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Abstract

Solvation mapping methods provide spatially resolved estimates of solvent thermodynamic
quantities but are formally restricted to rigid representations of molecular systems. This restriction
limits their applicability to biologically relevant molecules, for which conformational flexibility
can significantly influence both solvation free energies and the spatial distribution of solvent
thermodynamics. Although the underlying statistical mechanical formalism has been defined for
flexible systems, its direct evaluation requires an ensemble average over solute configurations and
is computationally intractable for all but the simplest systems. As a result, solvation mapping is
typically applied to only a single rigid solute conformation. To address this limitation, we present
Flexi-GIST, an extension of Grid Inhomogeneous Solvation Theory (GIST) that enables spatially
decomposed solvation thermodynamics estimates for flexible molecules. Flexi-GIST approximates
the formally exact ensemble average over solute configurations by clustering them and evaluating
GIST on representative conformations for each cluster. The representative solvation thermodynamic
estimates are then combined to approximate the thermodynamics of solvating the flexible molecule.
Solute configurational entropy contributions are accounted for using a nearest-neighbor entropy
estimator with a truncated mutual information expansion. We validated the Flexi-GIST methodology
on a set of flexible small molecules in explicit solvent. Solvation free energies obtained by spatial
integration of solvation maps are compared to values computed using thermodynamic integration
of flexible solutes, demonstrating agreement between the two methods. This framework extends
solvation mapping to flexible molecular systems and provides a basis for estimating spatially
resolved solvation thermodynamics in cases where rigid representations are insufficient.
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Abstract

Solvation mapping methods provide spatially resolved estimates of solvent thermodynamic
quantities but are formally restricted to rigid representations of molecular systems. This re-
striction limits their applicability to biologically relevant molecules, for which conformational
flexibility can significantly influence both solvation free energies and the spatial distribution
of solvent thermodynamics. Although the underlying statistical mechanical formalism has
been defined for flexible systems, its direct evaluation requires an ensemble average over
solute configurations and is computationally intractable for all but the simplest systems. As
a result, solvation mapping is typically applied to only a single rigid solute conformation. To
address this limitation, we present Flexi-GIST, an extension of Grid Inhomogeneous Solva-
tion Theory (GIST) that enables spatially decomposed solvation thermodynamics estimates
for flexible molecules. Flexi-GIST approximates the formally exact ensemble average over so-
lute configurations by clustering them and evaluating GIST on representative conformations
for each cluster. The representative solvation thermodynamic estimates are then combined
to approximate the thermodynamics of solvating the flexible molecule. Solute configurational
entropy contributions are accounted for using a nearest-neighbor entropy estimator with a
truncated mutual information expansion. We validated the Flexi-GIST methodology on a
set of flexible small molecules in explicit solvent. Solvation free energies obtained by spa-
tial integration of solvation maps are compared to values computed using thermodynamic
integration of flexible solutes, demonstrating agreement between the two methods. This
framework extends solvation mapping to flexible molecular systems and provides a basis for
estimating spatially resolved solvation thermodynamics in cases where rigid representations
are insufficient.

1 Introduction

Water plays a central role in molecular recognition, and substantial effort has been devoted
to quantifying solvent contributions to protein–ligand binding. Solvation mapping methods
characterize the spatial distribution of solvent thermodynamic properties around proteins
and ligands, providing mechanistic insight into molecular recognition. A wide range of
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tools have been developed for this purpose, including Grid Inhomogeneous Solvation Theory
(GIST) and related approaches[1, 2], which map solvent energetic and entropic properties
on a three-dimensional grid.

Despite their success[3, 4, 5], current solvation mapping methods are formally restricted
to rigid representations of molecular systems. In practice, solvation thermodynamics are
typically evaluated for a single protein conformation, often an experimentally-determined
structure. This limitation is significant, as biologically relevant molecules like proteins are
inherently flexible, and solvent structure and thermodynamics can be highly sensitive to
even modest conformational fluctuations of binding sites [6]. As a result, single-conformation
solvation maps may fail to capture conformation-dependent solvation thermodynamics, po-
tentially leading to biased or inaccurate free energy estimates and overlooking thermody-
namically relevant alternative binding-site conformations.

The theoretical foundations of inhomogeneous solvation theory (IST), on which GIST is
based, are exact for both rigid and flexible solutes. However, applying IST-based methods
to flexible systems is computationally infeasible, as it requires averaging solvent thermody-
namic quantities over an ensemble of solute configurations. In practice, existing solvation
mapping methods analyze only a single solute conformation. Recent work from our group
has shown that this can lead to substantial overestimation of the solvent contribution to
protein–ligand binding free energies, with errors exceeding 10 kcal/mol in some cases [6].
Furthermore, incomplete treatment of protein flexibility in structure-based drug design re-
duces the chemical space that is complementary to the binding site, limiting exploration in
drug discovery. These findings highlight the need for solvation mapping approaches that
explicitly account for solute flexibility. Several studies have suggested mitigating this limi-
tation by performing solvation analyses on a small number of representative conformations,
but no statistical mechanical foundation or systemic validation for this strategy has yet been
published [2, 7].

Here, we introduce Flexi-GIST, an extension of GIST that enables spatially resolved sol-
vation thermodynamic analysis of flexible molecular systems. Flexi-GIST approximates the
formally exact ensemble average over solute configurations by applying GIST to representa-
tive conformations chosen by clustering, which are subsequently combined using statistically
consistent weighting. By validating Flexi-GIST on solvation free energy estimates of small
molecules, we offer a framework for analyzing how solute flexibility influences solvent struc-
ture and thermodynamics, with direct implications for binding affinity prediction and the
identification of thermodynamically relevant binding site conformations.

We first present the theoretical background for extending solvation mapping to flexible
solutes, including the decomposition of solvation free energy into solvent, solute, and con-
formational contributions. We then describe the computational workflow used to approxi-
mate the flexible-solute ensemble average, including MD sampling, conformational clustering,
GIST calculations on representative conformations, and population-weighted recombination
of thermodynamic quantities. The approximate method is validated in two stages: first,
by comparing GIST-derived end-state solvation free energies for rigid conformations against
thermodynamic integration calculations, and second, by comparing Flexi-GIST estimates
for flexible solutes against fully flexible TI reference free energies. Finally, we discuss the
implications of incorporating solute flexibility into solvation mapping, current limitations of
the approach, and future applications to protein binding sites in structure-based drug design.
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2 Conditional Probability Decomposition of the En-

tropy of a Solute in Solvent

The entropy S of a solute and solvent system can be fully represented by:

Ssys = −kB

∫
P (q, rN) lnP (q, rN)dqdrN (1)

Where kB is Boltzmann’s constant, P is the probability of sampling a given configuration,
q fully specifies the position, orientation, and configuration of a solute molecule and rN fully
describes the positions and orientations of N solvent molecules.

Conditioning the solvent distribution on the solute configuration yields

Ssolvent = −kB

∫
P (q)P (rN |q) lnP (q)P (rN |q)dqdrN (2)

Which separates into two exact contributions:

Ssolute = −kB

∫
P (q) lnP (q) dq (3)

Ssolvent = −kB

∫
P (q)P (rN |q) lnP (rN |q) dq drN (4)

so that Ssys = Ssolute + Ssolvent.

Evaluating Ssolvent in (4) exactly requires sampling the solvent distribution for every
solute configuration q sampled during the simulation. In practice, this is computationally
intractable: for a single rigid conformation of a small molecule, GIST requires approximately
8 hours of GPU time for MD simulation and an additional 5 hours of CPU time for GIST
entropy analysis, and for proteins these simulations often take two to three times as long.
Repeating this procedure for the thousands of solute configurations sampled in a typical MD
simulation would therefore be infeasible.

Solvation mapping methods therefore adopt the Percus source particle approximation, in
which the solute is treated as a rigid body fixed at a single conformation Q [8]. This is the
standard mode of operation for IST-based methods such as STOW, GIST, WaterMap, and
SSTMap, as well as other solvation methods including SZmap, 3D-RISM, and MM-GBSA
[9, 10, 2, 11, 12, 13].

Under this approximation, the solute distribution collapses to a delta function:

P (q) = δ(q−Q), (5)

and the joint distribution of solute and solvent configurations factorizes as

P (rN ,q) = P (rN | Q) δ(q−Q). (6)

Since the solute has only a single conformation, the solute conformational entropy vanishes,

Ssolute = −kB

∫
P (q) lnP (q) dq = 0, (7)
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and the total solvation entropy reduces entirely to the solvent contribution, which depends
only on the conditional solvent distribution at the fixed conformation Q:

Ssolvent(Q) = −kB

∫
P (rN | Q) lnP (rN | Q) drN . (8)

Thus, within the rigid-solute approximation, the solvation entropy calculation requires sam-
pling only the solvent degrees of freedom rN in the presence of the fixed solute conformation
Q, which is precisely the quantity evaluated by GIST and related methods.

3 Cluster Decomposition of the Solvent Entropy

Here we introduce a clustering method to approximately evaluate the solvent entropy of
a flexible solute. We first divide the the integral over solute configurations in (4) into k
non-overlapping subvolumes

Ssolvent = −kB

k∑
i=1

∫
i

P (q)P (rN | q) lnP (rN | q) dq drN . (9)

Defining the probability that the solute configuration belongs to cluster i as

Pi =

∫
i

P (q) dq, (10)

we write P (q) = Pi

(
P (q)

Pi

)
within each cluster, so that (9) becomes

Ssolvent = −kB

k∑
i=1

Pi

∫
i

P (q)

Pi

P (rN | q) lnP (rN | q) dq drN . (11)

Note that P (q)/Pi is a properly normalized probability distribution over solute configurations
within cluster i. We can therefore identify the exact, probability-weighted solvent entropy
for each cluster:

Ssolvent =
k∑

i=1

Pi S
exact
i,solvent (12)

where

Sexact
i,solvent = −kB

∫
i

P (q)

Pi

P (rN | q) lnP (rN | q) dq drN . (13)

Equation (12) is exact. However, evaluating Sexact
i,solvent still requires sampling the solvent

distribution for every solute configuration q within each cluster, which is computationally
intractable for the same reasons discussed above.

To address this, we make the approximation that within each cluster i, the solvent dis-
tribution is independent of the solute configuration q:

P (q, rN) = P (q)P (rN |q) ≈ P (q)Pi(r
N) (14)
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and P (rN |q) = Pi(r
N) within each cluster i where the subscript i in Pi(r

N) represents
that it is the solvent distribution within cluster i

Pi

∫
i

P (q)

Pi

P (rN |q) lnP (rN |q)dqdrN = Pi

∫
i

P (q)

Pi

Pi(r
N) lnPi(r

N)dqdrN (15)

With this approximation, Pi(r
N) is independent of q within each cluster i and the inte-

grals over solute and solvent coordinates in the RHS of (15) factorize.The integral over the
solute configurations q gives Pi as Pi =

∫
i
P (q)dq therefore equation (15) becomes:

Pi

∫
i

P (q)

Pi

P (rN |q) lnP (rN |q)dqdrN = Pi

∫
Pi(r

N) lnPi(r
N)drN (16)

Note that the subscript i is dropped from the integral here because it is an integral over
all solvent configurations rN but the probability distribution of the solvent is from only the
solute configurations within cluster i.

Si,solvent =

∫
Pi(r

N) lnPi(r
N)drN (17)

Here, Si,solvent is the entropy evaluated from the solvent distribution Pi(r
N) for cluster i and

the quantity estimated by GIST.

3.1 Full Entropy Decomposition

Combining the solute entropy (3) with the cluster-decomposed solvent entropy, the total
entropy of a flexible solvated system is

S = Ssolute +
k∑

i=1

Pi Si,solvent (18)

where Ssolute is the full solute configurational entropy and each Si,solvent is the solvent posi-
tional and orientational entropy obtained by performing solvation mapping (e.g. GIST) for
a representative solvent distribution around cluster i.

The solute entropy can itself be decomposed into cluster contributions using the identity

Ssolute = −kB

k∑
i=1

Pi lnPi +
k∑

i=1

Pi Si,vib, (19)

where −kB
∑k

i Pi lnPi is the inter-cluster (conformational) entropy and

Si,vib = −kB

∫
i

P (q)

Pi

ln
P (q)

Pi

dq (20)

is the intra-cluster vibrational entropy. Substituting (19) into (18) recovers the full decom-
position:

Ssys ≈ −kB

k∑
i=1

Pi lnPi +
k∑

i=1

Pi Si,vib +
k∑

i=1

Pi Si,solvent. (21)
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Equation (21) naturally defines a per-cluster solute entropy

Si,solute = −kB lnPi + Si,vib, (22)

which combines the inter-cluster conformational contribution −kB lnPi with the intra-cluster
vibrational entropy Si,vib. The total entropy for cluster i is then

Si = Pi Si,solute + Pi Si,solvent, (23)

so that

Ssys ≈
k∑

i=1

Si (24)

The two terms in eq. (23) represent, respectively, the solute entropy contribution and the
solvation entropy contribution of cluster i, each weighted by the cluster’s normalized popu-
lation Pi. This cluster-level assignment provides a natural bookkeeping framework that we
now extend to the internal energy of the system.

In practice, this approximate system entropy can be evaluated for a finite number of
conformations, making the computational calculations tractable. The implementation re-
quires that solute configurations be clustered such that their structural fluctuations are
small enough that the solvent distribution, and therefore the entropy estimated from it, is
insensitive to the solute fluctuations within each cluster.

3.2 Exact Cluster Decomposition of the Internal Energy

In contrast to the entropy, the decomposition of the system’s internal energy into cluster
contributions is exact and requires no approximation analogous to the one introduced in
Section 3. The total internal energy of the solute–solvent system is

E =

∫
P (q, rN)U(q, rN) dq drN , (25)

where U(q, rN) is the total potential energy of the configuration (q, rN). The potential
energy separates exactly into three physically distinct contributions,

U(q, rN) = Us(q) + Usw(q, r
N) + Uww(r

N), (26)

where Us(q) is the solute intramolecular potential energy, Usw(q, r
N) is the solute–water

interaction energy, and Uww(r
N) is the water–water interaction energy. Substituting (26)

into (25) and using the linearity of integration, the total energy decomposes exactly as

E = Es + Esw + Eww, (27)

where each term is an exact ensemble average:

Es =

∫
P (q, rN)Us(q) dq drN , (28)

Esw =

∫
P (q, rN)Usw(q, r

N) dq drN , (29)

Eww =

∫
P (q, rN)Uww(r

N) dq drN . (30)
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We note that GIST estimates these quantities directly from sampled molecular dynamics
trajectories.

Partitioning the configuration space into the same k clusters used for the entropy decom-
position, the total energy in (25) can be written without approximation as

E =
k∑

i=1

∫
i

P (q, rN)U(q, rN) dq drN . (31)

Defining the probability-weighted mean energy of cluster i as

⟨E⟩i =
1

Pi

∫
i

P (q, rN)U(q, rN) dq drN , (32)

equation (31) becomes the exact relation

E =
k∑

i=1

Pi ⟨E⟩i. (33)

Applying the same energy decomposition (26) within each cluster, each ⟨E⟩i separates exactly
into

⟨E⟩i = ⟨Es⟩i + ⟨Esw⟩i + ⟨Eww⟩i, (34)

where ⟨Es⟩i, ⟨Esw⟩i, and ⟨Eww⟩i are the cluster-averaged solute, solute–water, and water–
water energies, respectively. Crucially, these three quantities can be evaluated directly from
simulation trajectories restricted to cluster i without invoking any approximation: they are
simply conditional averages of interaction energies over the subset of frames belonging to
cluster i. The sum over clusters is therefore exact,

Es =
k∑

i=1

Pi ⟨Es⟩i, Esw =
k∑

i=1

Pi ⟨Esw⟩i, Eww =
k∑

i=1

Pi ⟨Eww⟩i, (35)

and the total system energy is recovered without error:

E =
k∑

i=1

Pi (⟨Es⟩i + ⟨Esw⟩i + ⟨Eww⟩i) (36)

Combining with the entropy result (21), the total Helmholtz free energy of the solvated
system is therefore approximated as

A ≈
k∑

i=1

Pi [⟨Esolute⟩i + ⟨Esw⟩i + ⟨Eww⟩i − TSi,solute − TSi,solvent] (37)

where the only approximation entering (37) is the cluster independence of the solvent dis-
tribution assumed in (14); the energy terms are exact.

7



We define the Helmholtz free energy contribution of cluster i as

Ai = ⟨Esolute⟩i + ⟨Esw⟩i + ⟨Eww⟩i − TSi,solute − TSi,solvent, (38)

so that (37) becomes simply

A ≈
k∑

i=1

Pi Ai (39)

The five terms in (38) are the solute intramolecular energy, the solute–water interaction
energy, the water–water interaction energy, the solute entropic contribution, and the sol-
vation entropic contribution of cluster i, respectively. The first three terms are evaluated
exactly as conditional averages over frames belonging to cluster i, while Si,solute is estimated
from the intra-cluster coordinate distribution and Si,solvent is obtained from GIST analysis
of a simulation restrained to the centroid of cluster i.

3.3 Thermodynamic Decomposition and Mapping of Flexible So-
lutes with GIST

It is important to emphasize that solvation thermodynamic mapping is only rigorously con-
nected to the solvation entropy when performed for a rigid solute. If the solute, whether a
protein or a small-molecule ligand, is allowed to move during the simulation, the resulting
solvent density distributions become smoothed over the ensemble of solute configurations,
leading to artificially broadened density distributions and systematic overestimates of the en-
tropy. In the limiting case, if the solute is free to translate and rotate, the solvent single-body
density distributions ρ(R,ω) will approach uniform translational and orientational distribu-
tions, yielding bulk-like entropy values that are devoid of information about solute–solvent
ordering. Solvation thermodynamic mapping is therefore only rigorously connected to the
solvent entropy Si,solvent for a fixed solute conformation.

The cluster decomposition introduced above resolves this limitation. By restraining the
solute to the centroid of each cluster i during the corresponding GIST simulation, the solvent
density distributions are sampled in the presence of an effectively rigid solute conformation,
preserving the rigor of the solvation entropy estimate. This procedure yields a spatially
resolved solvation map, i.e. a grid of solvent thermodynamic properties as produced by
GIST, that is uniquely associated with each cluster i. The full solvation thermodynamics
of the flexible solute is then recovered by combining these per-cluster maps with population
weights Pi as in (37), providing both a free energy estimate and a conformation-dependent
spatial decomposition of solvation thermodynamics.

4 Methods

4.1 Validation Dataset

A 20-molecule validation set was selected from a previously reported test set of 504 com-
pounds [14]. Molecules were retained only if the range of solvation free energies across their
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conformations exceeded 2.0 kcal/mol, ensuring a meaningful conformational dependence of
the solvation free energy for each molecule investigated. The remaining molecules were strat-
ified by reported flexible solvation free energy [14] using quantile binning into 20 bins. From
each bin, one representative molecule was selected to ensure chemical diversity. Diversity
was assessed using Morgan fingerprints (radius 2, 2048 bits, chirality included) and Tan-
imoto distance [15, 16]. Selection was performed using a MaxMin procedure to maximize
dissimilarity among the chosen molecules [17]. The selected molecules and their experimental
solvation free energies are listed in Table X. After clustering in solution (described below),
all solutes with more than 4 clusters were excluded from further analysis, resulting in a final
validation set of 15 molecules.

4.2 MD Simulations

The three-dimensional structures of the 20 small molecules were obtained from the previ-
ously published dataset [14]. Atomic partial charges were assigned using the AM1-BCC
model [18] as implemented in Antechamber [19]. Solute forcefield parameters were assigned
using GAFF2 [20], and systems were constructed using tLEaP [21]. Each solute was solvated
in a rectangular box of TIP3P water molecules [22] such that the nearest periodic boundary
is at least 15 Å away. All systems were subjected to energy minimization and equilibra-
tion following a previously described ten-step protocol [23]. Briefly, solvent molecules were
minimized using steepest descent, after which solute atoms were gradually relaxed and equi-
librated in stages. For rigid simulations, solute atoms were held in place with harmonic
positional restraints of 100 kcal ·mol−1Å−2. In all simulations, covalent bonds involving hy-
drogen were constrained using the SHAKE algorithm. Equations of motion were integrated
using Langevin dynamics, with a collision frequency (γ) of 2 ps−1. A Berendsen barostat
with isotropic position scaling was used with a target pressure of 1 bar and a pressure re-
laxation time (τ) of 2 ps. All final equilibration and production simulations were performed
under NPT conditions at 300 K using a 2 fs integration timestep, with system configurations
saved every 1000 time steps. All simulations were equilibrated for 250 ps. Unrestrained
production simulations were carried out for 100 ns and used as the basis for solute confor-
mational clustering. Additional simulations used for thermodynamic integration and GIST
calculations are described in the corresponding sections. Detailed molecular dynamics input
files are provided in the Supplemental Information.

4.3 Thermodynamic Integration

Thermodynamic integration (TI) was used to calculate solvation free energies by alchemically
decoupling solute–solvent interactions. Simulations were performed at 15 intermediate λ
states (0.0, 0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.85, 0.9, 0.95, 1.0) as in our previous
study[9], where λ scales the strength of the decoupling of solute–solvent interactions. Both
Lennard–Jones and electrostatic interactions between the solute and solvent were decreased
simultaneously as a function of λ. A soft-core potential was employed to avoid endpoint
singularities, using the default AMBER parameters αLJ = 0.5 and βC = 12. For solvation
free energy calculations for flexible solutes, TI equilibration and production simulations
were performed without restraints. To estimate solvation free energies of specific solute
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conformations, TI simulations were performed with harmonic positional restraints applied

to all solute atoms. Restraints with a force constant of 100 kcal ·mol−1 · Å−2
were applied

relative to the Cartesian coordinates of each cluster’s centroid, using a Euclidean distance
metric. The centroid was defined as the configuration with the smallest distance to all other
configurations within a cluster. At intermediate λ states, simulations consisted of a 250
ps equilibration phase followed by a 5 ns production phase. At end states (λ = 0.0 and
1.0), simulations were run for 250 ps of equilibration and 100 ns of production, in order to
facilitate GIST analysis on the same trajectories as TI. Free energy differences were computed
by numerical integration of ⟨∂H/∂λ⟩ over λ using the trapezoid rule as implemented in the
alchemlyb toolkit [24]. Uncertainties were estimated by propagating the standard errors of
the λ-window mean ⟨∂H/∂λ⟩ values through the trapezoid formula.

4.4 GIST Calculations

GIST calculations were performed using the gist command implemented in cpptraj [25].
Analyses were carried out on 100 ns production trajectories, with atomic coordinates saved
every 2 ps, yielding 50,000 frames per trajectory. A grid spacing of 0.5 Å was used, cor-
responding to a voxel volume of 0.125 Å3. The grid was centered on the solute center of
mass and extended 100 voxels, or 50 Å, in each Cartesian direction. This grid size and voxel
number was sufficient to contain the entire periodic box for all systems.

Electrostatic energies were computed using the Particle Mesh Ewald method [26], and
a long-range Lennard-Jones correction was applied. A cutoff of 9 Å was used for both
short-range electrostatic and Lennard-Jones interactions. For each solute conformation an-
alyzed, GIST calculations were performed on three independent replicate MD simulations,
and reported values represent averages over these replicates. A reference bulk water number
density of ρref = 0.03288 mol/Å3 was used for all density-based calculations.

4.4.1 GIST Integration

The output of GIST analysis is .dx files for each of the thermodynamic quantities analyzed.
The total value of any quantity for the system can be calculated by summing the values for
all the voxels. The value for the quantity in a subset of voxels can be calculated by summing
the desired voxels, for example those within 10 Å of the solute’s center of mass. Integration
of the GIST output was performed using the command line utility gistpp [27]. Because
inconsistent voxel occupancy at the edge of the solvent box can introduce local inaccura-
cies in the nearest-neighbor–based solvent entropy estimator, coordinates within 1 Å of the
solvent box edges were excluded from analysis. Solvent properties in the excluded regions
are effectively bulk-like, and their true contribution to the solvation entropy is therefore
negligible.

The entropy for a neat fluid should be zero, but systemic bias in the nearest neighbor
algorithm yields a nonzero value. To account for this, we run GIST on the decoupled (bulk,
λ = 1.0) simulations to calculate a per-water entropy correction term Sref :

Sref =
∑
voxels

Sdens · Vvoxel

Nwat
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(40)

where Vvoxel is the voxel volume, Sdens is the solvation entropy density estimated by GIST,
and Nwat is the total number of water molecules on the grid. Similarly, all thermodynamic
quantities calculated by GIST can be integrated in this way, as previously [9]:

E =
∑
voxels

Edens · Vvoxel

Nwat

(41)

Alternatively, the reference values can be formulated as the initial (non-interacting) state of
the solvation process:

Ainitial = Etotal + Usolute − TSsolvent − TSconfig
solute (42)

where Etotal is the sum of the water-water (Eww) and solute-water interaction energy (Esw)
calculated by GIST, Usolute is the internal energy of the solute calculated from the trajectory
using cpptraj, T is temperature, Ssolvent is the entropy of water as calculated by GIST, and
Sconfig
solute is the solute’s configurational entropy, discussed in 4.6. In the ”gas” (non-interacting)

phase, Esw is zero. For the solute in water:

Afinal = Etotal + U bonded
solute − TSsolvent − TSconfig

solute (43)

U bonded
solute is used here because unlike in the gas-phase calculation, the solute’s non-bonded

interactions are included in Esw. Thus we can calculate the solvation free energy change:

∆Asolv = Afinal − Ainitial (44)

where Afinal is calculated at λ = 0.0, analogous to the liquid phase, and Ainitial is calculated
at λ = 1.0, equivalent to the gas phase. By utilizing lambda scaling of the solute-solvent
interactions for GIST end-states calculations, MD trajectories can be shared between GIST
and alchemical free energy analysis for validation, removing sources of variance for the sake
of validation. This also obviates the need to run a separate in vacuo simulation of the solute
to obtain the solute’s gas-phase energy and entropy.

4.5 Clustering

Unrestrained molecular dynamics simulations were performed for each solute to sample con-
figurational space, as described above. Solute configurations were clustered using k-means
with N-Ary Natural Initialization (NANI) [28], based on aligned Cartesian coordinates. For
each molecule, the number of clusters (k) was selected automatically to balance inter-cluster
separation and intra-cluster compactness using the Davies–Bouldin criterion [29]. Distances
were calculated using a Euclidean metric.
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4.6 Solute Entropy Estimation

We define the solute entropy contributions as follows:

Sconfig = Sconform + Svib (45)

where Sconfig is the solute’s configurational entropy, Sconform is the solute’s conformational
entropy, and Svib is the solute’s vibrational entropy.

We estimated solute vibrational entropy using a nearest-neighbor method [30, 31] applied
to internal coordinates. Correlations between coordinates were accounted for using a mutual
information expansion truncated after the second-order term [32]. For each trajectory frame,
a vector of solute internal coordinates x, consisting of bond lengths, bond angles, and torsion
angles, was constructed. Periodicity of torsional coordinates was not explicitly accounted
for; distances were computed using a Euclidean metric in the internal coordinate space.
Torsional distributions remained localized within conformational basins, limiting artifacts
associated with angular discontinuities.

4.6.1 Nearest-Neighbor Entropy Estimator

For a set of N samples {xi}Ni=1 in a given coordinate space, the entropy estimator used in
this work is given by

S = kB

(
1

N

N∑
i=1

ln ri + C

)
, (46)

where ri is the nearest-neighbor distance for sample i, and C is an additive constant that
depends on the dimensionality of the space and the sample size N .

For one-dimensional entropy estimates, the constant is

C = ln(2N) + γ, (47)

where γ is Euler’s constant. For two-dimensional entropy estimates, used in calculating the
second-order mutual information term, the constant is

C = ln(Nπ) + γ. (48)

4.6.2 Mutual Information Expansion

To account for correlations between internal coordinates, vibrational entropy was approxi-
mated using a truncated mutual information expansion,

Svib ≈
∑
i

Si −
∑
i<j

Iij, (49)

where Si is the marginal entropy of coordinate i, and Iij is the pairwise mutual information
between coordinates i and j.

Pairwise mutual information terms were computed as

Iij = Si + Sj − Sij, (50)
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where Sij is the joint entropy of the coordinate pair (i, j), estimated using the nearest-
neighbor estimator in the corresponding joint coordinate space.

All marginal and joint entropy terms were computed using the nearest-neighbor estima-
tor in the corresponding one- and two-dimensional coordinate spaces. The expansion was
truncated after the pairwise (second-order) term; higher-order correlations were not included.

4.6.3 Conformational Entropy

Conformational entropy of each solute was estimated from the populations of conformational
clusters obtained from trajectory analysis. The conformational entropy was computed as

Sconform = −kB

k∑
i=1

P (i) lnP (i), (51)

where P (i) is the normalized population of cluster i (eq. 10), and k is the solute’s total
number of clusters.

Sconform was calculated using the percentage of configurations assigned to each confor-
mation by clustering a fully flexible 100 ns MD simulation (as described above), either at
λ = 0.0 for the solvated molecule or λ = 1.0 for the gas phase molecule, and ∆Sconform was
calculated as the difference of the two.

4.7 Flexi-GIST Free Energy Calculation

Solvation free energies for flexible solutes were computed by combining cluster-resolved free
energy contributions from representative conformations. Representative conformations were
defined as the centroids obtained from clustering an unrestrained MD trajectory. For each
cluster i, solvation thermodynamic quantities were evaluated for the centroid using GIST and
combined using population-weighted averaging with weights P (i). All energy and entropy
terms were defined relative to the bulk solvent reference state as described above.

The Flexi-GIST solvation free energy was computed as

∆Aflex
solv ≈

k∑
i=1

P (qi)∆Ei
solv − T∆Sconfig

solute − T

k∑
i=1

P (qi)∆Si
solvent (52)

where k is the number of clusters, P (qi) is the normalized population of cluster i, ∆Ei
solv

is the solvation energy of cluster i, ∆Sconfig
solute is the change in solute configurational entropy

upon solvation, and ∆Si
solvent is the solvation entropy of cluster i. The energy decomposi-

tion is exact (see Section 3.2), while the solvent entropy requires the cluster-independence
approximation.

∆Aflex
solv ≈ ∆Esolv − T∆Sconfig

solute − T

k∑
i=1

P (qi)∆Si
solvent (53)

where k is the number of clusters and P (i) is the normalized population of cluster i.
In the limit of a single conformational cluster (k = 1), this expression reduces to the

existing rigid approximation for GIST solvation free energy [9], as in eq. 8. In the limit of
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complete sampling over conformational space (limk→∞) the expression reduces to the exact
flexible solvation free energy [33], as in eq. 1.

5 Results

We validate Flexi-GIST through a staged series of comparisons designed to isolate and assess
each approximation introduced by the method. We first test whether the solvation free energy
of a flexible molecule can be recovered as a probability-weighted sum over the solvation free
energies of its rigid conformational states, using thermodynamic integration as a reference
for both the rigid and flexible calculations. This isolates the clustering and population-
weighting approximation from any errors associated with GIST itself. We then verify that
GIST accurately reproduces TI solvation free energies for individual rigid conformations,
establishing that the end-state free energy estimator introduces no significant additional
error. Finally, we combine both approximations and evaluate the full Flexi-GIST procedure,
in which cluster-resolved GIST thermodynamic quantities are used in place of TI, against
fully flexible TI reference values. This progression allows any discrepancies observed in the
final comparison to be attributed to specific stages of the methodology.

5.1 Flexible Solvation Free Energies as Probability-Weighted Sums
over Rigid Conformations

To assess whether solvation free energies of flexible molecules can be reconstructed from rigid
conformational states, we approximate the free energy of the flexible system as a weighted
sum over the free energy of solvation of each rigid cluster centroid:

∆Aflex
solv ≈

k∑
i=1

P (qi)∆Ai
solv (54)

where k is the number of clusters, P (qi) is the probability of the solute occupying cluster
i, and ∆Ai

solv is the solvation free energy of the rigid centroid of cluster i obtained by
thermodynamic integration. This expression approximates the flexible solvation free energy
as a probability-weighted average of the solvation free energies computed independently for
each rigid cluster centroid.

The results are shown in (Fig.1). For each system, an unrestrained MD trajectory was
clustered to obtain representative conformations, and ∆Asolv was estimated for each cluster’s
centroid using three independent TI replicates; fully flexible ∆Asolv values were computed
using the same replicate protocol.

Across the test set, centroid-specific solvation free energies often exhibited variation
within a given solute, although some showed little conformational dependence. These results
indicate that even for relatively small, drug-like compounds, ∆Asolv can exhibit conforma-
tional dependence. In most cases, the fully flexible TI value was not reproduced by any
single centroid alone. This behavior is consistent with the expectation that a molecule’s
free energy reflects an ensemble average over conformational states rather than a property
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Figure 1: Approximate treatment of conformation-dependent solvation thermodynamics val-
idated using thermodynamic integration (TI). In order to validate the approximate treatment
of solute flexibility underlying Flexi-GIST, we first applied the approximation to ∆Asolv val-
ues estimated by TI for rigid solute conformations. Conformation-specific solvation free
energies were weighted and combined using eq. 54 and compared to flexible free energies,
also estimated by TI. Data points represent the mean of three independent replicates, and
error bars are ± the standard error of the mean (SEM). Mean absolute error (MAE) = 0.19
kcal/mol.

of any individual structure. Even when individual centroids yield similar total ∆Asolv val-
ues, the underlying thermodynamic contributions and solvent structure can differ between
conformations.

A population-weighted average over centroid TI values provided a reasonable approxi-
mation to the fully flexible result and, in many cases, improved upon single-conformation
estimates. These results confirm that conformational populations contribute to solvation
thermodynamics and support an ensemble-based treatment.

5.2 GIST Matches TI for Rigid Solutes

To evaluate the accuracy of GIST for rigid solute conformations, we compared solvation free
energies computed using GIST to those estimated with TI for the same centroid structures
(Fig. 2). For each representative conformation, GIST-derived ∆Asolv values were obtained
from end-state analysis and compared directly to the corresponding TI estimates.

Across the full set of centroid structures, GIST and TI showed strong agreement, with a
mean absolute error (MAE) of 0.35 kcal/mol and a Pearson R-squared correlation coefficient
of R2 = 0.92. Deviations between the two methods were comparable to the expected un-
certainty from finite sampling and numerical integration. No systematic bias was observed
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across the range of solvation free energies considered.
These results demonstrate that GIST accurately reproduces solvation free energies for

rigid solute conformations, consistent with prior work [9]. Therefore, any discrepancies ob-
served for flexible molecules are unlikely to arise from inaccuracies in the underlying GIST
calculation, but instead reflect the approximate treatment of conformational heterogeneity.
In order to validate the approximate treatment of solute flexibility underlying Flexi-GIST,

Figure 2: GIST solvation free energies agree with TI for rigid conformations. In order
to validate GIST for solvation free energy calculations, we applied GIST and TI to rigid
conformations from the test set. Conformations per solute ranged from 2-4, and were defined
as the centroid of each cluster. Eq. 44 was used to sum all the free energy contributions
implicitly included by TI to ensure agreement. The solid black line is the line of best fit
using linear regression, the points are the means of three independent replicates, and the
error bars are ±SEM. MAE = 0.66 kcal/mol

we first applied the approximation to ∆Asolv values estimated by TI for rigid solute confor-
mations. Conformation-specific solvation free energies were weighted and combined using
eq. 54 and compared to flexible free energies, also estimated by TI. Data points represent
the mean of three independent replicates, and error bars are ± the standard error of the
mean (SEM). Mean absolute error (MAE) = 0.19 kcal/mol.

5.3 Flexi-GIST Approximates Flexible Solvation Free Energy

We next evaluated how well the Flexi-GIST approach approximates the solvation free ener-
gies of flexible molecules. For each solute, cluster-resolved GIST thermodynamic quantities
were computed for representative conformations and combined using the population-weighted
procedure described in eq. 53.
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Flexi-GIST ∆Asolv values showed good agreement with fully flexible TI estimates across
the test set (Fig.3), with a mean absolute error of 0.76 kcal/mol. This represents an increase
relative to the error observed for rigid solute comparisons (0.39 kcal/mol), reflecting the
additional approximations associated with clustering and configurational entropy estimation.
Nonetheless, the overall level of agreement remains within ∼1 kcal/mol, indicating that the
cluster-based approach captures the dominant contributions of conformational heterogeneity
to solvation thermodynamics.

Relative to single-conformation approximations, Flexi-GIST provides a more accurate
estimate of the flexible-molecule free energy by incorporating ∆Asolv contributions from al-
ternative conformations of the solute. Residual deviations likely arise from finite sampling,
clustering approximations, and limitations of the entropy estimation procedure. These re-
sults demonstrate that Flexi-GIST provides a practical approach for approximating flexible
solvation free energies while preserving the conformation-dependent spatial decomposition
of solvent thermodynamics.

Figure 3: Flexi-GIST captures conformation-dependent solvation effects. Solvation free
energy estimates for rigid solute conformations combined by Flexi-GIST (eq. 53) show
agreement with TI estimates for flexible molecules. Dashed line represents exact agreement
between Flexi-GIST and flexible TI, shaded area represents ± 1 kcal/mol within exact agree-
ment. Data points represent the mean of three independent replicates, and error bars are
±SEM. MAE = 1.266 kcal/mol.

6 Discussion

In this work, we introduced Flexi-GIST, a cluster-based extension of grid inhomogeneous
solvation theory that enables an approximate treatment of solvation mapping for flexible
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molecules. By combining GIST calculations performed on representative conformations
with a population-weighted ensemble framework and an explicit treatment of solute con-
figurational entropy, Flexi-GIST accurately reproduces solvation thermodynamics of flexible
molecules.

Flexi-GIST predictions showed good agreement with fully flexible thermodynamic inte-
gration (TI) results, with a mean absolute error (MAE) of 0.76 kcal/mol. This represents a
slight increase relative to the error observed for rigid solute comparisons (0.66 kcal/mol, fig.
2), reflecting the additional approximations introduced by clustering. These include finite
sampling of conformational space and discretization of the ensemble into a limited number
of representative states. Despite these sources of error, the overall level of agreement largely
remains within ∼1 kcal/mol, indicating that the dominant contributions of conformational
heterogeneity to solvation free energy are captured by Flexi-GIST.

Importantly, the objective of Flexi-GIST is not to outperform alchemical free energy
methods in terms of absolute accuracy, but to apply solvation mapping to flexible systems
in a manner that is consistent with the underlying statistical mechanical theory. In this
context, Flexi-GIST provides a means of approximating the formally exact ensemble average
over solute conformations while preserving the spatial decomposition of solvent thermody-
namics that is central to GIST. This distinguishes it from alchemical methods, which yield
accurate free energy differences but do not provide direct access to spatially resolved solvent
contributions. A further strength of the approach is its ability to decompose the solvation
free energy into physically meaningful component terms, including the solute entropy, solute
energy, solute–water interaction energy, water–water interaction energy, and solvent entropy.
When applied to molecular recognition, such a decomposition provides direct insight into
which thermodynamic contributions favor or oppose binding affinity, thereby offering action-
able guidance for the rational design of molecular modifications.

6.1 Limitations

Several limitations of the present approach should be noted. First, the accuracy of using
representative rigid conformations chosen by clustering to approximate the flexible system de-
pends on the quality of the underlying conformational ensemble and the clustering procedure
used to define representative states. Highly disordered systems will resist meaningful clus-
tering, and even for well-ordered systems the ability to exploit an alternative conformation is
dependent both on sampling it and identifying it in clustering. Second, the configurational
entropy term is approximated using a nearest-neighbor estimator with a truncated mutual
information expansion, which may neglect higher-order correlations. Third, Flexi-GIST in-
herits the sampling requirements of both GIST and the nearest-neighbor entropy estimator,
which can lead to noisy free energy values if not sufficiently converged. A summary of the
error in each decomposed term can be found in supplemental information Table S1. Finally,
the discretization of the conformational ensemble may introduce bias if important states are
undersampled or omitted.
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6.2 Applications

Flexi-GIST is expected to be most useful in applications where conformational flexibility
plays a significant role in modulating solvation structure, particularly in structure-based
drug design. In these contexts, the ability to relate changes in solvation thermodynamics
to specific conformational states may provide insight that is not accessible from single-
structure analyses or purely alchemical approaches. Future work will focus on applying
Flexi-GIST to protein systems, including for bindability assessment, the incorporation of
solvation thermodynamics into docking workflows, and lead optimization, where solvent-
mediated effects are critical determinants of ligand binding.

An illustrative example of the value of decomposing the free energy into physically distinct
contributions can be seen by comparison to the work of Fischer et al. [34], who showed
that ensemble docking improves when each receptor conformation is assigned a Boltzmann-
weighted energy penalty derived from its crystallographic occupancy. That penalty enters
the docking score as a single term, effectively treating the conformational free energy as
an undifferentiated quantity. Our decomposition reveals that the individual contributions
to the conformational free energy have distinct influences upon ligand binding. The cavity
solvation free energy is recovered when binding-site water is displaced into bulk, making
conformations with high (unfavorable) cavity solvation more attractive targets because the
energetic cost of maintaining that ordered water is returned as a favorable contribution
to binding. The protein conformational entropy, by contrast, is lost: upon binding, the
side chains in the binding site become restricted as they adopt positions complementary
to the ligand, so conformations with low binding-site entropy suffer less entropy loss upon
complexation. Similarly, the protein energetic strain is effectively locked into place as the
protein rigidifies around the bound ligand, so conformations with low strain pay a smaller
energetic penalty for maintaining the bound state. The overall free energy reflects the balance
of these competing contributions. Conformations should therefore be prioritized not by total
free energy alone but by the total free energy minus the binding-cavity solvation cost, further
favoring low protein entropy and low protein strain in the binding site. Such a breakdownof
solvation thermodynamic contributions across multiple conformations was not practical at
the time of [34], but is enabled by the Flexi-GIST decomposition presented here.
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M. C. Kaymak, I. Kolossváry, A. Kovalenko, T. Kurtzman, T. S. Lee, P. Li, Z. Li,
C. Lin, J. Liu, T. Luchko, R. Luo, M. Machado, M. Manathunga, K. M. Merz, Y. Miao,
O. Mikhailovskii, G. Monard, H. Nguyen, K. A. O’Hearn, A. Onufriev, F. Pan, S. Pan-
tano, A. Rahnamoun, D. R. Roe, A. Roitberg, C. Sagui, S. Schott-Verdugo, A. Shajan,
J. Shen, C. L. Simmerling, N. R. Skrynnikov, J. Smith, J. Swails, R. C. Walker, J. Wang,
J. Wang, X. Wu, Y. Wu, Y. Xiong, Y. Xue, D. M. York, C. Zhao, Q. Zhu, and P. A.
Kollman. Amber 2025, 2025.

[22] William L. Jorgensen, Jayaraman Chandrasekhar, Jeffry D. Madura, Roger W. Impey,
and Michael L. Klein. Comparison of simple potential functions for simulating liquid
water. The Journal of Chemical Physics, 79(2):926–935, July 1983.

21



[23] Daniel R. Roe and Bernard R. Brooks. A protocol for preparing explicitly sol-
vated systems for stable molecular dynamics simulations. The Journal of Chemical
Physics, 153(5):054123, August 2020. eprint: https://pubs.aip.org/aip/jcp/article-
pdf/doi/10.1063/5.0013849/15577893/054123 1 online.pdf.

[24] Zhiyi Wu, David L. Dotson, Irfan Alibay, Bryce K. Allen, Mohammad Soroush Barhaghi,
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