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Abstract
Is an all-atom representation for protein and solvent necessary for simulating protein folding kinetics or can simpler models reproduce
the results of more complex models? This question is relevant not just for simulation methodology, but also for the general understanding
of the chemical details relevant for protein dynamics. With recent advances in computational methodology, it is now possible to simulate
the folding kinetics of small proteins in all-atom detail. Therefore, with both detailed and simpliﬁed models of folding in hand, the outstanding questions are what the diﬀerences in these models are for the description of protein folding dynamics, and how we can quantitatively compare the folding mechanisms found in the models. To address the outstanding problem of how to determine the diﬀerences
between folding mechanism in a sensitive and quantitative manner, we suggest a new method to quantify the non-linear correlation in
folding commitment probability (Pfold) values. We use this method to probe the diﬀerences between a wide range of models for folding
simulations, ranging from coarse grained G
o models to all-atom models with implicit or explicit solvation. While the diﬀerences between
less-detailed models (G
o and implicit solvation models) and explicit solvation models are large, the diﬀerences within various explicit
solvation models appear to be small, suggesting that the discrete nature of water may play a role in folding kinetics.
 2005 Elsevier B.V. All rights reserved.
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1. Introduction
The study of protein folding dynamics has long been a
target for many computational chemists and biologists.
Until very recently, folding studies have usually adopted
computationally less demanding implicit solvent models
[1]. While explicit solvent has also been used, it has typically been restricted to fast unfolding dynamics at very
high temperatures [2] or free energy methods [3,4], primarily due to the enormous demands on the processor
power. However, with advances in computer technology
[5], such as algorithms that can harness the power of
new distributed computing technology [6,7], it has now
become possible to directly simulate folding dynamics in
explicit solvent with tens to hundreds of microseconds
*
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of aggregate sampling [8,9]. Accordingly, with the newly
found ability to simulate folding with explicit solvent
models, we now have the opportunity to investigate how
more detailed models aﬀect the nature of the mechanism
of folding.
Since the fact that a model is computationally demanding does not guarantee its accuracy [10], a comparison between simulations cannot directly clarify which model is
more accurate – such a comparison can only be achieved
by a quantitative comparison with experiment. Instead,
our goal is to test the role of chemical detail: if simpler
models agree with more complex models, it suggests that
the details present in complex models do not play a significant role in the folding mechanism and simpler models
should be suﬃcient to understand protein folding. If the
models disagree, then we have direct evidence that chemical
detail can play a signiﬁcant role and we would be able to
identify the critical elements leading to the diﬀerences in
these models.
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There have been a number of reports regarding the comparison between implicit and explicit solvent models. For
example, Bursulaya and Brooks applied the free energy
landscape approach [4] to a b-sheet protein reporting overall agreements between the two models with minor discrepancies [11]. On the other hand, Zhou and Berne found
signiﬁcant diﬀerence for a b-hairpin with the implicit model
making erroneous salt bridges between charged residues
[12,13]. In this regard, obtaining more detailed and thorough comparisons will be important for understanding
the models.
Moreover, these previous works underscore the great
challenges involved with a quantitative comparison between solvent models. Unlike other properties relevant to
biomolecules, such as the comparison of solvent models
for thermodynamics calculations (or solvation free energy)
[10,14,15], it is not obvious how to quantitatively compare
solvent models in protein folding dynamics. Namely, what
quantities must one compare to evaluate whether folding
dynamics is similar? In the case of solvation free energy,
there is a clear target for quantitative comparison (the solvation free energy itself), and experimental data is usually
available as a reference. In folding dynamics, where the
materials of comparison are ensembles of trajectories, the
means to perform a direct comparison is conceptually unclear. A natural choice is the comparison of folding rates
from diﬀerent models with experiment. The failure to
quantitatively predict the rate likely signals some shortcomings in the model, which may imply additional failures
beyond the prediction of rates. However, it is also possible
that a set of models can agree on the rate of folding but disagree on mechanistic aspects. Indeed, it has been recently
shown that the folding rates obtained with an implicit
and an explicit solvent models were in agreement even
though aspects of the folding mechanism and the characteristics of the transition states were in disagreement [8].
Such an ambiguity might be avoided by using trajectories themselves in the comparison. However, a quantitative
comparison of trajectories is not trivial. Protein folding is
non-processive: the series of snapshots of a trajectory does
not monotonically drift from the unfolded to the folded
state. The inherent randomness in this diﬀusive process is
a great obstacle in obtaining a meaningful comparison.
Moreover, even if a comparison between two trajectories
is obtained, it is not statistically meaningful unless the transition path ensemble is calculated, and obtaining such an
ensemble is still a very demanding task [16].
The comparison of folding dynamics from diﬀerent
models could become relatively easy if one can obtain
the high dimensional free energy surface of folding in
each model. The drawback of this approach lies in the
fact that obtaining a reliable free energy surface is another
demanding process and one must typically make assumptions of relevant reaction coordinates and calculate the
free energy projected onto these coordinates. Indeed, the
reaction coordinates chosen could themselves also impact
the results [17].
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Here, we propose an alternative means to compare folding kinetics. It uses a new method to quantify the non-linear
correlation in conformation speciﬁc folding probability
(Pfold). Pfold is deﬁned as the probability that a given conformation will commit to the folded state before reaching the
unfolded state [18]. As will be shown in the following section, the correlation of Pfold from diﬀerent simulations is
usually non-linear, and its observation enables us to predict
the change of free energy surface with diﬀerent models. In
this work, we report extensive Pfold comparisons between
many diﬀerent protein and solvent models for a small protein folding. By examining a range of diﬀerent models, such
comparisons should reveal the role of detail in the folding
mechanism predicted by these folding simulations.
Why would one examine Pfold versus other degrees of
freedom which may be kinetically relevant? In general,
choosing kinetically relevant degrees of freedom is a great
challenge [16]. One test of whether a putative reaction coordinate is kinetically relevant is to investigate its correlation
with Pfold [19,20]. Therefore, while a Pfold calculation is
very computationally demanding, one can beneﬁt from its
examination because Pfold is, by construction, a kinetically
relevant degree of freedom. Moreover, Pfold correlation is a
sensitive measure of changes in the mechanism: a shift or
broadening of the primary rate limiting free energy barrier
for folding will lead to a signiﬁcant change in Pfold values.
Thus, if there is a strong correlation in Pfold, the kinetics is
highly related and the mechanism is essentially identical.
In addition, we stress that Pfold correlations may not be
necessarily linear. Rhee et al. [8] interpreted a non-linear
Pfold correlation as a signiﬁcant deviation in the folding
mechanism. Below, we present a simple theory to greatly
enhance this interpretation, by deconvoluting issues of simple transformations of the kinetics (e.g., a shift in the transition state) from more complex changes in the dynamics.
2. Methods
2.1. How to quantify the change in folding mechanism: a new
scheme for ﬁtting a non-linear Pfold correlation
The use of the commitment probability (Pfold) to study
protein folding dates back to the study by Du et al. [18],
where they found that Pfold can be chosen as a transition
coordinate along which the reaction progresses most
slowly. Based on this, it was also shown that the validity
of using other geometrical parameters such as the number
of native contacts could be veriﬁed from their correlations
with the transmission probability. Since kinetically relevant
degrees of freedom correlate with Pfold, it is in fact the natural degree of freedom to examine for comparing the nature of folding kinetics. Indeed, it has been further found
that this folding commitment probability has a strong
dependence on the shape of the free energy surface
[19,21,22], and accordingly, the deviations in Pfold with
changes in the protein and/or solvent model can be used
to map the change in the free energy surface.
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In a one-dimensional free energy barrier model of folding, the change of the free energy barrier from using diﬀerent models is closely related to the non-linearity in the
correlation between Pfold values (see Fig. 1(a)). In reality,
protein folding is a complicated reaction in a multi-dimensional free energy surface, and the correlation will likely
have scatter in a band as shown in Fig. 1(b) unless the multi-dimensional free energy surface is uniformly shifted by
the use of the diﬀerent model. Therefore, by observing
the correlation between Pfold values from diﬀerent models,
one can estimate the eﬀect of using the diﬀerent models on
protein folding dynamics and the related multi-dimensional
free energy surface.
In this regard, we wish to develop a means to deconvolute the simple diﬀerences in free energy surfaces (such as
shifts in the transition state) from more complex diﬀerences
in kinetics. To do so, we describe the surface with a onedimensional model of the surface with a simple quadratic
free energy barrier G(x) = x2. In this case, the folding
probability in the original surface is given as
R x by 2
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Fig. 1. Schematic illustration Pfold correlations between diﬀerent folding
free energy surface: (a) one-dimensional case and (b) multi-dimensional
case. Horizontal axis represents Pfold from one model (blue surfaces in the
insets), and the vertical axis represents Pfold from another model (red
surfaces in the insets). The one-dimensional case is drawn with actual data.
(For interpretation of the references to colour in this ﬁgure legend, the
reader is referred to the web version of this article.)

In the ﬁrst order approximation, the change of potential
can be described with the shift of the transition state position xTS and the width of potential r, or
x  x 2
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By ﬁtting the correlation ðP fold ; P 0fold Þ, one can obtain the
change in xTS and r. Also, the scatter of data is obtained
with the root mean square (RMS) deviation of the data
from the ﬁt (d). Physically, these variables are the means
to describe the shift of the transition state, change of the
barrier width, and the distortion of the free energy barrier,
respectively.
2.2. Simulation methods
We compare models by studying the folding of BBA5, a
23-residue mini-protein designed and characterized by
Imperiali group [23,24]. We have chosen BBA5 since it is
a small, yet stable and structurally well deﬁned protein.
Moreover, BBA5 has been recently simulated [8] with the
Garcia–Sanbonmatsu modiﬁed version (AMBER-GS [25])
of the AMBER94 protein force ﬁeld [26] and the TIP3P
water model [27]. In this work, folding probabilities were
calculated for 80 conformations along the reported 13 folding trajectories from the original explicit solvent simulation
[8]. The folding probability was also calculated in several
other models: TIP4P, M20, and M24 explicit solvation,
GB/SA implicit solvation, and coarse grained and hybrid
G
o models. The M20 and M24 models are TIP3P variants
which have been designed to reduce the error in solvation
free energies of amino acid side chain analogs [10] (see Table
1 for parameters). The coarse grained BBA5 G
o model simulations followed the protocol of Clementi and co-workers
[28]. Finally, a hybrid G
o/AMBER-GS/TIP3P model was
used to test the sensitivity of physical force ﬁelds to G
o
model interactions; this hybrid model used a Hamiltonian
which was a linear sum of the all-atom AMBER-GS model
and an all-atom G
o model (see Appendix A for details).
To measure the folding probability of any given conformation, 100 independent molecular dynamics simulations
were performed with randomly chosen initial velocities.
With 100 samples, the standard deviation in the calculated
Pfold is 0.05 or less in all cases. For each trajectory, the simulation was continued for 5 ns. After 5 ns, more than 90%
of the trajectories committed either to the native or to the
folded state. The criteria of folded and unfolded states were
the same as in the previous report [8]. Namely, a conformation was considered to be folded if it has both low a-carbon
root mean square distance (RMSDCa) from the native
structure (<3.1 Å) and well-formed secondary structure (a
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Table 1
Parameters and properties of the water models examined
Model

e (kcal/mol)

r (Å)

Density (g/cm3)

DHvap (kcal/mol)

Mean error (kcal/mol)

RMS error (kcal/mol)

TIP4P
TIP3P
M20
M24
GB/SA*

0.1555
0.1521
0.20
0.24
–

3.1536
3.1506
3.120
3.111
–

0.9997
0.9859
0.9976
0.9976
–

10.412
10.091
10.044
9.948
–

0.71
0.5
0.18
0.00
0.63*

0.82
0.64
0.37
0.36
0.98*

*

Mean and RMS errors were calculated using Val, Ile, Ser, Asn, Met, and Phe sidechain analogs using data from [33].

hairpin and a helix). A conformation was considered to be
unfolded when RMSDCa is high (>4.0 Å) and the secondary structure is broken. These RMSDCa cutoﬀ values were
obtained from bimodal RMSDCa distribution with simulations started from the native structure in TIP3P water. Native state boundary is selected as one standard deviation
above the average of the low RMSDCa component of the
distribution, while the unfolded boundary is chosen as
one-standard deviation below the average of the high
RMSDCa component (see [8] for details). The total simulation time in this work is 500 ls, which would require
more than 500 CPU years on a modern personal computer.
Using a fraction of 170,000 CPUs on Folding@Home,
the entire calculation took approximately one wall-clock
month.
The dependence of the folding probability on diﬀerent
models was measured as follows. For implicit solvent models, only the protein molecules were taken from the original
simulation boxes. For diﬀerent explicit solvent models, the
protein molecules were taken from the original boxes and
re-solvated with a pre-equilibrated box of corresponding
solvent molecules. A total of 3938 water molecules were
added with a chloride ion in a cubic box of 50 Å length
on each side. This re-solvated system was equilibrated
using 100 steps of steepest descent energy minimization followed by 100 ps of molecular dynamics. During this equilibration process, the protein coordinates were ﬁxed in
space to prevent any conformational change in the protein
molecule. This re-solvating approach assumes that Pfold is
independent of the solvent ﬂuctuations (or equivalently, it
assumes that protein degrees of freedom and solvent degrees of freedom are separated). This assumption was successfully tested by calculating the dependence of Pfold on
solvent ﬂuctuations (see Appendix A).
Simulations with explicit solvent molecules were performed at constant temperature and pressure (298 K,
1 atm) using the GROMACS molecular dynamics suite
[5] modiﬁed for the Folding@Home [6,7] infrastructure.
The temperature and the pressure were controlled by coupling the system to an external heat bath with a relaxation
time of 0.5 ps [29]. The electrostatic interactions were treated using the reaction ﬁeld method [30] with a cutoﬀ of
10 Å, and 10 Å cutoﬀs with 8 Å tapers were employed for
Lennard-Jones interactions. Nonbonded pair lists were updated every 10 steps of molecular dynamics and the integration step size was 2 fs in all simulations. All bonds
involving hydrogen atoms were constrained with the

LINCS algorithm [31]. Simulations with implicit solvent
were conducted using TINKER package [32]. In this simulation set, Langevin dynamics with water-like viscosity
(c = 91 ps1) was used together with StillÕs GB/SA model
of solvation [33]. The same simulation protocols were
adopted including cutoﬀs and tapers to eliminate any false
discrepancy.
3. Results and discussion
3.1. Universality of kinetic mechanism in explicit solvent
models
Fig. 2 presents the Pfold correlations obtained from different explicit solvent models. In general, the diﬀerences are
much smaller in all cases compared to the ones from the
implicit simulations, which will be shown below. However,
there is clear shift in the transition state location in all models. This shift is more clearly seen in the progressive scanning on the model space with new M20 and M24 models:
the transition state is shifted toward the same direction (native state) and the degree of shift is larger for M24. Interestingly, all of these models have stronger water–protein
van der Waals interaction through larger Lennard-Jones
e parameters compared to TIP3P model. Therefore, we
can infer that the diﬀerence in the interfacial behavior of
a diﬀerent solvent model may have an eﬀect on the folding
mechanism. We will discuss this in conjunction with the
comparison to implicit models later.
To further test the possibility of tighter coordination of
water, we have calculated the solvent distribution as a function of the distance from the hydrophobic core surface of
the protein. This solvent distribution function (SDF) is
equivalent to the radial distribution function of the solvent
except that the distance of a solvent shell is determined
from the surface of the hydrophobic core atoms. The details of the method to calculate SDF can be found in
Appendix A. SDFs obtained with three diﬀerent starting
structures are presented in Fig. 3. Even though the solvent
force ﬁeld parameters are quite diﬀerent for diﬀerent models, to our surprise, the shape of SDFs does not vary to a
large extent. However, there is a meaningful diﬀerence in
the ﬁrst solvation shell located around 1.5 Å from the
hydrophobic surface. As was predicted in the above, SDFs
from TIP4P and M24 show higher solvent density around
the core than that from TIP3P water. Strikingly, the SDF
of TIP4P shows a larger deviation than in M24. Namely,
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Fig. 3. Solvent distribution functions obtained for three diﬀerent starting
structures used in Pfold calculations. Solid black, solid red, and dotted blue
lines represent the results from TIP3P, TIP4P, and M24 models of solvent,
respectively. Distributions were obtained by averaging 100 independent
simulations, and the error bars represent the standard deviation of the
average. For visual clarity, error bars are drawn only for the distributions
from TIP3P simulations.
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Fig. 2. Pfold correlations from simulations using various explicit solvent
models. Pfold values from (a) TIP4P, (b) M20, and (c) M24 are compared
against TIP3P result.

the deviation on SDF for TIP4P is similar to or even larger
than in the M24 case, while the deviation of the free energy
surface measured from the Pfold correlation is much more
pronounced with M24 water.
What could make Pfold values in the TIP4P model so
similar to those with TIP3P? One possible answer to this
puzzle is the existence of another factor that strongly governs folding dynamics. For example, the changes in viscosity of water from diﬀerent models can give an explanation
to this complication. The viscosities obtained with the

periodic perturbation method [34] within our simulation
protocols (especially long range interaction cutoﬀs) are
listed in Table 2. It is possible that increased viscosity of
TIP4P solvent deters the partially formed hydrophobic
core from diﬀusing out to unfolded state. In such a case,
Pfold will be generally larger than in M24 as is observed
in our results. Indeed, the commitment probability of a diffusive reaction (Pfold in this case) is directly related to the
diﬀusion constant of the system [21,35], and the diﬀusive
Table 2
Shear viscosities for diﬀerent solvent models*
Model

Viscosity (mPa s)

TIP3P
TIP4P
M20
M24

0.2497
0.4045
0.2312
0.2106

*
Computed with 844 water molecules in a 21 Å · 21 Å · 60 Å simulation box. The amplitude of the periodic perturbation was 0.05 nm ps2.
Simulations were performed for 1 ns, and the results during the 0.2–1 ns
period were used for averaging purpose.
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property of a protein molecule is closely related to the viscosity of the medium.

a

b
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3.2. Reducing the level of detail: continuum models of water’s
dielectric and hydrophobic properties (implicit solvent)
Can one reduce the level of detail and still reproduce the
detailed nature of the folding mechanism? The natural ﬁrst
step in reducing detail is an implicit solvation model, where
only the protein is described in the atomistic details and the
solvent is modeled by a continuum ﬁeld, describing its
dielectric and hydrophobic properties. Fig. 4 presents the
Pfold correlation between explicit (TIP3P) and implicit
(GB/SA) solvation models. The diﬀerence is quite noticeable: one can see that the transition state in the implicit
model is shifted toward the native state considerably, and
the distortion of the surface is expected to be signiﬁcant
from the degree of scatters of the data. While the shift in
the transition state can be attributed to diﬀerences in
parameterization of the TIP3P versus GB/SA water models
(see Table 1), we attribute the scatter to diﬀerences in the
description of details between the models. One may argue
that this scatter arises from the diﬀerent solvation free energies with diﬀerent models. However, as was shown in the
previous section, the similarity between TIP3P and M24,
which predict signiﬁcantly diﬀerent solvation free energies
of amino acid side chains, suggests that the scatter will
not come from free energetic diﬀerences in the models.
Instead, we suggest that the discrete nature of the solvent molecules present in TIP3P (but missing in GB/SA)
may also play a role: the geometrical nature of water structure, such as hydrogen bonds [36], is absent in implicit solvation models. This diﬀerence in geometry and the
accompanied free energetic diﬀerence could account for a
signiﬁcant dispersion in the correlation plot. In the transition state of folding, moreover, the protein molecule will
have a less compact structure than in the folded state,

1.0

GB/SA

0.8

Fig. 5. Schematic illustration of diﬀerences in solvent–solute interaction
between diﬀerent solvent models: (a) an implicit solvent model, (b) an
explicit solvent model with small solvent–solute attraction, and (c) an
explicit model with large solvent–solute attraction.

and a larger hydrophobic surface will be open to contact
with the solvent. With an implicit model, the surface is always considered to be solvated, penalizing the relative stability of such a conformation (Fig. 5(a)). On the other
hand, explicit solvent molecules can avoid undesirable contacts by simply leaving such an open area as vacuum
(Fig. 5(b)) [36,37]. Therefore, a conformation that is considered as a transition state in the explicit model would
be less stable in the continuum model, leading to a shift
in the transition state location toward the unfolded state
as is observed in Fig. 4.
In this regard, it will be intriguing to see the relationship
between the protein folding and the solvent distribution
around the hydrophobic core residues in the explicit solvent simulations. Namely, with diﬀerent solvent models,
the ability of solvent to generate the void space around
the hydrophobic core will change (Figs. 5(b) vs. (c)), and
such changes can have an eﬀect on the protein folding
dynamics. Indeed, in the previous section, it was inferred
that the solvent coordination will be tighter for M24 model
compared to TIP3P based on the stronger Lennard-Jones
interaction, which was actually conﬁrmed with the SDF
shown in Fig. 3. Therefore, the solvent distribution of
TIP3P water will be similar to Fig. 5(b) while M24 will
be close to the situation in Fig. 5(c). With the stronger
interaction between solvent and protein and reduced role
of the void space (or discreteness of water) in M24 water,
it can be anticipated that the direction of the transition
state shift will be the same as in the implicit solvent model.
This is indeed the case, as can be clearly seen in Figs. 2 and
4, and we conclude that the solvent coordination around
the protein surface aﬀects the protein stability noticeably.
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3.3. Reducing the detail even further: Minimalist models of
protein folding
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Minimalist models, which stress polymeric properties
over the speciﬁcs of residue–residue interactions, are elegantly simple in their modeling of protein interactions by
energetics based on native contacts [38,39]. Moreover, by
including a solvent separated minimum in the potential
of mean force for protein–protein interactions, a G
o model
can recover the discrete nature of water by introducing a
desolvation barrier [40] to the protein force ﬁeld [41]. Indeed, such a model suggested solvent expulsion behavior
[41,42], as also seen in explicit solvent simulations [3,43].
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Fig. 4. Comparison of Pfold values from simulations using TIP3P and GB/
SA solvent models.
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To examine this eﬀect, we examined a ‘‘hybrid’’ G
o model,
which has G
o-like protein–protein interactions, but surrounded by TIP3P explicit solvent to provide a more physical protein–water interaction (e.g., the discrete nature of
water). Since this model has explicit solvent molecules, this
hybrid G
o model incorporates not just the solvent separated state of water, but also includes the possibilities for
other physical eﬀects associated with explicit water, such
as drying and non-pairwise eﬀective protein–protein interactions mediated through water.
Fig. 6 presents the comparison between Pfold sets from
the AMBER-GS/TIP3P and two diﬀerent minimalist models. With the coarse grained G
o model, BBA5 did not show
any two-state behavior as was reported in other large proteins [28]. In accordance, we used a temperature at which
the average of the fraction of native contacts is relatively
high (0.7). Even though a direct comparison is diﬃcult
because of the lack of two-state behavior, it can be clearly
seen that the correlation is very low (RMS ﬁt error
d = 0.26). When diﬀerent temperatures were tested, similar
correlations were observed. Also, even with the all-atom
hybrid model, the correlation is still at a similar level
(d = 0.22).
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Therefore, we infer that the removal of detail in minimalist models (such as the lack of non-native interactions)
can signiﬁcantly alter the folding kinetics from that found
in all-atom, explicit solvation models. We stress that the
disagreement between these models alone cannot imply
that one is ‘‘incorrect’’ – such a judgment can only be
reached with quantitative comparisons to experiments.
However, the inability of the G
o models employed here
to recapitulate the results of more detailed models suggests
that atomistic detail does play a signiﬁcant role, at least for
simulations of small proteins such as BBA5. It is possible
that G
o models may be more similar to detailed models
in larger (e.g., 50–100 residue) proteins, where polymeric
and topological properties are likely more signiﬁcant.
Unfortunately, due to the diﬃculty in simulating such proteins in all-atom detail, it is currently impossible to test that
case.
3.4. Further discussion on the comparison of models
How to compare the kinetics of diﬀerent models is an
intrinsically diﬃcult task. The use of Pfold can address issues of the quality of the kinetic relevance of the reaction
coordinate employed in the analysis, but there other complications remain. In particular, even with an ideal reaction
coordinate, how would one use the placement along the
reaction coordinate to compare kinetics? Here, we discuss
two metrics which yield diﬀerent information regarding
the nature of the diﬀerences in the kinetics of the models.
First, a natural metric to quantify the nature of the correlation in Pfold values is to examine the scatter of the ﬁt
(Fig. 7). A small scatter (such as in the comparison between
TIP3P and M24 for example) reﬂects the intrinsic similarity
in the ordering of the conformations along the folding reac-
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tion, even in spite of a major ‘‘tilting’’ of the free energy
landscape.
The nature of the shift of the transition state (Fig. 8) is a
diﬀerent metric for comparison between models than the
scatter of the ﬁt. It is possible for two models to agree in
the ordering of speciﬁc states along the reaction pathway
(low scatter) but diﬀer by some overall shift in the TS.
We see this in comparing TIP3P to the M2x models. The
M2x models were built by altering the nature of protein–
solvent attraction in order to reparameterize TIP3P to better reproduce solvation free energy properties of small molecules. Thus, one would expect that this would change the
stabilization of the folded state as well as shift the transition state. This is seen in the gradual diﬀerence in TS location in Fig. 8.
It is also possible for two models to have a small shift
in TS, but large scatter, due to diﬀerences in the details of
folding, but not some very general overall properties (i.e.,
the location of the TS along the reaction coordinate). This
scenario is demonstrated by comparing TIP3P to the hybrid G
o model. The hybrid G
o model uses a combination
of an AMBER physical force ﬁeld, a G
o model, and
TIP3P explicit solvent. The transition state location of
the hybrid G
o model is closest to TIP3P and has a similar
TS shift relationship to the M2x models as AMBER in
TIP3P.
4. Conclusions
Is an all-atom, explicit solvent representation needed to
faithfully reproduce protein folding kinetics? The answer
to that question lies in a tight, quantitative connection
to experiment, and unfortunately, current experiments
may not provide suﬃcient detail to resolve this issue. In
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this paper, we have addressed a related question: what
is the role of chemical detail in protein folding simulations
and does detail change the nature of the folding
mechanism?
Our results suggest that the chemical detail present in
all-atom models do play a signiﬁcant role in the kinetic
mechanism, at least for small proteins like BBA5. Comprehensive comparisons between diﬀerent models are presented in Fig. 9. Also, more quantitative comparisons of
the scatter and the transition state shift can be found in
Figs. 7 and 8 respectively, where similarities of the folding
dynamics between diﬀerent pairs of models are tabulated in
a diagrammatic fashion. We ﬁnd that the Pfold correlation
between all-atom models with explicit solvation displayed
similar kinetics, perhaps with an overall shift in the transition state. Use of implicit solvation diminished the similarity, and G
o models showed a much more signiﬁcant
deviation.
We stress that the Pfold correlation examination is a
particularly sensitive test of the similarity of folding
kinetics, since Pfold varies signiﬁcantly with even small
changes in the underlying free energy landscape. Thus,
in interpreting our results, one should keep in mind that
for rates and rough aspects of the folding mechanism,
explicit (TIP3P) and implicit (GB/SA) water models
yielded similar results, even though there was a noticeable deviation in the Pfold correlation. Thus, it is certainly possible that current experimental methods for
deducing the nature of the folding mechanism may not
be able to arbitrate the diﬀerences between TIP3P and
GB/SA solvent models, for example, and further development of experimental methods would be needed. Indeed, from the agreement in rates and overall
mechanism in TIP3P and GB/SA simulations of BBA5
folding, we should still consider the possibility that these
diﬀerences may be relatively unimportant. Various degrees of agreement and disagreement between diﬀerent
models in earlier studies may be explained in the same
manner: diﬀerences can be found only when a sensitive
measure is used.
However, the diﬀerences between the G
o models and the
explicit and more traditional implicit solvation models
were signiﬁcantly larger. This is in agreement with the ﬁndings by Cavalli et al., where the free energy surfaces and the
related properties from implicit solvent model and all-atom
G
o model were found to be signiﬁcantly diﬀerent [44]. This
reﬂects a much more signiﬁcant diﬀerence in the folding
mechanisms of BBA5 in these models. We stress that this
fact alone only speaks to the diﬀerences between these
models and cannot comment on their experimental validity. Toward this end, it is natural to examine the ability
of diﬀerent models to predict multiple experimental properties, such as rates [8,28], free energies [14], and other quantitative observables. Finally, it is also possible that our
results are only valid for small proteins and that the details
may be less involved in larger proteins (e.g., 50–100 residues). In this regard, it will be also interesting to examine
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Fig. 9. Comparisons of Pfold values from various models of protein and solvent. Filled circles are actual data from simulation. Solid lines represent the ﬁts
using one-dimensional free energy models.

large systems as a continuation of this study. Clearly, such
a study is a natural direction for future work.
In conclusion, whether Pfold is too sensitive or not sensitive enough will largely rest on the quantities of interest to
be predicted from simulation. If one only cares about rates
and other macroscopic properties, a strong Pfold correlation is likely not important. Also, if one is largely interested
in rough mechanistic properties, a rough correlation may
be suﬃcient (for example, the mechanism of BBA5 folding
in TIP3P and GB/SA were similar [8,45] and a reasonably
strong Pfold correlation was found). However, if one cares
about speciﬁc details of the mechanism, Pfold may not be
sensitive enough (for example, there were only minor diﬀerences in the Pfold correlation between diﬀerent explicit sol-

vation models). Indeed, if the folding mechanism of two
models is similar to atomic detail, the ordering of the states
along the reaction pathway (which is what Pfold reports)
would be constrained to be similar, and hence would result
in a Pfold strong correlation. In this case, likely more strict
criteria will be needed to not merely compare the ordering
of states along the reaction pathway, but more speciﬁc
structural elements of the mechanism itself. Nevertheless,
we have demonstrated here that Pfold is suﬃciently sensitive
to distinguish between simple coarse grained models (G
o
models), a physically based implicit solvent model (GB/
SA), and more detailed explicit solvent models (TIP3P,
etc), directly demonstrating its sensitivity amongst the
models currently used to simulate protein folding.
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Appendix A

To measure the folding probability at a given protein
conformation with diﬀerent solvent models, it is necessary
to show that the solvent degrees of freedom do not change
the folding probability. Namely, because it is necessary to
re-equilibrate the system with a diﬀerent solvent model, it
is required to show that such a re-equilibration does not alter the folding probability of the protein. In fact, the solvent degrees of freedom were found to be important in
conformational changes of small molecules such as ion pair
dissociation [46] and alanine dipeptide isomerization [47],
where the changes of solvent conformations resulted in
dramatic changes in reaction probabilities.
To test this possibility in our system, we computed the
Pfold distribution with many diﬀerent solvent conformations. For a selected conformation (protein and solvent)
from folding simulations using TIP3P water [8], a new
molecular dynamics simulation was initiated and continued
for 10 ns with the protein conformation frozen in space.
Conformations were sampled at an interval of every
100 ps, and the resulting 100 conformations were used to
obtain Pfold. If the solvent degrees of freedom are not a
decisive factor in the folding dynamics, all the trials will
have the same native probability of folding, and the following distribution of Pfold will be binomial (or Gaussian if the
sampling is large enough). This approach was performed
for a number of diﬀerent protein conformations with a
range of averages Pfold values.
Indeed, the calculated Pfold distributions exactly match
the binomial distributions as shown in Fig. A.1. The same degree of agreement was found for all conformations tried in a
wide range of Pfold values. Therefore, we conclude that the
solvent degrees of freedom are not a decisive factor for the
‘‘fate’’ of this protein in the course of folding. Accordingly,
we assume our scheme of stripping the protein conformation
from TIP3P trajectory and then re-solvating it with new solvent conformations for diﬀerent water models is reasonable.

Probability Distribution

A.1. Separation of the solvent degrees of freedom from the
protein degrees of freedom

0.0

Nh
[
i

Sðr þ rivdW ; xi Þ 

Np
[
j

SðrjvdW ; xj Þ;

ðA:1Þ

0.6

0.8

1.0

Fig. A.1. Dependence of folding probability on the solvent ﬂuctuations at
various protein conformations ranging from almost unfolded (top) to
largely folded (bottom). Bars represent the histograms measured from
simulations with 100 diﬀerent solvent conformations. Dashed lines
represent the binomial distribution with trial number 100 at the predicted
probability. All simulations were performed with TIP3P water.

where S(a, x) is a sphere of radius a located at x, and rvdWi
and xi are the van der Waals radius and the position of the
i-th atom in the protein, respectively. Here, the ﬁrst sum
runs over the hydrophobic groups while the second sum
runs over all protein atoms. If the volume of S(r) is denoted
as V(r) and the number of water molecules in it is n(r), SDF
can be determined as
SDFðrÞ ¼

SðrÞ ¼

0.4

Pfold

A.2. Calculation of solvent distribution function
To obtain the solvent density around the hydrophobic
core, the following method is employed. A space within a
distance r from the hydrophobic core is deﬁned as

0.2

dn
nðr þ drÞ  nðrÞ
¼
.
dV
V ðr þ drÞ  V ðrÞ

ðA:2Þ

Practically, this can be achieved with a grid-based method.
Namely, the simulation box was divided into three dimensional grids, and V(r) was obtained by counting the number
of grids satisfying Eq. (A.1). In this work, grid size of
0.25 Å was used. Also, the position of the oxygen atom
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was used as the position of a given water molecule. From
the nature of solvent and from the numerical diﬀerentiation
applied, SDF obtained in this way showed a relatively large
ﬂuctuation. For a given protein conformation, a smooth
SDF was obtained by taking an average from 100 independent water conformation sets, which were recorded 200 ps
after the Pfold simulations were initiated. The error in SDF
was estimated as the standard deviation of this average.
A.3. Construction of the hybrid G
o model
An all-atom G
o model is built as follows. In a G
o
model, the energy of a protein is directly related to its degree of ‘‘nativeness’’ of a given structure. Usually, the
native state is stabilized through additional non-bonded
interactions for native contacts and modiﬁcations of the
backbone dihedral potentials to favor native conformation
[48]. Accordingly, we have modiﬁed the Lennard-Jones
(LJ) interaction as
8 ij
ij
C6
C 12
>
>
i  j : close contact;
12  r 6
>
r
> ij
ij
>
>


<
ij
ij
C
C
ELJ–Go ðrij Þ ¼ ea r1212  r66
i  j : native contact;
ij
>
ij
>
>
>
ij
>
>
: eb C1212
i  j : non-native contact;
r
ij

ðA:3Þ
C ij6

C ij12

where
and
are the original LJ potential parameters
taken from the AMBER-GS force ﬁeld [25]. Any atom pair
is considered to be in a close contact when they are separated by less than three amino acid residues. For other
non-close atom pairs, a native contact is declared for atoms
within 5.5 Å distance in the native structure. The remaining
atom pairs are considered to be in non-native contacts.
With this modiﬁcation, attractions between pairs of native
contacts are ampliﬁed by a factor ea (ea > 1), while attractions in non-native interactions are ignored. The factor eb
(eb < 1) prevents the potential from being excessively repulsive at short distances. Dihedral potentials of the backbone
u and w angles are also replaced by
Edih–Go ð/i Þ ¼ k / ½1  cosð/i  /i;0 Þ;

ðA:4Þ

where /i,0 is the ith u or w angle in the native conformation. Because the purpose of the perturbation is to force
the native state to be stabilized, it is unnecessary to change
any interactions involving solvent molecules. Thus, our G
o
model has three adjustable parameters ea, eb, and k/, which
were chosen as 4.0, 0.1, and 80 kJ/mol, respectively.
This all-atom G
o model HGo is combined with the
unperturbed physical potential H0 to create the hybrid
Hamiltonian H:
H ¼ ð1  kÞH 0 þ kH Go .

ðA:5Þ

Here, k can gradually dial the system from a full physical
model H0 at k = 0 to pure G
o model at k = 1. We chose
to use k = 0.05, at which the protein native structure was

considerably more stable than in H0 with a 100-fold increase in the folding rate.
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