
228 Biophysical Journal Volume 108 January 2015 228–229
New and Notable
Beating the Millisecond Barrier
in Molecular Dynamics
Simulations
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Although the principles of protein
folding have been elucidated by now,
correct prediction of the precise mech-
anism of folding from a denatured state
to the native state is still a huge
challenge in molecular biology. The
delicate balance of molecular forces
acting within the protein and the sol-
vent, and the significant entropic contri-
bution of the protein and solvent, make
such a theoretical prediction difficult.

Molecular simulations using clas-
sical force fields have enabled the theo-
retical prediction of folding processes.
Famous examples have been provided
by the distributed computing project
folding@home (www.folding.stanford.
edu) and the D.E. Shaw Anton
computer (1). These approaches use
straightforward integration of the equa-
tion of motions, something that might
not be the most efficient way to achieve
results. In this issue of the Biophysical
Journal, Du and Bolhuis (2) demon-
strate that the single-replica multistate
transition interface method (MS-TIS)
can be used to simulate both the folding
and unfolding process of the Villin
headpiece, a small 35-residue model
protein, very efficiently.

To understand the problem of rare
events and rare event processes, let us
consider a simple two-state folding
model
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In such a model, the rate constant that
is measurable by ensemble kinetics
experiments is given by the sum of
folding and unfolding rate constants,
k¼ kFUþ kUF. In protein folding under
nondenaturating conditions, the folded
state is orders-of-magnitude more sta-
ble than the unfolded state, and thus
kFU is much smaller than kUF. In the
Villin headpiece, kUF is ~1/ms and
kFU is ~1/ms. Such a situation is chal-
lenging for simulations. A single long
(uninformed) molecular dynamics
simulation would need to be ~1 ms
long in order to spontaneously sample
the unfolding process. Many millisec-
onds would be required to collect sta-
tistics of the unfolding mechanism,
because most of the time is spent in
the folded state.

A large body of experimental and
simulation data have suggested that
the two-state picture used above is
a simplified, coarse-grained view of
the microscopic process. Even when
giving rise to effectively two-state
kinetics, complex systems such as pro-
teins have many intermediate struc-
tures that are metastable on shorter
timescales. The folding process can
thus be described in more detail by a
network of these metastable states
(3). For the sake of illustration, how-
ever, let us consider that the folding
process would occur along a sequential
chain involving two intermediates:
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And let us assume that each unfolding
step (F / I1, I1 / I2, I2 / U) takes
10 ms, while each folding step (U /
I2, I2 / I1, I1 / F) takes 1 ms on
average. With these settings, the equi-
librium probabilities will be propor-
tional to 1, 0.1, 0.01, and 0.001. The
average folding pathway will still
take on the order of microseconds,
and the average unfolding pathway
will still take on the order of millisec-
onds. What does this situation mean
for simulations? For the single long
and uninformed simulation the situa-
tion is as bad as before—it still needs
to be on the order of the slowest pro-
cess, i.e., milliseconds. If we would
know the kinetic network (2) and the
structures of all intermediate states a
priori, we could start a set of indepen-
dent MD simulations from each state.
Then, using Markov models (3–6),
the folding network could be recon-
structed, and thus also the full kinetics.
The unfolding mechanism, i.e., the
ensemble of unfolding pathways and
their relative probabilities, could be
computed with transition state theory
(3,7). Such an approach would only
require simulations on the order of
tens of microseconds to sample the in-
dividual unfolding steps. However,
usually, we do not know the intermedi-
ate states a priori.

It is clear from the above that sam-
pling is the bottleneck. How do we
make sure that a simulation finds all
states (F, I1, I2, and U) in the system
above and does not waste time in sam-
pling the few most stable states almost
all of the time? Varieties of enhanced
sampling methods such as metadynam-
ics, replica-exchange dynamics, and
simulated tempering have been devel-
oped to deal with this problem. They
all suffer from two principal problems.

1. The (collective) coordinate(s) or
thermodynamic variables that are
suitable to explore the conforma-
tions at the conditions of interest
(in the above case F, I1, I2, and U,
and not other, misfolded states that
would never occur at room temper-
ature) are not known a priori.

2. The dynamics is changed and can in
general only be reweighted to the
dynamics at the state of interest
under very specific and often un-
practical conditions.

Therefore, an attractive idea is to use
the unbiased system dynamics at the
conditions of interest to generate
molecular dynamics trajectories, but
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instead of blindly running to record the
information, determine which states
have been found and sampled, and allo-
cate the computational effort at prom-
ising trajectory starting points. The
idea of adaptive sampling has been
formulated long ago (8,9), and has first
been implemented in a fully automated
way for protein-ligand binding only
very recently (10). The big question
in this area of research is how the
knowledge of so-far detected confor-
mations can be efficiently tracked and
which new trajectory starting points
are promising.

Du and Bolhuis (11) have applied
and extended the recently developed
single replica MS-TIS to the folding
and unfolding process of the villin
headpiece, a small 35-residue model
protein. Previous studies have looked
at the folding of this protein before
(12–14), but the unfolding process
has been difficult to study because of
its rare-event nature discussed above.
Du and Bolhuis demonstrate the power
of MS-TIS by starting their simula-
tions from the stable folded state and
then finding and sampling the interme-
diate, unfolded, and misfolded states
in a semiautomatic and very efficient
manner.

In brief, the main idea of MS-TIS
is that the network of conformational
changes can be represented by a coarse
network of few cores—the most prob-
able regions of the metastable states
of the system. The connection of each
pair of cores is a rare event that would
possibly require a very long molecular
dynamics simulation to be sampled.
However, as long as there is some
order parameter that is suitable in
measuring the progress along the cor-
responding rare event transition in
terms of interfaces, the trajectory start-
ing points can be distributed uniformly
along that transition. Furthermore,
inasmuch as all trajectory pieces are
subsamples of unbiased transition tra-
jectories, their transition probabilities
between interfaces can be used to re-
weight them such that their true weight
to the overall transition rate can be
computed.

The result of MS-TIS is a kinetic
network between metastable states
that is effectively a Markov model.
This work can thus be seen as a
marriage between the Markov state
modeling and the path-sampling
approach. Using transition path theory,
Du and Bolhuis (2) reconstruct the
mechanisms for both the unfolding
and folding processes. The simulations
give evidence of several metastable
near-native states, and a compulsory
intermediate state, all of which are
corroborated by other studies.

It is foreseeable that the MS-TIS
construction procedure described here
can be fully automatized and can pro-
vide a very efficient way of adaptively
constructing a Markov model of slow
conformational changes in macromol-
ecules with modest computational
effort. Together with other recent suc-
cesses in the sampling of rare events
in complex macromolecular systems
(3–6), this suggests that the way is
open for theoretical prediction of the
kinetics for much larger macromole-
cule systems.
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