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Molecular Dynamics Simulations to Study
Protein Folding and Unfolding
Amedeo Caﬂisch and Emanuele Paci
32.1

Introduction

Proteins in solution fold in time scales ranging from microseconds to seconds.
A computational approach to folding that should work, in principle, is to use
an atom-based model for the potential energy (force ﬁeld) and to solve the timediscretized Newton equation of motion (molecular dynamics, MD [1]) from a denatured conformer to the native state in the presence of the appropriate solvent. With
the available simulation protocols and computing power, such a trajectory would
require approximately 10–100 years for a 100-residue protein where the experimental transition to the folded state takes place in about 1 ms. Hence, there is a
clear problem related to time scales and sampling (statistical error). On the other
hand, we think that current force ﬁelds, even in their most detailed and sophisticated versions, i.e., explicit water and accurate treatment of long-range electrostatic
eﬀects, are not accurate enough (systematic error) to be able to fold a protein on a
computer. In other words, even if one could use a computer 100 times faster than
the currently fastest processor to eliminate the time scale problem, most proteins
would not fold to the native structure because of the large systematic error and the
marginal stability of the folded state typically ranging from 5 to 15 kcal mol1 . Interestingly, only designed peptides of about 20 residues have been folded by MD
simulations (see Section 32.2.1) using mainly approximative models of the solvent
(see Section 32.3.4). Alternatively, protein unfolding which is a simpler process
than folding (e.g., the unfolding rate shows Arrhenius-like temperature dependence whereas folding does not because of the importance of entropy, see Section
32.2.1.2) can be simulated on shorter time scales (1–100 ns) at high temperature or
by using a suitable perturbation.
MD simulations can provide the ultimate detail concerning individual atom motion as a function of time. Hence, future improvements in force ﬁelds and simulation protocols will allow speciﬁc questions about the folding of proteins to be
addressed. The understanding at the atomic level of detail is important for a complicated reaction like protein folding and cannot easily be obtained by experiments.
Yet, experimental approaches and results are essential in validating the force ﬁelds
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and simulation methods: comparison between simulation and experimental data is
conditio sine qua non to validate the simulation results and very helpful for improving force ﬁelds.
This chapter cannot be comprehensive. Results obtained by using atom-based
force ﬁelds and MD are presented whereas lattice models [2] as well as oﬀ-lattice
coarse-grained models (e.g., one interaction center per residue) [3] are not mentioned because of size limitations. It is important to note that the impact of MD
simulations of folding and unfolding is increasing thanks to faster computers,
more eﬃcient sampling techniques, and more accurate force ﬁelds as witnessed
by several review articles [1, 4] and books [5–7].

32.2

Molecular Dynamics Simulations of Peptides and Proteins
32.2.1

Folding of Structured Peptides

Several comprehensive review articles on MD simulations of structured peptides
have appeared recently [8–10]. Here, we ﬁrst focus on simulation results obtained
in our research group and then discuss the Trp-cage, a model system that has been
investigated by others.
32.2.1.1

Reversible Folding and Free Energy Surfaces

b-Sheets The reversible folding of two designed 20-residue sequences, beta3s
and D PG, having the same three-stranded antiparallel b-sheet topology was simulated [11, 12] with an implicit model of the solvent based on the accessible surface
area [13]. The solution conformation of beta3s (TWIQNGSTKWYQNGSTKIYT)
has been studied by NMR [14]. Nuclear Overhauser enhancement spectroscopy
(NOE) and chemical shift data indicate that at 10  C beta3s populates a single
structured form, the expected three-stranded antiparallel b-sheet conformation
with turns at Gly6-Ser7 and Gly14-Ser15, (Figure 32.1) in equilibrium with the denatured state. The b-sheet population is 13–31% based on NOE intensities and 30–
55% based on the chemical shift data [14]. Furthermore, beta3s was shown to be
monomeric in aqueous solution by equilibrium sedimentation and NMR dilution
experiments [14].
D
PG is a designed amino acid sequence (Ace-VFITS D PGKTYTEV D PG-OrnKILQ-NH), where D P are d-prolines and Orn stands for ornithine. Circular dichroism and chemical shift data have provided evidence that D PG adopts the expected
three-stranded antiparallel b-sheet conformation at 24  C in aqueous solution [15].
Moreover, D PG was shown to be monomeric by equilibrium sedimentation. Although the percentage of b-sheet population was not estimated, NOE distance restraints indicate that both hairpins are highly populated at 24  C.
In the MD simulations at 300 K (started from conformations obtained by spon-
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Fig. 32.1. Number of clusters as a function of
time. The ‘‘leader’’ clustering procedure was
used with a total of 120 000 snapshots saved
every 0.1 ns (thick line and square symbols).
The clustering algorithm which uses the Ca
RMSD values between all pairs of structures
was used only for the ﬁrst 8 ms (80 000
snapshots) because of the computational
requirements (thin line and circles). The
diamond in the bottom left corner shows the

average number of conformers sampled during
the folding time which is deﬁned as the
average time interval between successive
unfolding and refolding events. The insets
show a backbone representation of the folded
state of beta3s with main chain hydrogen
bonds in dashed lines, and the average
eﬀective energy as a function of the fraction of
native contacts Q which are deﬁned in [11].
Figure from Ref. [33].

taneous folding at 360 K) both peptides satisfy most of the NOE distance restraints
(3/26 and 4/44 upper distance violations for beta3s and D PG, respectively). At a
temperature value of 360 K which is above the melting temperature of the model
(330 K), a statistically signiﬁcant sampling of the conformational space was obtained by means of around 50 folding and unfolding events for each peptide [11,
12]. Average eﬀective energy and free energy landscape are similar for both peptides, despite the sequence dissimilarity. Since the average eﬀective energy has a
downhill proﬁle at the melting temperature and above it, the free energy barriers
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are a consequence of the entropic loss involved in the formation of a b-hairpin
which represents two-thirds of the chain. The free energy surface of the b-sheet
peptides is completely diﬀerent from the one of a helical peptide of 31 residues,
Y(MEARA)6 (see below). For the helical peptide, the folding free energy barrier corresponds to the helix nucleation step, and is much closer to the fully unfolded state
than for the b-sheet peptides. This indicates that the native topology determines to
a large extent the free energy surface and folding mechanism. On the other hand,
the D PG peptide has a statistically predominant folding pathway with a sequence
of events which is the inverse of the one of the most frequent pathway for the beta3s peptide. Hence, the amino acid sequence and speciﬁc interactions between
diﬀerent side chains determine the most probable folding route [12].
It is interesting to compare with experimental results on two-state proteins. Despite a sequence identity of only 15%, the 57-residue IgG-binding domains of protein G and protein L have the same native topology. Their folded state is symmetric
and consists mainly of two b-hairpins connected such that the resulting fourstranded b-sheet is antiparallel apart from the two central strands which are parallel [16]. The f value analysis (see Section 32.2.3 for a deﬁnition of f value) of protein L and protein G indicates that for proteins with symmetric native structure
more than one folding pathway may be consistent with the native state topology
and the selected route depends on the sequence [16]. Our MD simulation results
for the two antiparallel three-stranded b-sheet peptides (whose sequence identity
is also 15%) go beyond the experimental ﬁndings for protein G and L. The MD trajectories demonstrate the existence of more than one folding pathway for each peptide sequence [12]. Interestingly, Jane Clarke and collaborators [17] have recently
provided experimental evidence for two diﬀerent unfolding pathways using the
anomalous kinetic behavior of the 27th immunoglobulin domain (b-sandwich) of
the human cardiac muscle protein titin. They have interpreted the upward curvature in the denaturant-dependent unfolding kinetics as due to changes in the ﬂux
between transition states on parallel pathways. In the conclusion of their article
[17] they leave open the question ‘‘whether what is unusual is not the existence
of parallel pathways, but the fact that they can be experimentally detected and
resolved.’’
a-Helices Richardson et al. [18] have analyzed the structure and stability of
the synthetic peptide Y(MEARA)6 by circular dichroism (CD) and diﬀerential
scanning calorimetry (DSC). This repetitive sequence was ‘‘extracted’’ from a 60amino-acid domain of the human CstF-64 polyadenylation factor which contains
12 nearly identical repeats of the consensus motif MEAR(A/G). The CD and DSC
data were insensitive to concentration indicating that Y(MEARA)6 is monomeric in
solution at concentrations up to 2 mM. The far-UV CD spectrum indicates that the
peptide has a helical content of about 65% at 1  C. The DSC proﬁles were used to
determine an enthalpy diﬀerence for helix formation of 0.8 kcal mol1 per amino
acid. The length of Y(MEARA)6 makes it diﬃcult to study helix formation by MD
simulations with explicit water molecules. Therefore, multiple MD runs were performed with the same implicit solvation model used for the b-sheet peptides [13].
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The simulation results indicate that the synthetic peptide Y(MEARA)6 assumes a
mainly a-helical structure with a nonnegligible content of p-helix [149]. This is
not inconsistent with the currently available experimental evidence [18]. A signiﬁcant p-helical content was found previously by explicit solvent molecular dynamics
simulations of the peptides (AAQAA)3 and (AAKAA)3 [19], which provides further
evidence that the p-helical content of Y(MEARA)6 is not an artifact of the approximations inherent to the solvation model.
An exponential decay of the unfolded population is common to both Y(MEARA)6
[149] and the 20-residue three-stranded antiparallel b-sheet [14] previously investigated by MD at the same temperature (360 K) [11]. The free energy surfaces of
Y(MEARA)6 and the antiparallel b-sheet peptide diﬀer mainly in the height and location of the folding barrier, which in Y(MEARA)6 is much lower and closer to the
fully unfolded state. The main diﬀerence between the two types of secondary structure formation consists of the presence of multiple pathways in the a-helix and
only two predominant pathways in the three-stranded b-sheet. The helix can nucleate everywhere, with a preference for the C-terminal third of the sequence in
Y(MEARA)6 . Furthermore, two concomitant nucleation sites far apart in the sequence are possible. Folding of the three-stranded antiparallel b-sheet peptide
beta3s started with the formation of most of the side chain contacts and hydrogen
bonds between strands 2 and 3, followed by the 1–2 interstrand contacts. The inverse sequence of events, i.e., ﬁrst formation of 1–2 and then 2–3 contacts was also
observed, but less frequently [11].
The free energy barrier seems to have an important entropic component in both
helical peptides and antiparallel b-sheets. In an a-helix, it originates from constraining the backbone conformation of three consecutive amino acids before the
ﬁrst helical hydrogen bond can form, while in the antiparallel b-sheet it is due to
the constraining of a b-hairpin onto which a third strand can coalesce [11]. Therefore, the folding of the two most common types of secondary structure seems to
have similarities (a mainly entropic nucleation barrier and an exponential folding
rate) as well as important diﬀerences (location of the barrier and multiple vs. two
pathways). The similarities are in accord with a plethora of experimental and theoretical evidence [20] while the diﬀerences might be a consequence of the fact that
Y(MEARA)6 has about 7–9 helical turns whereas the three-stranded antiparallel bsheet consists of only two ‘‘minimal blocks’’, i.e., two b-hairpins.
Non-Arrhenius Temperature Dependence of the Folding Rate
Small molecule reactions show an Arrhenius-like temperature dependence, i.e.,
faster rates at higher temperatures. Protein folding is a complex reaction involving
many degrees of freedom; the folding rate is Arrhenius-like at physiological temperatures, but deviates from Arrhenius behavior at higher temperatures [20].
To quantitatively investigate the kinetics of folding, MD simulations of two
model peptides, Ace-(AAQAA)3 -NHCH3 (a-helical stable structure) and AceV5 D PGV5-NH2 (b-hairpin), were performed using the same implicit solvation
model [13]. Folding and unfolding at diﬀerent temperature values were studied by
862 simulations for a total of 4 ms [21]. Diﬀerent starting conformations (folded
32.2.1.2
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and random) were used to obtain a statistically signiﬁcant sampling of conformational space at each temperature value. An important feature of the folding of both
peptides is the negative activation enthalpy at high temperatures. The rate constant
for folding initially increases with temperature, goes through a maximum at about
Tm , and then decreases [21]. The non-Arrhenius behavior of the folding rate is in
accord with experimental data on two mainly alanine a-helical peptides [22, 23], a
b-hairpin [24], CI2, and barnase [25], lysozyme [26, 27], and lattice simulation results [28–30]. It has been proposed that the non-Arrhenius proﬁle of the folding
rate originates from the temperature dependence of the hydrophobic interaction
[31, 32]. The MD simulation results show that a non-Arrhenius behavior can arise
at high values of the temperature in a model where all the interactions are temperature independent. This has been found also in lattice simulations [28, 29]. The
curvature of the folding rate at high temperature may be a property of a reaction
dominated by enthalpy at low temperatures and entropy at high temperatures
[30]. The non-Arrhenius behavior for a system where the interactions do not depend on the temperature might be a simple consequence of the temperature dependence of the accessible conﬁguration space. At low temperatures, an increase
in temperature makes it easier to jump over the energy barriers, which are rate
limiting. However, at very high temperatures, a larger portion of the conﬁguration
space becomes accessible, which results in a slowing down of the folding process.
Denatured State and Levinthal Paradox
The size of the accessible conformational space and how it depends on the number
of residues is not easy to estimate. To investigate the complexity of the denatured
state four molecular dynamics runs of beta3s were performed at the melting temperature of the model (330 K) for a total simulation time of 12.6 ms [33]. The simulation length is about two orders of magnitude longer than the average folding or
unfolding time (about 85 ns each), which are similar because at the melting temperature the folded and unfolded states are equally populated. The peptide is
within 2.5 Å Ca root mean square deviation (RMSD) from the folded conformation
about 48% of the time. Figure 32.1 shows the results of a cluster analysis based on
Ca RMSD. There are more than 15 000 conformers (cluster centers) and it is evident that a plateau has not been reached within the 12.6 ms of simulation time.
However, the number of signiﬁcantly populated clusters (see Ref. [12] for a detailed description) converges already within 2 ms. Hence, the simulation-length dependence of the total number of clusters is dominated by the small ones. At each
simulation interval between an unfolding event and the successive refolding event
additional conformations are sampled. More than 90% of the unfolded state conformations are in small clusters (each containing less than 0.1% of the saved snapshots) and the total number of small clusters does not reach a plateau within 12.6
ms. Note that there is also a monotonic growth with simulation time of the number
of snapshots in the folded-state cluster. After 12.6 ms (and also within each of the
four trajectories) the system has sampled an equilibrium of folded and unfolded
states despite a large part of the denatured state ensemble has not yet been explored. In fact, the average folding time converges to a value around 85 ns which
32.2.1.3
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shows that the length of each simulation is much larger than the relaxation time of
the slowest conformational change. Interestingly, in the average folding time of
about 85 ns beta3s visits less than 400 clusters (diamond in Figure 32.1). This is
only a small fraction of the total amount of conformers in the denatured state.
It is possible to reconcile the fast folding with the large conformational space by
analyzing the eﬀective energy, which includes all of the contributions to the free
energy except for the conﬁgurational entropy of the protein [11, 34]. Fast folding
of beta3s is consistent with the monotonically decreasing proﬁle of the eﬀective energy (inset in Figure 32.1). Despite the large number of conformers in the denatured state ensemble, the protein chain eﬃciently ﬁnds its way to the folded state
because native-like interactions are on average more stable than nonnative ones.
In conclusion, the unfolded state ensemble at the melting temperature is a large
collection of conformers diﬀering among each other, in agreement with previous
high temperature molecular dynamics simulations [8, 35]. The energy ‘‘bias’’
which makes fast folding possible does not imply that the unfolded state ensemble
is made up of a small number of statistically relevant conformations. The simulations provide further evidence that the number of denatured state conformations
is orders of magnitudes larger than the conformers sampled during a folding
event. This result also suggests that measurements which imply an average
over the unfolded state do not necessarily provide information on the folding
mechanism.
Folding Events of Trp-cage
Very small proteins are ideal systems to validate force ﬁelds and simulation methodology. Neidigh et al. [36] have truncated and mutated a marginally stable 39residue natural sequence thereby designing a 20-residue peptide, the Trp-cage, that
is more than 95% folded in aqueous solution at 280 K. The stability of the Trp-cage
is due to the packing of a Trp side chain within three Pro rings and a Tyr side
chain. Moreover, the C-terminal half contains four Pro residues which dramatically
restrict the conformational space, i.e., entropy, of the unfolded state [36, 37].
Four MD studies have appeared in the 12 months following the publication of
the Trp-cage structure [38–41]. All of the simulations were started from the completely extended conformation and used diﬀerent versions of the AMBER force
ﬁeld and the generalized Born continuum electrostatic solvation model [42]. Two
simulations were run with conventional constant temperature MD at 300 K [40]
and 325 K [38], a third study used replica exchange MD with a range of temperatures from 250 K to 630 K [41], and in the fourth paper distributed computing simulations at 300 K with full water viscosity were reported [39].
An important problem of the three constant temperature studies is that the Trpcage seems to fold to a very deep free energy minimum and no unfolding events
have been observed [38–40]. Moreover, only one folding event is presented by Simmerling et al. [38] and Chowdhury et al. [40]. The poor statistics does not allow to
draw any conclusions on free energy landscapes or on the folding mechanism of
the Trp-cage.
Another potential problem is the discrepancy between the most stable state
32.2.1.4
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sampled by MD and the NMR conformers. Only in two of the four MD studies
NOE distance restraints were measured along the trajectories and about 20% were
found to be violated [40, 41]. Moreover, as explicitly stated by the authors, the native state sampled by distributed computing contains a p-helix (instead of the ahelix) and the Trp is not packed correctly in the core [39]. These discrepancies
are signiﬁcant because the Trp-cage has a very small core and a rather rigid Cterminal segment.
32.2.2

Unfolding Simulations of Proteins
High-temperature Simulations
Since the early work of Daggett and Levitt [43] and Caﬂisch and Karplus [44], several other high-temperature simulation studies have been concerned with exploring protein unfolding pathways. Several comprehensive review articles exist on
this simulation protocol [45] which has been widely used since. Recent MD simulations at temperatures of 100  C and 225  C of a three-helix bundle 61-residue
protein, the engrailed homeodomain (En-HD), by Daggett and coworkers [46, 47]
have been used to analyze a folding intermediate at atomic level of detail. The unfolding half-life of the En-HD at 100  C has been extrapolated to be about 7.5 ns, a
time scale that can be accessed by MD simulations with explicit water molecules.
Also, unfolding simulations in the presence of explicit urea molecules have
shown that the protein (barnase) remains stable at 300 K but unfolds partially at
moderately high temperature (360 K) [48]. The results suggested a mechanism for
urea induced unfolding due to the interaction of urea with both polar and nonpolar
groups of the protein.
32.2.2.1

Biased Unfolding
Because of the limitations on simulation times and height of the barriers to conformational transitions in proteins, a number of methods, alternative to the use of
high, nonphysical temperatures, have been proposed to accelerate such transitions
by the introduction of an external time-dependent perturbation [49–54]. The perturbation induce the reaction of interest in a reasonable amount of time (the
strength of the perturbation is inversely proportional to the available computer
time). These methods have been used for studying not only protein unfolding at
native or realistic denaturing conditions, but also large conformational changes between known relevant conformers [51]. Their goal is to generate pathways which
are realistic, in spite of the several orders of magnitude reduction in the time required for the conformational change. They are not alternatives to methods to
compute free energy proﬁles along deﬁned pathways. The external perturbation is
usually applied to a function of the coordinates which is assumed to vary monotonically as the protein goes from the native to the nonnative state of interest. For
certain perturbations the unfolding pathways obtained have been shown to depend
on the nature of the perturbation and the choice of the reaction coordinate [52];
32.2.2.2
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this is even more the case when the perturbation is strong and the reaction is induced too quickly for the system to relax along the pathway.
A perturbation which is particularly ‘‘gentle’’ since it exploits the intrinsic thermal ﬂuctuations of the system and produces the acceleration by selecting the ﬂuctuations that correspond to the motion along the reaction coordinate has also been
used to unfold proteins [55, 56]. This perturbation has been employed, in particular, to expand a-lactalbumin by increasing its radius of gyration starting from the
native state, and generate a large number of low-energy conformers that diﬀer in
terms of their root mean square deviation, for a given radius of gyration. The resulting structures were relaxed by unbiased simulations and used as models of
the molten globule (see Chapter 23) and more unfolded denatured states of alactalbumin based on measured radii of gyration obtained from nuclear magnetic
resonance experiments [57]. The ensemble of compact nonnative structures agree
in their overall properties with experimental data available for the a-lactalbumin
molten globule, showing that the native-like fold of the a-domain is preserved and
that a considerable proportion of the antiparallel b-sheet in the b-domain is present. This indicated that the lack of hydrogen exchange protection found experimentally for the b-domain [58] is due to rearrangement of the b-sheet involving
transient populations of nonnative b-structures in agreement with more recent infrared spectroscopy measurements [59]. The simulations also provide details concerning the ensemble of structures that contribute as the molten globule unfolds
and shows, in accord with experimental data [60], that the unfolding is not cooperative, i.e., the various structural elements do not unfold simultaneously.
Forced Unfolding
Unfolding by stretching proteins individually has become routinely mainly thanks
to the advent of the atomic force microscopy technology [61]. This peculiar way of
unfolding proteins opened new perspectives on protein folding studies. Experiments are usually performed on engineered homopolyproteins, and the I27 domain from titin has become the reference system for this type of studies. Experiments measure force-extension proﬁles, and show typical ‘‘saw-tooth’’ proﬁles,
where peaks are due to the sudden unfolding of individual domains, sequentially
in time, causing a drop in the recorded force. These proﬁles are generally interpreted assuming that the unfolding event is determined by a single barrier which
is decreased by the external force. For a detailed description of the experimental
techniques and of the most recent results on forced unfolding of single molecules
(by atomic force microscopy and optical tweezers) see Chapter 31.
To provide a structural interpretation of the typical saw-tooth-like spectra measured in single molecule stretching experiments, various simulation techniques
have been proposed, where detailed all-atom models of proteins are stretched by
pulling two atoms apart [62, 63], diﬀering mainly in the way the solvent is treated.
In some cases simulation can eﬀectively explain the force patterns measured
(see Ref. [64] for a review). For all the proteins experimentally unfolded by pulling,
only a simple saw-tooth pattern has been recorded related to the sudden unfolding
32.2.2.3
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when the protein was pulled beyond a certain length, i.e., a simple two-state behavior. Simulations showed a more complex behavior [63] with possible intermediates
on the forced unfolding pathways for certain proteins.1
Simulation has been used [65] to compare forced unfolding of two protein
classes (all-b-sandwich proteins and all-a-helix bundle proteins). In particular, simulations suggested that diﬀerent proteins should show a signiﬁcantly diﬀerent
forced unfolding behavior, both within a protein class and for the diﬀerent classes
and dramatic diﬀerences between the unfolding induced by high temperature and
by external pulling forces. The result was shown to be correlated to the type of perturbation, the folding topologies, the nature of the secondary and tertiary interactions and the relative stability of the various structural elements [65]. Improvements in the AFM technique combined with protein engineering methods have
now conﬁrmed (see Chapter 31) that chemical (or thermal) and forced unfolding
occur through diﬀerent pathways and that forced unfolding is related to crossing
of a free energy barrier which might not be unique, but might change with force
magnitude or upon speciﬁc mutations [66].
It should be borne in mind, however, that the forced unfolding of proteins is a
nonequilibrium phenomenon strongly dependent on the pulling speed, and, since
time scales in simulations and experiments are very diﬀerent, the respective pathways need not to be the same. Recently, through a combination of experimental
analysis and molecular dynamics simulations it has been shown that, in the case
of mechanical unfolding, pathways might eﬀectively be the same in a large range
of pulling speeds or forces [67, 68], thus providing another demonstration of the
robustness of the energy landscape (i.e., the funnel-like shape of the free energy
surface sculpted by evolution is not aﬀected by the application of even strong perturbations [69, 70]). In two recent papers [71, 72] it has been shown that proteins
resist diﬀerently when pulled in diﬀerent directions. In both cases the experiments
have been complemented with simulations, with either explicit or implicit solvents.
In both cases the behavior observed experimentally is qualitatively reproduced.
This fact strongly suggests, although does not prove it, that in this particular case
the forced unfolding mechanisms explored in the simulations is the same as that
which determines the experimentally measured force.
Diﬀerence between solvation models is discussed in detail in Section 32.3.4 in
the context of forced unfolding simulations, the disadvantage of an explicit solvation model [62, 72, 73] relative to an implicit [63, 65, 67, 68, 71] is not only that of
being much slower, but also to provide an environment which relaxes slowly relative to the fast unraveling of the protein under force. Moreover, properly hydrating
with explicit water a partially extended protein requires a large quantity of water,
thus requiring a very large amount of CPU time for a single simulation. Implicit
solvent models, on the other hand, allow unfolding to be performed at much lower
1) The presence of ‘‘late’’ intermediates on the

forced unfolding pathway was ﬁrst observed
[63] in the 10th domain of ﬁbronectin type III
from ﬁbronectin (FNfn3). A more complex
pattern than equally spaced peaks in the force
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forces (or pulling speeds) and multiple simulations to be used to study the dependence of the results on the initial conditions and/or on the applied force.
32.2.3

Determination of the Transition State Ensemble

The understanding of the folding mechanism has crucially advanced since the
development of a method which provide information on the transition state [74]
(see Chapter 13). The method allows the structure of the transition state at the
level of single residue to be probed by measuring the change in folding and unfolding rates upon mutations. The method provides a so-called f-value for each of the
mutated residues which is a measure of the formation of native structure around
the residue: a f-value of 1 suggests that the residue is in a native environment at
the transition state while a f-value of 0 can be interpreted as a loss of the interactions of the residue at the transition state. Fractional f-values are more diﬃcult to
interpret, but have been shown to arise from weakened interactions [75] and not
from a mixture of species, some with fully formed and some with fully broken
interaction.
As we discussed in Section 32.2.2.1, the use of high temperature makes it possible to observe the unfolding of a protein by MD on a time scale which can be simulated on current computers. Valerie Daggett and collaborators [76] ﬁrst had the
idea of performing a very high-temperature simulation and looking for a sudden
change in the structure of the protein along the trajectory, indicating the escape
from the native minimum of the free energy surface. The collections of structures
around the ‘‘jump’’ were assumed to constitute a sample of the putative transition
state. Assuming that the experimental f-values correspond in microscopic terms to
fraction of native contacts, they found a good agreement between calculated and
experimental values. This approach was initially applied to the protein CI2, a small
two-state proteins which has been probably the most thoroughly studied by experimental f-value analysis; it has been subsequently improved and extended to the
study of several proteins for which experimental f-values were available (see Ref.
[77] for review and other references).
Another related method has been used recently [78] to unfold a protein by hightemperature simulation (srcSH3 in the speciﬁc case) and determine a putative
transition state by looking for conformations where the diﬀerence between calculated and experimental f-values was smallest.
Both methods presented above have the advantage of providing structures extracted from an unfolding trajectory and thus the fast refolding or complete unfolding from these structures (a property of transition states) has been reported
[78, 79]. But both approaches only provide few transition state structures, because
a long simulation is required to generate each member of the transition state ensemble, while the transition state can be a quite broad ensemble for some proteins
[80].
In a recent development, it has been shown that the amount of information that
can be obtained from experimental measurements can be expanded further by
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Fig. 32.2. Comparison between the native
state structure (left) and the most representative structures of the transition state ensemble
of AcP, determined by all-atom molecular
dynamics simulations [82]. Native secondary

structure elements are show in color (the two
a-helices are plotted in red and the b-sheet in
green). The three key residues for folding are
shown as gold spheres [81, 82]. Figure from
Ref. [69].

using the data to build up phenomenological energy functions to bias computer
generated trajectories. With this approach (see Section 32.3.2 for a more detailed
description of the technique), conformations compatible with experimental data
are determined directly during the simulations [81, 82], rather than being obtained
from ﬁltering procedures such as those discussed above [78]. The incorporation of
experimental data into the energy function creates a minimum in correspondence
of the state observed experimentally and therefore allows for a very eﬃcient sampling of conformational space. The transition state for folding of acylphosphatase
(see Figure 32.2) was determined in this way [81, 82], showing that the network
of interactions that stabilize the transition state is established when a few key residues form their native-like arrangement.
Based on this computational technique, a general approach in which theory and
experiments are combined in an iterative manner to provide a detailed description
of the transition state ensemble has been recently proposed [83]. In the ﬁrst iteration, a coarse-grained determination of the transition state ensemble (TSE) is carried out by using a limited set of experimental f-values as constraints in a molecular dynamics simulation. The resulting model of the TSE is used to determine the
additional residues whose f-value measurement would provide the most information for reﬁning the TSE. Successive iterations with an increasing number of fvalue measurements are carried out until no further changes in the properties of
the TSE are detected or there are no additional residues whose f-values can be
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measured. The method can be also used to ﬁnd key residues for folding (i.e., those
that are most important for the formation of the TSE).
The study of the transition state represents probably the most interesting example of how experiment and molecular dynamics simulations complement each
other in understanding and visualizing the folding mechanisms in terms of relevant structures involved. Simulations are performed with approximate force ﬁelds
and unfolding induced using artiﬁcial means (such as high temperature or other
perturbations). At this stage in the development of MD simulations, the experiment provides evidence that what is observed in silico is consistent with what happens in vitro. On the other hand, and particularly in the case in which the full ensemble of conformations compatible with the experimental results is generated
[82, 83], the simulation suggests further mutations to increase the resolution of
the picture of the transition state, and allows detailed hypothesis of the mechanisms, such as the identity and structure of the residues involved in the folding
nucleus [150].

32.3

MD Techniques and Protocols
32.3.1

Techniques to Improve Sampling

A thorough sampling of the relevant conformations is required to accurately describe the thermodynamics and kinetics of protein folding. Since the energetic
and entropic barriers are higher than the thermal energy at physiological temperature, standard MD techniques often fail to adequately sample the conformational
space. As already mentioned in this chapter, even for a small protein it is currently
not yet feasible to simulate reversible folding with a high-resolution approach (e.g.,
MD simulations with an all-atom model). The practical diﬃculties in performing
such brute force simulations have led to several types of computational approaches
and/or approximative models to study protein folding. An interesting approach is
to unfold starting from the native structure [84–86] but detailed comparison with
experiments [47] is mandatory to make sure that the high-temperature sampling
does not introduce artifacts. In addition, a number of approaches to enhance sampling of phase space have been introduced [87, 88]. They are based on adaptive
umbrella sampling [89], generalized ensembles (e.g., entropic sampling, multicanonical methods, replica exchange methods) [90], modiﬁed Hamiltonians [91–
93], multiple time steps [94], or combinations thereof.
Replica Exchange Molecular Dynamics
Replica exchange is an eﬃcient way to simulate complex systems at low temperature and is the simplest and most general form of simulated tempering [95]. Sugita and Okamoto have been the ﬁrst to extend the original formulation of replica
exchange into an MD-based version (REMD), testing it on the pentapeptide Met32.3.1.1
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enkephalin in vacuo [96]. The basic idea of REMD is to simulate diﬀerent copies
(replicas) of the system at the same time but at diﬀerent temperatures values.
We recently applied a REMD protocol to implicit solvent simulations of a 20residue three-stranded antiparallel b-sheet peptide (beta3s) [97]. Each replica
evolves independently by MD and every 1000 MD steps (2 ps), states i; j with
neighbor temperatures are swapped (by velocity rescaling) with a probability wij ¼
expðDÞ [96], where D 1 ðb i  b j ÞðEj  Ei Þ, b ¼ 1=kT and E is the potential energy.
During the 1000 MD steps the Berendsen thermostat [98] is used to keep the temperature close to a given value. This rather tight coupling and the length of each
MD segment (2 ps) allow the kinetic and potential energy of the system to relax.
High temperature simulation segments facilitate the crossing of the energy barriers while the low-temperature ones explore in detail the conformations present
in the minimum energy basins. The result of this swapping between diﬀerent temperatures is that high-temperature replicas help the low-temperature ones to jump
across the energy barriers of the system. In the beta3s study eight replicas were
used with temperatures between 275 and 465 K [97].
The higher the number of degrees of freedom in the system the more replicas
should be used. It is not clear how many replicas should be used if a peptide or
protein is simulated with explicit water. The transition probability between two
temperatures depends
on the overlap of the energy histograms. The histograms’
pﬃﬃﬃﬃ
width depends on 1= N (where N is the size of the system). Hence, the number
of replicas required to cover a given temperature range increases with the size.
Moreover, in order to have a random walk in temperature space (and then a random walk in energy space which enhances the sampling), all the temperature
exchanges should occur with the same probability. This probability should be at
least of 20–30%. To optimize the eﬃciency of the method, one should ﬁnd the
best compromise between the number of replicas to be used, the temperature
space to cover and the acceptance ratios for temperature exchanges. In the literature there is no clear indication about the selection of temperatures and empirical
methods are usually applied (weak point of the method). The choice of the boundary temperatures depends on the system under study. The highest temperature has
to be chosen in order to overcome the highest energy barriers (probably higher in
explicit water) separating diﬀerent basins; the lowest temperature to investigate the
details of the diﬀerent basins.
Sanbonmatsu and Garcia have applied REMD to investigate the structure of Metenkephalin in explicit water [99] and the a-helical stabilization by the arginine side
chain which was found to originate from the shielding of main-chain hydrogen
bonds [100]. Furthermore, the energy landscape of the C-terminal b-hairpin of
protein G in explicit water has been investigated by REMD [101, 102]. Recently, a
multiplexed approach with multiple replicas for each temperature level has been
applied to large-scale distributed computing of the folding of a 23-residue miniprotein [103]. Starting from a completely extended chain, conformations close to the
NMR structures were reached in about 100 trajectories (out of a total of 4000) but
no evidence of reversible folding (i.e., several folding and unfolding events in the
same trajectory) was presented [103].
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Methods Based on Path Sampling
A very promising computational method, called transition path sampling (reviewed
in Ref. [104]) has been recently used [105] to study the folding of a b-hairpin in
explicit solvent. The method allows in principle the study of rare events (such as
protein folding) without requiring knowledge of the mechanisms, reaction coordinates, and transition states. Transition path sampling focuses on the sampling not
of conformations but of trajectories linking two conformations or regions (possibly
basins of attraction) in the conformational space. Other methods focus on building
ensemble of paths connecting states; the stochastic path approach [106] and the reaction path method [107] have been also used to study the folding of peptides and
small proteins in explicit solvent. The stochastic path ensemble and the reaction
path methods introduce a bias in the computed trajectories but allow the exploration of long time scales. All the methods mentioned above are promising but rely
on the choice of a somewhat arbitrary initial unfolded conformation beside the ﬁnal native one.
32.3.1.2

32.3.2

MD with Restraints

A method to generate structures belonging to the TSE ensemble discussed in Section 32.2.3 consists in performing molecular dynamics simulations restrained with
a pseudo-energy function based on the set of experimental f-values. The f-values
are interpreted as the fraction of native contacts present in the structures that contribute to the TSE. With this restraint the TSE becomes the most stable state on the
potential energy surface rather than being an unstable region, as it is for the true
energy function of the protein. This procedure is conceptually related to that used
to generate native state structures compatible with measurements from nuclear
magnetic resonance (NMR) experiments, in that pseudo-energy terms involving experimental restraints are added to the protein force ﬁeld [108, 109]. The main difference is that an approach is required to sample a broad state compatible with
some experimental restraints, rather than a method to search for an essentially
unique native structure.
The method is based on molecular dynamics simulations using an all-atom
model of the protein [110, 111] and an implicit model for the solvent [112] with
an additional term in the energy function:

r¼

1 X
exp
ðf  fi Þ 2
Nf i A E i

ð1Þ
exp

where E is the list of the Nf available experimental f-values, fi . The f i -value of
amino acid i in the conformation at time t is deﬁned as

fi ðtÞ ¼
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where Ni ðtÞ is the number of native contacts of i at time t and N inat the number of
native contacts of i in the native state.
Molecular dynamics simulations are then performed to sample all the possible
structures compatible with the restraints. The structures thus generated are not
necessarily at the transition state for folding for the potential used. They provide
instead a structural model of the experimental transition state, including all possible structures compatible with the restraints derived from the experiment. The experimental information provided by the f-values might not be enough to restrain
the sampling to meaningful structures (e.g., when only few mutations have been
performed). In such circumstance, other experimentally measured quantities,
such as the m-value, which is related to the solvent accessible surface, must be
used to restrain the sampling or to a posteriori select meaningful structures.
This type of computational approach relies on the assumption implicit in Eq. (2).
This consists in approximating a f-value, measured as a ratio of free energy variations upon mutation, as a ratio of side-chain contacts. A deﬁnition based on sidechains is appropriate since experimental f-values are primarily a measure of the
loss of side-chain contacts at the transition state, relative to the native state. Although simply counting contacts, rather than calculating their energies, is a crude
approximation [113], it has been shown that there is a good correlation between
loss of stability and loss of side-chain contacts within about 6 Å on mutation
[114]. Also, Shea et al. [115] have found in their model calculations that this approximation for estimating f-values from structures is a good one under certain
conditions. A more detailed relation between experimental f-values and atomic
contacts could in principle be established by using the energies of the all-atom contacts made by the side chain of the mutated amino acid.
The same approach can be extended to generate the structures corresponding to
other unfolded or intermediate states as the site-speciﬁc information provided by
the experiment is steadily increasing (see Chapters 20 and 21).
32.3.3

Distributed Computing Approach

As mentioned in the introduction, the problem of simulating the folding process
of any sequence from a random conformation is mainly a problem of potentials
and computer time. Duan and Kollman [116] have showed that a huge eﬀort in
parallelizing (on a medium-scale, 256 processors) an MD code and exploiting for
several months a several million dollars computer (a Cray T3E) could lead to the
simulation of 1 ms of the small protein villin headpiece. Even approaching the typical experimental folding times (which is, however, larger than 1 ms for most proteins), a statistical characterization of the folding process is still impossible in the
foreseeable future.
Developing a large-scale parallelization method seems the most viable approach,
as the cost of fast CPUs decreases steadily and their performances approach those
of much more expensive mainframes. Time being sequential, MD codes are not
massively parallelizable in an eﬃcient way. A good scaling is usually obtained for
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large systems with explicit water and a relatively small number of processors (between 2 and 100, depending on the program and the problem studied). One
approach has been proposed that allows the scalability of a MD simulation to be
pushed to the level of being able to use eﬃciently a network of heterogeneous and
loosely connected computer [117]. The approach (called distributed computing) exploits the stochastic nature of the folding process. In general protein folding involves the crossing of free energy barriers. The approach is most easily understood
assuming that the proteins have a single barrier and a single exponential kinetic
(which is the case for a large number of small proteins [118]). The probability that
a protein is folded after a time t is PðtÞ ¼ 1  expðktÞ, where k is the folding rate.
Thus, for short times, and considering M proteins or independent simulations, the
probability of observing a folding event is Mkt. So, if M is large, there is a sizable
probability of observing a folding event on simulations much shorter than the time
constant of the folding process [119]. The folding rate could then in principle be
estimated by running M independent simulations (starting from the completely
extended conformation with diﬀerent random velocities) for a time t and counting
the number N of simulations which end up in the folded state as k ¼ N=ðMtÞ.
Simulations have been reported where the folding rate estimated in this way
(assuming that partial refolding counts as folding) is in good agreement with the
experimental one (see, for example, Ref. [39]).
However, it has been argued [120] that even for simple two-state proteins, folding has a series of early conformational steps that lead to lag phases at the beginning of the kinetics. Their presence can bias short simulations toward selecting
minor pathways that have fewer or faster lag steps and so miss the major folding
pathways. This fact has been clearly observed by comparing equilibrium and fast
folding trajectories simulations [121] for a 20-residue three-stranded antiparallel
b-sheet peptide (beta3s). It was found that the folding rate is estimated correctly
by the distributed computing approach when trajectories longer than a fraction of
the equilibrium folding time are considered; in the case of the 20-residue peptide
studied within the frictionless implicit solvation model used for the simulations,
this time is about 1% of the average folding time at equilibrium. However, careful
analysis of the folding trajectories showed that the fastest folding events occur
through high-energy pathways, which are unlikely under equilibrium conditions
(see Section 32.2.1.1). Along these very fast folding pathways the peptide does not
relax within the equilibrium denatured state which is stabilized by the transient
presence of both native and nonnative interactions. Instead, collapse and formation
of native interactions coincides and, unlike at equilibrium, the formation of the
two b-hairpins is nearly simultaneous.
These results demonstrate that the ability to predict the folding rate does not
imply that the folding mechanisms are correctly characterized: the fast folding
events occur through a pathway that is very unlikely at equilibrium. However, extending the time scale of the short simulations to 10% of the equilibrium folding
time, the folding mechanism of the fast folding events becomes almost indistinguishable from equilibrium folding events. It must be stressed that this result is
not general but concerns the speciﬁc peptide studied; the explicit presence of sol-
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vent molecule (and the consequent friction), might decrease the diﬀerences between equilibrium and shortest folding events. Unfortunately, this kind of validation of the distributed computing approach is not possible for a generic protein in
a realistic solvent, as equilibrium simulations are not feasible.
An alternative method to use many processors simultaneously to access time
scales relevant in the folding process by MD simulations has recently been proposed by Settanni et al. [122]. The method is based on parallel MD simulations
that are started from the denatured state; trajectories are periodically interrupted,
and are restarted only if they approach the transition (or some other target) state.
In other words, the method choses trajectories along which a cost function decreases. The eﬀectiveness of such an approach was shown by determining the
transition state for folding an SH3 domain using as cost function the deviation between experimental and computed f-values (Eq. (1) in Section 32.3.2). The method
can eﬃciently use a large number of computers simultaneously because simulations are loosely coupled (i.e., only the comparison between ﬁnal conformations,
needed periodically to choose which trajectory to restart, involve communications
between CPUs). This method can also be extended to complex nondiﬀerentiable
cost functions.
32.3.4

Implicit Solvent Models versus Explicit Water

Incorporating solvent eﬀects in MD and Monte-Carlo simulations is of key importance in quantitatively understanding the chemical and physical properties of
biomolecular processes. Accurate electrostatic energies of proteins in an aqueous
environment are needed in order to discriminate between native and nonnative
conformations. An exact evaluation of electrostatic energies considers the interactions among all possible solute–solute, solute–solvent, and solvent–solvent pairs
of charges. However, this is computationally expensive for macromolecules. Continuum dielectric approximations oﬀer a more tractable approach [123–127]. The
essential concept in continuum models is to represent the solvent by a high dielectric medium, which eliminates the solvent degrees of freedom, and to describe the
macromolecule as a region with a low dielectric constant and a spatial charge distribution. The Poisson equation provides an exact description of such a system.
The increase in computation speed for a ﬁnite diﬀerence solution of the Poisson
equation [128–131] with respect to an explicit treatment of the solvent is remarkable but still not enough for eﬀective utilization in computer simulations of macromolecules. The generalized Born (GB) model was introduced to facilitate an eﬃcient evaluation of continuum electrostatic energies [42]. It provides accurate
energetics and the most eﬃcient implementations are between ﬁve and ten times
slower than in vacuo simulations [132–134]. The essential element of the GB
approach is the calculation of an eﬀective Born radius for each atom in the system
which is a measure of how deeply the atom is buried inside the protein. This information is combined in a heuristic way to obtain a correction to the Coulomb law
for each atom pair [42]. For the integration of energy density, necessary to obtain
the eﬀective Born radii, both numerical [42, 132, 135] and analytical [134, 136, 137]
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implementations exist. The former are more accurate but slower than the latter
[135]. Moreover, analytical derivatives that are required for MD simulations are
not given by numerical implementations.
For eﬃciency reasons empirical dielectric screening functions are the most common choice in MD simulations with implicit solvent. One kind of solvation model
is based on the use of a dielectric function that depends linearly on the distance r
between two charges ðeðrÞ ¼ arÞ [138, 139] or has a sigmoidal shape [140, 141]. Although very fast, these options suﬀer from their inability to discriminate between
buried and solvent exposed regions of a macromolecule and are therefore rather
inaccurate. A distance and exposure dependent dielectric function has been proposed [142]. Recently, an approach based on the distribution of solute atomic volumes around pairs of charges in a macromolecule has been proposed to calculate
the eﬀective dielectric function of proteins in aqueous solution [143].
The simulation results presented in Section 32.2.1 were obtained using an implicit solvent model based on a fast analytical approximation of the solvent accessible surface (SAS) [13] and the CHARMM force ﬁeld [110]. The former drastically
reduces the computational cost with respect to an explicit solvent simulation. The
SAS model is based on the approximation proposed by Lazaridis and Karplus [112]
for dielectric shielding due to the solvent, and the surface area model for the hydrophobic eﬀect introduced by Eisenberg and McLachlan [144]. Electrostatic screening
eﬀects are approximated by a distance-dependent dielectric function and a set of
partial charges with neutralized ionic groups [112]. An approximate analytical expression [145] is employed to calculate the SAS because an exact analytical or numerical computation of the SAS is too slow to compete with simulations in explicit
solvent. The SAS model is based on the assumptions that most of the solvation energy arises from the ﬁrst water shell around the protein [144] and that two atomic
solvation parameters are suﬃcient to describe these eﬀects at a qualitative level
of accuracy. Within these assumptions, the SAS energy term approximates the
solute–solvent interactions (i.e., it should account for the energy of cavity formation, solute–solvent dispersion interactions, and the direct (or Born) solvation of
polar groups). The two atomic solvation parameters were optimized by performing
1 ns MD simulations at 300 K on six small proteins [13]. It is important to underline that the structured peptides discussed in Section 32.2.1 were not used for the
calibration of the SAS atomic solvation parameters. The SAS model is a good approximation for investigating the folded and denatured state (large ensemble of
conformers) of structured peptides. Its limitations, in particular for highly charged
peptides and large proteins, have been discussed [13].
The most detailed and physically sound approaches (e.g., explicit solvent and
particle mesh Ewald treatment of the long-range electrostatic interactions [146])
are still approximations and might introduces artifacts (see, for example, Ref.
[147]). All solvation models, even those computationally most expensive, are approximations and their range of validity is diﬃcult to explore. It is likely that most
proteins will unfold fast relative to the experimental time scale if one could aﬀord
long (e.g., 100 ns) explicit water MD simulations even at room temperature. Some
evidence of this instability has been recently published [148].
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32.4

Conclusion

It is a very exciting time for studying protein folding using multidisciplinary approaches rooted in physics, chemistry, and computer science. The time scale gap
between folding in vitro and in silico is being continuously reduced and this will
bring interesting surprises. We expect an increasing role of MD simulations in
the elucidation of protein folding thanks to further improvements in force ﬁelds
and solvation models.
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