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ABSTRACT: The solubility of proteins and other macromolecular
solutes plays an important role in numerous biological, chemical,
and medicinal processes. An important determinant of protein
solubility is the solvation free energy of the protein, which
quantifies the overall strength of the interactions between the
protein and the aqueous solution that surrounds it. Here we
present an all-atom explicit-solvent computational framework for
the rapid estimation of protein solvation free energies. Using this
framework, we estimate the hydration free energy of hydrophobin
II, an amphiphilic fungal protein, in a computationally efficient
manner. We further explore how the protein hydration free energy
is influenced by enhancing flexibility and by the addition of sodium
chloride, and find that it increases in both cases, making protein
hydration less favorable.

■ INTRODUCTION

Due to the importance of protein solubility in biotechnology,
structural biology, and numerous human diseases, characteriz-
ing protein solubility and developing strategies to enhance it are
active areas of research.1,2 For example, immuno-therapy often
requires solubilizing proteins in high concentrations to
maximize therapeutic efficiency while minimizing detrimental
effects like high solution viscosity.3−5 Additionally, low
solubility is thought to play an important role in diseases
caused by aggregation-prone proteins. Understanding and
controlling these phenomena require a fundamental under-
standing of protein solubility, and its dependence on the
properties of both the protein and its surrounding environ-
ment; the protein size, shape, polarity, and conformational
flexibility, as well as the presence of cosolvents and other
additives can all have a significant influence on protein
solubility.2,6,7

Although protein solubility is influenced by the complex
interplay between protein−water and protein−protein inter-
actions (and the possibility of protein unfolding), it has been
suggested that the solubility of a protein varies monotonically
with its hydration free energy, ΔG.8 Thus, being able to
efficiently estimate ΔG is an important first step toward better
understanding protein solubility, and modulating ΔG offers a
means to influence protein solubility. The hydration free energy
of a protein also sheds light more directly on protein
dehydration and rehydration processes, which are important
for the storage of biologics as freeze-dried powders and for their
subsequent reconstitution into therapeutics.9−11

However, computing the hydration free energies of proteins
is very expensive due to their large size and complex surfaces,
which display nanoscale chemical and topographical hetero-
geneity. In this work, we introduce a framework for estimating
the solvation free energies of large, complex solutes, such as
proteins, in a highly efficient manner, from all-atom molecular
dynamics (MD) simulations that explicitly account for the
solvent. By incorporating the solvent explicitly, we are able to
capture the context-dependent hydration behavior that arises at
the chemically and topographically heterogeneous protein
surfaces,12−19 and thereby, to describe protein solvation
thermodynamics more accurately than implicit solvent
approaches.20 Moreover, such a framework is transferable,
and allows us to readily incorporate cosolvents, which can not
only alter solution properties in a nontrivial manner, but also
interact directly with the protein.21−26

To efficiently compute protein hydration free energies, while
retaining the accuracy and transferability afforded by explicit
solvent, we extend classic potential distribution theory
(PDT)27,28 and quasi-chemical theory (QCT) ideas,29 and
combine these concepts with novel simulation techniques17,30

to rapidly compute hydration free energies following the
thermodynamic cycle in Figure 1. The computational frame-
work allows us to obtain initial estimates of protein hydration
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free energies orders of magnitude faster than conventional
approaches; the accuracy of those estimates can then be
improved, as needed, through further computation. Using this
methodology, we study the hydration of the protein hydro-
phobin II (HFBII), a small fungal protein, which is also utilized
in biotechnology and materials science due to its amphiphi-
licity.31,32 For simplicity, we first illustrate our approach by
solvating a rigid protein molecule in water. We then relax this
condition to elucidate the effects of flexibility on protein
hydration, and further demonstrate the utility of our approach
by studying how the addition of NaCl influences HFBII
hydration.

■ ESTIMATING PROTEIN HYDRATION FREE
ENERGIES

Upon hydration, a protein not only displaces water from the
region it occupies, it also alters water structure in its vicinity.
Consequently, there is no tangible overlap between the
ensembles before and after protein hydration, making it
unfeasible to compute the protein’s hydration free energy,
ΔG (or its excess chemical potential, to be precise), by directly
inserting the protein into water. To address this challenge,
solute−solvent interactions can be turned on in tiny incre-
ments, chosen to ensure overlap between adjacent alchemical
states. By adequately sampling such a series of alchemical states,
the hydration free energies of the solute of interest as well as all
the alchemical intermediates can then be accurately esti-
mated.33−36 However, due to the numerous long simulations
required,37 such approaches can exact a steep computational
cost for hydrating even small molecules.35,36,38−41 Moreover,

because the alchemical intermediates are unphysical species, it
is challenging to extract physical insight from their hydration
free energies, or to ascertain how those hydration free energies
might change in response to physical perturbations, such as a
change in temperature or the addition of salt to the solution.
Alternatively, approaches based on quasi-chemical theory

(QCT) prescribe using the thermodynamic cycle shown in
Figure 1 for estimating solvation free energies in three
steps.29,42 In the first step, a cavity somewhat larger than the
protein is created, incurring a free energy cost, ΔGcav. Then, the
protein is inserted into the cavity with an accompanying free
energetic change of ΔGins. Finally, the cavity is filled by the
surrounding water, resulting in a free energy change of ΔGfill.
The total protein hydration free energy is then

Δ = Δ + Δ + ΔG G G Gcav ins fill (1)

Because the protein is inserted in a preformed cavity in step 2
of the QCT approach, insertion does not lead to any short-
ranged, rapidly varying interactions, such as hydrogen bonds or
repulsions from hard-core overlap; thus, the ensembles before
and after protein insertion are not too dissimilar. As we will
show below, reasonable estimates of ΔGins can thus be obtained
by sampling the end states alone, with more accurate estimates
requiring only a few alchemical steps; in contrast, several
hundred to thousand alchemical steps may be required in the
absence of the preformed cavity. The majority of the
computational burden in the QCT formalism is then
transferred to steps 1 and 3, which involve the emptying and
filling of v, respectively. Because both steps involve
manipulating water density in v, we will leverage an
understanding of the free energetics of water density
fluctuations in bulk water (step 1)43−45 and in the protein
hydration shell (step 3),17,46 and utilize computational methods
for characterizing such free energetics17,30,43,47 to efficiently
estimate ΔGcav and ΔGfill. Moreover, because steps 1 and 2 of
the QCT thermodynamic cycle involve simple physical
processes, estimating the effect of perturbations on their free
energetics can be relatively straightforward, as we will illustrate.
To compute each of the components of ΔG, we make use of

biased simulations which sample the following generalized
Hamiltonian,

λ ϕ̅ = ̅ − ̅ + ̅ + ̃ ̅λ ϕ U U NR R R R R( ) ( ) ( ) ( ) ( )v, 0 (2)

where R̅ represents the positions of all atoms in the system, and

0 is the Hamiltonian associated with the explicitly solvated
protein, which includes intramolecular protein−protein inter-
actions, solvent−solvent interactions, as well as protein−solvent
interactions with interaction energy, U(R̅). The parameter, λ, is
used to reversibly couple (λ = 1) or decouple (λ = 0) the
protein and the solvent. Ñv(R̅) is the smoothed number of
water oxygens in the volume, v, which encompasses the protein
and its first hydration shell; the volume, v, is formally defined as
the union of spherical subvolumes of radius rv = 0.6 nm
centered on every protein heavy atom. Although the choice of
rv is somewhat arbitrary, it exerts a substantial influence on the
efficiency of the approach; considerations governing our choice
of rv above are discussed in detail in the Appendix. The
parameter, ϕ, is used to modulate the number of waters in v
reversibly; as ϕ is increased, waters are systematically displaced
from v, resulting in the formation of a cavity as ϕ → ∞. To
ensure that the forces arising from this biasing potential are
continuous,43 the smoothed number of waters, Ñv(R̅), is biased

Figure 1. Hydration free energy, ΔG, of the protein, hydrophobin II, is
defined as the free energy change upon insertion of the protein (from
vacuum) into the solvent. To efficiently compute ΔG, we use the
thermodynamic cycle shown here. In the first step, a cavity that is
somewhat larger than the protein is created in bulk water, with a free
energy change of ΔGcav. In the second step, the solute is inserted into
the cavity. The corresponding free energy, ΔGins, can be computed
efficiently when short-ranged solute−solvent interactions are absent.
Finally, the cavity is filled by the solvent molecules, with the
corresponding free energy, ΔGfill, being dominated by short-ranged
solute−solvent interactions, such as hydrogen bonds.

The Journal of Physical Chemistry B Article

DOI: 10.1021/acs.jpcb.7b12060
J. Phys. Chem. B 2018, 122, 3635−3646

3636

http://dx.doi.org/10.1021/acs.jpcb.7b12060


following procedures outlined in ref 30. Associated with the
above Hamiltonian, λ ϕ, , we further define a partition function,

∫≡ ̅λ ϕ
β− ̅λ ϕd eR{ }R

,
( ),

(3)

the corresponding free energy,

β
= −λ ϕ λ ϕG

1
ln, ,

(4)

and the average of an observable R̅( ),

∫⟨ ̅ ⟩ ≡ ̅ ̅λ ϕ
λ ϕ

β− ̅λ ϕ{ }d eR R R( )
1

( ) R
,

,

( ),

(5)

where ∫ d R̅ indicates an integration over configuration space.
Then, the cavity creation free energy can be obtained as

Δ = −ϕG G Gcav 0, 0,0C (6)

in the limit of ϕC → ∞, the protein insertion free energy is
given by,

Δ = −ϕ ϕG G Gins 1, 0,C C (7)

and the filling free energy is

Δ = − ϕG G Gfill 1,0 1, C (8)

The total protein solvation free energy is

Δ = −G G G1,0 0,0 (9)

and can be obtained from the sum of its components (eq 1).
The approach described above is fairly general, and can be

used to estimate the solvation free energies of complex solutes
in diverse solvation environments, ranging from solvent
mixtures to interfaces. To illustrate its utility in computing
protein hydration free energies, here we estimate ΔG for the
amphiphilic protein hydrophobin II (PDB ID: 2B97).48

Hydrophobin II is a small protein with large hydrophobic
and hydrophilic regions on its surface,17 and it has served as a
model biomolecule for studying protein−water interac-
tions.14,17,19 For expediency, we will first consider the solvation
of a rigid protein molecule, such that the positions of all its
heavy atoms are constrained; the particular configuration to
which the protein atoms are constrained was drawn randomly
from an equilibrium simulation of a solvated (and fully flexible)

protein. In the subsequent section, we will then relax this
constraint and elucidate how the protein hydration free energy
is influenced by its flexibility. We now discuss the estimation of
the components of ΔG for the rigid hydrophobin II protein.
The simulation methods and the force fields that we use in our
calculations are described in the SI.

Cavity Creation Free Energy. To create a cavity that is
large enough to accommodate a protein, we make use of the
potential ϕÑv, which linearly couples to the smoothed number
of water oxygen atoms, Ñv, in the volume, v.17 The
corresponding free energy can then be efficiently obtained
through thermodynamic integration

∫ ϕΔ = ⟨ ̃ ̅ ⟩
ϕ

ϕG d N R( )vcav
0

0,
C

(10)

Evaluation of eq 10 and sampling using Ñv-dependent
potentials in molecular dynamics (MD) simulations is
performed following previous work.17,30 The integrand in eq
10 involves averages, which can be estimated very efficiently
using short simulations, if the underlying distributions are
unimodal. Additionally, because ⟨Ñv(R̅)⟩0,ϕ is a monotonically
decaying function of ϕ,17 only a few data points are needed to
accurately evaluate the integral in eq 10. For hydrophobin II,
⟨Ñv(R̅)⟩0,ϕ is shown in Figure 2a as a function of ϕ; the shaded
region in the figure corresponds to the integral in eq 10, and
yields βΔGcav = 613 ± 1, where the error bars indicate one
standard deviation as determined from block averaging. We
note that this error estimate incorporates errors from the finite
simulation length used to estimate ⟨Ñv(R̅)⟩0,ϕ, but not the
integration errors arising from the knowledge of ⟨Ñv(R̅)⟩0,ϕ at a
finite number of ϕ-values.

Note of Caution. Large volumes (v ≳ 1 nm3) in bulk water
tend to exhibit collective dewetting, which results in ⟨Ñv(R̅)⟩0,ϕ
decreasing sharply over a small range of ϕ-values (Figure
2a).43,46 Such collective dewetting can, for certain values of ϕ,
lead to bimodal distributions, Pv

ϕ(Ñ) ≡ ⟨δ(Ñv(R̅) − Ñ)⟩0,ϕ, of
water numbers in v. The associated hysteresis can lead to
inaccuracies in estimating ⟨Ñv(R̅)⟩0,ϕ, and systematic errors in
ΔGcav.

47 To quantify such errors, we suggest performing two
sets of simulations to obtain the dependence of ⟨Ñv(R̅)⟩0,ϕ on
ϕ: one initialized with a dry v devoid of any waters, and another
initialized with a wet v that is filled with waters. The true value
of ΔGcav is then bounded by the estimates obtained from the
two sets of simulations. If more refined estimates are desired,

Figure 2. (a) The free energy, ΔGcav, of creating a protein-shaped cavity in water (by choosing rv = 0.6 nm) is given by the integral of ⟨Ñv(R̅)⟩0,ϕ
over ϕ, and is indicated by the shaded region (eq 10). (b) In the second step of the thermodynamic cycle shown in Figure 1, the protein is inserted
inside the cavity. The insertion free energy, ΔGins, can be obtained by integrating the dependence of the average energy, ⟨U(R̅)⟩λ,ϕC

, over the range of

the coupling parameter, 0 ≤ λ ≤ 1 (eq 12). Symbols indicate simulation data and the shaded region indicates the integral, ΔGins. (c) Filling the cavity
in the presence of the protein is the reverse of emptying the protein hydration shell. Here we show how the number of waters in the hydration shell,
⟨Ñv(R̅)⟩1,ϕ, decreases with ϕ, with ΔGfill being the negative of the area that is indicated by the shaded region (eq 15).
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sufficiently strong parabolic potentials, which result in unimodal
biased water number distributions, must be used. We have done
so here, using umbrella sampling with biasing potentials that are
either linear or harmonic in Ñv to sample this order parameter
over its entire range. From these calculations, we have obtained
a highly accurate estimate of βΔGcav = 600 ± 16, albeit at
roughly 400 times the computational cost of the estimate
obtained using eq 10 (2200 ns vs 5 ns), as detailed in the SI.
Thus, the thermodynamic integration estimate of ΔGcav
obtained from eq 10 gives rise to a relatively small error of
2.2%, which can be improved systematically by performing
simulations at additional ϕ-values.
Conversely, a reasonable first estimate for ΔGcav can be

obtained even without performing simulations. From a physical
standpoint, the first step of the QCT thermodynamic cycle
corresponds to the creation of vapor−liquid interfacial area, so
that,

γΔ ≈ >G A 0cav SPC/E (11)

where γSPC/E is the liquid−vapor surface tension of our water
model, and A is the surface area of v. In eq 11, we have ignored
the contribution to ΔGcav from (P − Psat) v, which tends to be
negligible for the formation of nanoscale cavities in water at
ambient conditions,49 but can become important at high
pressures, or for solvation in low-surface tension liquids; here,
Psat is the saturation pressure. Although quantitatively accurate
determination of ΔGcav is complicated by the presence of
nanoscale bumps and crevices on the protein (and thereby on
v), and by the nontrivial dependence of the surface tension on
such nanoscale curvature, eq 11 can nevertheless be used to
obtain a rough estimate of ΔGcav. In particular, we use the zero
curvature value50 of γSPC/E ≈ 60.5 mJ/m2, and the solvent
accessible surface, A ≈ 41 nm2, determined by rolling a water-
sized probe over the surface of the protein (see SI for details)
using the g_sas tool, which is part of the GROMACS MD
simulation package.51 With these estimates, we obtain βΔGcav
≈ 599, in excellent agreement with both the thermodynamic
integration (βΔGcav = 613) and umbrella sampling (ΔGcav =
600) estimates. More importantly, eq 11 provides a
straightforward approach for anticipating how ΔGcav ought to
change in response to physical perturbations, such as changes in
temperature, pressure, or the addition of salt to the solution.
Protein Insertion Free Energy. To compute the free

energy of inserting the protein into a preformed cavity, ΔGins,
we couple the solute−solvent interaction energy, U(R̅), linearly
to a parameter, λ, which varies from zero (noninteracting
solute) to one (fully interacting solute). Analogous to the
estimation of ΔGcav, the insertion free energy can also be
obtained by thermodynamic integration,

∫ λΔ = ⟨ ̅ ⟩λ ϕG d U R( )ins
0

1

, C (12)

here the subscripts λ and ϕC indicate that the ensemble average
is obtained by sampling in the presence of the scaled solute−
solvent interactions λU(R̅), and a large enough ϕ-value
(denoted by ϕC) to maintain a cavity devoid of any water
molecules. For hydrophobin II, ⟨U(R̅)⟩λ,ϕC

decreases monot-
onically as λ is increased from 0 to 1, as shown in Figure 2b; the
shaded region corresponds to the integral in eq 12 and results
in βΔGins = −111.0 ± 0.3. As shown in the SI, five λ-states
spanning from 0 to 1 in increments of Δλ = 0.25 are sufficient
to achieve phase space overlap between neighboring λ-

ensembles. Thus, umbrella sampling can be used to obtain
highly accurate estimates of ΔGins,

52,53 and it yields βΔGins =
−110.8 ± 0.3 in excellent agreement with the result obtained
from eq 12.
Figure 2b also highlights the roughly linear dependence of

⟨U(R̅)⟩λ,ϕC
on λ; such linear response suggests that a reasonably

accurate estimate of ΔGins could be obtained by sampling the
end states alone, using29,34,37

Δ ≈ ⟨ ̅ ⟩ + ⟨ ̅ ⟩ϕ ϕG U UR R
1
2

[ ( ) ( ) ]ins 0, 1,C C (13)

The linear response approximation of eq 13 results in βΔGins ≈
− 112.7 ± 0.5, which is in good agreement with the results
obtained from thermodynamic integration (eq 12) and
umbrella sampling, both of which yield βΔGins ≈ − 111.
To rationalize the linear relationship between ⟨U(R̅)⟩λ,ϕC

and
λ, we first recognize that linear response is underpinned by the
corresponding distributions of the solute−solvent interaction
energy, Pλ(U) ≡ ⟨δ(U(R̅) − U)⟩λ,ϕC

, following Gaussian
statistics. As shown in the Appendix, Pλ(U) is indeed Gaussian
to a very good approximation when hydrophobin II is inserted
into a cavity that is sufficiently large (for rv ≥ 0.6 nm). For rv ≥
0.6 nm, cavity creation eliminates the entire first hydration shell
of the protein, so that strong, short-ranged protein−water
interactions, like hydrogen bonding, do not contribute to ΔGins;
instead, U(R̅) is dominated by long-ranged interactions that
vary slowly over molecular length scales, e.g., polarization of the
liquid−vapor interface by the partial charges on the protein.
Such slowly varying interactions do not alter the liquid
structure in a drastic manner, and therefore, they follow
Gaussian statistics and display linear response.29,34,45,54−60

Due to the attractive nature of the dispersion interactions,
and the long-ranged electrostatics that give rise to solvent
polarization, we expect that ΔGins < 0. Moreover, for large rv,
electrostatic interactions are expected to dominate ΔGins. In
this case, a simple and physically motivated estimate of ΔGins
can be obtained even without performing simulations. For the
charge-neutral hydrophobin II, we approximate the leading
order dipolar contribution to ΔGins by using Kirkwood’s
expression for the free energy of inserting a dipole into a
spherical cavity that is in a uniform dielectric solvent,61

μ ε
ε

Δ ≈ − −
+

G
R

( 1)
(2 1)ins

2

3 (14)

here μ is the dipole moment of the solute, R is the radius of the
spherical cavity, and ε is the dielectric constant of the solvent.
The force field used to describe the protein yields μ ≈ 73 D, in
reasonable agreement with the estimate of 107 D obtained from
the PDB structure using the protein dipole moments server.62

Note that more hydrophilic proteins have significantly larger
dipole moments; for example, μ ≈ 340 D for cytochrome C.63

To estimate an effective size for the protein, we use the solvent
accessible surface area A ≈ 41 nm2, and assume

π≈ =R A/4 1.8 nm. Using these values of μ and R in eq
14, along with the dielectric constant of SPC/E water (ε = 71),
yields βΔGins ≈ − 107, in reasonable agreement with our most
accurate estimate of βΔGins = −111. At first glance, such
agreement may seem spectacular given the simplicity of the
assumptions we make along the way; however, dielectric
continuum theories, including eq 14, are expected to provide a
reasonable description of solvation processes when long-ranged
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electrostatics dominate,59,60 and changes in local, short-ranged
interactions are negligible. Analogous theoretical descriptions
for dispersion interactions can also be obtained when the
harshly repulsive excluded volume cores of the solute are not
involved in the solvation process.45 Moreover, the success of eq
14 in estimating ΔGins also provides a means for understanding
how certain physical perturbations are likely to influence ΔGins,
for example, how ΔGins responds to a change in temperature, T,
can be readily estimated using a knowledge of ε(T).
Filling Free Energy. In the final step of the thermodynamic

cycle, the cavity is filled by the solvent, as shown in Figure 1.
Because filling the cavity is the reverse of creating the cavity
around the protein, the filling free energy, ΔGfill, is the negative
of the corresponding cavity creation free energy. Therefore, we
employ the same formalism that was used in step 1, but with
protein−water interactions turned on (λ = 1),

∫ ϕΔ = − ⟨ ̃ ̅ ⟩ ϕ

∞
G d N R( )vfill

0
1, (15)

Due to the presence of strong, short-ranged electrostatic
interactions between certain regions of the protein and water,
removing the last few waters from the protein hydration shell is
challenging. To address this challenge and ensure reversible
dewetting of the protein hydration shell, we employ a slightly
different definition of Ñv(R̅), as described in detail in the SI.
Briefly, our previous definition of Ñv(R̅), which counts the
number of waters in the protein hydration shell, is now
augmented to include an additional potential on waters that are
closest to the protein (within 0.3 nm), and participate in strong,
short-ranged interactions with the protein. The response,
⟨Ñv(R̅)⟩1,ϕ, is shown in Figure 2c, and upon integration,
according to eq 15, yields a filling free energy of βΔGfill =
−1541 ± 14. We note that the decrease of ⟨Ñv(R̅)⟩1,ϕ with ϕ
(Figure 2c) is much more gradual than that of ⟨Ñv(R̅)⟩0,ϕ
(Figure 2a). The relatively gradual dewetting of protein
hydration shells arises from the fact that typical protein
hydration shells display the entire spectrum of chemistries from
hydrophobic to hydrophilic, as discussed in detail in ref 47. As a
result, ΔGfill can be efficiently obtained using simulations at
only a few ϕ-values. Moreover, as the fraction of exposed
protein residues that are hydrophilic increases, the variation of
⟨Ñv(R̅)⟩1,ϕ with ϕ is expected to become increasingly
linear,17,46 so that for a given computational investment,
smaller errors in ΔGfill can be expected for more hydrophilic
proteins.
From a physical standpoint, the filling free energy

corresponds to the work required to form strong, short-ranged,
and generally favorable protein−water interactions. As such, we
expect ΔGfill < 0. However, because the free energetics of such
local interactions depend sensitively on the chemical and
topographical patterning of the protein surface,12−20 we expect
that in contrast with ΔGcav and ΔGins, it will be challenging to
develop an approximate analytical expression for ΔGfill.
Moreover, short-ranged solute−water interactions also give
rise to a nonlinear response and asymmetries in the solvation of
charged and polar solutes,60,64−69 which are not captured by
simple solvation models, such as Born theory70 and Kirkwood’s
eq 14.61 Consequently, the dependence of ΔGfill on physical
perturbations, such as the introduction of mutations or the
inclusion of salt, is expected to be nontrivial; nevertheless, using
the methods presented here, it is possible to characterize ΔGfill
under conditions that may be of interest.

Total Protein Hydration Free Energy. Following eq 1,
the total hydration free energy of the protein is obtained from
the sum of the three contributions depicted in Figure 1, and for
hydrophobin II, it is βΔG = −1039 ± 14, which is in agreement
with the significantly more expensive umbrella sampling-based
estimate of βΔG = −1057 ± 24. While this indicates that
protein−water interactions are favorable for HFBII, the
magnitude of βΔG for HFBII is nearly half of that reported
for the similarly sized protein, cytochrome C, which is highly
charged.42 The smaller magnitude of ΔG for HFBII can be
attributed to the large number of exposed hydrophobic groups
on the surface of the protein, which are not present in
cytochrome C, and other proteins which internalize most of
their hydrophobic groups in the solvent inaccessible protein
core. The surface hydrophobicity of HFBII reduces the
magnitude of the favorable term, ΔGfill, and, to a lesser extent,
that of ΔGins, when compared to more hydrophilic proteins.
Finally, we highlight the computational efficiency of our

approach for estimating ΔG, and contrast it with the cost
associated with typical alchemical transformation-based ap-
proaches. In particular, the ΔG estimate for HFBII was
obtained from approximately 15 ns of simulation data in total,
distributed across approximately 25 simulations. Moreover, if
the error associated with such an estimate (roughly 2% here) is
unsatisfactory, the ΔG estimate can be progressively refined by
adding more simulations in an adaptive manner. For example,
the number of simulations used to determine ΔGcav, ΔGins, or
ΔGfill (Figure 2) can be increased, thereby decreasing the
numerical integration error, at only a modest increase in the
computational expense; we implement such a strategy to study
the effects of salt concentration on protein hydration below. In
contrast, although an alchemical approach is expected to
provide a highly accurate estimate for ΔG, such an estimate can
only be obtained upon expending a substantial computational
cost. In other words, if only 15 ns of simulation in total were
available, it would be challenging to obtain a ΔG-estimate for
hydrophobin II, however approximate, using the alchemical
route. Thus, with a well chosen rv, initial estimates of solvation
free energies of large macromolecules, such as proteins, can be
obtained with a computational effort that is similar to (or even
less than) that required for small molecules;33,71 such estimates
can then be systematically refined depending on the available
computational budget.

■ THE ROLE OF PROTEIN FLEXIBILITY

In the previous section, we estimated the solvation free energy
of a rigid protein. In this section, we incorporate the effects of
protein flexibility on its hydration free energy. We modulate
protein flexibility by applying harmonic restraints to all the
heavy atoms of the protein; in particular, we apply a potential

∑κ= | − |
=

U r r
2 i

N

i ir
1

,0
2

prot

(16)

where κ is a force constant, Nprot is the number of protein heavy
atoms, and ri,0 is the restraint position of atom i. For κ = 0, the
protein is fully flexible, whereas in the limit of large κ, the
protein becomes rigid; κ thus serves to modulate protein
flexibility. To estimate the solvation free energy of a partially
flexible protein, we first recognize that whether a protein is
solvated or in vacuum, there is a free energetic cost associated
with restraining the protein. Moreover, the relative cost of
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restraining the protein in water and in vacuum ought to
determine the dependence of ΔG on κ.
To formalize this notion, we define the free energetic cost of

turning on the restraint potential in vacuum (vac) to be
ΔGr

(vac)(κ), and that in the solvated (sol) state to be ΔGr
(sol)(κ).

We then augment the thermodynamic cycle of Figure 1 with
two additional steps. Before inserting the partially flexible
protein, we first increase the restraints on the protein in
vacuum by increasing the force constant from κ to a large value
(say, κC → ∞) until the protein conformation becomes rigid.
The free energy of this step is ΔGr

(vac)(κC) − ΔGr
(vac)(κ). We

then carry out the insertion and filling steps of the
thermodynamic cycle in Figure 1 using the rigid protein, as
before. After the rigid protein has been solvated, we can relax
the restraints in the solvated state from κC to the finite κ of
interest. The free energy of this process is ΔGr

(sol)(κ) −
ΔGr

(sol)(κC). The protein solvation free energy as a function of
the restraint strength, ΔG(κ), is then the sum of the solvation
free energy of the rigid protein, ΔGrigid ≡ ΔG(κC), evaluated in
the previous section, and the free energies of the two additional
steps described above.

κ κ κ

κ κ

Δ = Δ + Δ − Δ

− Δ − Δ

G G G G

G G

( ) [ ( ) ( )]

[ ( ) ( )]

rigid r
(vac)

C r
(sol)

C

r
(vac)

r
(sol)

(17)

Moreover, the hydration free energy of the fully flexible protein,
ΔGflex ≡ ΔG(κ → 0), is then given by

κ κΔ = Δ + Δ − ΔG G G G[ ( ) ( )]flex rigid r
(vac)

C r
(sol)

C (18)

From eqs 17 and 18,

κ κ κΔ = Δ − Δ − ΔG G G G( ) [ ( ) ( )]flex r
(vac)

r
(sol)

(19)

From eqs 18 and 19, it is clear that by estimating ΔGr
(vac)(κ)

and ΔGr
(sol)(κ) over the entire range of κ-values, the

corresponding estimates of ΔG(κ) can be readily obtained.
Solvation free energies,72 as well as free energy differences
between conformational states,73,74 have previously been
estimated using similar procedures.
The free energies associated with turning on the restraint

potential in the solvated and vacuum states of the protein are
shown in Figure 3a. As κ is increased, both ΔGr

(vac) and ΔGr
(sol)

increase, as expected. However, only the difference between
these free energies, shown in Figure 3b, contributes to ΔG(κ)
(eq 19). For the protein, hydrophobin II, ΔGr

(vac)(κ) −
ΔGr

(sol)(κ) is positive for all κ-values, and plateaus at
approximately 432 kBT for large κ. Then, according to eq 18,
the solvation free energy of the fully flexible protein is ΔGflex =

−607 kBT. In comparison, the solvation free energy of the rigid
protein, ΔGrigid = −1039 kBT, suggests a substantial influence of
flexibility on the protein solvation free energy.
The protein solvation free energy as a function of the

restraint strength, ΔG(κ), can also be readily obtained using eq
19, and is shown in Figure 3c. ΔG(κ) decreases monotonically
(favorable) with increasing κ, indicating that protein hydration
becomes more favorable as the protein is made increasingly
rigid. This decrease in the hydration free energy of a protein
stems directly from the greater expense of restraining a protein
in vacuum than in water (eq 19). In other words, a solvated
protein is better able to respond to the inclusion of restraints
than a protein in vacuum, likely because when a solvated
protein is restrained, it can relax not only through changes to its
own structure, but also through reorientation of its hydration
waters. To better illustrate the relationship between the
hydration free energy of a protein and its flexibility, in Figure
3d we additionally plot ΔG as a function of the root mean
squared displacement (RMSD) of the protein computed in the
partially flexible hydrated state, and reference it to the
corresponding rigid protein. As the protein becomes more
flexible, its RMSD increases, and is accompanied by a
concomitant increase in ΔG. Our finding that a rigid protein
is hydrated more favorably is also consistent with the work of
Debenedetti and co-workers, who demonstrated that the
thermodynamic drive for water sorption by protein crystals
increases when the rigidity of the proteins in the crystal is
enhanced, either artificially or physically via disulfide bonds.10,11

■ THE ROLE OF SALT CONTENT

Most proteins can be rendered insoluble by the addition of
certain salts; such a “salting out” of proteins is a commonly
employed protein purification technique.2,6 However, the
phenomenon of salting-out depends on the nature of both
the protein and the salt, and a molecular level understanding of
specific ion effects in protein solubility, the so-called
Hofmeister effects7,75 remain elusive.76−78 To shed light on
how salt influences the strength of protein−water interactions
for the HFBII protein, we estimate ΔG as well as its
components, ΔGcav, ΔGins, and ΔGfill, as a function of sodium
chloride concentration, c. Because the protein hydration shell
now contains salt ions in addition to water, we augment the
definition of Ñv(R̅) to additionally include the salt ions in v.
The hydration free energy of the rigid protein as a function of
salt concentration is shown in Figure 4a, and consistent with a
“salting out” of solution, ΔG indeed increases (unfavorable)
upon addition of NaCl. To uncover the molecular origins of

Figure 3. (a) As the force constant, κ, is increased, there is an increase in the free energetic cost of turning on the restraint potential for both the
vacuum and the solvated states. (b) However, the difference between these free energetic costs, which determines how the protein hydration free
energy varies with κ, plateaus at high κ-values when the protein conformation is essentially rigid. (c) The protein hydration free energy decreases as
the restraints on the protein heavy atoms are increased, suggesting that the protein is solvated more favorably as it becomes more rigid. (d) This is
confirmed by examining the solvation free energy of a partially flexible protein as a function of its RMSD in the solvated state.
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this phenomenon, here we further examine the effects of salt
concentration on the components of ΔG.
The vapor−liquid surface tension of water increases upon

addition of NaCl as ions are excluded from the interface, and
correspondingly, we expect ΔGcav to increase with c.79 As
shown in Figure 4b, the dependence of ΔGcav on c can indeed
be described by

γ γΔ ≈ + ΔG c A c( ) ( )cav SPC/E (20)

where Δγ is the linear slope of the change in surface tension
with NaCl concentration. Moreover, an unconstrained linear fit
to the simulated ΔGcav-values yields a reasonable estimate for A
≈ 41.6 nm2 (assuming γSPC/E = 60.6 mJ/nm2), and Δγ = 1.5
mN m−1/M, which is in good agreement with the value of
roughly 2 mN m−1/M obtained experimentally.80

Assuming that the insertion of the protein into the
preformed cavity is dominated by long-ranged electrostatic
interactions, we can once again use classic continuum
treatments to understand how ΔGins depends on salt
concentration. In particular, the theory developed by Kirk-
wood61,81 predicts that

π βμ
ε

Δ ≈ Δ − ⎜ ⎟⎛
⎝

⎞
⎠G c G

R
c( ) (0)

3
ins ins

2

(21)

where an estimate for ΔGins(0) can be provided by eq 14.
Because our focus is on the c-dependence of ΔGins, here we use
the simulated value of ΔGins(0) instead. Plugging in previously
discussed estimates of the cavity radius, R, the protein dipole
moment, μ, and the dielectric constant of SPC/E water, ε, into
eq 21, we obtain a functional form for ΔGins(c), which is
depicted by the dashed line in Figure 4c, and is in qualitative
agreement with the simulated data. The agreement is
noteworthy given that it was obtained without the use of any
fit parameters.
Even more refined estimates of ΔGins(c) can be obtained by

accounting for the dependence of the dielectric constant on salt
concentration, which is provided by the theory of Gavish and
Promislow,82

ε ε ε α ε= − Δ Δc L c( ) (0) (3 / ) (22)

where Δε = ε(0) − εms, εms is the molten salt limit of the
dielectric constant, α is the excess polarization of the ions, and
L(x) = coth(x) − 1/x is the Langevin function. Following
Gavish and Promislow,82 we use εms = 51.42 and α = 11.5 for
NaCl solutions. Including this prediction for ε(c) in eq 21

yields the dotted line in Figure 4c, which is in even better
agreement with ΔGins(c), particularly at higher salt concen-
tration, suggesting that combining eqs 21 and 22 yields
excellent estimates of ΔGins(c).
We note that although eq 21 was originally intended to

describe the electrostatic portion of the total solvation free
energy, ΔG, the linear response assumptions inherent in the
theory are expected to be reasonably accurate only for the long-
ranged electrostatic interactions captured by ΔGins, and not for
the corresponding short-ranged interactions that contribute to
ΔGfill.

59,60 Thus, the success of eqs 14, 21, and 22 in predicting
ΔGins, not just qualitatively, but also quantitatively, is
underpinned by the QCT partitioning of long-ranged and
short-ranged electrostatic interactions into ΔGins and ΔGfill,
respectively, and by a suitable choice of rv (i.e., rv ≥ 0.6 nm),
which enforces that partitioning in practice.
The filling of the cavity in the final step of the QCT

thermodynamic cycle is dominated by the formation of strong
short-ranged interactions, such as hydrogen-bonding and local
charge−charge “ion-pairing” interactions. Figure 4d highlights
that the free energetics of this step, ΔGfill, have a nonlinear
dependence on salt concentration, with ΔGfill increasing
monotonically (less favorable) with increasing c. Thus, local
protein−water interactions are more favorable in the absence of
salt, and are weakened by the addition of salt. In contrast,
ΔGins, which represents nonlocal long-ranged interactions,
becomes more favorable (decreases) with increasing salt
content.
The increase in the total solvation free energy of the protein

with increasing salt content (Figure 4a), i.e., “salting out” of
HFBII upon addition of NaCl, arises from ΔGcav and ΔGfill,
both of which become increasingly unfavorable as salt is added
and are opposed by ΔGins, which becomes favorable with the
addition of salt. Thus, the increase in water−vapor surface
tension upon addition of salt and the weakening of local
protein−water interactions by NaCl are responsible for the
“salting out” behavior. In contrast, long-ranged protein−solvent
interactions, which can be accurately described by continuum
theories, tend to instead favor “salting in” of the protein.

■ CONCLUSIONS
In this work, we introduce an efficient computational
framework for estimating protein hydration free energies, ΔG,
using all-atom MD simulations with an explicit representation
of the solvent. We hydrate the protein in three steps (Figure 1);
a cavity slightly larger than the protein is first created in bulk

Figure 4. (a) The hydration free energy of hydrophobin II, obtained from the simulations (symbols), increases with increasing NaCl concentration,
consistent with the mild salting out effect of this salt. Error bars are determined by block averaging and represent one standard deviation. (b) The
cavity creation component of the hydration free energy, ΔGcav, increases approximately linearly with NaCl concentration, consistent with the change
in surface tension upon addition of salt. The dashed line is a fit to eq 20, as described in the text. (c) The insertion free energy, ΔGins, decreases
roughly linearly with increasing salt concentration. The dashed line corresponds to ΔGins(c) predicted by eq 21 with ΔGins(0) determined from
simulation and a fixed dielectric constant, whereas the dotted line incorporates a c-dependent dielectric constant, ε(c), via eq 22. (d) The filling free
energy, ΔGfill, increases as NaCl is added to the solution.
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water; the protein is then introduced into that cavity to
establish long-ranged interactions between the protein and
water; and finally, the short-ranged protein−water interactions
are formed by filling the cavity with water. We show that to a
good approximation, the free energetics of cavity formation
(ΔGcav) can be estimated by considering the creation of liquid−
vapor interfacial area. Similarly, protein insertion free energetics
(ΔGins) can be estimated by considering the polarization of the
liquid−vapor interface when a dipole (protein) is introduced
into the preformed cavity. In contrast, the free energetics of the
short-ranged protein−water interactions (ΔGfill) depend non-
trivially on the chemical and topographical context presented
by the protein surface.12−20

By leveraging an understanding of the free energetics of
water density fluctuations, both in bulk water and in the protein
hydration shell,43,46,83 and by employing efficient simulation
methods for characterizing such free energetics,17,30 we are able
to mitigate the computational expense of estimating ΔGcav and
ΔGfill, thereby allowing us to estimate ΔG for the protein
hydrophobin II using only 15 ns of simulation data. A particular
strength of the approach is that approximate estimates of ΔG
(with errors of less than 5%) can be obtained with minimal
computational effort, and if required, the accuracy can be
progressively enhanced by spending more computational effort.
Due to its efficiency, the approach presented here can serve as a
basis for exploring the molecular underpinnings of the diverse
determinants of biomolecular solubility, ranging from protein
mutations and solution additives to environmental conditions,
such as temperature or pH. Here, we explore how the hydration
free energy of a protein is influenced by its flexibility and by the
inclusion of salt in the solution.
We find that a protein can be hydrated more favorably by

enhancing its rigidity; for example, by engineering it to have a
higher content of rigidifying residues, like proline,84−87 a high
concentration of strong interactions, like salt bridges and
disulfide bonds,11,85,87−89 or through chemical cross-link-
ing.90−92 Conversely, enhancing protein flexibility would serve
to lower its propensity to remain hydrated, and in principle, it
could not only lower protein solubility, but also be used to
trigger protein assemblies. Intraprotein interactions, such as
disulfide bonds or salt bridges, are also used to stabilize the
folded state of a protein.85,87,88 In addition to stabilizing the
folded state directly, our findings suggest that such favorable
interactions ought to also favor the folded state indirectly
through their role in enhancing protein rigidity. In particular,
consider the solvent-induced folding free energy, ΔGfold, that is,
the difference between the free energies of folding the protein
in water and in vacuum, which is equal to the difference in the
solvation free energies of the folded and unfolded states, ΔGfold
= ΔGF − ΔGU. Because disulfide bonds and salt bridges are
typically broken when the protein is unfolded, they ought to
have little effect on ΔGU. In contrast, such interactions are
present in the folded state, and our results suggest that by
increasing protein rigidity, they make ΔGF, and thereby ΔGfold,
more favorable.
We also find that the hydration free energy, ΔG, of the

protein hydrophobin II increases with increasing NaCl
concentration, c, which is consistent with the known decrease
in the solubility of proteins upon addition of NaCl. The
increase in ΔG with increasing c can be traced to the
corresponding increase in both ΔGcav(c) and ΔGfill(c). In
contrast, ΔGins(c) decreases (favoring hydration) as c is
increased. Because only long-ranged interactions contribute to

ΔGins, we do not expect its decrease upon addition of salt to
depend on the specific nature of the salt ions. In contrast, we
expect both ΔGcav(c) and ΔGfill(c) to depend on the particular
salt ions being added to the solution. We show that the c-
dependence of ΔGcav derives primarily from that of the liquid−
vapor surface tension γ(c), which usually increases, but can also
decrease with increasing c, depending upon which ions are
added to the solution.80,93−95 The c-dependence of ΔGfill is also
expected to be ion specific, and ΔGfill(c) may either increase or
decrease with increasing c, depending not only on how
protein−water interactions are modulated by the presence of
the ions, but also on the direct “ion-pairing” interactions
between charged protein residues and salt ions.

■ APPENDIX: CHOOSING AN OPTIMAL rv
The physical significance of the free energy components of ΔG
(as defined by the QCT thermodynamic cycle of Fig. 1), as well

Figure 5. (a) The average insertion energy determined from
simulation (Sim, points) and linear response theory (LRT, lines)
agrees for large cavity sizes, while LRT fails as the cavity size is
decreased. (b) The difference between the actual (sim) and LRT
estimated average energies indicates that LRT becomes more accurate
as the size of the cavity, rv, is increased. The shaded areas indicate the
error in the insertion free energy by using LRT, which becomes
smaller as rv is increased. Note that the areas of the shaded regions are
the same in (a) and (b). Color scheme is the same in both panels.
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as the overall computational efficiency of the approach are
strongly influenced by the size (and shape) of the cavity
volume, v, that is employed. We define v as the union of
spherical sub-volumes of radius rv centered on each of the
protein heavy atoms, so that it complements the size (and
shape) of the protein. For simplicity, here we use the same rv
for all protein heavy atoms, but in principle a different rv can be
chosen for each heavy atom, if needed. When an additional
inner volume is employed to reversibly add/remove strongly
bound water molecules in the filling step (as detailed in the SI),
the rv discussed here refers to the outer volume; the boundary
of the inner volume is not varied.
The use of a cavity in the thermodynamic cycle of Figure 1

serves to partition protein−solvent interactions into short- and
long-ranged components,29,42 so that upon insertion of the
protein into the pre-formed cavity, it does not experience short-
ranged protein−water interactions, such as repulsions or
hydrogen bonds. The radius, rv, then represents the length-
scale over which these interactions are separated, with long-
ranged protein−water interactions contributing to ΔGins, and
the corresponding short-ranged interactions being captured by
the sum of ΔGcav and ΔGfill.

If rv is chosen to be too small (e.g., the size of protein heavy
atoms or roughly 0.3 nm), the protein experiences short-ranged
interactions upon insertion, with the alchemical approach being
recovered in the limit of vanishing rv. In this limit, ΔGcav and
ΔGfill vanish, and ΔG is dominated by the protein insertion free
energy, ΔGins. However, to estimate ΔGins, protein−water
interactions must be turned on incrementally, necessitating the
simulation of a large number of alchemical states, whose
solvation free energies are not particularly meaningful from a
physical standpoint.
In contrast, for a sufficiently large value of rv, because the

slowly varying and long-ranged interactions that contribute to
ΔGins perturb the solvent structure in gradual manner, we
expect ⟨U(R̅)⟩λ,ϕC

to respond linearly to λ, that is

λ⟨ ̅ ⟩ = ⟨ ̅ ⟩ + ⟨ ̅ ⟩ − ⟨ ̅ ⟩λ ϕ ϕ ϕ ϕU U U UR R R R( ) ( ) [ ( ) ( ) ],
LRT

0, 1, 0,C C C C

(23)

Correspondingly, we also expect Pλ(ΔλU) to display Gaussian
statistics, with increased overlap between adjacent λ-ensembles
as rv is increased, enabling estimation of ΔGins with only a few
(or no) intermediate alchemical states. However, the
cancellation between the free energetics of cavity creation
(ΔGcav ≥ 0) and cavity filling (ΔGfill ≤ 0) increases as rv is
increased, resulting in substantial numerical uncertainties in the
free energetics of the short-ranged solute−solvent interactions.
We thus recommend that rv (and correspondingly, the cavity

size) be chosen to be large enough to yield distributions of
Pλ(ΔλU) that are Gaussian, but no longer to reduce
cancellation between ΔGcav and ΔGfill, and the associated
uncertainty in ΔGcav + ΔGfill. The results in Figures 5 and 6
suggest that the appropriate balance is provided by rv = 0.6 nm,
which is roughly the size of a protein heavy atom plus that of a
water molecule. Thus, the optimal choice of v corresponds to it
encompassing roughly the first hydration shell of the protein.
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Figure 6. (a) The probability distributions of the protein−water
interaction energy, Pλ(ΔλβU), follow Gaussian statistics, for a well-
chosen cavity, such as those shown here for the rv = 0.6 nm volume.
Symbols indicate simulation data and lines are Gaussian distributions
with the same mean and variance as the simulation data. (b) The
probability, PX, where neighboring distributions are in λ-space cross,
indicates that phase space overlap also increases as the cavity volume is
increased. PX is schematically illustrated by the circles in (a).
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