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Abstract Blind predictions of octanol/water partition coefficients at 298 K for 22
drug-like compounds were made for the SAMPL7 challenge. The octanol/water parti-
tion coefficients were predicted using solvation free energies computed using molec-
ular dynamics simulations, wherein we considered the use of both pure and water-
saturated 1-octanol to model the octanol-rich phase. Water and 1-octanol were mod-
eled using TIP4P and TrAPPE-UA, respectively, which have been shown to well
reproduce the experimental mutual solubility, and the solutes were modeled using
GAFF. After the close of the SAMPL7 challenge, we additionally made predictions
using TIP4P/2005 water. We found that the predictions were sensitive to the choice
of water force field. However, the effect of water in the octanol-rich phase was found
to be even more significant and non-negligible. The effect of inclusion of water was
additionally sensitive to the chemical structure of the solute.

Keywords log P · partition coefficient · solvation free energy · SAMPL7

1 Introduction

The partitioning of a neutral solute between two liquid phases is important for a
range of industrial, environmental, and biological processes. The resulting partition
coefficient is of great fundamental significance as it can both readily be measured and
can be related to the underlying intermolecular interactions. During its measurement,
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it is desired to keep the solute concentration dilute (less than 0.01 M) in each phase
so that the solute may be assumed infinitely dilute [1,2]. In doing so, the partition
coefficient of a solute (1) between two liquid phases at equilibrium (I and II, PI/II

1 )
may be computed as [3]:

log10 PI/II
1 (T,P) = log10

c1,I

c1,II
=− log10 e

RT

[
∆Gsolv

1,I (T,P)−∆Gsolv
1,II (T,P)

]
=− log10 e

RT
∆Gtran

1,II→I (1)

where T and P correspond to the temperature and pressure, R is the molar gas con-
stant, cI

1 and cII
1 are the molar or mass concentration (moles/volume or mass/volume)

of the solute in phase I and II, respectively, ∆Gsolv
1,I and ∆Gsolv

1,II are the solvation free
energy in phase I and II, respectively, and ∆Gtran

1,II→I is the transfer free energy from
phase II to I. In assuming the solute is infinitely dilute, the partition coefficient is a
measure of the relative solute-solvent interactions, while minimizing any effect the
solute may have on the liquid-liquid equilibrium of the two phases. For example,
the partitioning of a solute between 1-octanol and water can be used to character-
ize the lipophilic/hydrophilic balance of a solute, and is an important parameter for
biological systems [4,2,5]. For this reason, the prediction of octanol/water partition
coefficients remains an important component of the SAMPL (Statistic Analysis of
the Modeling of Proteins and Ligands) physical property prediction challenges [6].

For the case of octanol/water partition coefficients, phase I corresponds to the
octanol-rich phase and the phase II corresponds to the water-rich phase. The mutual
solubility of water in 1-octanol is 0.207 mole fracs, while the mutual solubility of
1-octanol in water is 0.703× 10−4 mole fracs [7]. It is therefore reasonable to take
the water-rich phase (phase II) to be pure water. On the other hand, the water in the
octanol-rich phase (phase I) is not negligible. From eq. 1 this leads to:

log10 Po∗/w
1 (T,P) = log10

c1,o∗
c1,w

=− log10 e
RT

[
∆Gsolv

1,o∗ (T,P)−∆Gsolv
1,w (T,P)

]
=− log10 e

RT
∆Gtran

1,w→o∗ (2)

where the superscript “w” is used to indicate the phase taken to be pure water, and
“o*” is used to indicate water-saturated octanol. A positive value of log10 Po∗/w

1 is
indicative of a preference of the solute for the octanol-rich phase, while a negative
value is indicative of a preference for water. The greater the absolute value, the greater
the preference for the respective phase.

Experimentally, the measurement of octanol/water partition coefficients can be
laborious. Tse and Sandler [8] therefore investigated the ability to determine oc-
tanol/water partition coefficients indirectly by instead measuring values of the limit-
ing activity coefficient of the solute in each phase; the log limiting activity coefficient
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and solvation free energy are directly related [3,9]. Furthermore, just as it was desir-
able to avoid the direct measurement of Po∗/w

1 , it was desirable to avoid measurements
with water-saturated octanol and instead use only pure (neat) solvents:

log10 Po/w
1 (T,P) =− log10 e

RT

[
∆Gsolv

1,o (T,P)−∆Gsolv
1,w (T,P)

]
(3)

where “o” is used to indicate pure 1-octanol. For the set of organic pollutants studied,
they found that there was a large difference between the limiting activity coefficient in
pure water and pure 1-octanol, and in turn there was a large difference in the limiting
activity coefficient in water-saturated 1-octanol and pure 1-octanol. While this led
to a difference in the computed partition coefficient using neat and water-saturated
1-octanol, they did find that the partition coefficients were linearly correlated.

The liquid-liquid equilibrium of water and 1-octanol has been rigorously studied
by Chen and Siepmann [10] using Monte Carlo simulations with advanced sampling
techniques. In both pure and water-saturated 1-octanol, microscale heterogeneities
exist consisting of polar and non-polar domains. In water-saturated 1-octanol, it was
shown that considerably more large hydrogen bond aggregates (i.e., polar domains)
exist, where a hydrogen bond aggregate is defined as a collection of molecules where
every molecule shares at least one hydrogen bond with another molecule belonging to
the same aggregate. For water-saturated 1-octanol, approximately 50% of the water
and 1-octanol molecules belong to clusters with aggregation numbers greater than 25;
this is approximately double that in pure 1-octanol. Additionally, Chen and Siepmann
[10] rigorously computed the mutual solubility of water and 1-octanol and found
that the results were highly sensitive to the force fields used. They found that their
combination of TIP4P water [11] and TraPPE-UA 1-octanol [12,13] resulted in an
equilibrium concentration of 0.21 mole fracs of water in the octanol rich-phase in
good agreement with experiment. In earlier studies, it was found that a combination
of TIP4P water and OPLS-UA 1-octanol resulted in an equilibrium concentration of
0.09 mole fracs [14], and SPC water with a the modified GROMOS96 force field for
1-octanol resulted in an equilibrium concentration of 0.16 mole fracs [15].

Significant progress has been made in the use of molecular simulation (Monte
Carlo and molecular dynamics) to predict octanol/water partition coefficients [16–25,
6,14]. In these efforts, the partition coefficient may be predicted with knowledge only
of the structure of the solute. Moreover, these methods simultaneously may be used
to understand the underlying molecular-level details. In general, the octanol/water
partition coefficient is computed as the difference in solvation free energy in pure
water and 1-octanol via eq. 3. While this has resulted in many accurate predictions, it
physically is not in agreement with the experimental measurements. Specifically, the
experimental measurements involve water-saturated 1-octanol. And following Tse
and Sandler [8] we know that ∆Gsolv

1,o∗ 6= ∆Gsolv
1,o . Previous work has acknowledged

this and attempted to model water-saturated 1-octanol using the experimental mu-
tual solubility. However, it has been found that the mutual solubility predicted with
common molecular models differ from experiment. If a simulation were performed
at experimental conditions which corresponds to a mutual solubility greater than that
predicted by the model, it would correspond to a metastable system. While the sys-
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tem sizes and timescales are relatively small so that phase separation would not be
observed, it would nonetheless correspond to a metastable system.

The most recent SAMPL6 challenge involved the 11 molecules in fig. 1 that re-
semble fragments of small molecule protein kinase inhibitors. The challenge organiz-
ers encourage participants to consider the effect of water-saturation on the predicted
partition coefficients. The experimental log10 Po∗/w

1 values were all positive, indicat-
ing a preference for the octanol-rich phase, with values ranging from 1.94–4.09. In
general, it was found that the use of water-saturated 1-octanol instead of pure 1-
octanol only slightly lowered the root mean squared error (RMSE) by 0.05 to 0.10
log units as compared to experiment. Methodological differences and the choice of
force field were found to have a greater impact on the prediction accuracy than the
composition of the 1-octanol phase [6].

For the SAMPL7 challenge participants were asked to make blind predictions of
log10 Po∗/w

1 for the 22 molecules in fig. 2 [26]. We submitted two sets of predictions
which used solvation free energies computed using molecular dynamics simulations.
In the first set, we treated the octanol-rich phase as pure 1-octanol, and in the sec-
ond set of calculations we used water-saturated 1-octanol. Following the work of
Chen and Siepmann [10], we used a combination of TIP4P water and TraPPE-UA
1-octanol, with their simulation determined mutual solubility of water in 1-octanol
of 0.21 mole fracs. In this way we could be assured the simulation were performed
at the equilibrium conditions of the model. Our goal was to understand the effect
of water-saturation. Based on the structures of the molecules in SAMPL7 as com-
pared to SAMPL6, we hypothesize that hydrogen bonding plays a more important
role in their solvation. Knowing that water-saturated 1-octanol has larger hydrogen
bond aggregates as compared to pure 1-octanol, we suspect the effect will be more
pronounced in SAMPL7 as compared to SAMPL6. As compared to the experimental
data provided at the close of the challenge, our predictions using pure 1-octanol had
a RMSE of 1.08 and ranked 1/10 in the “Physical (MM)” category, while our pre-
dictions using water-saturated 1-octanol had a RMSE of 1.47 and ranked 6/10 in the
Physical (MM) category. After the close of the challenge, we additionally repeated
the calculations with TIP4P/2005 to look at the effect of the water model [27]. Over-
all, we agree that the accuracy of the predictions is sensitive to the choice of force
field. However, we additionally find that the inclusion of water is not insignificant.
While our predictions here using neat 1-octanol are in better quantitative agreement
with experiment, we believe this is a fortuitous result. Moreover, we find that the
effect of water saturation is dependent on the chemical structure of the solute.

2 Computational Details

2.1 Force Fields

Interactions were modeled using a “class I” potential energy function where all non-
bonded intermolecular interactions (Unb) were accounted for using a combined Lennard-
Jones (LJ) plus fixed point charge model of the form [28,29]
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Unb (ri j) = 4εi j

[(
σi j

ri j

)12

−
(

σi j

ri j

)6
]
+

1
4πε0

qiq j

ri j
(4)

where ri j is the separation distance between sites i and j, εi j is the well-depth of the
LJ potential, σi j is the distance at which the LJ potential is zero, and qi and q j are the
partial charges of sites i and j, respectively.

Water was modeled with TIP4P [11] and 1-octanol was modeled with the United
Atom Transferable Potentials for Phase Equilibria (TraPPE-UA) force field [12,13].
The choice of solvent models was based on the work of Chen and Siepmann [10]
who demonstrated the sensitivity of the mutual solubility of water and 1-octanol on
the solvent models, and the good performance of TIP4P with TraPPE-UA. An addi-
tional set of calculations was performed with the TIP4P/2005 water model [27] for
comparison after the conclusion of the SAMPL7 challenge.

The solutes were all modeled using the General AMBER Force Field version
2 (GAFF2) as implemented in the AMBER 20 simulation suite [30–32]. Parame-
ters were generated using antechamber and converted from AMBER to GROMACS
format using ParmEd. To generate partial charges for each of the SAMPL7 solute
molecules, we first took the Daylight SMILES [33,34] provided by the challenge or-
ganizers [26] and generated an initial 3-D structure with Open Babel 2.3.2 [35,36].
Next, using Open Babel we performed a systematic conformation search to identify
the lowest energy conformer followed by geometry optimization, all using the Gen-
eral Amber Force Field (GAFF) [31] with Gasteiger partial charges [37] as imple-
mented in Open Babel. We then took the final structure for each compound from Open
Babel and performed a geometry optimization in vacuum at the M06-2X/6-31+G**
level of theory/basis set [38,39] using Gaussian 16 [40]. This was followed by a sin-
gle point energy calculation at the HF/6-31G* level of theory/basis with Gaussian 16
to generate an electrostatic potential from which partial charges were obtained using
the restrained electrostatic potential (RESP) [41,42] method in antechamer (within
the AMBER 20 simulation suite). The use of RESP with HF/6-31G* is based on the
recommendations of the original GAFF work [31].

All of the GROMACS force field files used in the present study are provided in
the Supporting Information accompanying the electronic version of this manuscript.

2.2 Molecular Dynamics

Simulations were performed for each SAMPL7 solute molecule in water, 1-octanol,
and water-saturated 1-octanol. In all cases we had a single solute molecule infinitely
dilute in solution. The number of solvent molecules was chosen to obtain a cubic box
with an edge length of approximately 4.5 nm at 298.15 K and 1 bar. The simula-
tions in water and 1-octanol consisted of 3,000 and 350 molecules, respectively. With
water-saturated octanol, we had 340 1-octanol molecules and 90 water molecules,
resulting in a water mole fraction of 0.21. This was the equilibrium concentration of
water in 1-octanol found for TIP4P water and TraPPE-UA 1-octanol by Chen and
Siepmann [10]. After the close of the SAMPL7 challenge, calculations were addi-
tionally performed with the TIP4P/2005 water model for comparison to look at the
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sensitivity of the water model. All of the simulations were carried out following the
same procedure.

First, Packmol was used to generate initial structures [43,44]. This was followed
by 3,000 steepest descent minimization steps to remove any bad contacts that might
have resulted from the packing. The next two steps involved dynamics with the equa-
tions of motion integrated using the Verlet leap-frog algorithm [45,46,29,28]. The
system was first equilibrated in an NPT ensemble at 298.15 K and 1 bar for 1 ns
using the Berendsen thermostat and barostat [45–47]. This was followed by 4 ns of
equilibration in an NPT ensemble at the same conditions using the stochastic ve-
locity rescaling thermostat [45,48–50] and the Parrinello-Rahman barostat [51]. The
final structure from this series of simulations was then used as the initial structure for
our free energy calculations, as will be described momentarily. For systems involving
SAMPL7 molecules SM30, SM33, SM34, SM36, SM37, and SM39, the final NPT
equilibration was continued for an additional 100 ns which was used for subsequent
structural analysis.

For all of the molecular dynamics simulations in this study, the simulations were
performed using GROMACS 2020.2 [52–55]. All bond lengths in 1-octanol, and
bond lengths involving a hydrogen for the SAMPL7 molecules were constrained us-
ing P-LINCS [45,56,57]. Water was modeled as completely rigid using the SETTLE
algorithm [58,59]. The Verlet neighbor list was used [45] and LJ interactions were
cut-off at 1.4 nm. Long-range analytic dispersion corrections were applied to the en-
ergy and pressure to accommodate the truncation [45,46,28,29]. Lorentz-Berthelot
mixing rules were used for unlike LJ sites [28]. The electrostatic terms were eval-
uated with the smooth particle-mesh-Ewald method (SPME) with tin-foil boundary
conditions [45,46,60] with real space interactions truncated at 1.4 nm. The SPME
B-spline was order 4, the Fourier spacing was 0.12 nm, and the relative tolerance
between long and short-range energies was 10−8. The equations of motion were in-
tegrated with a timestep of 2 fs, the time constant for the thermostat was 1 ps and the
time constant for the barostat was 4 ps.

Sample GROMACS input files are provided in the Supporting Information ac-
companying the electronic version of this manuscript.

2.2.1 Free Energy Calculations

The free energy calculations were performed at 298.15 K and 1 bar following our pre-
vious work [61–64]. The solvation free energy, ∆Gsolv

1 , for the solute infinitely dilute
in water, 1-octanol, and water-saturated 1-octanol was calculated using a multi-stage
free energy perturbation method [65–69] with the multi-state Bennett’s acceptance
ratio method (MBAR) [70–73].

A “soft-core” potential was used to decouple the solute-solvent intermolecular LJ
interactions. Stage (m) dependent decoupling parameters, λ LJ

m and λ elec
m controlled

the LJ and electrostatic intermolecular interactions, respectively. The decoupling pa-
rameters varied from 0 to 1. When λ LJ

m = λ elec
m = 1, the solute is fully coupled to

the system. When λ LJ
m = λ elec

m = 0, the solute is decoupled from the system. The
“soft-core” potential had the form [74–76]
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U sc
LJ (ri j;m) = 4λ

LJ
m εi j

 σ12
i j[

(1−λ LJ
m )αLJσ6

i j + r6
i j

]2 −
σ6

i j[
(1−λ LJ

m )αLJσ6
i j + r6

i j

]
 (5)

where αLJ is a constant, which had a value of 1/2. The advantage of using a “soft-
core” potential to decouple the LJ interactions is that while it yields the correct lim-
iting value of the potential (when λ LJ

m = 0 and 1), it additionally allows nearly de-
coupled molecules to overlap with a finite energy (and hence finite probability). The
electrostatic term in the intermolecular potential was decoupled linearly as

Uelec (ri j;m) = λ
elec
m

1
4πε0

qiq j

ri j
(6)

At each stage m, an independent MD simulation was performed. The simula-
tion time for each stage m was 17.5 ns, where the first 1.5 ns was discarded from
analysis as equilibration. The change in the Hamiltonian with the current configura-
tion between stage m and the other stages is computed every 0.20 ps. This is saved
for subsequent post-simulation analysis with MBAR [73] to determine ∆Gsolv

1 . This
analysis was performed using the Python implementation of MBAR (PyMBAR) and
the GROMACS analysis script distributed with it [77–79].

A total of 15 different stages were used for the free energy calculations where m=
0 corresponds to a non-interacting (ideal gas) state and m = 14 is a fully interacting
system. From m = 1 to 10 the LJ interactions were increased from λ LJ

m = 0.1 to 1.0 in
10 equal increments of 0.1. Electrostatic interactions were increased in a square root
fashion following λ elec

m ={0.50,0.71,0.87,1.00} from m = 11 to 14 [80].
The simulation parameters for the free energy calculations were the same as the

last step of equilibration except the equations of motion were integrated with the
GROMACS “stochastic dynamics” integrator, corresponding to stochastic or velocity
Langevin dynamics integrated with the leap-frog algorithm [45,81,46]. The time con-
stant for the stochastic (or Langevin) thermostat was 1.0 ps. This change is necessary
as a local thermostat is required to correctly control the temperature of a decoupled
and weakly coupled solute molecule.

Sample GROMACS input files are provided in the Supporting Information ac-
companying the electronic version of this manuscript.

3 Results and discussion

3.1 Quantitative Predictions

The solvation free energy computed for each SAMPL7 molecule is summarized
in tables S1, S2, and S3 of the Supporting Information for water, neat 1-octanol,
and water-saturated 1-octanol, respectively. In all cases the (total) solvation free en-
ergy is broken down into its electrostatic (m = 10 to 14) and LJ (LJ, m = 0 to 10)
contributions. The LJ contribution is taken as the change in free energy in going
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from the non-interacting ideal gas state (m = 0) to fully interacting LJ interactions
(m = 10). The electrostatic contribution is taken as the change in free energy of going
from the state with fully interacting LJ interactions but no electrostatic interactions
(m = 10) to fully interacting LJ and electrostatic interactions (m = 14). In tables 1
and 2 we summarize the computed octanol/water partition coefficient using both neat
1-octanol (log10 Po/w

1 ) and water-saturated 1-octanol (log10 Po∗/w
1 ), using the TIP4P

and TIP4P/2005 water models, respectively. The predictions are additionally broken
down into their electrostatic and LJ contributions by using the respective contribution
of the solvation free energy. In table 1 we additionally summarize the experimental
values provided by the challenge organizers after the close of the challenge [26].

In figure 3 we provide a parity plot of the predicted versus experimental oc-
tanol/water partition coefficient. First, we find that for all cases the experimental data
has log10 Po∗/w

1 > 0, ranging from 0.58 to 2.96. The positive values are indicative of
a preference of the solute for the octanol-rich phase over water. Considering the use
of TIP4P water, in all cases we predict the correct sign of the octanol/water partition
coefficient in agreement with experiment. In general, we have a tendency to pre-
dict octanol/water partition coefficients that are too large, thereby over-predicting the
affinity of the solute for the octanol-rich phase. Comparing the use of neat 1-octanol
and water-saturated 1-octanol, the inclusion of water in general further increases the
value of the octanol/water partition coefficient, thereby increasing the affinity of the
solute for the octanol-rich phase. Only for the case of SM30 and SM33 does the inclu-
sion of water decrease the value of the octanol/water partition coefficient. The average
difference and the average absolute difference between log10 Po∗/w

1 and log10 Po/w
1 is

0.56 and 0.69, respectively.

In figure 4 we plot the difference in log10 Po∗/w
1 and log10 Po/w

1 , along with the
difference in its electrostatic and LJ contributions, for each SAMPL7 molecule. Con-
sidering again the use of TIP4P water, we first find that the difference in the LJ contri-
bution is relatively small. The average difference and average absolute difference for
the LJ contribution is –0.09 and 0.10, respectively. The difference for SM26, SM31
and SM34 were positive while all others were negative. The difference in log10 Po∗/w

1

and log10 Po/w
1 is dominated by the electrostatic contribution, for which the average

difference and average absolute difference is 0.65 and 0.75, respectively. The increase
in the octanol/water partition coefficient corresponds to an increase in the affinity of
the solute for the octanol-rich phase. This stems from a general decrease in ∆Gsolv

1,o∗
relative to ∆Gsolv

1,o , with the change dominated by electrostatic interactions.

The results using TIP4P/2005 are similar. However, we do predict log10 Po∗/w
1 <

0 for SM26. The average difference and the average absolute difference between
log10 Po∗/w

1 and log10 Po/w
1 is 0.49 and 0.53, respectively, where again the inclusion

of water in general increases the value of the octanol/water partition coefficient. The
change is likewise dominated by electrostatic interactions for which the average dif-
ference and average absolute difference is 0.62 and 0.62, respectively. The LJ contri-
bution is smaller, for which the average difference and average absolute difference is
–0.12 and 0.13, respectively.
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Next, let us compare our predicted octanol/water partition coefficients to the pro-
vided experimental data. For the competition, we made submissions using neat 1-
octanol and water-saturated 1-octanol using TIP4P water. At the close of the chal-
lenge the challenge organizers analyzed the results and reported for our predictions
using neat 1-octanol a RMSE of 1.08 which ranked 1/10 in the “Physical (MM)” cat-
egory, while our predictions using water-saturated 1-octanol had a RMSE of 1.47 and
ranked 6/10 in the Physical (MM) category. Computing independently here we find
an average absolute error (AAE) and RMSE of 0.83 and 1.11 for neat 1-octanol, and
an AAE and RMSE of 1.30 and 1.47 for water-saturated 1-octanol. Considering the
average uncertainty in our predicted octanol/water partition coefficients is 0.08 and
0.10 using neat 1-octanol and water-saturated 1-octanol, respectively, the difference
in AAE and RMSE of 0.48 and 0.37 is significant. Interestingly, while the use of
water-saturated 1-octanol is a better representation of the physical system, we find
that the predictions using neat 1-octanol are in better quantitative agreement with the
experimental data. This is a fortuitous result.

The set of predictions using TIP4P/2005 were conducted after the close of the
challenge to look at the effect of the water model. Comparing our predicted oc-
tanol/water partition coefficients to the provided experimental data, for neat 1-octanol
we obtain an AAE and RMSE of 0.70 and 0.97, respectively. For water-saturated 1-
octanol we obtain an AAE and RMSE of 0.97 and 1.20, respectively. We again find
that our results using neat 1-octanol are in better quantitative agreement with the
experimental data. Additionally, the computed error using TIP4P/2005 is less than
using TIP4P. Using neat 1-octanol, the AAE and RMSE decreased by 0.13 and 0.14,
respectively when using TIP4P/2005. Likewise, using water-saturated 1-octanol the
AAE and RMSE decreased by 0.34 and 0.27, respectively, when using TIP4P/2005.
The choice of force field is important and can be tuned to improve the accuracy of
the predictions. However, here we find that the effect of the inclusion of water in the
octanol-rich phase makes an even larger difference than the choice of water model.

For the SAMPL6 challenge which involved the 11 molecules in figure 1, chal-
lenge organizers encourage participants to consider the effect of water-saturation on
the predicted partition coefficients. The experimental log10 Po∗/w

1 values were all pos-
itive, indicating a preference for the octanol-rich phase, with values ranging from
1.94–4.09. This is larger than the SAMPL7 range of 0.58–2.96, indicating a greater
preference of the SAMPL6 molecules for the octanol-rich phase. In general, it was
found that the use of water-saturated 1-octanol instead of pure 1-octanol only slightly
lowered the RMSE by 0.05 to 0.10 log units as compared to experiment. Methodolog-
ical differences and the choice of force field were found to have a greater impact on
the prediction accuracy than the composition of the 1-octanol phase [6]. Table 3 pro-
vides a set of reference predictions provided by the challenge organizers comparing
the use of neat 1-octanol (REF07) and water-saturated 1-octanol (REF02) using the
TIP3P water model and GAFF for 1-octanol and the solutes, along with the experi-
mental values [6]. For this set of reference predictions, the average difference and the
average absolute difference between log10 Po∗/w

1 and log10 Po/w
1 is 0.03 and 0.25, re-

spectively. This is noticeably smaller than observed here for SAMPL7. Additionally,
for 3 of the 11 solutes we find that the inclusion of water in the octanol-rich phase de-
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creased the predicted octanol/water partition coefficient, indicating a decreased affin-
ity for the octanol-rich phase. For SM07, SM08, and SM12 the decrease is 0.17, 0.45
and 0.60, respectively.

Based on the structures of the molecules in SAMPL7 as compared to SAMPL6,
we suspect that hydrogen bonding plays a more important role in the solvation of
the SAMPL7 molecules. From the work of Chen and Siepmann [10] we know that
water-saturated 1-octanol has larger hydrogen bond aggregates as compared to neat
1-octanol, which likely results in the larger effect of water in SAMPL7 as compared
to SAMPL6. As a consequence, we find that effect of inclusion of water is dependent
on the solute. While we agree that methodological differences and the choice of force
field are very important, the result are also sensitive to the inclusion of water in the
octanol-rich phase.

3.2 Structural Analysis

For the systems involving SAMPL7 molecules SM30, SM33, SM34, SM36, SM37,
and SM39, additional 100 ns NPT simulations were performed to generated suffi-
cient statistics for structural analysis to better understand the effect of inclusion of
water in the octanol-rich phase; we only considered TIP4P water which was used
in our SAMPL7 entries. Here we focus on SM33, SM36 and SM39 to highlight the
role of water. Structurally, the three molecules differ only in the sulfur group in the
four membered ring. For SM33, SM36, and SM39 we have a sulfide, sulfoxide, and
sulfone group, respectively. (See figure 2). The difference between log10 Po∗/w

1 and
log10 Po/w

1 is –0.87, 2.05, and 0.61, for SM33, SM36, and SM39, respectively. For
the case of SM36 this is the largest increase of all of the SAMPL7 molecules, and for
SM33 this is the largest decrease of all of the SAMPL7 molecules. And interestingly
SM39 falls in between close to the observed average change for the SAMPL7 set.
The structural analyses were all performed using TRAVIS [82,83].

Figures 5, 6, and 7 plot the local density of the solvent O around the ring S,
(non-ring) sulfone S, and N of the solute. These interactions were chosen to capture
the effect of hydrogen bonding; the solvent O was chosen as there is only one O
per solvent molecule. It is common to consider the radial distribution function, g(r).
Note that the local density and radial distribution function are related, with the ra-
dial distribution function equal to the local density normalized by the bulk density
[28,29]. Comparing neat and water-saturated 1-octanol, the solvent bulk density of
O increases by approximately 20%, and the normalization of the radial distribution
function can hide the local change, motivating the use of local density here. When
considering the case of water-saturated 1-octanol, we do not differentiate between
the solvent O from water and 1-octanol.

Consider first the case of SM36 in figure 5. In water, the local density in the
first solvation shell around the solute sulfone S, sulfoxide (ring) S, and amine N are
all greater than bulk, with the largest density around the sulfoxide S. As a solvent,
dimethyl sulfoxide (DMSO) is well known for its strong hydrogen bond accepting
ability, so this result is not surprising. Consider next the case of neat 1-octanol. The
local density in the first solvation shell around the solute sulfone S, sulfoxide (ring)
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S, and amine N are again all greater than bulk. Here the largest density is around
N, followed by the sulfoxide S and then the sulfone S. With the addition of water,
in water-saturated 1-octanol the change in local density around N is insignificant,
however, we notice a large change in local density around the sulfoxide and solfone
S, with the sulfoxide having the largest increase. We also point out the larger width
of the peak around the sulfoxide S, which is indicative of the larger population of
solvent O. We therefore find that the presence of water increases the local density of
solvent O around the solute sulfone and sulfoxide S.

Compare this to the case of SM33 in figure 6. In water, the local density in the
first solvation shell is largest for the sulfide (ring) S, closely followed by the sulfone
S, and then the amine N is noticeably lower. In all cases the local density is lower
than we found for SM36. Considering next the case of neat 1-octanol, we again find
that the local density in the first solvation shell around the solute amine N and sulfone
S are all greater than bulk, with the largest density around N, followed by sulfone S.
The values are similar to those observed in neat 1-octanol for SM36. However, this
is not the case for the sulfide (ring) S. The local density in the first solvation shell
is very small and less than bulk. Moreover, we find that with the addition of water,
in water-saturated 1-octanol, the change in local density in the first solvation shell
is insignificant, and noticeably the local density around the sulfide (ring) S remains
very small.

In summary, for the case of SM36 where we observe the largest increase between
log10 Po∗/w

1 and log10 Po/w
1 , we observe a large increase in the local density of solvent

O in the first solvation shell around the sulfoxide (ring) S and sulfone S in going from
neat to water-saturated 1-octanol. On the other hand, for the case of SM33 where
we observe the largest decrease between log10 Po∗/w

1 and log10 Po/w
1 , we observe that

there is very little change in the local density of solvent O in the first solvation shell
around the sulfide (ring) S and sulfone S in going from neat to water-saturated 1-
octanol, and moreover that the local density around the sulfide (ring) S is very small.
In figures S1 and S2 of the Supporting Information we provide spatial distribution
functions (SDFs) for SM33 and SM36, respectively, in neat 1-octanol. We see the
absence of the 1-octanol O near the (ring) sulfide S in SM33. In figures S3 and S4 of
the Supporting Information we provide a snapshot of the system for SM33 and SM36,
respectively, in neat 1-octanol. The snapshot likewise demonstrates the absence of the
1-octanol O near the (ring) sulfide S in SM33.

Interestingly, in both SM33 and SM36 the difference in local density in the first
solvation shell around the amine N in neat 1-octanol and water-saturated 1-octanol is
insignificant. We find that in neat 1-octanol, in both cases, the local density in the first
solvation shell is larger than the ring S and sulfone S. The secondary amine N-H is
the only solute hydrogen bond donating site, and the secondary amine N-H is known
to be a moderate hydrogen bond donor and acceptor [84]. Possibly in neat 1-octanol
the secondary amine is already “saturated” with hydrogen bonds, such that the local
density is not impacted by the addition of water. For the case of SM36, the (ring)
sulfoxide S=O is a moderate hydrogen bond acceptor [84]. But as compared to the
secondary amine, it is more sterically free, and can better accommodate hydrogen
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bonding with the solvent. We see this in the large halo of 1-octanol O around the
sulfoxide in the SDF in figure S2 of the Supporting Information.

Last, in figure 7 we consider the case of SM39. For this case the ring sulfur is
now in a sulfone group. The results are similar to SM36 in that in water-saturated
1-octanol the local density around both sulfone groups increases as compared to neat
1-octanol. However, the relative increases is less than that observed for SM36. While
the value of log10 Po∗/w

1 is greater than log10 Po/w
1 for both SM36 and SM39, the

increase is greater for SM36 than SM39. Comparing the partial charges used by the
force field for the ring sulfoxide group in SM36 and ring sulfone group in SM39, the
O and S partial charges are –0.54 and +0.29, respectively for sulfoxide, and –0.59
and 1.06, respectively, for sulfone. While the O carries a similar partial charge in
both cases, the local O=S dipole will be larger in the sulfoxide group than each of the
O=S dipoles in sulfone. As a result, the sulfoxide group is a stronger hydrogen bond
acceptor.

4 Conclusion

In the present study we made blind predictions of the octanol/water partition coeffi-
cient for the 22 molecules in fig. 2 for the SAMPL7 challenge, wherein we treated
the octanol-rich phase as pure 1-octanol and water-saturated 1-octanol. We used a
combination of TIP4P water and TraPPE-UA 1-octanol which were shown by Chen
and Siepmann [10] to well reproduce the experimental mutual solubility. As com-
pared to the experimental data provided at the close of the challenge, our predictions
using pure 1-octanol had a RMSE of 1.08 and ranked 1/10 in the “Physical (MM)”
category, while our predictions using water-saturated 1-octanol had a RMSE of 1.47
and ranked 6/10 in the Physical (MM) category. After the close of the challenge, we
additionally repeated the calculations with TIP4P/2005 to look at the effect of the wa-
ter model. With TIP4P/2005, for neat 1-octanol we obtained a RMSE of 0.97 and for
water-saturated 1-octanol we obtained a RMSE of 1.20. Similar to the findings of the
SAMPL6 challenge, we find that the predictions are sensitive to the choice of force
fields [6]. However, here we find that the effect of water in the octanol-rich phase is
not negligible. Additionally, we find that the effect of inclusion of water is dependent
on the chemical structure of the solute. As compared to the solute molecules in the
SAMPL6 challenge (see fig. 1), we expect hydrogen bonding to be more important
with the SAMPL7 solute molecules. As demonstrated by Chen and Siepmann [10], as
compared to pure 1-octanol, in water-saturated 1-octanol considerably more large hy-
drogen bond aggregates exist. Looking at the local solvent density around the solute
molecules we were able to see the effect.

While our predictions here using neat 1-octanol are in better quantitative agree-
ment with experiment, we believe this is a fortuitous result. The use of water-saturated
1-octanol is a better representation of the physical system of interest. In future SAMPL
challenges we will consider the sensitivity of the employed solute force field. Addi-
tional studies are also needed to examine the predicted mutual solubility of other
common force fields for water and 1-octanol, to allow for the consideration of addi-
tional solvent models.
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Table 1 Summary of the computed octanol/water partition coefficient using the TIP4P water model. Pre-
dictions are made using both neat 1-octanol (log10 Po/w

1 ) and water-saturated 1-octanol (log10 Po∗/w
1 ). The

predictions are additionally broken down into their electrostatic and Lennard-Jones contributions by using
the respective contribution of the solvation free energy. In the last column we provide the experimental
values provided by the challenge organizers after the close of the challenge. The subscript corresponds to
the error in the last two decimal places.

TIP4P
log10 Po/w

1 log10 Po∗/w
1 log10 Po∗/w

1
SAMPL7 molecule electrostatic LJ total electrostatic LJ total experiment

SM25 −7.6702 10.6405 2.9705 −6.4804 10.5905 4.1006 2.6701
SM26 −8.5304 8.6604 0.1306 −7.0213 8.6704 1.6513 1.0401
SM27 −7.9405 9.8305 1.8907 −7.3514 9.6505 2.3015 1.5611
SM28 −8.8115 10.2204 1.4116 −8.2205 10.2105 2.0007 1.1808
SM29 −8.0705 9.6704 1.6107 −7.2915 9.6505 2.3615 1.6103
SM30 −8.1806 11.8605 3.6708 −8.6506 11.7405 3.0908 2.7619
SM31 −8.5806 10.5705 1.9908 −7.7506 10.5805 2.8308 1.9614
SM32 −6.9405 9.9805 3.0407 −6.8304 9.9205 3.0906 2.4417
SM33 −6.9103 12.4306 5.5206 −7.5003 12.1506 4.6506 2.9621
SM34 −6.4508 10.9505 4.4910 −5.8808 11.0205 5.1410 2.8320
SM35 −8.9805 10.4505 1.4707 −8.2811 10.2705 2.0012 0.8802
SM36 −11.4506 12.9606 1.5108 −9.3408 12.9006 3.5610 0.7605
SM37 −10.0505 11.5105 1.4707 −9.3915 11.4505 2.0516 1.4510
SM38 −9.7006 10.7105 1.0108 −8.7706 10.6005 1.8208 1.0307
SM39 −10.2908 13.0806 2.7910 −9.5007 12.9006 3.4009 1.8913
SM40 −9.9506 11.9406 1.9908 −9.0214 11.7405 2.7215 1.8305
SM41 −6.3503 9.1504 2.8005 −6.0011 9.0504 3.0512 0.5802
SM42 −8.1313 11.7004 3.5714 −7.7107 11.4704 3.7608 1.7603
SM43 −7.6702 10.4104 2.7404 −7.1611 10.3604 3.2112 0.8501
SM44 −7.5402 9.1904 1.6504 −6.4212 9.0904 2.6713 1.1603
SM45 −8.0004 11.5305 3.5306 −7.8813 11.4504 3.5714 2.5504
SM46 −7.7608 10.3404 2.5809 −7.1802 10.3104 3.1204 1.7201
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Table 2 Summary of the computed octanol/water partition coefficient using the TIP4P/2005 water model.
Predictions are made using both neat 1-octanol (log10 Po/w

1 ) and water-saturated 1-octanol (log10 Po∗/w
1 ).

The predictions are additionally broken down into their electrostatic and Lennard-Jones contributions by
using the respective contribution of the solvation free energy. The subscript corresponds to the error in the
last two decimal places.

TIP4P/2005
log10 Po/w

1 log10 Po∗/w
1

SAMPL7 molecule electrostatic LJ total electrostatic LJ total
SM25 −7.7305 10.4306 2.7007 −7.1805 10.3306 3.1507
SM26 −8.6804 8.3605 −0.3206 −6.9713 8.2805 1.3214
SM27 −7.8605 9.4605 1.6007 −7.5905 9.3405 1.7507
SM28 −8.6715 9.8605 1.1916 −8.0204 9.8606 1.8407
SM29 −8.2305 9.3105 1.0807 −7.9605 9.2105 1.2407
SM30 −7.9806 11.5907 3.6109 −7.6506 11.3707 3.7209
SM31 −8.6207 10.3906 1.7709 −7.6507 10.2706 2.6209
SM32 −6.9205 9.6405 2.7307 −6.2812 9.6606 3.3713
SM33 −7.0504 12.2207 5.1608 −6.3504 12.0207 5.6708
SM34 −6.5102 10.8406 4.3406 −6.5401 10.6506 4.1106
SM35 −9.2305 10.0905 0.8607 −8.3505 10.0105 1.6607
SM36 −11.6306 12.5007 0.8709 −10.0807 12.1507 2.0710
SM37 −10.0305 11.1306 1.1008 −9.0005 11.1006 2.1008
SM38 −9.6909 10.1706 0.4811 −9.6109 10.1506 0.5411
SM39 −10.1809 12.6208 2.4511 −10.2107 12.4907 2.2810
SM40 −10.0105 11.5207 1.5208 −9.2415 11.2307 1.9917
SM41 −6.2505 8.6804 2.4306 −5.6906 8.5604 2.8807
SM42 −7.7914 11.2405 3.4515 −7.3907 11.0805 3.6909
SM43 −7.4402 9.9005 2.4705 −6.6206 9.8105 3.1908
SM44 −7.3202 8.6604 1.3405 −6.5412 8.5204 1.9813
SM45 −7.8105 11.0205 3.2107 −7.3305 10.8806 3.5507
SM46 −7.5709 9.7905 2.2110 −7.4003 9.7105 2.3206
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Table 3 A summary of the set of reference calculations performed by the SAMPL6 challenge orga-
nizers comparing the use of neat 1-octanol (REF07, log10 Po/w

1 ) and water-saturated 1-octanol (REF02,

log10 Po∗/w
1 ) using the TIP3P water model and GAFF for 1-octanol and the solutes, along with the experi-

mental values [6]. The subscript corresponds to the error in the last two decimal places.

TIP3P/GAFF experiment
SAMPL6 molecule log10 Po/w

1 log10 Po∗/w
1 log10 Po∗/w

1
SM02 5.5408 5.8618 4.0903
SM04 5.1606 5.1818 3.9803
SM07 4.2121 4.0428 3.2104
SM08 9.8208 9.3714 3.1003
SM09 4.5103 4.6307 3.0307
SM11 2.5407 2.9404 2.1004
SM12 5.5906 4.9904 3.8303
SM13 5.2912 5.3306 2.9204
SM14 2.4211 2.5712 1.9503
SM15 3.1008 3.3114 3.0703
SM16 3.8806 4.1429 2.6201
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