across new
length and time scales. The novelty of the proposed model is
the approach employed to account for the eﬀect of formation
and dissociation of H-bonds in DPD simulations, thus enabling
better modeling of secondary structural changes while
preserving proper hydrodynamics. We demonstrate the
feasibility of the approach, ﬁrst by modeling the formation
and stability of α-helices and β-hairpins in diﬀerent model chain
proteins by varying the degree of hydrophobicity and charge
distribution. Second, we consider a model polypeptide
composed of hydrophilic and hydrophobic blocks that mimic
the main structural features of α-synuclein (αSyn), a protein
with an intrinsically disordered monomeric state that has been
implicated in Parkinson’s disease (PD).25
For DPD simulations, the peptide was modeled as a
sequence of soft quasiparticles (“beads”), connected by
harmonic and Morse bonds; water solvent was composed of
single beads. One amino acid residue is represented by a

skeleton bead plus one or two side-chain beads, where needed.
This scheme is natural and was previously employed in coarsegrained simulations of peptides.10 The skeleton bead eﬀectively
represents one glycine residue in the peptide chain. The
eﬀective volume of glycine in proteins is 60 Å,3,26 which
conveniently equals twice the eﬀective volume of a water
molecule as calculated from the liquid density. Accordingly, the
bead size was set to Rc = 5.64 Å. Water “W’ beads each
represent two water molecules. Interpolation of the experimental water compressibility onto the correlation between
simulated compressibility of our coarse-grained model yielded
aWW = 50 kT/Rc2; see Figure S1 in the Supporting Information.
This parameter was applied to repulsive interactions between
the beads of the same type, aii. S beads are mildly hydrophobic,
which is accounted for by setting the mismatch parameter to
aSW = 55kT/Rc2. The residue side chains are modeled with
hydrophobic (T) and hydrophilic (H) beads with the mismatch
parameters aTW = 63kT/Rc2, aHW = 50kT/Rc2, and aHS = aTS =
aHT = 58kT/Rc2. A general description of the DPD method and
simulation details are given in the Supported Information.
The secondary structure of proteins is largely determined by
>N−H···OC< hydrogen bonds between the skeletal groups
as well as by the chain stiﬀness due to the limited torsion
angles. A coarse-grained model is unable to treat the formation
and breakup of the individual H-bonds; however, it can mimic
their eﬀect by allowing skeletal particles to form dissociable
bonds. The dissociable bond is described by a Morse
potential,27 which is has been applied in atomistic MD
simulations, for example, in aqueous solution modeling.28,29
The Morse potential EM(r) = KM[1 − exp(α (r − re)2] at r < rM
has four parameters that control the behavior of the eﬀective Hbond; these are the energy well deepness KM and width α,
equilibrium distance re, and a cutoﬀ distance rM, EM(r) = 0 at r
> rM to improve computational performance for broken Hbonds. As we show below, the Morse potential can be tuned to
mimic the eﬀects of hydrogen bonding in proteins because it
allows bond formation/dissociation and has a limited range. Its
function is similar to that of the square-well potential used in
the PRIME CGMD model to represent hydrogen bonding.30
We assert that a dissociable potential provides signiﬁcant
advantages over the methods previously attempted in the
literature. The H-bonds to the solvent are not taken into
account explicitly in the proposed model, but the Morse
potential is interpreted as representing the net eﬀect of
exchanging a backbone−solvent for backbone−backbone
interaction. The chain stiﬀness is accounted for by introducing
additional potentials between non-neighboring bonds, as
described below.
Helical structures in proteins are stabilized by “vertical” >N−
H···OC< hydrogen bonds connecting nonadjacent residues.
One helical turn includes approximately four residues (we do
not attempt to enforce the helical wheel of 3.6 residues per
turn.31). To model helical structures, we introduced two sets of
Morse bonds, 1−3 Morse bonds between S beads separated by
two harmonic bonds and 1−5 bonds between S beads. The 1−
5 Morse bonds account for the formation of an intrachain
hydrogen bond along the helical axis while taking into account
the steric limits of the polypeptide chain. The 1−3 Morse
bonds eﬀectively reduce the angles accessible between adjacent
residues, reducing the torsional freedom such that the backbone
will properly attain the helical conﬁguration but will not remain
ﬁxed while in coil or globular conﬁgurations. The equilibrium
distance re was set to re = 0.9Rc for 1−3 Morse bonds (to obtain
3082
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Figure 1. Top: Snapshots of diﬀerent types conﬁgurations obtained in coarse-grained simulations of model peptides; the chain length is 60 model
residues; (a) coil-like conﬁguration and (b) α-helical structure, both formed by the A model of the primitive peptide chain composed of skeletal
beads; (c) a globular disordered conﬁguration with considerable α-helical content in the E model peptide; hydrophobic beads are shown in red.
Bottom: (d) The number of established helix-forming bonds per chain in diﬀerent model peptides A−E depending on the depth of the Morse
potential; (e) the distributions of the lengths of helical fragments for B and E model peptides. The lack of long-range ordering of the polypeptide
into helices is consistent with a molten globule containing no persistent secondary structure. Arrows show the conditions, which correspond to the
snapshots shown on the top.

the correct angle) and re = 0.6Rc for 1−5 Morse bonds, in order
to obtain an estimated “vertical step” of the helix. The width of
the Morse potentials was set to α = 8, and the cutoﬀ was set to
rM = 2.5Rc. The potential depth K1−3 was set to 12kT. The
Morse potential depth, K1−5, was varied from 0 to 12kT. The
sequence and condition determinants of helix formation are
determined by K1−5.
We characterized the tendency for helix formation by the
counting the number of helix-forming 1−5 contacts and by
determining the distributions of the lengths of continuous
helical fragments. Beads separated by four bonds are considered
to be in helical contact when the distance between them is
below 0.85Rc, which approximately corresponds to the distance
between the carbon and nitrogen of the >CO···H−N<
construction and is slightly less than the α-helix vertical step of
5.4 Ǻ . If such a situation is found, we assume that the chain
made the full turn and the helix length is set to zero. If the next
S bead also stays in contact with its counterpart, the helix
length is increased by 0.25 to make 1 for one full turn and so
on. As we continue the forward motion along the chain of S
beads, the continuous coil breaks as soon as we ﬁnd a bead j
that is separated from the j − 4 bead by a distance exceeding

0.85Rc. As such, the helix composed of m full turns is
characterized by the length equal m − 1.
The coil to helix transformation was studied with ﬁve
characteristic model peptide chains with diﬀerent compositions
of uncharged hydrophobic and hydrophilic beads. Model A is
the primitive homopolymer consisting only of S beads without
side chains. In model B, hydrophilic side chains modeled as H
beads are attached to all skeletal S beads. In model C, onequarter of the H beads are randomly replaced by hydrophobic
T beads; in model D, their share increases to one-half, and in
model E, all skeletal S beads have T beads attached. Note that
with these model chains, we do not attempt to reproduce real
proteins, and as such, model A should not be regarded as a
polyglycine chain. Rather, we explore how the model
parameters are to be changed to reproduce diﬀerent characteristic chain conformations.
Figure 1a,b shows the snapshots of typical conﬁgurations in
model A composed of 60 S beads at two diﬀerent depths of the
Morse potential, K1−5 = 1kT and 9kT. As the helix-forming
potential becomes stronger, consistent helical structures emerge
from the coil-like conﬁguration. The formation of the helix is
countered by increasing hydrophobic interactions that even3083
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tually favor a globular structure, as shown in Figure1c with a
snapshot of the most hydrophobic model E at the same
strength of the helix-forming potential as model A in Figure 1b
that forms an ideal helix.
Quantiﬁcation of the simulated conﬁgurations for the ﬁve
model peptides is given in Figure 1d,e. The dependence as a
function of the Morse potential strength (Figure 1d) illustrates
how the number of H-bond-forming contacts increases and a
helical structure emerges from a coil as the Morse constant
increases. The distribution of helical fragment lengths illustrates
the quality of helix formation. Apparently, the transition from
coil-like to helical structures is easy to obtain. The question is
whether the model is able to qualitatively reproduce the
inﬂuence of the peptide composition on the tendency to form
helixes. For example, an excess of strongly hydrophobic side
chains is known to disrupt the helical structures, rather favoring
randomly collapsed conﬁgurations.32 It appears that hydrophilic
beads have little eﬀect on the system as all model peptides
transit into helices at the same Morse potential depth. Only in
the most hydrophobic system E do hydrophobic interactions
overpower the Morse bonds, and the helical structures are
disrupted by strongly hydrophobic side chains, which is
quantiﬁed by helix fragment length distributions (Figure 1e).
Secondary structures in proteins, like β-strands, β-hairpins,
and β-sheets, are caused by possible formation of long-lived and
highly correlated hydrogen bonds, which make the chains fold
into these speciﬁc conformations. In this work, we restrict
ourselves to modeling single chains in solutions and focus on
the formation of hairpin-like conﬁgurations. To study βstructure formation, we introduced torsional rigidity of the S
bead skeleton by connecting the beads separated by two bonds
by 1−3 harmonic bonds of 1.2Rc with Kb = 160kT/Rc2, so that
β-strand conformations would correspond to the energy
minimum in the absence of all other forces. Beads separated
by three or more harmonic bonds were allowed to form Morse
bonds with each other with the same width a = 8, length re =
0.6Rc, RM = 2.5Rc, and varying depth KM.
Figure 2 shows the dependence of the average number of Hbond-forming contacts on the potential depth KM in a model
peptide composed of S beads only. At lower potential depth,
interstrand H-bonds contribute negligibly, and a coil conformation prevails. As the depth increases, transitions between
coil (Figure 1a) and hairpin conﬁgurations (Figure 2b) are
conﬁrmed by a bimodal distribution of the average number of
contacts (inset in Figure 2a). If the potential depth is increased
further, a highly cross-linked globule-type structure is obtained
(Figure 2c), which is unphysical. The reason for this is the
inability of a model with a spherically symmetric potential to
incorporate the direction of hydrogen bonds. Therefore, the
chains or their segments may form multiple Morse bonds to
any attachment point that happens to be close enough. This
unphysical behavior can be avoided by using directional Morse
bonds, which is beyond the concise scope of this Letter. The
practical range of applicability of the Morse potential in terms
of the magnitude of the potential depth lies below the transition
to entangled globular conformations shown in Figure 2c.
Despite these restrictions, the proposed model seems
promising in accounting for β-structure folding and unfolding.
As an instructive example, we consider a model block
polypeptide that mimics the main structural features of αSyn.
αSyn is a highly conserved 140 residue, 14kD presynaptic
protein with a intrinsically disordered monomeric state of
unknown function that is expressed in high levels in the brain.33

Figure 2. (a) The number of contacts between the Morse bondforming bead as a function of the Morse force constant. Arrows show
the condition to which the snapshots (b,c) are attributed. The inset
shows the probability distribution of the number of contacts at K =
8.5kT. (b) β-Hairpin conﬁguration. (c) Unphysical globular
conﬁguration caused by an excessively strong Morse potential. Arrows
show the conditions, which correspond to the snapshots (b) and (c).

Aggregation of αSyn has been implicated in the etiology of
PD.25 Though its conformational ensemble contains little
persistent structure, αSyn can attain a partial helical structure
when associated with lipid bilayers34 and interacts with
hydrophobic interfaces to activate aggregation into cross-βcontaining ﬁbrils.35 αSyn has three amphipathically distinct
domains, reminiscent of a charged-hydrophobic-charged triblock copolymer. Block I represents the N-terminal domain
(residues 1−60) that forms α-helices in association with
membranes, vesicles, or micelles and is highly charged with a
net positive charge at neutral pH; at pH = 7.55, it has 11
positive and 8 negative charges. Block II is the central region
(residues 61−95) predominantly consisting of hydrophobic
residues, known as the NAC or “non-amyloid β component”
because of its initial observation in Alzheimer’s disease lesions;
it is primarily responsible for aggregation.36 Block III, the acidic
C-terminal region (residues 96−140), contains three highly
conserved tyrosine residues37 and may block aggregation by
shielding the NAC from intermolecular interactions.38 It has 3
positive and 15 negative charges at pH = 7.55, as determined
from published pKa values.39 Though aggregation of αSyn is
implicated in disease states, the protein is stable in solution in
the absence of hydrophobic interfaces.35
The polypeptide model used the sequence of residues in
αSyn, each of which was modeled by the skeleton bead S with
3084
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one or two T and H beads, as illustrated by the fragment shown
in Figure 3. A table with a DPD model of αSyn residues is given

Figure 4. Characteristic snapshots of DPD simulations of αSyn
polypeptide model at pH = 7 (a) and 4 (b). The colors show three
blocks of the protein, green - block I, red - block II, and blue - block III
(only skeletal particles are shown). The insets show charge
distributions along the molecule. Block I (60 amino acids) has a
substantial α-helix content and is positively charged at pH = 4. Block II
(35 amino acids) has low charge and primarily consists of hydrophobic
residues. Block III (45 amino acids) bears a strong negative charge at
pH = 7, which makes it adopt a random coil conﬁguration with some
β-strand content, and it is mostly hydrophobic and collapsed at pH = 4
when acidic residues associate.

Figure 3. Coarse-grained model of an exemplary peptide section
LysAspGluSerThr.

in the Supporting Information. Each skeletal S bead (except for
Gly residues) was connected to a side chain, consisting of one
or two beads connected by harmonic bonds with no angle
rigidity applied (see the Supporting Information). All charged
beads were modeled as hydrophilic H beads. Charges were set
to the H beads according to the pKa values for the side chains
reported by Nozaki and Tanford.39 The method of Talaga and
Li19 was employed for the charge assignment at a given solution
pH assuming that Q = ±1/(1 + (10±(pH−pKa))), where the
positive branch accounts for basic residues and the negative
branch accounts for acidic residues. These charges, however,
are averaged. Fractional charges of residues mean that they are
protonated in some peptide molecules and deprotonated in the
other. Unable to reproduce protonation/deprotonation reactions in coarse-grained DPD simulations, we assign integer +e
and −e charges according to the prevalence of a positive or
negative charge at a given pH; the exact table of charges is given
in the Supporting Information, Table S2.
The proposed polypetdide model does not represent the
whole complexity of αSyn; however, it captured the main
diﬀerences between the residues in terms of their hyrdophobicity/hydrophylicity and charges. The model clearly distinguished between the three blocks in αSyn, reproducing the
actual sequence of residues. Secondary structure formation in
block I was mimicked with 1−5 Morse potentials with K1−5 = 9
kT as in model A, which produced a well-deﬁned α-helix
without the side chains and charges, Figure 1b. That is, we
applied diﬀerent Morse bond schemes for block I and blocks II
and III. For the chemical composition of αSyn, block 1
displayed a disordered structure with substantial α-helical
content. Blocks II and III were treated using the model used for
modeling β-structures with the Morse potential of KM = 8.5kT,
which corresponds to coil conﬁguration with some β content
for the skeletal peptide of S beads without side chains (Figure
2), which may turn to a globule conﬁguration if the chain is
long enough.
We considered the behavior of the model αSyn polypeptide
at two diﬀerent acidities, pH = 7 and 4. Characteristic snapshots
given in Figure 4 show the eﬀects of solvent acidity on the
polypeptide conformations. To focus on the secondary
structures, we present only skeletal beads shown in green in
block I, red in block II, and blue in block III. The hydrophobic
interactions make block II collapse into a globule at both pHs
considered. Block III experiences a transition from a coil to a
globular conﬁguration with a change of pH from 7 to 4 as
entropy and electrostatic forces caused by the protonation of

acidic Glu and Arg residues are overpowered by the
hydrophobic attraction of more “massive” amino acids. Overall,
the radius of gyration of the polypeptide changes from 26.1 Å at
acidic conditions to 27.8 Å at neutral conditions, and the radius
of gyration of block III increases from 13.5 to 18.5 Å. A
relatively small variation of the overall size of the polypeptide
compared with the increase of block III is explained by the fact
that block III tends to align with the positively charged block I.
This example shows the capabilities of the proposed DPD
model of proteins in modeling complex polypeptide structures.
In summary, we suggest an original approach to accounting
for H-bond formation within the general DPD framework that
may make the DPD method a competitive alternative to
CGMD for modeling equilibrium and dynamic properties of
proteins and polypeptides, especially during their transport in a
conﬁned environment. DPD due to its soft potentials allows for
long integration steps and convenient introduction of random
and drag forces that are necessary for accurate description of
hydrodynamics. The suggested approach suﬃces to qualitatively describe transitions between coiled, globular, and α- and
β- structures in model peptides. Our simulations showed a
qualitatively correct inﬂuence of the hydrophobicity of side
chains on the transitions between α-helical and disordered
structures of model peptides, as well as the inﬂuence of
electrostatic forces on the conformations of peptide chains. The
pattern of fractional secondary structure content was consistent
with a cooperative transition. At the same time, it should be
noted that a quantitative description of polypeptide secondary
structures requires signiﬁcant reﬁnement of the proposed
approach. A careful evaluation of repulsion parameters needs to
be performed based on well-deﬁned thermodynamic properties,
such as activity coeﬃcients of reference solutions. The lengths
and rigidities of the harmonic bonds between skeletal and sidechain groups can be evaluated from atomistic MD results for
solutions of amino acids and diﬀerent peptides because
atomistic force ﬁeld parameters for this group of compounds
are established in the literature with suﬃcient accuracy.40 The
parameters of the Morse bonds between skeletal beads should
be evaluated from the qualitative and quantitative data on
secondary structures of simple (ﬁrst of all homogeneous)
polypeptides. With the further force ﬁeld development, the
proposed approach promises to allow for modeling of the
3085
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maintaining the feasibility of long time/length calculations with
correct hydrodynamics.
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