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ABSTRACT: Parametrization of small organic molecules for
classical molecular dynamics simulations is not trivial. The
vastness of the chemical space makes approaches using
building blocks challenging. The most common approach is
therefore an individual parametrization of each compound by
deriving partial charges from semiempirical or ab initio
calculations and inheriting the bonded and van der Waals
(Lennard-Jones) parameters from a (bio)molecular force field.
The quality of the partial charges generated in this fashion
depends on the level of the quantum-chemical calculation as
well as on the extraction procedure used. Here, we present a
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machine learning (ML) based approach for predicting partial charges extracted from density functional theory (DFT) electron
densities. The training set was chosen with the goal to provide a broad coverage of the known chemical space of druglike
molecules. In addition to the speed of the approach, the partial charges predicted by ML are not dependent on the three-
dimensional conformation in contrast to the ones obtained by fitting to the electrostatic potential (ESP). To assess the quality
and compatibility with standard force fields, we performed benchmark calculations for the free energy of hydration and liquid

properties such as density and heat of vaporization.

B INTRODUCTION

A classical fixed-charge force field involves hundreds of
parameters, which need to be chosen such as to represent the
true Hamiltonian of the system. Parametrization is typically
based on fitting to properties calculated using quantum-
mechanical (QM) approaches and/or experimentally accessible
properties. For the majority of biomolecules such as proteins,
DNA, lipids, and carbohydrates, only a relatively small number of
building blocks is required, which makes parametrization and
validation straightforward. Standard biomolecular force fields
such as AMBER," OPLS,”> CHARMM,®> and GROMOS" have
been continuously improved over the past decades and tested
and applied in a myriad of studies.

For small organic molecules, the situation is different. The size
and diversity of just the drug-like chemical space is vast, making it
difficult to construct building blocks and thus requiring an
individual parametrization of each ligand. The most common
approach is thereby to inherit the parameters of the bonded and
van der Waals (Lennard-Jones) terms from a biomolecular force
field using a matching strategy. The partial charges, on the other
hand, are generated from a QM calculation (semiempirical or ab
initio) of the new molecule. In order to reduce the computational
effort, often QM methods with limited accuracy are used.
Examples of such force fields for organic molecules are the
general Amber force field (GAFF),” the OPLS all-atom force
field (OPLS-AA),"” the CHARMM general force field
(CGenFF),*” or the GROMOS automatic topology builder
(ATB)."”"" Other force fields such as the Merck molecular force
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field (MMFF)">~"* and the universal force field (UFF)'® are
intended to be more general and do not require an individual
parametrization of each ligand. However, such force fields
employ more complex potential energy functions than most
biomolecular force fields and are thus not compatible.

The extraction of partial charges from ab initio data is a long-
standing problem, which has no unique solution. This can be
explained by the fact that an innumerable number of charge
distributions can reproduce the electrostatic potential (ESP)
outside a surface, which encapsulates all the charges. This
underdetermined mathematical problem is especially severe for
so-called “buried atoms” in a molecule. The most straightforward
approach is to reproduce the ESP at a large number of grid points
around the molecule.'® In order to remove part of the
conformational dependency as well as to symmetrize the charges,
a two-step scheme with charge restraints in the fitting process
(RESP) was developed.'” It is used in the Amber biomolecular
force field' and often with GAFE.® In the GROMOS ATB,"
initial partial charges are derived by fitting the ESP using the
Singh and Kollman scheme.'® The initial charges are
subsequently optimized by averaging symmetrical groups and
assigning charge groups, for which the overall charge should be
an integer. This reduces the conformational dependency of the
resulting charge distribution.’
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Besides the mentioned schemes, in which the integrated
number of electrons is partitioned, it is also possible to partition
the electron density operator (r) at each spatial position. Such
approaches fall into the realm of atoms-in-molecule (AIM)
methods and have the appealing property of not being explicitly
basis-set dependent like the Mulliken'® population analysis. In
AIM methods, the electron density operator

o) = Y 6(r - 1)
; (1)

is divided into atomic contributions §,(r) such that the total
electron density ¢(r) can be expressed as a linear combination of
atomic densities g,(r),

I\Iatoms
Y o,
A ()

With the condition that the electron density is strictly positive at
all points in space, one can readily define the weight of the atomic
density with respect to the total electron density:

o(r) =

wy (r)

2 w(r) ¢ 3)

AIM schemes like that of Hirshfeld,"? iterative Hirshfeld,”® and
iterative stockholder atom (ISA)*' differ in the definition of the
weighting factors w,(r). Often Bader’s quantum chemical
topology (QCT)**™*" is mentioned in connection with AIM
methods for historical reasons, although it is strictly speaking not
partitioning the electron density into atomic contributions.””
The density-derived electrostatic and chemical (DDEC)>~*
method is designed to simultaneously resemble reference ion
states and provide an approximately spherical atomic electron
distribution, thus combining the advantages of the Hirshfeld
methods and ISA method. A more detailed overview of the
development and state of research of charge fitting procedures
can be found in ref 28. Once the atomic contributions to the
electron density are obtained, the partial charge g, is determined
by subtracting the integrated atomic density from the effective
nuclear charge Z,

qQ =% - /dl‘ QA(I') (4)

It should be mentioned that the optimization toward spherical
partial charges is not appropriate in some cases. For atoms with
lone pairs or a o-hole, the electron density is usually
anisotropic.”” This problem can be addressed by distributin
the atomic charge over off-site charges in close proximity.”™>
The amount and position of the spread charge has to be fitted to
reproduce the molecular dipole moment. Note that all AIM
methods are implicitly basis-set dependent, since the underlying
electronic structure method usually requires an orbital basis for
the generation of the electron density (this effect is less
pronounced when plane waves are used as orbital basis).

The issue of basis-set dependence of the Mulliken population
analysis is addressed by the natural population analysis (NPA)
method,®® which on the other hand shows a somewhat larger
conformational dependence than the DDEC method. This
behavior is desired in 3D quantitative structure—activity/
property relationship (QSAR/QSPR) models where the partial
charges are used as descriptor.”**> Recently, Cole et al.*”
extended the AIM approach to Lennard-Jones (L]) parameters,

Q,(r) = (r)
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where they relied on the Tkatchenko-Scheffler scheme™ for the
computation of C4 coeflicients.

Performing a QM calculation for each compound individually
to derive the partial charges has a number of drawbacks. First, as
mentioned before the associated computational cost often results
in the use of a QM method with limited accuracy, especially for
high throughput. Second, ESP-based extraction methods have a
relatively high conformational dependence, which is not desired
in classical fixed-charge force fields, and third, the transferability
of partial charges between the similar substructures in different
molecules is not guaranteed. Reference 37 provides an excellent
overview of successful applications of machine learning (ML)
methods for the prediction of molecular properties. ML methods
lend themselves to derive parameters for semiempirical’** or
force fields**™" from QM reference data. Recently, Li et al.”
obtained parameters for the nonbonded interactions of methanol
via a genetic algorithm based exclusively on QM data. Although
the approach did not make use of any experimental data for
training, the parameters yielded good condensed phase proper-
ties.

Only a few efforts have been made so far in the direction of
learning and predicting force-field parameters. In 2013, Rai and
Bakken have proposed a ML-based approach to predict partial
charges using ESP-fit charges and random forest regression
(RFR) models for the elements H, C, O, N, F, S, and CL* As
descriptors the local environments in three dimensions were
used. The training set consisted of 80 000 compounds randomly
selected from the public database ZINC*' and the Pfizer
corporate library. Validation was conducted in terms of
reproduction of the ESP and dipole moments. In addition,
hydration free energies were calculated in combination with the
OPLS-2005* force field. In 2015, a genetic algorithm (GA)
optimization to obtain partial charges was 4proposed, which was,
however, limited to rather small systems.”* Another ML-based
approach to predict multipole coeflicients for a number of atom
types, which are most common in organic molecules, was
developed using kernel-ridge regression and a Coulomb matrix*®
with the inverse pairwise distances between atoms as
descriptors.”' The model was validated by computing
intermolecular interaction energies in molecular dimers and
organic crystals.

A computationally less demanding approach than the above-
mentioned charge assignment schemes is offered by the
electronegativity equalization method (EEM).*” There, the key
quantity for obtaining the partial charges is not directly the
electron density itself but the equalization of the chemical
potential for interacting atoms or molecules. Although it is also
based on QM calculations, it is an empirical approach, where a
model is fit to a set of reference electron densities. Compared to
the schemes mentioned before, EEM is computationally less
demandin§, but on the other hand careful parametrization is
required.”

In this work, we propose a ML-based approach to predict
partial charges, building up on the work of Rai and Bakken."’ The
accuracy of QM calculations that go beyond a “HF/6-31G*”
setup is combined with the conformationally robust charge-
extraction scheme DDEC and descriptors that depend only on
the 2D topological structure of the molecules. The latter removes
the remaining conformational dependency of the partial charges
and ensures a high transferability. By carefully selecting the
molecules in the training set from the public databases ZINC**
and ChEMBL," a good coverage of the lead-like chemical space
is obtained. The approach is evaluated by calculating hydration
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Figure 1. Distribution of the number of heavy atoms and the number of rotatable bonds in the combined training set, consisting of 130 267 lead-like

molecules from the ZINC and ChEMBL databases.

free energies in combination with the GAFF force field, as well as
densities and heat of vaporization in combination with the GAFF
and OPLS-AA force field.

B METHODS

Selection of the Training Set. We concentrated in the
selection of compounds for the training set on lead-like
molecules, ie. molecules with a molecular weight of 250—350
g/mol, the number of rotatable bonds <7 and the octanol/water
partition coefficient log P < 3.5 (as defined in the ZINC
database**). Only molecules with the “organic” elements C, H,
N, O, S, P, F, Cl, Br, and I were considered. Given this definition,
the “clean leads” set from ZINC** version 2014 had roughly 4.6
million lead-like molecules (no molecules containing P) and
ChEMBL," version 21 consisted of 350 259 lead-like molecules.
The local environment of an atom was described using an atom-
centered atom pairs (AP) fingerprint’” with a maximum path
length of two. For this, the RDKit’' function
GetHashedAtomPairFingerprintAsBitVec() was used with the
arguments maxLength = 2, nBits = 2048, and nBitsPerEntry = 4.

The protonation state at pH = 7 and the dominant tautomeric
form were determined using the UNICON program.52 This
resulted in 117 767 unique fingerprints/atom environments in
the ZINC set and 126752 unique atom environments in
ChEMBL. 64 785 atom environments found in ChREMBL were
not present in ZINC (i.e., overlap of about 50%). To select a
subset of the molecules such that all local environments were
represented, we developed the following stepwise procedure for
the ZINC molecules:

1. All molecules that contained atom environments, which
occurred <4 times in the lead-like ZINC set and with no
similar environment (Tanimoto similarity cutoff = 0.8)
were chosen, i.e. 12 163 molecules.

. For each of the remaining atom environments of the
elements S, F, Cl, Br, and I, the four molecules with the
highest number of not-yet-represented environments (of
all elements) were picked, i.e., 2630 additional molecules.

. For each of the remaining atom environments of the
elements N and O, the four molecules with the highest
number of not-yet-represented environments (of all
elements) were picked, i.e. 19 815 additional molecules.

. For each of the remaining atom environments of the
element C, the four molecules with the highest number of
not-yet-represented environments (of all elements) were
picked, i.e., 65497 additional molecules.
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The final number of molecules selected from ZINC was 100 10S.
For the ChEMBL set, molecules were iteratively picked until all
atom environments were represented, i.e. 40 325 molecules.

Conformer Generation. For 90 248 of the ZINC molecules
and 40019 of the ChEMBL molecules, conformers could be
successfully generated using the RDKit distance geometry
implementation. The final combined training set contained
130267 molecules. The distribution of the number of heavy
atoms and the number of rotatable bonds in the training set are
shown in Figure 1.

Initial benchmarking on a small set of molecules showed that
DDEC6 partial charges had a low conformational dependence
(see Figures S3 and S4 in the Supporting Information), which is
consistent with the results in refs 25 and 53. Therefore, only one
conformer per molecule was used. In order to obtain a conformer
that represents the molecule in water, the “Electrostatically
Least-Interacting Functional Groups (ELF)” procedure®*
proposed by Bayly and McKay was applied. In short, 100
conformers were generated using the EmbedMultipleConfs()
function in the RDKit with the options maxAttempts = 100 and
pruneRMSthresh = 1.0, and subse uentlz?r optimized with the
MMEEFE force field'”~"' using the
MMFFOptimizeMoleculeConfs() function in the RDKit. For
each conformer, all MMFF partial charges were set to their
absolute value and the intramolecular Coulomb energy was
calculated (excluding 1,2- and 1,3-neighbors). The conformer
with the lowest energy, i.e. the one with the least intramolecular
interactions, was selected for further processing.

The geometry (re)optimization of the selected conformers
was performed with the semiempirical PM7 method™ as
implemented in the MOPAC package.”® In addition to
optimizations in vacuum, we also carried out calculations in
implicit solvent, using the COSMO model®” with dielectric
constants of € = 4 (used to model the protein interior’*) and € =
78 (water).

Electronic Structure Calculation. The quality of the
extracted partial charges can only be as good as the underlying
reference electron density. The best trade-off between accuracy
and computational cost is provided by density functional theory
(DFT).>”% To assess which density functional to use, electronic
densities for a set of small organic molecules were benchmarked
against coupled cluster singles doubles (CCSD) reference values
for the following functionals: PBE0,°" TPSS,°> TPSSh,*
B3LYP,** "% M06.® We also tested the popular choice of
Hartree—Fock (HF) in a 6-31G* orbital basis. The results are
shown in Figure S2 in the Supporting Information. The smallest
deviation from the CCSD reference was found with the TPSSh
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functional,”® which was therefore employed for all subsequent
electronic structure calculations in this work. The HF/6-31G*
setup exhibited an error more than three times as high as that of
TPSSh.

The DFT calculations were performed with the Turbomole
package69 (Version 7.0.2). As orbital basis, the def2-TZVP
set’””" was used. The resolution of the identity was invoked in
the computation of the two-center electron integrals.

To account for solvent effects in the DFT calculations, the
implicit solvation model COSMO-RS””* as implemented in
Turbomole was employed wherever possible. For elements and
atom types not available in COSMO-RS, the simpler COSMO
was used instead. For a review of the COSMO and the COSMO-
RS model, the reader is referred to ref 74. Three different
dielectric permittivities of the continuum were considered: (i)
€ =1 (vacuum), (ii) € = 4, and (iii) € = 78. For the calculation
with € = 1 or 4, the molecules were neutralized when possible.
The neutralization was performed by replacing the charged
substructure with its neutral form using the ReplaceSubstructs()
functionality in the RDKit.

Extraction of Partial Charges. Partial charges were
extracted from the electron densities with the DDEC*™’
method using the DDEC6 program.”® This approach was chosen
as it gives the least conformational dependence compared to ESP
and RESP (Figure S4 in the Supporting Information). More
details on the benchmarking are given in the Supporting
Information.

Machine Learning. Atom-centered AP fingerprints®” were
used as descriptors to train the ML models. In the AP fingerprint,
the atom type consists of the element, the number of 7-electrons
and the number of heavy-atom neighbors. Pairs of atoms
together with their topological distance (path length) are hashed
into bits. Note that this descriptor contains only 2D topological
information, whereas the one in ref 40 is based on radial and
angular symmetry functions, which describe the 3D environ-
ment. The descriptor was chosen to remove any remaining
conformational dependence of the predicted partial charges as
this is not desired in fixed-charge force fields. The RDKit
function GetHashedAtomPairFingerprintAsBitVec() was used
with the arguments nBits = 2048 and nBitsPerEntry = 4. The
maximum path length (maxLength) was a parameter for
optimization.

For each element (C, H, N, O, S, P, F, Cl, Br, and I), a separate
random forest regression (RFR) model”® was trained using the
scikit-learn”® library (version 0.18.1) and the following
parameters: number of trees = 100, maximum depth = 6,
minimum number of samples to split = 6, and minimum number
of samples in leafs = 6. Random forests consist of an ensemble of
decision trees, each tree trained with a random subset of features
and samples.”” The final prediction is obtained by taking a
majority vote across all trees. This procedure reduces overfitting.
In addition, random forests are fast and can handle a large
amount of training data. They have also been used successfully in
ref 40.

Each partial charge is predicted independently from the others
in a molecule. Thus, the sum of the predicted charges g; may
differ from the formal charge or net charge Q" of the molecule,
as defined by the valency of the molecule. This excess charge

N,

atoms

AQ= )

i=1

qi _ Qnet

©)
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can be viewed as a rough estimator of the accuracy of the
prediction and has to be eliminated such that the predicted
partial charges can be employed in MD simulations. This can be
achieved by spreading the excess charge over the molecule.
However, correctly predicted partial charges should not be
perturbed. We employed the procedure described in ref 40,
which uses the agreement among the trees of the RFR model as a
measure. The standard deviation of the predicted charge for atom
i by the trees T is defined as

= a(1) - )
61_ =
N,

trees

(6)

where N, is the number of trees in the RFR model, g,(T;) is the
partial charge predicted by tree j, and §; is the overall charge
predicted by the RFR model. o; can be utilized as weighting factor
in the computation of the corrected partial charge

olqlAQ
- Ntoms
2, ol )

where the sum in the denominator runs over all atoms in the
molecule (N,ome)-

We also investigated an alternative weighting scheme for eq 7
based on the occurrence of an atom environment (and/or
environments with a high Tanimoto similarity) in the training
set. For a fast calculation of the Tanimoto similarity, atom-
centered AP fingerprints were calculated in the fps format using a
modified version of the ChemFp package”” for each molecule in
the training set. A similarity threshold of 0.5 and 0.8 was tested.
We found that large deviations between predicted and reference
partial charge correlated with a low occurrence of the
corresponding atom environment in the training set. However,
the opposite is not true, i.e. the partial charges of many atom
environments with low occurrence were correctly predicted.
Therefore, this heuristic is not suited as weighting factor.

External Test Sets. As the training set contains only lead-like
compounds, we constructed two external test sets to probe the
transferability of the approach for real-world applications. Test
set 1 contains 146 molecules, taken from ref 78, that are in the
liquid phase at room temperature. These molecules have a
molecular weight below 200 g/mol and less than seven rotatable
bonds and are thus smaller than lead-like compounds.

Test set 2 contains standard drug-like molecules including
some that are larger than the molecules in the training set. For
this, the set of FDA approved drugs was taken from the ZINC
database’ version 2015, which consisted of 1385 molecules.
Compounds already present in the training set and those with a
molecular weight above 500 g/mol and/or with more than 14
rotatable bonds were removed. In addition, 11 molecules were
too negatively charged, which led to convergence problems in the
DEFT calculations. The final set contained 1081 compounds. Of
this, 380 had a molecular weight above 350 g/mol and 159 had
more than seven rotatable bonds.

Molecular Dynamics Simulations. We tested the ML-
predicted partial charges on two benchmark sets: (i) the set of
146 organic liquids with experimental thermodynamic properties
reported in refs 78 and 80, and (ii) the set of 642 molecules with
experimental hydration free energy data compiled in the
FreeSolv®'~** database.

The topologies, coordinates, and input files for the simulation
of the set of organic liquids were obtained from http://
virtualchemistry.org. The equilibrated boxes of the pure liquids

corr __

i i
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from ref 78 were taken as starting coordinates for the simulations.
The topologies for GAFF (with AM1-BCC® partial charges)
and OPLS-AA were used. The original partial charges were
replaced with either DDEC reference partial charges or ML-
predicted partial charges. Topologies were checked to have a
vanishing net charge after replacement of the original partial
charges with the ML-predicted partial charges. The DDEC
reference partial charges were derived from electron densities
obtained using the implicit solvation model with a dielectric
permittivity € = 1, 4, or 78. The ML-predicted partial charges
were with € = 4. The simulations were carried out under NPT
conditions at 298 K and 1 atm with the GROMACS suite, version
4.6.7 using the input file from ref 78. The cutoff was 1.1 nm,
which was also the switching distance for the particle mesh Ewald
(PME) algorithm. For temperature couspling, the velocity
rescaling with a stochastic term was used.®> The time step was
2 fs.

The calculation of the hydration free energies were carried out
using the same protocol for free energy perturbation (FEP)® as
described in ref 83. Topologies, coordinates, and input files were
taken from http://github.com/mobleylab/FreeSolv. The under-
lying force field is GAFF with AM1-BCC partial charges. The
original partial charges were replaced with either DDEC
reference partial charges or ML-predicted partial charges.
Topologies were checked to have a vanishing net charge after
replacement of the original partial charges with the ML-predicted
partial charges. The DDEC reference partial charges were
derived from electron densities obtained using the implicit
solvation model with a dielectric permittivity € = 1, 4, or 78. The
ML-predicted partial charges were with € = 4. The simulations
were performed with the GROMACS suite, version 4.6.7 with 20
A-points, where the first 5 A-points correspond to changes in the
electrostatic interactions, and the remaining points modify the L]
interactions. The simulation length was S ns per A-point, under
NPT conditions at 298 K and 1 atm. The cutoff for the
electrostatic interactions was 1.2 and 1.0 nm for the van der
Waals interactions. For temperature coupling, the Nosé—Hoover
thermostat with a coupling time of 1 ps was used. The time step
was 2 fs. Further details are given in ref 83.

B RESULTS

Training Set. RFR models for the elements C, H, N, O, S, P,
F, Cl, Br, and I were trained on the 130 267 lead-like molecules in
the training set. The number of samples per element are shown in
Figure 2.

The parameters of the RFR models were determined using k-
fold cross validation with k = 10. Nine fractions were used for
training and one fraction for testing, thus each atom was
predicted once. From the predictions, the root-mean-square
error (RMSE) was calculated for each fold and then averaged.
Note that for the cross validation, the “raw” predicted partial
charges were used, i.e., without a correction using eq 7. First,
optimal parameters of the RFR models (e.g,, number of trees,
maximum depth, etc.) were determined by minimizing the
RMSE (data not shown). Second, the maximum path length in
the atom-centered AP fingerprint used as descriptor was
optimized. In Figure 3, the RMSE as a function of the maximum
path length in the descriptor is shown for the different elements.
The baseline performance is given when only the reference
atoms are considered. For this, a Morgan87 fingerprint with
radius zero was used, as AP fingerprints with a maximum path
length of zero are not possible. The best performance was
obtained for a maximum path length of four, and this setting was
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was trained. Note that the predicted partial charges were not corrected
using eq 7.

therefore used in the following. Increasing the path length further
likely adds noise.

In the top panel in Figure 4, the predicted (not corrected)
versus the reference partial charges from the 10-fold cross
validation are shown for carbon as example. The same plots for
the other elements are shown in the Figure S6 in the Supporting
Information. The vast majority of the 3 100 446 predictions for
carbon lies in an accuracy window of +0.05 e (shown as black
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Figure 4. (top) Predicted versus reference partial charges for carbon in the 10-fold cross validation of the training set. The black lines indicate the
accuracy window of +0.05 e. (bottom) Cumulative fraction of samples (i.e., atom with environment and reference partial charge) as a function of the
prediction error for all elements. A maximum path length of four was used for the atom-centered AP fingerprints. Note that the predicted partial charges

were not corrected using eq 7.

solid lines). To quantify the prediction accuracy, the cumulative
fraction of samples as a function of prediction error was
calculated for all elements (bottom panel in Figure 4 and Table
1).

The highest prediction accuracy is obtained for H and F, and
the lowest for P. The latter is likely due to the low number of
samples (Figure 2) combined with a large range of possible
partial charges (Figure S6 in the Supporting Information). For I
on the other hand, there are also relatively few examples, but the

range of partial charges is much smaller.
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Performance on External Test Sets. The ML models were
trained on lead-like compounds. The extrapolation potential to
smaller and larger molecules was tested using two external test
sets. Test set 1 contains 146 organic liquids with a molecular
weight below 200 g/mol and less than seven rotatable bonds.
The predicted versus reference partial charges are shown in the
top panel of Figure 5. A low RMSE of 0.030 e was found, which
does not change significantly when the excess charge is removed.
The outliers stem mainly from very small molecules such as
formaldehyde, 1,1-dichloroethene, dichlorofluoromethane, and
1,1,2,2-tetrachloroethane (Figure S7 in the Supporting Informa-
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Table 1. Fraction of Samples (i.e., Atom with Environment
and Reference Partial Charge) within an Accuracy Window of
+0.01, + 0.05, and +0.1 e in the 10-fold Cross Validation

tion), which are not well represented in the training set. A
straightforward way of reducing the numbers of outliers is to
extend the training set with molecules containing substructures
that are not yet well represented. For test set 2, the RMSE of
0.016 e is even lower than for test set 1, which indicates that it is
easier for the ML models to extrapolate to larger molecules than
to smaller ones. This is highly beneficial, as the computational
cost of QM calculations increases with the size of the molecule
and thus a fast ML-based approach is especially desirable for
larger molecules.

A critical aspect for the application of a ML-based method is
the computational efficiency. The memory requirements of the
ML model depends on the number of samples and the range of
partial charges. The scikit-learn RFR models are known to be
rather large. The compressed files of the RFR models are up to
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model with € = 4. The ML models were trained also with € = 4.

DOI: 10.1021/acs.jcim.7b00663
J. Chem. Inf. Model. 2018, 58, 579—590


http://pubs.acs.org/doi/suppl/10.1021/acs.jcim.7b00663/suppl_file/ci7b00663_si_001.pdf
http://dx.doi.org/10.1021/acs.jcim.7b00663

Journal of Chemical Information and Modeling

660 MB for carbon. For predicting the partial charges of a whole
molecule, all ML models need to be kept in memory, which can
require up to 6 GB. This can, however, be provided by a normal
workstation nowadays. Loading the ML models into memory is
by far the slowest step in a prediction but needs to be done only
once. In Table 2, the runtime and memory requirements of our

Table 2. Computational Requirements for the Charge
Assignment of 1081 Drug-like Molecules from the External
Test Set 2“

ML AM1-BCC (1SCF) AM1-BCC
walltime [min] 3.0 113 1514
RAM [GB] 6.04 0.093 0.180

“The timings were estimated by running the corresponding method
five times on a single core and taking the average of the runtime.

ML-based approach are compared to that of the antechamber
program (version 17.3)* with AMI-BCC charges (semi-
empirical method). Partial charges were derived for the external
test set 2. The procedure was repeated five times and the runtime
averaged. The timings were carried out on a XeonE3 1585LvS
workstation using only a single core, although both approaches
could be run in parallel. AM1-BCC was performed with and
without geometry optimization (1SCF). The geometry opti-
mization increases the computational cost dramatically, but is
often necessary in a practical setting. In the ML-based approach,
this work is done once for the training set and afterward the
prediction requires only the 2D topological information on the
molecule. The computational speed-up compared to a DFT-
calculation with subsequent charge assignment using the DDEC
scheme is several orders of magnitude.

Combination with Existing General Force Fields.
Computing condensed-phase properties such as density, heat
of vaporization or free energy of hydration (AG"?) is a common
strategy for force-field validation. These properties can be
accurately measured in experiment and reference data are
available for a wide range of compounds.

Since compatibility of the ML-predicted partial charges with
GAFF or OPLS-AA cannot be better than that of the DDEC
reference partial charges, we first calculated the density and heat
of vaporization for the 146 organic liquids with DDEC reference
partial charges as baseline. The parametrization of GAFF and
OPLS-AA were done with partial charges obtained in vacuum
and fitted to experimental data of organic liquids.s’6 Here, we
investigated how the extracted partial charges are influenced by
the dielectric permittivity of an implicit solvent used in the QM
calculations. Three different permittivities were used: € = 1, 4, or
78.1In Table 3, the partial charges of water for the TIP3P*” model
are compared with DDEC partial charges obtained using
different permittivities for the implicit solvation model. The
DDEC partial charges obtained with € = 4 present a good
compromise between the underpolarization with € = 1 and

Table 3. Partial Charges for O and H in a Water Molecule for
the TIP3P*” Model and Using DDEC from Electron Densities
Obtained Using the Implicit Solvation Model with € = 1, 4,
and 78

TIP3P e=1 e=4 c=78
4(0) —0.834 —0.790 —0.880 —0.990
q(H) +0.417 +0.395 +0.440 +0.495

overpolarization with € = 78. In addition, € = 4 mimics the
environment of a molecule in a protein.”*” We therefore expect
that DDEC partial charges obtained using € = 4 for the
continuum model match best with the other parameters in the
force field for the calculation of hydration free energies.
Density and Heat of Vaporization. In Table 4, the RMSE to
the experimental values is given for the different partial-charge

Table 4. RMSE of the Calculated Densities and Heats of
Vaporization for the Set of 146 Organic Liquids’>”

RMSE RMSE RMSE RMSE

force

AH,, AH,."
field charge set ¢ [kg/m*] o” [kg/m®] [KJ/mol]  [kJ/mol]

GAFF  AMI-BCC 82.5 51.6 10.5 10.7
DDEC 83.5 46.3 10.7 10.5
(e=1)
DDEC 90.0 44.4 9.1 9.1
(c=4)
DDEC 79.2 SLS 14.6 143
(e=178)
ML (e = 4) 83.1 44.1 8.9 9.0
OPLS- CMl 40.4 34.0 7.8 7.9
AA
DDEC 484 452 9.0 9.2
(e=1)
DDEC 45.5 433 9.4 9.4
(e=4)
DDEC 56.2 45.5 144 14.6
(e=78)
ML (e = 4) 42.5 38.5 8.9 9.1

“Reference values for the original GAFF (AM1-BCC) and OPLS-AA
(CM1°") force fields were taken from ref 78. The DDEC reference
partial charges were obtained using the implicit solvation model with e
=1, 4, and 78. The ML-predicted partial charges were with € = 4. The
partial charges were combined with the GAFF and the OPLS-AA force
field. ®Without compounds containing Br.

sets. The correlation plot for OPLS-AA and € = 4 is shown in
Figure 6, the same plots for GAFF and the other permittivity
values are shown in Figures S8—S13 in the Supporting
Information. The LJ parameters for bromine in GAFF are
known to be problematic, which results in underestimated
densities and overestimated heat of vaporization.”® Therefore,
the RMSE for the whole data set and for all molecules, which do
not contain Br, is given. In general, the DDEC partial charges
exhibit a good compatibility with both force fields, with overall
the best performance for the partial charges obtained with € = 4.
To further improve the performance, the L] parameters would
have to be refitted to the DDEC partial charges. Partial charges
obtained with € = 78 are overpolarized and do not match with the
LJ parameters. The ML-predicted partial charges result in similar
densities and heats of vaporization as the DDEC reference partial
charges.

Hydration Free Energy. The 642 molecules for which
experimental hydration free energy data is available range from
small organic liquids to larger polyfunctional molecules.*’~**
The partial charge prediction accuracy of the ML models for this
set of molecules is shown in Figure S14 in the Supporting
Information. With a RMSE of 0.021 e, it is comparable to that
observed for the external test sets. Again, the outliers are
molecules like ammonia, hydrogen sulfide, and ethylene, which
are much smaller compared to the ones in the training set. Note
that the following six molecules were also present in the training
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Figure 6. Experimental versus calculated heats of vaporization (top) or
density (bottom) using the OPLS-AA force field in combination with
DDEC reference partial charges (implicit solvent with € = 4) and the
ML-predicted partial charges (also € = 4). For comparison, the results
with CM1 partial charges taken from ref 78 are shown.

set (ID in the FreeSolv database): 1417007, 1770205, 194273,
5076071, 6334915, and 9281946.

The correlation between the calculated and experimental
AGM! values are shown in Figure 7 and Figure S15 in the
Supporting Information. As the implicit solvation model with a
dielectric permittivity € = 78 leads to overpolarized partial
charges (with respect to the L] parameters), only partial charges
obtained with € = 1 or 4 were used. The RMSE with the DDEC
partial charges (with € = 4) is slightly higher than with AMI1-
BCC, but the total number of outliers is reduced as can be seen
by the lower excess kurtosis (Table S).

For € = 1, the RMSE of 9.4 kJ/mol is considerably larger than
the RMSE of 7.3 kJ/mol for € = 4. The systematic under-
estimation of AG™? with the € = 1 partial charges (Figure S15 in
the Supporting Information) is a direct consequence of the too
little polarized vacuum-derived charges. Although the AM1-BCC
charges are generated in vacuum as well, the corresponding
values for AG™? reproduce much better the experimental ones.
This can be explained by the influence of the bond charge
corrections (BCC), which compensate for the lack of polar-
ization in the bare AM1 charges. With the DDEC partial charges,
the AG™ values of polar and polyfunctional molecules are better
reproduced. The results can certainly be improved when the LJ
parameters are reparametrized with the DDEC partial charges.

As expected from the good prediction of the DDEC partial
charges by the ML models, the RMSE using the ML-predicted
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Figure 7. Correlation between calculated and experimental hydration
free energies AG™? for the set of 642 compounds taken from the
FreeSolv database.®’ ™ Reference values for the original GAFF (AM1-
BCC) force field were taken from ref 83. The DDEC reference partial
charges were obtained using the implicit solvation model with € = 4. The
ML-predicted partial charges were with € = 4. The partial charges were
combined with the GAFF force field. The results for € = 1 are shown
separately in Figure S1S in the Supporting Information.

Table 5. RMSE, Maximal Error, Excess Kurtosis, and R*
Values of the Calculated versus Experimental Hydration Free
Energies A G™ for the Set of 642 Compounds Taken from the
FreeSolv database®' %%

force RMSE MAX excess
field charge set [kJ/mol] [kJ/mol] kurtosis R?
GAFF AMI1-BCC 6.2 39.2 3.62 0.87
DDEC 9.4 35.1 2.62 0.71
(e=1)
DDEC 7.3 30.8 1.66 0.82
(e=4)
ML (e = 4) 7.4 352 2.02 0.82

“Reference values for the original GAFF (AM1-BCC) force field were
taken from ref 83. The DDEC reference partial charges were obtained
using the implicit solvation model with € = 1 and 4. The ML-predicted

partial charges were with € = 4. The partial charges were combined
with the GAFF force field.

partial charges is only 0.1 kJ/mol higher than that using the
DDEC reference partial charges (Table 5). The correlation
between the ML-based values for AG™? and the DDEC
reference values is shown in Figure S16 in the Supporting
Information. The largest outliers, i.e. formaldehyde and a-
endosulfan, can be explained by low occurrence of some atom
environments in the training set.

B CONCLUSIONS

In this work, an ML-based approach for the prediction of partial
charges for classical fixed-charge force fields has been presented.
The ML models were trained on a large and diverse data set of
approximately 130 000 lead-like compounds, which allowed the
reliable prediction of the partial charges of unseen molecules,
both smaller and larger than the ones in the training set. The ML
model can further be improved by extending the training set with
substructures that are not yet well represented. The predicted
partial charges are based on DFT calculations with the TPSSh
functional and a reasonably large basis set, supplemented by an
implicit solvent model. The accuracy of the electron densities was
confirmed by benchmarking several exchange-correlation func-
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tionals against CCSD reference densities. The chosen charge-
extraction scheme DDEC is known to yield chemically
meaningful and conformationally robust partial charges. The
latter property is crucial for fixed-charge force fields. The atom-
centered AP fingerprints, which were used as descriptors for the
ML models, rely only on 2D topological information, such that
any remaining conformational dependence of the partial charges
is removed. This allows for an easy application of the ML models
as only a SMILES string is necessary to predict the partial charges
of a new molecule. In addition, the ML-based approach allows
the assignment of high-quality partial charges within the fraction
of a second for a typical drug-like molecule. This results in a
speed-up of several orders of magnitude compared to the original
derivation of DDEC (or RESP) partial charges.

As the molecules in the training set were chosen to represent
all substructures found in the lead-like portion of the ZINC and
ChEMBL database, also rather exotic substructures which do not
occur often are part of the training set. It is challenging for the
ML models to predict the partial charges of such substructures
correctly. This is most evident for phosphorus (only present in
ChEMBL molecules), which has a large range of possible partial
charges but only relatively few examples. The excess-charge
correction scheme can smooth some of the prediction error.
Furthermore, by simply adding molecules with underrepresented
substructures to our database in the future, the prediction
accuracy of the partial charges can be increased. For typical drug-
like molecules (as shown by the external test set 2 containing
FDA approved drugs), the partial charges can already be
predicted with high accuracy (RMSE = 0.016 e) with the current
training set.

The compatibility of the DDEC partial charges with the
OPLS-AA and GAFF force fields was successfully tested by
computing basic thermodynamic quantities such as density, heat
of vaporization and hydration free energy. The DDEC partial
charges gave comparable results as the AM1-BCC or CMl1
charges, if an appropriate dielectric permittivity (¢ = 4) was
chosen for the implicit solvation model used in the QM
calculations. The ML-predicted partial charges performed
similarly to the DDEC reference partial charges. For further
improvement, L] parameters would need to be reparametrized
together with DDEC partial charges.

Besides the application in MD simulations, partial charges are
widely used as descriptors in QSAR/QSPR models. Using the
ML-based approach presented here, accurate partial charges can
be obtained efficiently for application in high-throughput ligand-

based virtual screening.
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