pubs.acs.org/JCTC

Article

Per|Mut: Spatially Resolved Hydration Entropies from Atomistic
Simulations
Leonard P. Heinz* and Helmut Grubmüller*
Cite This: J. Chem. Theory Comput. 2021, 17, 2090−2098

Downloaded via MPI MULTIDISCIPLINARY SCIENCES on June 2, 2022 at 15:30:52 (UTC).
See https://pubs.acs.org/sharingguidelines for options on how to legitimately share published articles.

ACCESS

Metrics & More

Read Online

Article Recommendations

sı Supporting Information
*

ABSTRACT: The hydrophobic eﬀect is essential for many
biophysical phenomena and processes. It is governed by a ﬁnetuned balance between enthalpy and entropy contributions from
the hydration shell. Whereas enthalpies can in principle be
calculated from an atomistic simulation trajectory, calculating
solvation entropies by sampling the extremely large conﬁguration
space is challenging and often impossible. Furthermore, to
qualitatively understand how the balance is aﬀected by individual
side chains, chemical groups, or the protein topology, a local
description of the hydration entropy is required. In this study, we
present and assess the new method “Per|Mut”, which uses a
permutation reduction to alleviate the sampling problem by a
factor of N! and employs a mutual information expansion to the
third order to obtain spatially resolved hydration entropies. We tested the method on an argon system, a series of solvated n-alkanes,
and solvated octanol.
Likewise, the grid cell theory (GCT)18 also yields solvent
entropies but relies on a generalized Pauling’s residual ice
entropy model19,20 for the rotational entropy term.
In the grid inhomogeneous solvation theory (GIST),21−27 the
entropy is approximated by a truncated expansion of single-body
and multibody correlation functions, which are calculated on a
three-dimensional grid. Although the method also provides
spatial resolution, the GIST expansion is usually truncated at the
single-body and rarely at the two-body correlation term and
therefore does not capture most multibody eﬀects, which, as will
be shown below, are important.
To address these issues, we developed an MD-based method
to calculate the spatially resolved hydration entropy from
atomistic simulations via permutation reduction and a mutual
information expansion (“Per|Mut”), which calculates entropies
directly by sampling the conﬁguration space probability density
ϱ as S = −kB⟨log ϱ⟩.
As described in Section 2.2, adequate sampling of the full
conﬁguration space is typically impossible, because in such an
approach, the solvent particles are inherently treated as
indistinguishable. The space that needs to be sampled is,

1. INTRODUCTION
The thermodynamics of the hydration shell plays an important
role in many biophyiscal processes, such as phase separation,
membrane and micelle formation,1−3 or the function and folding
of proteins.4,5 These processes are driven by the hydrophobic
eﬀect,6−10 which results from a delicate balance between
entropic and enthalpic contributions of the ﬁrst few solvent
layers but is quantitatively not yet fully understood.11 A better
understanding of the behavior of water molecules at
heterogeneous surfaces is therefore necessary.
Atomistic molecular dynamics (MD) simulations have proven
to reproduce the eﬀects of hydrophobic interaction quantitatively.2,12 However, the lack of a straightforward way to quantify
the hydration entropy contributions of speciﬁc side chains or
functional groups of atoms precludes a deeper understanding of
the molecular driving forces and the energetics of solvation.
Further, the shallow energy landscape that governs the dynamics
of the solvent molecules requires sampling of an extremely large
conﬁguration space and thus poses a severe challenge for
entropy calculation.
The solvation entropy of a simple system can be calculated
using thermodynamic integration (TI),13,14 which, however,
lacks spatial resolution, and a vast amount of sampling is needed
for more complex systems.
3D-two-phase-thermodynamics (3D-2PT)15−17 is a voxelbased approach and thus yields spatially resolved hydration
entropies but relies on the assumption that the system can be
treated as a superposition of gas-like and solid-like components.
© 2021 The Authors. Published by
American Chemical Society
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therefore, N!-times larger than fundamentally necessary, which
results in slow convergence. Whereas other methods do not
suﬀer from this problem, as they compute entropies indirectly
through derived quantities (3D-2PT) or by switching to a gridbased representation that is agnostic of the particle identities
(GCT and GIST), we here address this issue by taking
advantage of the permutation symmetry of the N identical
solvent molecules to enhance conﬁguration space sampling by
the Gibbs factor N!. To calculate the entropy from the
permutationally reduced trajectory, we use a mutual information
expansion. The latter step is similar in spirit to GIST but here is
based on particle positions rather than voxels, and all
correlations up to three-body correlations are routinely
included.
The method yields spatially resolved entropy contributions
from translational and rotational degrees of freedom as well as
from their correlation on a per-molecule level. The distinction
between ﬁrst-order entropy and contributions from many-body
correlations furthermore provides an interpretation of the
physical origins of solvent-driven free energy changes.
We have addressed the rotational part of solvent entropies in a
previous publication28 and will therefore focus the theory below
on the translational part and the mutual information term that
describes the correlation between translational and rotational
degrees of freedom. Subsequently, we will assess the accuracy
and convergence on 1728 argon atoms in Section 4.1. In
Sections 4.2 and 4.3, we will apply Per|Mut to hydrated systems,
namely to solvated alkanes and to octanol.

employ a permutation reduction of the identical solvent
molecules as described in Section 2.2 to increase sampling by
a factor of N!. Finally, we calculate entropies from the permuted
trajectory via a third-order mutual information expansion (MIE)
with a k-nearest-neighbor probability density estimator, as
described in Section 2.3.
A MIE is also used in the same manner to estimate the
correlation term −Itrans−rot.
2.2. Permutation Reduction. The sampling of Sconf, and
thus the direct calculation of solvent entropy from computer
simulations, generally suﬀers from slow convergence. Contrary
to the collective motion of macromolecules, which is usually
highly coupled, the diﬀusive motion of solvent molecules leaves
almost the entire conﬁguration space accessible, thus rendering
suﬃcient sampling practically impossible.
The volume of the full 3N-dimensional translational
conﬁguration space of N water molecules with a constant
density scales as NN, which renders it impossible to numerically
sample the conﬁguration space even for a small system of ∼100
water molecules. This problem arises because the concept of
phase space (or conﬁguration space) inherently assigns unique
labels to physically identical water molecules. Therefore, each
microstate is counted redundantly N! times, where the
physically identical microstates only diﬀer by a permutation of
the indistinguishable water molecules, leading to a conﬁguration
space volume N!-times larger than physically necessary.
In an analytical treatment, this problem is, of course, solved by
the Gibbs factor N!.30 For a numerical approach, however, the
Gibbs factor cannot be straightforwardly applied. Permutation
reduction31,32 solves this problem by relabeling (i.e., permuting)
the solvent molecules in each frame of an atomistic trajectory
such that the trajectory is mapped into a conﬁgurational
subspace with a volume reduced by the Gibbs factor N!. Here,
we summarize the aspects of permutation reduction that are
relevant for the entropy estimate; an in-depth derivation is
provided elsewhere.31,32
The alleviation of the sampling problem is achieved by
choosing a permutation π for each frame of the trajectory {xi(t)}
that minimizes the distance

2. THEORY
2.1. Absolute Entropy. We separate the total entropy Stot
into the sum of contributions from the translational degrees of
freedom Strans, the rotational degrees of freedom Srot, and a
mutual information (MI) term −Itrans−rot, which quantiﬁes the
correlation between translational and rotational motions. Note
that rotational entropy is also deﬁned as a conditional entropy by
some authors,25,27,29 in which case, it includes the MI term
−Itrans−rot.
The translational entropy is
Strans = −kB

∫

dp N dx N
h3N

N

ϱlog ϱ

∑ ∥xπ(i)(t ) − ri∥2

(1)

i=1

with the Boltzmann constant kB, Planck’s constant h, momenta
{pi}, and positions {xi} for N solvent molecules, the normalized
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(3)

with respect to an arbitrary but ﬁxed set of reference positions
{ri}.
Figure 1A demonstrates this approach for the simplest case of
two water molecules. In the right panel, the water molecules
have moved away from their reference positions (shown on the
left), such that the deviation from the reference is minimized if
the labels are swapped. Figure 1B visualizes the eﬀect on the
accessible conﬁguration space for two one-dimensional
molecules. Before permutation reduction, the system is either
in a regime of x1 < x2 or x1 > x2, with the accessible conﬁguration
space marked in blue. After permutation reduction, the
molecules are relabeled such that, depending on the reference
conﬁguration, the system remains in one of the two regimes.
Thereby, the conﬁguration space volume is reduced by a factor
of 2!. Although this factor seems small, note that it is N! for N
molecules and hence represents an enormous alleviation of the
sampling problem for larger N.
Figure 1C shows the eﬀect of permutation reduction on 3D
space for a box of 200 molecules. Now, each molecule is

∫

S kin

Article

(2)

where m is the mass of a water molecule, h = = h/h ; with
arbitrary h ; > 0, and ϱ= is the probability density in 3Ndimensional conﬁguration space. Here, we present a method to
calculate the total solvent entropy Skin + Sconf. Since Skin is
available analytically, we will here mainly focus on Sconf.
We calculate Sconf by ﬁrst carrying out an atomistic molecular
dynamics (MD) simulation of solvent and solute. We then
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I3(l , m , n) = S1(l) + S1(m) + S1(n) − S2(l , m) − S2(l , n)
− S2(m , n) + S3(l , m , n)

(5b)

Similar to the mutual information terms, also the entropy terms
denote the entropies of the conﬁguration space probability
densities of one, two, and three water molecules, respectively.
These are the entropies of the three-, six-, and nine-dimensional
marginal distributions, respectively, where all degrees of
freedom, except the ones of the molecules speciﬁed by the
indices, are projected out. Because for a third-order expansion a
nine-dimensional space needs to be sampled, the expansion
converges for ∼105 samples. Higher-order terms are increasingly
harder to sample and were therefore neglected. While these may
contribute to absolute entropies, we ﬁnd for our examples that
they tend to cancel out when calculating entropy diﬀerences.
The individual entropies of eqs 5a and 5b are calculated using
a kNN estimator.28 The entropy of a given trajectory of nf
conﬁgurations {x1, ..., xnf} with xi ∈ 3p, p = 1 (single-molecule
term), p = 2 (pair term), or p = 3 (triple term) is given by
Sp
kB

≈

1
nf

nf

∑ log((nf

− 1)V (3p)(ri , k)) − ψ (k)

i=1

(6)

where k is a ﬁxed positive integer, ψ is the digamma function, ri,k
is the distance from the conﬁguration xi to its kth neighbor in the
3p-dimensional conﬁguration space using the Euclidean metric,
and
3p

V

Itrans−rot ≈

i=1

(j , k) ∈ pairs

∑
(l , m , n) ∈ triples

I3(l , m , n)

∑

I2(j , k)̃

d((x1 , q1), (x 2 , q2)) =

(8)

[ξdeucl(x1 , x 2)]2 + dquat(q1 , q2)2
(9)

where the quaternions q1 and q2 describe molecular orientations,
deucl is the Euclidean metric, and dquat(q1, q2) = min{∥q1 − q2∥2,
∥q1 + q2∥2} is the quaternion metric.28,43 The scaling factor ξ
ensures equal units under the square root, where the distance in
Euclidean space is measured in nanometers, and the distance in
quaternion space is unitless. Its numerical value is chosen such
that the typical distances in 3 and SO(3) are of the same
magnitude, as discussed in greater detail in the Supporting
Information. For liquid water, a value of ξ = 10 nm−1 is used, but
tests with 20 and 30 nm−1 did not yield signiﬁcantly diﬀerent
results.
The volume of the ball, induced by the metric d in 3*SO(3)
reads

(4)

is truncated after the three-molecule correlation term, where the
indices 1 ≤ i, j, k, l, m, n ≤ N label individual molecules. The ﬁrst
term is the sum of all single-molecule entropies, i.e., the
entropies of the marginal distributions of individual molecules,
and therefore does not take correlations between molecules into
account. Pairwise and triplewise correlations are described by
the second and third terms, respectively, for which the mutual
information terms read
I2(j , k) = S1(j) + S1(k) − S2(j , k)

(7)

where the index j denotes the translational degrees of freedom of
molecule j, and k̃ denotes the rotational degrees of freedom of
molecule k.
To apply a kNN entropy estimator in the product space of 3
and the group of orientations SO(3), we use the composite
metric

N

I2(j , k) +

( 32p + 1)

Γ

(j , k)̃ ∈ pairs

localized to a small region centered at the reference position.
Importantly, the physics of the system is unchanged.
2.3. Entropy Estimation. Even after permutation reduction, Sconf cannot be computed directly, because it still requires
sampling of a 3N-dimensional space. Instead, we use a mutual
information expansion33−36 and calculate its terms with a knearest-neighbor estimator (kNN),37−42 as previously described
for rotational entropies.28
The mutual information expansion

∑ S1(i) − ∑

(ri , k) =

is the volume of the (3p − 1)-sphere with radius ri,k.
The correlation term Itrans−rot is calculated as

Figure 1. Concept of permutation reduction on (A) two water
molecules, (B) two one-dimensional molecules, and (C) a superimposed trajectory of 200 molecules. In the last case, each color
represents a single molecule.

Sconf ≈

π 2 ri3, kp

(3p)

(5a)
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∫= R2sin2 ϕdR dϕ

= = {R2 + 2(1 − cos ϕ) ≤ r 2}

{

∩ 0≤ϕ≤

π
2

}

∩ {0 ≤ R ≤ ∞}

(10)

and was calculated numerically using the software Mathematica
10.0.28,44

3. METHODS
MD simulations were carried out using the software package
Gromacs 201845−49 with a leapfrog integrator (2 fs time step)
and the CHARMM36m force ﬁeld.50−52 Bonds were constrained using SETTLE53 (water molecules) and LINCS54
(other bonds to hydrogen atoms). The V-rescale thermostat55
with a time constant of 0.1 ps at 300 K was used in all
simulations, and NPT runs were performed using the
Parrinello−Rahman barostat56,57 with a time constant of 1.0
ps and 1 bar of pressure. Lennard-Jones potentials58 were cut oﬀ
at 1.2 nm. The same value was used as the real-space cutoﬀ of
electrostatic interactions in the particle-mesh Ewald (PME)
method.59
All production trajectories used for the entropy estimates
were 1 μs long; conﬁgurations were recorded every 10 ps.
3.1. Argon. To mimic the number density of liquid water,
1728 argon atoms were placed in a (4 nm)3 cubic box
(equivalent to ∼10 000 bar pressure) and simulated under
constant-temperature, constant-volume (NVT) conditions at a
temperature of 300 K. Despite the large pressure, no
crystallization occurred, and the system remained diﬀusive.
Translational entropies were calculated using permutation
reduction and a mutual information expansion (Per|Mut), and
its accuracy was assessed using reference entropies obtained via
the more expensive thermodynamic integration (TI).13,14,28,31
The TI was performed using 200 steps, during which the
interactions were switched linearly from an ideal gas state (λ =
0), for which the entropy is known analytically, to full argon−
argon interactions (λ = 1). The simulation runs for each step
lasted 100 ns and were carried out with soft-core60 parameters α
= 0.5 and p = 1. Errors were estimated as the diﬀerence to a
second TI with only 50 ns per step.
Per|Mut entropies were calculated as described in Section 2.
Permutation reduction of the 1 μs trajectory was carried out
using a 12 × 12 × 12 simple cubic reference conﬁguration {ri}.
Pairwise MI terms were calculated for atoms with an average
distance of less than 1.0 nm after permutation reduction.
Similarly, a 0.45 nm cutoﬀ was used for third-order MI terms. A
kNN value of k = 1 was used for all MI terms. Error bars were
estimated from the standard deviation of the entropies of the
individual atoms.
To compare the Per|Mut results for intermediate values of the
TI switching coordinate, Per|Mut was also applied to 1 μs
trajectories with λ-values of 0.8, 0.6, 0.4, 0.2, and 0.0 (ideal gas),
as shown in Figure 2.
3.2. Alkanes and Octanol. Per|Mut entropies were
calculated for the n-alkanes between ethane and decane as
well as for octanol. Each solute molecule was solvated by 1728
water molecules in a cubic box and simulated as described above.
To prevent the solutes from deviating from their initial linear
conﬁgurations, the positions of all atoms were ﬁxed, such that
only the water molecules remained mobile. Permutation
reduction was carried out using a 12 × 12 × 12 simple cubic

Figure 2. Entropy per particle of the argon system from TI (red) and
Per|Mut (blue) along the switch from an ideal gas state (left) to full
argon atoms (right). The MI expansions up to the ﬁrst, second, and
third order are shown with increasing opacity. The contribution by the
second order, i.e., the diﬀerence between the ﬁrst- and second-order
expansion, is shaded in green. The contribution by the third order is
shaded in magenta. Error bars are too small to be shown.

reference conﬁguration, and the MI terms were calculated using
k = 1 as well as 1.0 and 0.33 nm cutoﬀs for second-order and
third-order terms, respectively. Errors were estimated from the
standard deviation of entropies of bulk-phase water molecules,
assuming that molecules close to the solute are subject to the
same spread.
For alkanes, reference entropies were again obtained using TI
for ethane, propane, pentane, octane, and decane, where the
solutes were grown in a water box during 200 steps for the
Lennard-Jones interactions and an additional 50 steps for the
Coulomb interactions. Each step lasted 50 ns, and soft-core
parameters identical to that of the argon TI were used.
For the spatially resolved entropy map of octanol (Figure 4),
the entropy per permutation-localized water molecule (see
Figure 1C) was calculated by splitting the contributions from
pair (second MI order) and triple correlations (third MI order)
equally between the involved molecules. The simulation box was
divided into 128 × 128 × 128 voxels, and for each voxel, the local
entropy was given by the average of the entropies per water
molecule, weighted according to the simulation trajectory.
3.3. Nearest-Neighbor Search. Nearest-neighbor searches
for the kNN estimator in Euclidean space were performed using
a k-d tree and the Python module scikit-learn 0.20.3.61 Nearestneighbor searches in quaternion space and the composite space
were carried out using the Non-Metric Space Library
1.7.3.6.28,62

4. RESULTS AND DISCUSSION
4.1. Argon. To assess the accuracy of the translational
entropies, we used a test system of 1728 argon atoms and
compared entropies calculated with Per|Mut to entropies from
thermodynamic integration (TI), as described in Section 3.1. TI
is computationally more expensive than Per|Mut, does not yield
spatial resolution, and is unsuitable for more complex systems
but can serve as a reference for the test system. During TI, we
changed the interactions between the argon atoms from a
noninteracting ideal gas state (λ = 0) to their normal interatom
interactions at λ = 1 and calculated the entropy change along the
switching coordinate λ. We subsequently used Per|Mut to
calculate translational entropies along the switching coordinate
for λ = 0 (ideal gas), 0.2, 0.4, 0.6, 0.8, and 1.0 (full argon atoms)
to compare with the respective reference values. As shown in
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Figure 2, Per|Mut closely follows the reference TI values for all λvalues with a maximum deviation of 5.7%.
For the ideal gas state, the third-order Per|Mut expansion
yields a quite accurate entropy of 95.6 J·mol−1·K−1 and thus
deviates by only 1% from the reference value 96.6 J·mol−1·K−1.
In this state, the ﬁrst order of Per|Mut contributes 100.4 J·mol−1·
K−1, the second-order term reduces the entropy by 5.4 J·mol−1·
K−1, and the third order contributes a further 0.5 J·mol−1·K−1.
As the atomic interactions are switched on, the reference TI
entropy decreases by 29.8 to 66.7 J·mol−1·K−1 for λ = 1. The Per|
Mut entropies follow the same trend; for full argon atoms, the
third-order Per|Mut yields an entropy of 63.0 J·mol−1·K−1,
which is within 5.7% from the reference value. The reduction of
the ﬁrst-order term (light blue in Figure 2) reﬂects the eﬀect of
the decreased accessible volume due to the excluded volumes of
the interacting particles and amounts to just 6.9 J·mol−1·K−1,
which is 21.1% of the total entropy loss. Signiﬁcantly more
entropy is lost due to correlated particle movement, as reﬂected
by the second- and third-order contributions. Here, the pair
correlations (second order) dominate by accounting for 21.2 J·
mol−1·K−1, 65.0% of the overall entropy loss, whereas the threeparticle correlations (third order) contribute 4.5 J·mol−1·K−1
(13.9%).
Since the particles in an ideal gas are by deﬁnition
uncorrelated, it might seem surprising that for λ = 0, the
second- and third-order contributions of Per|Mut are nonzero,
due to the permutation reduction. As shown in Figure 1B, even
an uncorrelated input distribution (left) may become correlated
once the trajectory is mapped into a permutation subspace
(right). The argon test system demonstrates that an MI
expansion to the third order is suﬃcient to compensate the
eﬀect within 1% and that higher-order “pseudocorrelations”
induced by permutation reduction are small. Furthermore, the
second- and third-order “pseudocorrelations” for the ideal gas
(5.4 and 0.5 J·mol−1·K−1, respectively) are small compared to
the second- and third-order contributions for the full argon
atoms (21.2 and 4.5 J·mol−1·K−1, respectively). Interpreting the
contributions by the second and third order as measures of
physical two- and three-body correlations is therefore still
warranted for suﬃciently interacting systems.
The signiﬁcant but small third-order contribution of 4.5 J·
mol−1·K−1 to the overall entropy loss shows that neglecting
higher-order terms, which are expected to yield decreasing
contributions, is justiﬁed.
As the interactions become stronger, the entropy is
increasingly underestimated by up to 5.7%, likely because
higher-order expansion terms become more important at high
pressures.
Argon at ∼10 000 bar of pressure loses approximately 30 J·
mol−1·K−1 of entropy compared to its ideal gas state, which is
signiﬁcantly more than the ∼18 J·mol−1·K−1 entropy loss of
water compared to interactionsless water. Since kNN MI
estimators are known to increasingly underestimate correlations
the more correlated a system is,28,63 argon at high pressure poses
a harder benchmark than water at 1 bar. We therefore expect the
considered two- and three-body correlation terms to be more
accurate for water than for argon.
Overall, Per|Mut yields accurate solvation entropies for the
argon test system. To test the accuracy and the ability to provide
spatially resolved entropies, we applied Per|Mut to more
complex systems, which will be discussed in Sections 4.2 and 4.3.
4.2. Alkanes. Experimental and theoretical studies show that
the solvation entropy of alkanes decreases approximately linearly
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with increasing alkane length.64−66 To see if Per|Mut captures
this linear relationship qualitatively and quantitatively, we
calculated hydration entropies for the n-alkanes from ethane
to decane. Here, we deﬁned the hydration shell as the 100 closest
water molecules to the solute after permutation reduction. The
number was chosen such that even for the largest solute
(decane), all water molecules that were aﬀected by its presence
were still included (see Figure S3 in the Supporting
Information). Reference values were obtained by TI, as
described in Section 3.2.
As shown in Figure 3, Per|Mut indeed yields linear trends for
the translational (blue symbols) and rotational (green symbols)

Figure 3. Hydration shell entropy loss relative to ethane with increasing
alkane length. Translational and rotational entropies are illustrated with
blue and green symbols, respectively. Entropy loss due to translation−
rotation correlation is shown in purple. The total entropy change is
shown in orange, and the TI reference entropies are shown in red. For
easier visibility, the translational, rotational, and translation−rotation
correlation data is oﬀset by 75, 50, and 25 units, respectively. Dotted
lines are from linear regression.

entropies as well as for the translation−rotation correlation term
−ΔItrans−rot (purple symbols), which reduce the entropy by (5.6
± 1.0), (4.6 ± 1.7), and (11.6 ± 0.6) J·mol−1·K−1, respectively,
for each additional carbon atom. Combined, this results in a loss
of (21.8 ± 1.2) J·mol−1·K−1 per C atom (orange symbols). The
result is in good agreement with the TI reference value of (21.0
± 0.7) J·mol−1·K−1 per C atom (red symbols) and more than the
experimental64 entropy loss of (13.3 ± 0.7) J·mol−1·K−1.
Since the diﬀerence between TI and experimental values is
most likely due to force ﬁeld errors, which equally aﬀect Per|
Mut, we consider TI to be the proper benchmark.
Notably, increased correlations between translational and
rotational water motions for longer alkanes reduce the entropy
by as much as the combination of translational and rotational
modes. The correlation of translational and rotational modes of
motion increases for molecules close to the solute. In this
regime, the molecules likely experience an increased orientational bias by predominately forming hydrogen bonds facing
2094
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Figure 4. Spatially resolved octanol hydration shell entropy change per molecule relative to bulk quantities. (A) shows translational entropy values, and
(B) shows rotational entropies. In both, (A) and (B), the three columns show total entropy change, ﬁrst-order MI change, and second-order MI
change, respectively. (C) shows the translation−rotation correlation, and (D) shows the total entropy change. Values at selected regions are
highlighted with arrows.

The MI expansion allows for the entropy decomposition into
contributions from the individual water molecules (ﬁrst order)
and their entropy loss due to pair correlations (second order).
The ﬁrst-order contribution (Figure 4A, center) shows that an
entropy loss of 19.2 J·mol−1·K−1 at the donor side of the
hydroxyl group is due to the reduced mobility of a hydrogenbonded water molecule. At the acceptor side, only 3.4 J·mol−1·
K−1 is lost. The entropy loss around the tail is mainly from the
ﬁrst-order contribution, where the presence of the apolar
hydrocarbon chain causes an entropy loss up to 3.5 J·mol−1·K−1
due to the restricted mobility of individual water molecules.
As seen for the second-order contribution (Figure 4A, right),
the entropy loss due to pair correlations of the water molecule
that forms a hydrogen bond to the hydroxyl group is less than in
bulk phase. The molecule therefore gains 2.4 J·mol−1·K−1
relative to bulk (white arrow). A likely explanation is that the
hydroxyl group replaces another water molecule as a hydrogen
bond partner, which leaves the chemical environment almost
unchanged but reduces the number of possible water−water
correlation pairs in the vicinity. Furthermore, increased pairwise
correlations decrease the entropy in a shell around the
hydrophobic chain by additional 1.9 J·mol−1·K−1 per molecule

away from the solute. By this reasoning, larger solutes result in a
larger entropy loss from the correlation term.
Overall, Per|Mut accurately calculates the solvation entropy
change for alkanes between ethane and decane. Furthermore,
the method precisely captures the entropy change, induced by
the addition of a chemical group as small as a methyl group to the
solute for a hydration shell of 100 molecules.
4.3. Octanol. Our approach allows closer analysis of the
molecular origin of entropy changes. To assess the spatial
resolution yielded by Per|Mut, we calculated the hydration shell
entropy of octanol. To this end, we simulated a ﬁxed octanol
molecule with 1728 water molecules in a similar manner as
described in Section 3, carried out the Per|Mut analysis, and
calculated local entropies as described in Section 3.2.
As shown in Figure 4, the spatial distribution of entropy diﬀers
signiﬁcantly between the apolar tail and in the vicinity of the OH
group of octanol.
The translational entropy (Figure 4A) is reduced by 15.2 J·
mol−1·K−1 per water molecule where the hydroxyl group acts as a
proton donor (white arrow) and by 3.7 J·mol−1·K−1 where it acts
as a proton acceptor (cyan arrow). Close to the hydrophobic tail,
the entropy reduction varies between 3.7 and 1.5 J·mol−1·K−1.
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absolute entropy to be decomposed into contributions from
individual molecules, pair correlations, and triple correlations.
The MIE reduces the dimensionality of the spaces that need to
be sampled. By distinguishing between entropy contributions of
individual molecules as well as pairwise and triple correlations,
additional insight into the physical origin of entropy changes is
provided.
We used the small argon test system to assess the accuracy of
the translational entropy algorithm by comparing the obtained
values with TI. Per|Mut yielded accurate entropy values for the
full range of the switching coordinate within a maximum
deviation of 5.7% from the TI reference value.
To test the accuracy of Per|Mut as a whole, including the
translation−rotation correlation term, we calculated the
hydration entropies of n-alkanes from ethane to decane.
Indeed, we identiﬁed a linear entropy loss66 of (21.8 ± 1.2) J·
mol−1·K−1 per additional carbon atom, as shown in Figure 3,
which is in quantitative agreement with the reference entropy
loss of (21.0 ± 0.7) J·mol−1·K−1 per C atom, calculated by TI.
Here, the increased correlation between the translational and
rotational degrees of freedom for larger solutes was identiﬁed as
the largest contribution to the entropy loss.
Because of its hydrophobic tail and its hydrophilic headgroup,
we chose octanol as a test system to demonstrate how Per|Mut
can characterize solvation entropies with a spatial resolution.
Hydrogen bonding strongly reduces the local entropy by 11.9
and 28.5 J·mol−1·K−1 for the water molecules to which the
hydroxyl group of octanol acts as a proton acceptor or donor,
respectively. The entropy loss at the donor site yields an entropic
free energy contribution of 8.55 kJ·mol−1 at a temperature of 300
K, which is signiﬁcantly less than the ∼20 kJ·mol−1 enthalpy loss
due to the hydrogen bond.67 The result shows that the solvation
free energy diﬀerence of octanol and octane is enthalpy-driven.
Near the hydrophobic tail of octanol, the entropy is reduced
for both the ﬁrst- and second-order MI term. The losses of up to
1.9 J·mol−1·K−1 due to translational correlations and up to 3.5 J·
mol−1·K−1 due to correlations between translation and rotation
show that the lack of strong interactions with the apolar octanol
tail causes stronger interactions within the remaining water, an
eﬀect that is similarly discussed in previous publications.68,69
The ﬁnding does not necessarily imply an increased structural
order in the hydration shell, as predicted by the controversial
iceberg model,70 but identiﬁes a reduced single-molecule
mobility (ﬁrst order) and increased water correlations (second
order) as main causes for the entropy loss.
For both the alkane and octanol systems, the solutes were
immobilized to obtain an unblurred spatial resolution and to
eliminate solute−solvent correlations, which are not captured by
the method but would contribute to the solvent-related entropy.
In scenarios where ﬂexible-solute eﬀects need to be included, an
ensemble-averaged entropy can be obtained by carrying out
multiple entropy calculations for a representative sample of the
ensemble of solute conﬁgurations (e.g., taken from a seeding
trajectory).
As seen in Section 4.3, Per|Mut overestimates the entropy loss
of octanol compared to octane. Likewise, Per|Mut yields
absolute water entropies of around 106 J·mol−1·K−1 per
molecule, which is higher than the known absolute water
entropy71 of ∼70 J·mol−1·K−1. Since the TIP3P water model has
proven to reproduce this value,16 we tentatively attribute this
deviation to higher-order correlations, which we neglected. This
is not a fundamental limitation of the method; however, higher
than 3-body correlation terms are hard to converge with realistic

(black arrow). This result is unexpected, as water molecules
close to the octanol molecule have fewer neighbors, thus
showing that correlations with the remaining neighbors
disproportionally increase at the hydrophobic tail.
The third-order correlation does not show signiﬁcant spatial
heterogeneity and, therefore, is not included in Figure 4.
The rotational entropy (Figure 4B) behaves similarly, albeit
its contributions are smaller. 5.6 J·mol−1·K−1 is lost by the water
molecule for which the OH group of octanol acts as the proton
donor (white arrow), to which the ﬁrst order contributes 5.0 J·
mol−1·K−1. On the acceptor side, 2.0 J·mol−1·K−1 is lost, to
which the ﬁrst order contributes 1.2 J·mol−1·K−1 (cyan arrows).
Near the hydrocarbon chain, the rotational entropy is reduced
by ∼1.6 J·mol−1·K−1 per molecule, of which ∼1.0 J·mol−1·K−1 is
due to a hindered rotational motion of the individual water
molecules (ﬁrst order). Again, there is a shell of more correlated
water molecules around the hydrophobic part of octanol
(second order), which is less pronounced than that for the
translational entropy.
The mutual information on translational and rotational
degrees of freedom (Figure 4C) shows strong correlations,
equivalent to an entropy loss of 7.7 J·mol−1·K−1 at the donor site
(white arrow) and 6.2 J·mol−1·K−1 at the acceptor site (cyan
arrow). Furthermore, the translation−rotation correlations
reduce the entropy of each molecule close to the apolar chain
by 1.0 to 3.5 J·mol−1·K−1.
As shown in Figure 4D, the total hydration entropy of octanol
is mainly aﬀected by the polar hydroxyl group, where entropy is
reduced by 28.5 J·mol−1·K−1 (white arrow) and 11.9 J·mol−1·
K−1 (cyan arrow) at the donor and acceptor sites, respectively.
The discrepancy between the two hydrogen binding sites is
most likely caused by diﬀerent bond strengths. Whereas
hydrogen atoms of the hydroxyl group and of a water molecule
carry almost identical partial charges, the oxygen atom of the
hydroxyl group carries a partial charge of −0.65 elementary
charges, signiﬁcantly less than a water oxygen atom (−0.834
elementary charges).
In addition, the entropy of each water molecule close to the
hydrocarbon chain is reduced by 9 J·mol−1·K−1, which results
from both a loss of mobility of individual molecules (ﬁrst order)
and increased correlations at the surface of the solute.
A quantitative comparison between the hydrophilic hydroxyl
group and the apolar tail (or, equivalently, between octanol and
octane) yields a solvent entropy diﬀerence of (36 ± 3) J·mol−1·
K−1, which was determined using eight-molecule shells around
the OH group and its hydrophobic counterpart, following the
same rationale as for the alkanes. The result is signiﬁcantly larger
but comparable in magnitude to the TI reference estimate of
(25.1 ± 0.1) J·mol−1·K−1 (see the Supporting Information).
Aside from possible sampling issues, the deviation is likely the
result of omitted higher-order correlations, which are aﬀected
diﬀerently by the polar hydroxyl group and the apolar chain.

5. CONCLUSIONS
We developed Per|Mut, a new method to calculate hydration
entropies of water, and assessed its accuracy on argon, alkanes,
and octanol test systems.
Our method rests on a permutation reduction31,32 (Section
2.2), which alleviates the sampling problem by N! and localizes
the water molecules (Figure 1C), leaving the physics of the
system unchanged. Due to the localization of the molecules,
spatially resolved entropies can be calculated at the level of single
water molecules. Further, a MIE is employed, which allows the
2096

https://dx.doi.org/10.1021/acs.jctc.0c00961
J. Chem. Theory Comput. 2021, 17, 2090−2098

Journal of Chemical Theory and Computation

pubs.acs.org/JCTC

(6) Kauzmann, W. Some Factors in the Interpretation of Protein
Denaturation. Adv. Protein Chem. 1959, 14, 1−63.
(7) Tanford, C. The hydrophobic effect and the organization of living
matter. Science 1978, 200, 1012−1018.
(8) Ben-Naim, A. Hydrophobic interaction and structural changes in
the solvent. Biopolymers 1975, 14, 1337−1355.
(9) Berne, B. J.; Weeks, J. D.; Zhou, R. Dewetting and hydrophobic
interaction in physical and biological systems. Annu. Rev. Phys. Chem.
2009, 60, 85−103.
(10) Lazaridis, T. Hydrophobic effect. eLS 2013.
(11) Hummer, G.; Garde, S.; Garcıa, A.; Pratt, L. New perspectives on
hydrophobic effects. Chem. Phys. 2000, 258, 349−370.
(12) Sugita, Y.; Okamoto, Y. Replica-exchange molecular dynamics
method for protein folding. Chem. Phys. Lett. 1999, 314, 141−151.
(13) Kirkwood, J. G. Statistical mechanics of fluid mixtures. J. Chem.
Phys. 1935, 3, 300−313.
(14) Peter, C.; Oostenbrink, C.; van Dorp, A.; van Gunsteren, W. F.
Estimating entropies from molecular dynamics simulations. J. Chem.
Phys. 2004, 120, 2652−2661.
(15) Lin, S.-T.; Blanco, M.; Goddard, W. A., III The two-phase model
for calculating thermodynamic properties of liquids from molecular
dynamics: Validation for the phase diagram of Lennard-Jones fluids. J.
Chem. Phys. 2003, 119, 11792−11805.
(16) Lin, S.-T.; Maiti, P. K.; Goddard, W. A., III Two-phase
thermodynamic model for efficient and accurate absolute entropy of
water from molecular dynamics simulations. J. Phys. Chem. B 2010, 114,
8191−8198.
(17) Persson, R. A.; Pattni, V.; Singh, A.; Kast, S. M.; Heyden, M.
Signatures of solvation thermodynamics in spectra of intermolecular
vibrations. J. Chem. Theory Comput. 2017, 13, 4467−4481.
(18) Gerogiokas, G.; Calabro, G.; Henchman, R. H.; Southey, M. W.;
Law, R. J.; Michel, J. Prediction of small molecule hydration
thermodynamics with grid cell theory. J. Chem. Theory Comput. 2014,
10, 35−48.
(19) Pauling, L. The structure and entropy of ice and of other crystals
with some randomness of atomic arrangement. J. Am. Chem. Soc. 1935,
57, 2680−2684.
(20) Henchman, R. H.; Irudayam, S. J. Topological hydrogen-bond
definition to characterize the structure and dynamics of liquid water. J.
Phys. Chem. B 2010, 114, 16792−16810.
(21) Wallace, D. C. On the role of density fluctuations in the entropy
of a fluid. J. Chem. Phys. 1987, 87, 2282−2284.
(22) Baranyai, A.; Evans, D. J. Direct entropy calculation from
computer simulation of liquids. Phys. Rev. A: At., Mol., Opt. Phys. 1989,
40, 3817.
(23) Lazaridis, T. Inhomogeneous fluid approach to solvation
thermodynamics. 1. Theory. J. Phys. Chem. B 1998, 102, 3531−3541.
(24) Lazaridis, T. Inhomogeneous fluid approach to solvation
thermodynamics. 2. Applications to simple fluids. J. Phys. Chem. B
1998, 102, 3542−3550.
(25) Nguyen, C. N.; Kurtzman Young, T.; Gilson, M. K. Grid
inhomogeneous solvation theory: hydration structure and thermodynamics of the miniature receptor cucurbit [7] uril. J. Chem. Phys. 2012,
137, 044101.
(26) Nguyen, C. N.; Young, T. K.; Gilson, M. K. Erratum: ”Grid
inhomogeneous solvation theory: Hydration structure and thermodynamics of the miniature receptor cucurbit [7] uril” [J. Chem. Phys. 137,
044101 (2012)]. J. Chem. Phys. 2012, 137, 149901.
(27) Nguyen, C. N.; Kurtzman, T.; Gilson, M. K. Spatial
Decomposition of Translational Water-Water Correlation Entropy in
Binding Pockets. J. Chem. Theory Comput. 2016, 12, 414−429.
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sample sizes. As our results for octanol indicate, entropy
diﬀerences appear to be more accurate. For hydrophobic
surfaces like alkanes, accurate entropy diﬀerences were obtained.
Importantly, due to the decomposition into one-, two-, and
three-body correlation terms, Per|Mut provides an intuitive and
spatially resolved picture of entropy changes, which allows the
solvent eﬀects of individual chemical groups or protein side
chains to be identiﬁed and assessed. Due to the locality of the
water molecules after permutation reduction, entropies of small
subsystems, like the solvation shells of alkanes orpotentiallya ligand binding site, can be calculated without having to
consider the entire system, which reduces statistical errors.
Our implementation of Per|Mut is available for download as a
Python package (https://gitlab.gwdg.de/lheinz/hydration_
entropy).
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