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In Monte-Carlo simulations of protein folding, pathways and folding times depend on the appropriate
choice of the Monte-Carlo move or process path. We developed a generalized set of process paths for
a hybrid kinetic Monte Carlo—Molecular dynamics algorithm, which makes use of a novel constant
time-update and allows formation of α-helical and β-stranded secondary structures. We apply our
new algorithm to the folding of 3 different proteins: TrpCage, GB1, and TrpZip4. All three systems
are seen to fold within the range of the experimental folding times. For the β-hairpins, we observe
that loop formation is the rate-determining process followed by collapse and formation of the native
core. Cluster analysis of both peptides reveals that GB1 folds with equal likelihood along a zipper or a
hydrophobic collapse mechanism, while TrpZip4 follows primarily a zipper pathway. The difference
observed in the folding behavior of the two proteins can be attributed to the different arrangements
of their hydrophobic core, strongly packed, and dry in case of TrpZip4, and partially hydrated in the
case of GB1. C 2015 AIP Publishing LLC. [http://dx.doi.org/10.1063/1.4915919]

I. INTRODUCTION

Small peptides have been shown experimentally to fold
into their native 3-dimensional structure on timescales of µs
or longer, in many cases following multiple possible folding
pathways.1 Molecular dynamics (MD) and Monte-Carlo (MC)
simulations serve as tools to theoretically describe the folding
kinetics and thermodynamics of these peptides.2 Emerging
from simulations is a complex energy surface underlying folding, involving fluctuations of the peptide within metastable
energy minima, followed by rare event transitions over the
barriers separating the minima.3–7 Barriers can be high, on
the order of several kT, with the peptide residing in a given
minima for hundreds of ns, rendering the study of peptide
folding computationally challenging. Several approaches have
been developed to solve the time-scale problem associated with
folding, including replica-exchange MD (REMD),8,9 Metadynamics and bias-exchange Metadynamics,10–12 hyperdynamics,7 umbrella sampling,13 and the well tempered ensemble
technique.14 Other approaches solve the time-scale problem of
protein folding, with the a priori knowledge of the folded state
of the protein, through transition path sampling,15 the weighted
ensemble,16 or the Milestoning approach.17 Monte Carlo,18
hybrid Monte Carlo,19 and mixed Monte Carlo—molecular
dynamics algorithms20 have also been used to enhance sampling in protein folding. The latter approaches however lack a
straightforward interpretation of the kinetics of the folding
reaction, strongly depend on the nature of the Monte-Carlo
move,21 or are computationally expensive.
Kinetic Monte Carlo (kMC), on the other hand, is a stochastic simulation method capable of generating folding rates
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and addressing the problem of low acceptance probabilities of
the Metropolis Monte Carlo technique.5,22–24 Hybrid kinetic
Monte Carlo—molecular dynamics techniques have been used
to sample systems ranging from the deposition of metals,25
to the protonation dynamics in extended systems,26 and to
long time signaling of protein complexes.6,27 In this approach,
molecular dynamics is used to sample the fast relaxation processes, while the kinetic Monte Carlo component describes
long-time events and slow transitions in the system.25
In recent work, we implemented a new hybrid kMC
method to study the folding of a small α-helical protein,
TrpCage, in explicit solvent.21 We applied different processpaths, i.e., move-sets to the protein. We found that secondarystructure moves (such as dihedral motions and hydrogen-bond
events) lead to a diffusion collision pathway, while process
paths involving formation of tertiary structure elements led
to a nucleation condensation pathway. A combination of both
secondary and tertiary move-sets proved to be necessary to
capture the correct folding mechanism and experimental timescales of 4 µs. Although this method successfully described
the folding of the α-helical protein TrpCage, we found that
this algorithm was not suitable for folding β-hairpins. The
local moves that formed contacts along the peptide sequence
and lead to fast formation of α-helices actually impaired the
formation of β-stranded structures.
In this work, we present a new hybrid kinetic Monte
Carlo—Molecular dynamics (kMC-MD) algorithm that overcomes the limitations described above, and is capable of folding both α-helical and β-stranded peptides. In this new algorithm, we introduce a kinetic model that takes into account
the fact that H-bond breakage and formation or dihedral rotations are reversible processes and that explicitly incorporates
this reversibility into each kMC-move. In addition, we use a
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FIG. 1. Experimental structures of TrpCage (a), GB1 (b), and TrpZip4 (c)
used for the folding simulations in explicit solvent with the novel kMC-MD
algorithm. Sequences: TrpCage—NLYIQWLKDGGPSSGRPPPS39 PDB:
1L2Y (NMR-Model #1), GB1—GEWTYDDATKTFTVTE47 PDB: 2J52
(NMR-Model #1), TrpZip4—GEWTWDDATKTWTWTE41 PDB: 1LE3
(residues in the hydrophobic core of both β-hairpins are written in bold font)
(NMR-Model #1).
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(see Figures 2(a) and 2(b)). In prior work, we showed that dihedral rotations enhance the formation of secondary structure
elements, while longitudinal motions enable the formation of
tertiary structure elements. The choice of kMC moves involving contact formation along the peptide sequence favored αhelix formation, but was not suitable for the simulation of βstrand formation.
In this work, we generalized the longitudinal move to
include selected residues along the cartesian axes, the dimensionality chosen randomly within each kMC phase. As we
will show in Sec. V, this generalization now enables folding
of both α-helical and β-stranded peptides in explicit solvent.
To improve computational efficiency, we choose amino acids
along the peptide chain through an independent Monte Carlo
step. Hence, we choose one residue randomly for each indi-

new constant time-update for the determination of the timedependent folding events and the folding time, to minimize
artificially high uncertainties in the folding times associated
with the inherent stochastic nature of kinetic Monte Carlo.
The method is first validated on the α helical TrpCage peptide that we studied in our prior work,21 and then applied to
the β-hairpins GB1 and TrpZip4. These peptides have been
extensively studied both computationally and experimentally,
making them suitable systems for the development of a new
algorithm. 18,28–46
The structures and sequences of these peptides are given in
Figure 1. TrpZip4 is derived from GB1 by a 3 point substitution
in the hydrophobic core in which the amino-acids Y5, F12, and
V14 are replaced by W (GB1 sequence GEWTYDDATKTFT
VTE to Trpzip4 sequence GEWTWDDATKTWTWTE).41
This alteration of the hydrophobic core leads a significant
change in the experimentally observed folding times (GB1:
6 µs and TrpZip4: 15 µs1). As we will show from the analysis
of the kMC-MD trajectories, this change in folding time is due
to different folding mechanisms adopted by the two different
proteins. Analysis of the water distribution reveals difference
in the packing of the hydrophobic core in each case, with
collapsed intermediate structures with hydrated cores present
in the case of GB1.

II. METHODS

The kMC-MD algorithm is based on the separation
of timescales between the fast thermal vibrations on the
molecular scale and the slow modes of the peptide involving
the concerted motion of several residues on a long timescale.5,6,21,24,25,27,48 We separate these timescales in our algorithm into a MD phase and a second phase in which the
rate-determining processes and their activation state barriers
are sampled. This sampling of the rate-determining processes
leads to a higher probability to escape metastable minima and
thereby speeds up sampling of phase space (see Figure 2(c)),
while the activation state barriers are updated for each individual kMC-phase. We separate this kMC phase into 2 elementary move sets: Rotation of dihedral backbone angles (1) and
longitudinal translations along the cartesian coordinates (2)

FIG. 2. KMC move-sets. Dihedral rotation along discrete steps around the
backbone dihedrals Φ and Ψ (a). Translation using an harmonic spring potential along the cartesian coordinates either in x, y, or z (b). Each of the events
is probed for its transition state free energy and selected for execution by
the Bortz-Kalos-Lebowitz algorithm,23 depending on each individual rate per
kMC step. Free energy profile for one single reversible transition with ∆G1†
standing for the forward transition state barrier, and ∆G2† for the transition
barrier in free energy for the complementary backward reaction.
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vidual kMC phase, with an equal probability of each amino
acid to be chosen. This amino acid is subsequently sampled for
its transition state energy in each of the kMC moves. The kMC
moves are performed over discrete changes in the dihedral angle (∆Φ = 0.1◦) or by longitudinal motions (through the application of an umbrella potential on one residue (k = 1 × 10−4
kJ/(mol nm2))), while the free energy is determined for each of
these steps through thermodynamic integration (see Sec. III).
In this way, we are able to determine the transition state
barrier for each process of the amino acid chosen in a prior
Monte Carlo step. One of the events is selected for execution, followed by an update in time, and the subsequent MDphase. In contrast to earlier work,6,21,27 we implemented a
different expression for the rate constant for each reaction and
a constant update of the kMC time. Specifically, we derived
a new model for all kMC moves which treats every translation and rotation as a reversible molecular reaction. This
satisfies the detailed balance expressed by the Master equation formalism for Monte-Carlo simulation algorithms.49 In
contrast to the kMC-MD method used previously to study the
folding of TrpCage,21 we use here a new constant time-step
determined from a prior equilibrium MD run. We measure
the average transition state energy for each of our three proteins, and then determine the average time-update for each
protein. This procedure is different from the original BortzKalos Lebowitz algorithm where the time-update strongly depends on an additional random variable. This new time-update
enables a reliable estimate of the folding times for GB1 and
TrpZip4 as we show in Sec. IV. We note that we also used the
Bortz-Kalos-Lebowitz implementation of the time-update and
found huge uncertainties in the folding times of these proteins.
(See Figure 1S, Table I, and Figure 2S in supplementary material.59) The new constant time-update also matched the folding
time of TrpCage better (3.5 µs) than when the Bortz-KalosLebowitz time-update (2 µs) was used (see Figure 3S).59
We note that the original Bortz-Kalos-Lebowitz (Gillespie) stochastic simulation algorithm (SSA) correctly samples the dynamic distribution of possible reactions,22,50 with
each reaction treated discretely. In this manner, the algorithm
reaches the ensemble average in the limit of a large number of
processes. The method that we introduce here uses a constant
time update protocol in which we consider the whole system
propagating with equivalent (and constant) propensity for each
kMC step. This approach is based on the kinetic Monte Carlo
algorithm introduced by Slepoy et al.51 The constant propensity is equal to the sum of all individual (discrete) propensities.
While the latter (i.e., the rates within the system) change over
time, the sum of all individual rates is approximately constant.
We emphasize that this method achieves better results than the
SSA algorithm for peptide folding, where the calculation of
discrete and individual propensities leads to spurious results
in comparison with the rates obtained from experiment. In
other words, considering discrete propensities at certain stages
of a fluctuating all-atom system can lead to a large overestimation of discrete transitions (and essentially the transition
time). Indeed, the system would propagate with another timescale if the randomly fluctuating system would marginally
fluctuate into a different direction in phase space during the
last MD-phase. Interestingly, we observed a major deviation
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from experimental data in case of β-hairpin folding, but not
to the same extent for α-helical folding21 (see supplementary
material Figures 3S(a) and 3S(b)59). The former is caused by
a huge inhomogeneity in the discrete transition rates along the
kMC-MD trajectory of β-hairpins. Finally, we mention that we
still use the set of discrete transition propensities for the rate
selection (Eq. (18)), taking into account that the relationship
between one relative transition rate and the other relative rates
in a particular conformation (after the MD-phase) can be used
for the selection of one particular move (but not for the timeupdate).
We first validated the method on TrpCage, and showed that
the new algorithm generated the same folding pathways and
rates as the original algorithm21 (see supplementary material
for further information, Figure 3S59). We present our results
for the two β-hairpin systems in the main body of the text.
A. Rate theory of reversible transitions

The classical Eyring picture of a reaction between reactants and product, shown in Eq. (1), involves a first reversible reaction between reactants A and A′ to form species B†,
followed by an irreversible step in which the product P is
formed,52,53
A + A′

B† −→ P.

(1)

In our case, the “reactants” A, A′ are related to the specific
move-sets that we use in the kMC component of the algorithm.
For instance, A, A′ can refer to a separated hydrogen bond (A
being the donor and A′ the acceptor), B† to the transition state
of forming of a hydrogen-bond and P to the newly formed
hydrogen bond. In the case of dihedral rotations, A stands for
one amino-acid along the backbone and A′ to the molecular
component (surrounding water or another rotating amino-acid
in the same sequence) which drives A towards a dihedral
rotation along Φ or Ψ. In the latter two cases, P stands for
the final state of both molecular components after the process,
i.e., after the translation or the rotation. In the same way, in
the case of longitudinal motions move-sets, A′ propagates the
component A along one component along the cartesian axes.
An important component of our algorithm is the fact that
we consider reactions involving dihedral rotations and aminoacid translations as reversible processes. This leads to a modified expression for Eq. (1), where the second step is now
reversible as well
A + A′

B†

P.

(2)

With the second step reversible, we can write the probabilities p for the forward and the backward reaction as
p(A → B†) + ν AB exp(−∆G AB/(RT))
= p(B† → A) + νB A exp(−∆G B A/(RT)),

(3)

and
p(P → B†) + νP B exp(−∆G P B/(RT))
= p(B† → P) + νBP exp(−∆G BP/(RT)),

(4)

where ∆G i j stands for the activation energies of the system to
transition from state i to state j. The rate equation for Eq. (2)
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for the product formation process can then be written as
d[P]
= k 1†[B†] − k2†[P],
(5)
dt
where the brackets indicate the concentration of each species,
and k i stands for the rate constant of the forward and backward
reaction. We can then write the expressions for the two different
equilibrium constants for the equilibria between initial, intermediate and product state as
K1† =

[B†]
,
[A][A′]

(6)

[P]
.
[B†]

(7)

and
K2† =
We then can write
d[P]
= k1† K1†[A][A′] − k2† K2†[B†]
dt

(8)

d[P]
= k 1† K1†[A][A′] − k 2† K2†K1†[A][A′]
dt

(9)

d[P]
= (k 1† K1† − k2† K2† K1†)[A][A′].
dt

(10)

and then write

leading to

Finally, using ∆G† = −RT ln K † and substituting k i by νi
we write the rate constant k as follows:
k = (k1†K1† − k2† K2† K1†)
 −∆G† − ∆G† 
 −∆G† 
1
2
1

− ν2 exp 
= ν1 exp 
 , (11)
RT

 RT 

where R is the universal gas constant, T is the temperature, and
the prefactor ν is expressed by54,55
 ( 2

) 12
γ  ωa
γ

2
ν = 
+ ωb − 
,
2  2πωb
 4


(12)

where γ (γ = 4 ps−1) is the friction coefficient.54 We interpret
this γ as the “internal” and “external” friction of the system,
which counteracts each kMC-move from one quasi-harmonic
basin into another. Moreover, we take into account experiments
of Qiu and Hagen, who demonstrated that the folding time
constant linearly depends on the solvent viscosity.54,56 ωi is
given by

2
⟩ − ⟨E pot ⟩2,
(13)
ωi = ⟨E pot
the standard deviation of the potential energy E pot . We then
obtain from Eq. (11),
 −∆G† 
 −∆G† 
1 *
2 +

k = exp 
ν
−
ν
exp
1
2
 RT   RT  ,
and finally write
 −∆G† 
1
k ≈ ν1(1 − A) exp 
,
 RT 

(14)

(15)

using an approximation that ν2 exp[−∆G†2/(RT)]) ≈ ν1 A,
where A is approximately constant, with ∆G2 ≈ const. and
ln ν2 ≈ ln ν1 + ln(const.). From a prior equilibrium MD simulation over 100 ns, we obtained an approximate value for ∆G2
of 17.2 kJ/mol for all 3 proteins, which results in a value
for (1 − A) ≈ 0.001. We used the H-bond kinetics of each
protein and assume that changes in the protein-protein H-bond
primarily influence the kinetics of the protein.57,58 As a forward
move, we considered the breaking of an H-bond within the
protein, related to ∆G1, while we connected the corresponding backward reaction with the formation of H-bonds in the
protein, related to ∆G2. For ∆G1, we obtained values which
are slightly different for the 3 proteins. From a simulation of
GB1 over 100 ns (for the setup and simulation parameters see
Sec. II), we obtained a value of ∆G1 of 4.01 kJ/mol and ν1 of
1012 s−1, so that we obtained a timestep ∆t of approximately
50 ns per kMC step in our simulation on GB1. For TrpZip4,
we determined a value for ∆G1 of approximately 4.4 kJ/mol,
so that the timestep ∆t for TrpZip4 is approximately 150 ns per
kMC step in the simulation on TrpZip4. For the validation on
TrpCage, we used a value for ∆G1 of 4.4 kJ/mol. We mention
that the determination of these energies is also connected to
an error, which, however, is negligible (approximately 1%)
compared to the huge error bars obtained by the Bortz-KalosLebowitz time-update (see supplementary material for Figs.
1S, 2S, and supplementary Table I with a comparison of folding
times using both algorithms).59
B. Algorithm

The algorithm consists of the following steps:
1. MD-phase.
2. Random selection of one residue in the peptide sequence.
3. The selected amino-acid is sampled for its transition state
energy ∆G†1 along different process paths. As a consequence, the protein can perform 8 possible processes, times
the number of amino acids in the sequence of the peptide.
Each of the process paths is discretized into a number of
steps, while the free energy for each step is determined as
follows:
(a) Dihedral rotation along Φ and Ψ, through the application of a rotation matrix along the normal vector of
the central backbone atoms of the selected amino-acid.
(We mention that the whole protein is unrestrained during thermodynamic integration (TI), i.e., the dihedral is
rotated by 0.5◦ by the algorithm, but can rotate freely
during the determination of the free energy change. In
other words, after each rotation by 0.1◦ the amino acid
can rotate freely during the TI until it is again rotated by
another 0.1◦ in the subsequent step. The actual rotation
might be much larger.)
(b) Translation along the cartesian coordinates (either x,
y or z). (We note that applying the umbrella potential
in one direction does not preclude the possibility of
dihedral rotations or additional longitudinal motions
occurring in the protein.) The direction of this displacement is chosen randomly. For this purpose, we use a
harmonic potential of the following form:
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Ui = k i |ri − (ri + ∆r)|2,
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(16)

where ∆r = (d, 0, 0) or ∆r = (0, d, 0) or ∆r = (0, 0, d).
(c) For each of the discrete steps j along the process path,
we determine the free energy ∆G j through thermodynamic integration, using60–63

 1
∂H
dλ′.
(17)
∆G j =
∂λ
0
4. Determination of ∆G†1 = max{∆G j } − min{∆G j } for each
of the events.
5. Determination of the fluctuation of the potential energy in
the initial and the final state, and calculation of ωa and ωb
according to Kramer’s theory (Eq. (12)).54,55
6. Calculation of each individual rate constant of k i each
process i for the selected residue according to Eq. (15).
7. Selection of one process path i, i.e., event for this residue if
(Bortz-Kalos-Lebowitz or Gillespie kMC algorithm22,23)
k i−1 ≤

N


ki ξ < ki,

(18)

i=1

where ξ is a uniformly distributed random number
ξ ∈ ]0, 1].
8. Update of time t according to the individual ∆t values
for each protein (as explained in Subsection II A), so that
∆t = const., taking into account an approximately constant
transition rate for each kMC phase.
9. Continue with (1), i.e., MD-phase.

III. SIMULATION DETAILS AND ANALYSIS

All extended polypeptide conformations were built using the Ribosome program.64 We chose an extended starting configuration as this structure is a simple starting point,
with maximal radius of gyration and root mean square deviation from the native structure. We note that the choice of
the starting configuration can affect the folding pathway36 and
our approach is different from approaches where thermally
unfolded configurations were taken as starting conformation.34
For the simulation of TrpCage, we centered the extended polypeptide in a box with dimensions 7.1 × 7.1 × 7.1 nm3 and
added 114 24 SPC/E waters. We added one chloride ion to
neutralize the box. For the simulation of the GB1 peptide, we
centered the extended protein in a box with dimensions 7.3
× 7.3 × 7.3 nm3 and added 126 72 SPC/E waters. We added
3 sodium ions to neutralize the system. In case of TrpZip4,
we centered the extended peptide chain in a box with dimensions 7.4 × 7.4 × 7.4 nm3 and solvated the protein with 13 242
SPC/E waters. We used the SPC/E model, which has selfdiffusion coefficients comparable to experiment and thereby
allows reliable simulation of folding kinetics.65 We added 2
sodium ions to neutralize the system.
We simulated the protein for 500 ps in each MD-phase
using a time-step of 1 fs. PME electrostatics with a cutoff of
1.0 nm were used to calculate the electrostatic interactions. The
vdW interactions were calculated with the same cutoff using a
shift function. The protein was not constrained throughout the
MD-phase and the thermodynamic integration procedure. We

employed the AMBER99SB forcefield for the description of
the interactions of the protein.66 Thermodynamic integration
was performed within three steps with increasing λ coupling
parameters from 0, 0.5 to 1. For the determination of the free
energy change, we used the BAR algorithm.60 For the MD
phase and the thermodynamic integration, we used parts of
the GROMACS-4.5 simulation package.67 Each of the process
paths was performed in 5 subsequent steps. For the dihedral
rotations, we increased the Φ and Ψ angles by ∆Φ = 0.1◦. For
the displacement along the cartesian coordinates, we used a
harmonic constant of 1 × 10−4 kJ/(mol nm2). For the cluster
analysis, we used the GROMACS tool g_cluster with a cutoff
of 0.1 nm. The potentials of mean force F between the protein
and water were calculated using the relation F = −k BT ln g(r),
where g(r) is the radial distribution function between the protein and water.68 For the a priori determination of the forward
and backward rates ∆G1 and ∆G2, we ran independent equilibrium simulation runs for 100 ns of each protein using the same
particle number and forcefields as well as the same electrostatics. Subsequently, we analyzed the H-bond kinetics using
the GROMACS tool g_hbond for the forward and backward
transition energies of the H-bonds between protein-protein
and protein-solvent and the H-bond autocorrelation analysis of
Luzar et al.57,58 In the main text and the supplementary material, the abbreviation RMSDCα−Cα stands for the root-mean
square deviation of peptide backbone conformations from the
backbone of the corresponding native structure (see Figure 1
for the PDB-identification numbers and structures39,41,47). We
identified the folded state of the protein by a cutoff in the
RMSDCα−Cα lower than 0.3 nm to the native structure. We
mention that the folding time itself is not a quantity which
contains any information about the folding mechanism, i.e., the
pathways or the sequence of events. For this reason, we turned
to the RMSDCα−Cα as an order parameter for the time-trace of
folding and used least square fitting to determine the reaction
order as shown in Sec. IV.
IV. RESULTS

We present the results for TrpCage in the supplementary
material (Figure 3S59). The purpose of studying TrpCage was
to validate the new algorithm and ensure that it reproduced
the same folding pathways and rates as the original algorithm.
Having established that the new algorithm folds helical proteins, we now turn to an in-depth analysis of the folding of our
two β-hairpin peptides, GB1 and TrpZip4.
A. GB1 and TrpZip4 fold following different pathways

The folding trajectories from 10 kMC-MD simulations of
the GB1 peptide and from 5 kMC-MD simulations on TrpZip4,
plotted as a function of RMSDCα−Cα and simulation time, are
shown in Figure 3. The computationally determined folding
times are listed in Figure 4, along with the experimentally
determined folding times of 6 µs69 in the case of GB1 and 15 µs
for TrpZip4.70
In the case of GB1, folding times obtained from simulation
vary between 3.2 µs and 7.8 µs, with an average folding time
of 6.4 µs, and four out of the ten runs yielding folding times
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FIG. 3. RMSDC α−C α as function of kMC simulation time for GB1 (a), (b), and TrpZip4 (c). In the case of GB1, we observe a repeated formation of the
near-native collapsed state followed by unfolding in the time-range of 2.5–4 µs until GB1 is able to pass into the native state from the collapsed state. By
contrast, TrpZip4 remains in the collapsed state for long periods (3-5 µs) until it forms the native state. The cutoff for the identification of the folded state is
indicated by a black line.

in very good agreement with experimental values (6.4 µs,
6.2 µs, 6.4 µs, and 6.7 µs). We observe that GB1 first performs
a conformational search with repeated fast collapses (on a
timescale ranging from 2.5 to 4 µs) into a closed hairpinlike conformer until it can finally form the native fold (see
Figures 3(a) and 3(b)). Most of the collapsed states are unstable
and unfold again into a state where only the loop in the region
between Asp7 and Lys10 is present. The folding process of
GB1 is successful only when the collapsed state has the correct
alignment of the hydrophobic core region, so that the peptide

FIG. 4. Folding times for kMC simulations on (a) GB1 (10 simulations),
(b) TrpZip4 (5 simulations). In case of GB1, we find agreement with the
experimental folding time in 6 simulations, while in case of TrpZip4 3 out of 5
simulations are in good agreement with the experimental value. Experimental
values taken from Eaton1 and Qiu et al.40 We note that short folding times are
not inconsistent with the experimentally reported value, which describes a
distribution of folding times.

can adopt its native state. We note that plots of RMSD as a
function of time cannot be fit to a mono-exponential or biexponential function (see Figure 4S59) reflective of the complex energy landscape underlying folding.
To gain more insight into the folding pathways, we performed a cluster analysis over all 10 GB1 trajectories and
identified one folded state (RMSDCα−Cα 0.25 nm), 5 intermediate states (RMSDCα−Cα ranging from 0.4 to 0.7 nm),
and 2 unfolded clusters with RMSDCα−Cα 0.8 and 0.95 nm
(see Figure 5(a)). From the kinetic analysis (Figures 3 and
4(a)), we constructed the connectivity between clusters and
derived approximate transition times between the folded, the
intermediate, and the unfolded region. Transition times between the unfolded region and the intermediate state range
from 1 µs to 2 µs. GB1 repeatedly swaps between these 2
states until it finds a state with the correct alignment of the
hydrophobic core, from which it can collapse into the native
state. The intermediate state is rather complex and consists of
two main categories of structures. The first class is seen in
3 clusters and involves a structure in which Phe12 and Trp3
form a hydrophobic contact. The second class is seen in 2
clusters involving conformations that only possess backbone
hydrogen bonds. This indicates a combination of 2 different
folding mechanisms: A zipper mechanism (clusters 2a, 2b) and
a hydrophobic collapse mechanism in the case of clusters 2 c,
d, e, shown in Figure 5(a). The population probabilities are 25
and 22% for clusters 2 a, b, and 25%, 16%, 12% for clusters
2 c, d and e, indicating that the zipper and the hydrophobic
collapse pathways are approximately equally probable in our
simulations. The final formation of the native hydrophobic core
occurs within a time-range from 3 µs to 4 µs, which, as we
describe below, is faster than in the case of TrpZip4.
For TrpZip4, folding times obtained from simulation vary
between 2.5 µs and 16 µs, with an average folding time of
9.1 µs and three out of the five runs yielding folding times in
very good agreement with experimental values (16 µs, 11 µs,
and 12 µs). TrpZip4 shows both similarities and differences
in the folding trajectories when compared to GB1. In contrast
to GB1, in all but one trajectory, TrpZip4 collapses after loop
formation between residues Asp7 and Lys10 and does not
perform a repeated collapse-unfolding step. In two out of the
5 simulations, the peptide collapses and folds directly within a
short folding time of 2.5 µs and 4 µs along a mono-exponential
decay (see Figures 3(c) and 4(b)—Simulations 3,4–TrpZip4).
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FIG. 5. Main structures obtained from cluster analysis of 10 kMC-MD simulations on GB1 and 5 simulations on TrpZip4. We observe in the intermediate
structures of GB1 that the peptide follows primarily a zipper folding mechanism, and to a minor extent a hydrophobic collapse pathway. By contrast,
TrpZip4 folds along a zipper mechanism, which is caused by presence of 3
additional Trp-residues (mutations: Tyr5Trp, Phe12Trp, and Val14Trp). (See
Figure 4.)

In 3 of the simulations, TrpZip4 collapses after loop formation
within 4-6 µs and remains in the collapsed state for another
3-5 µs until it reaches the native state (see Figure 3(c)). In
only one of the simulations, TrpZip4 performs a similar conformational search as in the case of GB1, with an initial residence time in the collapsed state of 1 µs followed repeated
collapse and unfolding events over approximately 12 µs (see
Figure 3(c)).
Upon clustering, we find only 5 main clusters ranging
from the folded conformer at RMSDCα−Cα 0.23 nm to the
unfolded cluster at RMSDCα−Cα 0.8 nm. In the main unfolded
cluster at RMSDCα−Cα of 0.6 nm, the loop is already formed
and a hydrogen-bond exists between Asp6 and Thr11, indicating an early zipper mechanism for TrpZip4 (Cluster 1 a,
b see Figure 5(b)). This unfolded state of TrpZip4 can be
long lived with a life time ranging from 1 µs to 5 µs, if the
protein performs repeated collapse-unfolding events, but the
protein also can directly form the native state within 2.5 µs.
In its intermediate state, where the hairpin is already formed,
we see that hydrophobic contacts are already formed between
Trp3-Trp14 (cluster 2a) and between Trp3-Trp12 and Trp5Trp14 (cluster 2b), when hydrophobic collapse occurs. We note
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FIG. 6. Probability surfaces as function of the radius of gyration Rg and
RMSDC α−C α averaged over 10 kMC-MD simulations on GB1 (a) and 5 simulations on TrpZip4 (b). For GB1, we observe a heterogeneous intermediate
region (RMSDC α−C α between 0.4 and 0.6 nm, Rg between 0.7 and 0.84 nm),
which is formed due to the lower hydrophobic nature of Phe12 and Val14. By
contrast, we see a tightened probability surface in case of TrpZip4, with a
lower number of intermediates than in case of GB1. We explain this behavior
by the stronger hydrophobic core consisting of Trp12 and Trp14.

that cluster 2a has a much higher probability of 91% than
cluster 2b with a probability of 9%, indicative a favored zipper
mechanism. We mention that the final collapse occurs on a
longer timescale (up to 20 µs) than in the case of GB1, indicating that the step from the collapsed intermediate state has a
higher transition state energy for TrpZip4.
We further compare and contrast the folding landscape of
GB1 and TrpZip4 by plotting the probability distributions as a
function of the RMSDCα−Cα and the radius of gyration of GB1
and TrpZip4, shown in Figure 6. Consistent with the cluster
analysis, we see a much narrower profile for TrpZip4, with
fewer intermediate states present.
We find that the complex distribution for GB1 can be
mainly defined by the heterogeneity of the collapsed state,
where the hydrophobic core (Val14, Phe12, Tyr5, and Trp3)
can align in a higher number of configurations than in case of
TrpZip4. Due to its lower hydrophobicity, GB1 collapses along
its folding pathway through a comparably broad conformation
space, while TrpZip4 is restricted in its degrees of freedom in
configuration space due to its stronger hydrophobic core. In its
collapsed state, the hydrophobic contact between residues Trp3
and Trp14 forces the peptide to reside in a near native state,
while the loop closure in case of GB1 is less favored due to the
lower hydrophobicity of Val14 and the non-aromatic nature of
its sidechain.
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FIG. 7. Solvent protein configuration around the hydrophobic core regions (Trp3, Tyr5, Phe12,Val14-Trp3, Trp5, Trp12, Trp14) in the final structures of GB1
(a) and TrpZip4 (b). For GB1, we find that Trp3/Tyr5 and Phe12/Val14 form a hydrophobic cluster in which Val14 (green) is separated by waters from residues
Phe12 (orange) and Trp3 (blue). Thus, the attraction in the hydrophobic core of GB1 is weaker than for TrpZip4, where Trp12/Trp3 and Trp5 form a stronger
hydrophobic cluster. Potentials of mean force between protein and solvent as a function of protein-solvent distance for GB1 (c) and TrpZip4 (d) calculated as
described in Sec. II. In these 2 graphs, we see that the interaction between water and protein becomes increasingly repulsive as the hydrophobic cores of both
hairpins form along the folding pathway. Due to the higher hydrophobicity of Trp12/Trp14 in the C-terminal part of the protein, the repulsion between the
hydrophobic core of TrpZip4 and water is higher (by 0.1 kT) than in the case of GB1, rendering it more stable and thereby influencing the folding pathway. The
arrows indicate the progression of time in the folding processes of both peptides.

In transition path sampling simulations, Juraszek et al.
examined the difference between the folding of GB1 and
TrpZip4, and showed that the transition state energy is higher
for TrpZip4, leading to a longer folding time of this peptide
compared to GB1,34 in agreement with our observation of a
longer transition time for TrpZip4 from the collapsed intermediate to the native structure. It is much debated, both computationally and experimentally, whether GB1 folds along a zipper
like mechanism or a hydrophobic collapse pathway.18,38,69,71–75
From our simulations, we see that GB1 can in fact fold along
both mechanisms, and that mutation of 3 hydrophobic core
residues now favors a zipper like folding pathway for
TrpZip4.34 In recent work, Sancho et al. analyzed the folding
kinetics of GB1 and found that depending on the initial conditions, the protein folds either along a 2-state or a multistate
pathway, the latter connected to slow dynamics in the unfolded
region and a heterogeneous intermediate state.36 This finding is
in agreement with experiments of Munoz et al.69 Additionally,
Best et al. found in long-time simulations of GB1 with multiple
force fields that the intermediate state is heterogeneous.33 The
protein folding pathways strongly depend on the move set,
e.g., in the case of β-stranded peptides, it was found that
dihedral moves primarily favor a zipper mechanism for folding.18 Therefore, we speculate that an algorithm which would
only use longitudinal motions along the cartesian coordinates,
would favor a hydrophobic collapse pathway. However, in
our case, we implemented a move set which is generalized,
which means that all possible secondary structures as well as
all possible folding pathways can be sampled in the theoretical
limit of a sufficiently large number of simulations.
In our case, we see in our kMC/MD simulations evidence
of a diversity of folding pathways, some taking a route free
of long-lived intermediate species, and others folding along a
heterogeneous free energy landscape.
B. The effect of water on hydrophobic core formation
and stability

Finally, we analyzed the effect of water on the hydrophobic core of GB1 and TrpZip4. Through visual analysis of

the intermediate states of GB1 and TrpZip4, we find that in
the case of TrpZip4, there are 2 stable hydrophobic clusters
consisting of 2 Trp-pairs on each side of the hairpin (Trp3-Trp5
and Trp12-Trp14) (see Figure 7(b)). In the case of GB1, the
overall hydrophobic core is weaker, with a stable hydrophobic
core formed between Trp3 and Tyr5, but a weaker contact
formed between Val14 and Phe12 (see Figure 7(a)). In the
native structure of GB1, one water partially penetrates the
hydrophobic contact between Val14 and Phe12, while in case
of TrpZip4 a single stable hydrophobic cluster now forms
which expels water from the inside of the 4 Trp-residues (see
Figures 7(a) and 7(b)).
We analyzed the behavior between water and the peptides
in more detail through the calculation of the potential of mean
force between the proteins and water (see Figures 7(c) and
7(d)) in different phases along the folding pathway. From these
plots, and as described in the figure caption, it is apparent
that the repulsion between water and the residues forming the
hydrophobic core is more pronounced for TrpZip4 than for
GB1, leading to a more stable hydrophobic core in the case
of TrpZip4.
In explicit and implicit solvent simulations of a β-hairpin
Ma et al. showed the significance of water in stabilizing intermediate structures of the peptide.76 Berteotti et al. investigated
the effect of urea on the conformational ensemble of GB1 and
found that urea significantly expands the denatured state,35 an
indication of the importance of water for the stability of the
hydrophobic core. Finally, Zhou et al. showed that 2 hydrophobic clusters form along the folding pathway of GB1, which
is in agreement with our results.77

V. CONCLUSIONS

In this work, we implemented a new hybrid kMC-MD
algorithm for the simulation of folding of α-helical and βstranded peptides. This kMC-MD algorithm relies on the separation of timescales between fast molecular vibrations and
slow modes during the folding transition of proteins. While
we sample the fast time-scale using molecular dynamics, the
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slow motions of the protein are sampled along different process
pathways which are sampled with kinetic Monte Carlo. These
process pathways consist of dihedral rotations and longitudinal
translations along the 3 cartesian coordinates to displace the
residues of the peptide. Along each of the process paths, an
individual transition rate is determined for one residue which
is selected randomly for each kMC phase. As a last step, one
process path is selected according Bortz-Kalos-Lebowitz algorithm.22,23 In contrast to our prior work, we use a constant timeupdate and reversible transitions for the description of protein
folding. This new constant time update significantly improves
the description of the time-dependent folding events for all 3
peptides, with the original Bortz-Kalos Lebowitz (Gillespie)
algorithm producing spurious folding times in comparison
with experiment. This new time-update takes into account a
constant total propagation propensity of the whole system,
rather than calculating individual propensities.
Using this algorithm, we first validated our simulation
algorithm in folding simulations of TrpCage. We compared
the time updates using the stochastic version of the BortzKalos-Lebowitz algorithm and the constant time update and
found better agreement with experiment in the case of the new
implementation.
We continued with simulations on GB1 and TrpZip4, two
β-hairpin peptides. The computationally determined folding
times of GB1 ranged from 3.2 µs to 7.8 µs. In the case of
TrpZip4, the peptide folded in a time-range from 2.5 µs to
16 µs. We find that 4 out of 10 GB1 and 3 out of 5 TrpZip4
simulations agree well with the experimental folding times of
GB1 (6 µs) and TrpZip4 (15 µs). From our simulations, we find
that GB1 performs a repeated process of collapse and unfolding until it finally can form the native core. In contrast, TrpZip4
does not perform this collapse-unfolding process, but in most
runs remains in the collapsed state for a comparably long
time. However, TrpZip4 also adopt different pathways: one in
which it folds very quickly without populating any apparent
intermediate states, and another, similar to the one seen in
GB1, where the protein repeatedly collapses and unfolds. In the
analysis of the probability surfaces, we see that while both GB1
and TrpZip4 can collapse into near native intermediate states,
these states are closer to the native structure and better defined
in the case of TrpZip4. GB1, in contrast, has a widespread
distribution in its conformational space both in the unfolded
state and in its near native intermediate state.
The differences observed in the folding behavior of GB1
and TrpZip4 are caused by the 3 point mutations which enhances the ability of TrpZip4 to form a stronger hydrophobic
core and stabilizes a collapsed intermediate state. From the
cluster analysis, we see that for GB1 the zipper like mechanism as well as the hydrophobic collapse mechanism are
equally probable, while the pathway of TrpZip4 favors a zipper
pathway. Finally, we find that in the case of TrpZip4, there
are two well-defined clusters each consisting of 2 Trp residues
on each side of the hairpin intermediate structure. The hydrophobic core formation in the case of GB1 is less stable due to
the lower hydrophobicity of Val14 and Phe12 compared to the
pairs of Trp residues found in TrpZip4.
In summary, we have presented a novel algorithm suitable
for describing folding rates and pathways of both β-stranded
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and α-helical peptides in explicit solvent, and we point out that
our method enhances sampling by about 50 times compared
to conventional Molecular dynamics. We note that our new
method has the potential to be used in simulations of the
folded state of proteins,6,27 but that this would require further
developments in order to select appropriate harmonic restraints
for the integration procedure. We point out that the advantages
of the kMC-MD method lie in its low computational cost, and
the straightforward interpretation of kinetics compared to the
Monte Carlo based replica exchange MD method. No a priori
pathways have to be chosen in contrast to Metadynamics, since
the kMC-MD method searches for reaction pathways in an
adaptive way.
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