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Abstract

Molecular dynamics (MD) simulations based on atomic models play an important role in the
drug-discovery process to screen molecules, estimate binding free energies, and optimize lead
compounds in chemical space. Accurate computations of thermodynamic and kinetic properties
using MD simulations are highly dependent on the accuracy of the underlying atomic force

field. In this context, going beyond nonpolarizable fixed-charge model by accounting explicitly
for induced polarization is highly desirable. The CHARMM polarizable force field based on
classical Drude oscillators, in which an auxiliary charged particle is attached via a harmonic
spring to its parent nucleus, offers both a computationally convenient and rigorous framework

to model explicitly induced electronic polarization in MD simulations. For any molecule of
interest, electrostatic partial charges, atomic polarizabilities and Thole shielding factors, as well
as bonded parameters can either be determined from ab initio calculations or ascribed from

the knowledge-based library of the CHARMM Generalized force field (CGenFF). While this
approach is fairly reliable in general, it is well understood that the overall accuracy of the models
with respect to thermodynamic properties such as bulk density, enthalpies, and solvation free
energies is particularly sensitive to the nonbonded Lennard-Jones (LJ) parameters. In the present
study we systematically refined the set of LJ parameters for the atom types available in the Drude
force field to best match the experimental thermodynamic properties for 416 small drug-like
organic molecules. To further test the transferability of the optimized parameters, the hydration
free energy of 372 molecules was computed. The calculations resulted in a small average error of
0.46 kcal/mol and a Pearson R of 0.9, representing a significant improvement over the additive
GAFF force field in our previous study, where an average error of ~2 kcal/mol was obtained.

SUPPLEMENTARY MATERIAL
Refer to https://github.com/chetanrrk/LJOptimization/tree/main/S| for all supplementary information. The README.md contains
details about the content. The indicated Sl folder in the link includes the following materials:

1. feh.xlIsx: Contains free energy of hydration (FEH) of molecules including their scientific name, experimental FEH, FEH
computed with optimized LJ and standard combination rule, and FEH computed with optimized LJ and NBFIX based

scaled combination rule.
2. init_final_params.xlIsx: Contains optimized atom types with initial and optimized Eminand Rmin.

3. training.xlIsx: Contains molecules used in training along with their names, molecular volumes (experimental and
computed), and heat of vaporization (experimental and computed).

4, testing.xlIsx: Contains molecules used in testing along with their names, molecular volumes (experimental and
computed), and heat of vaporization (experimental and computed).


https://github.com/chetanrrk/LJOptimization/tree/main/SI
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Such an improvement is consistent with the ability of the polarizable Drude model to more
accurately model interactions in different environments. The effort provides a roadmap for the
global optimization of force field parameters using experimental data. It is hoped that the present
effort will further the application of the Drude polarizable force field in molecular simulations
including drug design and discovery.
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INTRODUCTION

Molecular dynamics (MD) simulation has been the workhorse to compute thermodynamic
and kinetic properties of biological systems while gaining atomistic insights.> More recent
development in scalable free energy perturbation (FEP) calculations have been encouraging
to improve the speed of free energy simulations.2# However, the accuracy of these
simulations is also highly dependent on the accuracy of the force field used. A force field
aims to represent the quantum mechanical (QM) Born-Oppenheimer (BO) potential energy
surface using simple functional forms with multiple parameters such as harmonic potentials
for bond and angle terms and cosine functions for the dihedral term. These simple functional
forms are usually fitted to map to the QM surface and experimental observables.>~” Given
the simplicity of the potential energy functions it is of the utmost importance to properly
parametrize the models to maximize the accuracy of the computed molecular properties.8

The construction and optimization of a force field is a complex and involved process.
Generating an accurate force field applicable to a wide range of small molecules is even
more challenging given the vastness of chemical space.® While there is a finite number
of amino acids and associated atom types for proteins, small organic molecules contain
a much wider range of possibilities. Atom typing attempts to broadly define an atomic
environment and serves as the basis for parameter assignment, though the quality of the
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assigned parameters need verification and careful revision. For instance, the CHARMM
generalized force field (CGenFF) provides a penalty score to indicate problematic terms that
need further refinement.1911 To enable such refinement, we have previously established the
General Automated Atomic Model Parameterization (GAAMP)12 and FFParam?3 utilities
to facilitate the parameters optimization of small molecules. Recent development in the
application of SMARTS pattern to automatically detect and apply force field parameters is
also useful to improve the acuracy of parameter assignement.14

The Drude polarizable force field is computationally efficient to model the polarization
response of the electronic degrees of freedom, thereby providing a better physical
representation of the molecular interactions than additive fixed-charge force fields.15-19
Because of its computational efficiency and ease of implementation,29-22 it has been widely
used in the context of molecular dynamics simulations for various biologically important
systems such as ion channels, lipids, proteins, and nucleic acids.23-28 Efforts towards
developing parameters for the Drude model applicable towards drug design and discovery
domain are actively underway.3 A recent advance is the application of machine learning

to derive the partial charges in the context of the Drude polarizable force field.2® Our fully
automated parameter refinement framework, GAAMP, optimizes the molecular properties
and parameters in the context of both additive and polarizable force fields.12 GAAMP is

an objective approach where the parameters are derived systematically using an algorithmic
procedure. Indeed, the GAAMP framework is the only publicly available automated tool
available to refine the Drude polarizable model going beyond the analogy-based approaches
usually applied to assign the force field parameters to small organic molecules.3°

GAAMP starts with molecular coordinates as input. The refinement process begins with
accessing the initial guesses of the parameters based on analogy using traditional sources
such as CGenFF,” GAFF,5:31 or MATCH.32 Quantum mechanical (QM) calculations are
carried out to successively refine the bond, angle, partial charge, and dihedral molecular
mechanics (MM) parameters. The QM calculations involve optimizing geometry, computing
electrostatic potential, (ESP) and scanning potential energy surfaces. These QM calculations
provide target data to refine the MM parameters using gradient directed optimization
techniques. The partial charge refinement is done in an environment aware manner where
along with the ESP fitting, the interaction of hydrogen-bond donor and acceptor groups
with water are taken into account during the refinement. Within GAAMP, a chi-squared
objective is defined, analytical derivates are computed, and the MM parameters are refined
by L-BFGS33:34 optimizer. The framework is applicable for the popular force fields such as
GAFF and CGenFF. A webserver is also running at http://gaamp.lcrc.anl.gov to expose the
GAAMP framework for the users to obtain refined force field parameters for their own small
molecules. In the end, the resulting topology and parameters files contain simulation-ready
data for molecular modeling and MD simulations.

The refinement of the LJ parameters is done separately from the GAAMP framework.
Because of the limitations of the QM methodologies to model van der Waals interaction,
these parameters are refined fitting directly to the experimentally measured liquid phase
properties such as heat of vaporization, molecular volume, and hydration free energy.3°
It should be noted that there have been several attempts in the past by various groups to
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optimize the force field parameters to better reproduce such experimental measurements.
For example, Wang et al. refined nonbonded parameters using an automatic ForceBalance
procedure,36:37 and Head-Gordon and coworkers adjusted the small molecule-water van der
Waals interaction to fit the hydration free energies of small molecules encompassing all
functional groups known in the proteins side chains and backbone.38:3% Our current work
and past optimization of additive LJ parameters3? are inspired by these previous attempts
with a hope of making the parameters globally applicable for diverse small drug-like organic
molecules.

The LJ parameters assignment is dependent on the atom type. The type aims to define

a chemical environment around an atom. This assignment is different, for example,
compared to partial charge assignment that are atom specific. Atoms sharing similar atomic
environment, such as hybridization state or proximity to a polar group, are represented
with the same atom type sharing the same values of the LJ parameters. In this work,

we have systematically refined the existing LJ parameters for the Drude polarizable force
field for neutral small organic molecules using a diverse set of molecules in our training
and validation data. In addition, we have also derived LJ parameters in the context of the
Drude polarizable force field of several existing CGenFF atom types. We make use of
experimental measurement of molecular volume and heat of vaporization of 416 molecules
separated into a training set of 365 molecules, and a validation set of 51 molecules. We
have systematically fit the LJ parameters on the training compounds encompassing wide
range of atom types as described by the CGenFF assignment and test on the validation set.
To ensure that the parameters are equally valuable for other molecular properties, we also
computed the hydration free energies of 372 molecules for further validation. The resulting
set of optimized LJ parameters expands the scope of the Drude force field and enhances its
applicability for computer-aided drug design endeavors.

METHODS

The LJ optimization here was carried out in the context of CHARMM Drude polarizable
force field. In the Drude force field, the explicit polarization is introduced by attaching

a Drude particle to its heavy atom (nuclei) by a spring with a force constant of 500
kcal/mol/A2.15 The Drude particle oscillates around the nuclei allowing the atomic dipoles
to adjust in response to the surrounding electric field. The motion of the Drude is usually
isotropic; however, the presence of electronegative atoms containing the lone pairs can break
the isotropy.#0 Similar to SCF calculation under the Born-Oppenheimer approximation,

the Drude particle relaxation can be performed using the SCF style calculation where

the position of the Drude is minimized with respect to the position of the nuclei.

The SCF calculation is computationally expensive, so a small mass of 0.4 AMU is

shifted from the atomic nucleus to the Drude particle, allowing the application of an
extended Lagrangian based propagation in MD simulations.1>2! The popular MD packages
such as NAMD,22 CHARMM,*! OpenMM,20 and GROMACS?! implement the extended
Lagrangian propagation, including simulations on GPUs.
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The functional form of the Drude force field is an extension of the additive potential energy
function (equation 1) with small modification to the electrostatics terms (equation 3) and
addition of the self-polarization term (equation 5).41
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where Ky, Ky, Kk, K, By, Op, wg and iy are the force constants and reference values for

the bond, angle, improper, and Urey-Bradley terms. K, and ¢ are the force constant and
phase angle for the dihedral terms. The electrostatic term is composed of the nuclei-nuclei,
nuclei-Drudes, and Drudes-Drudes contributions to the electrostatic potential 184243 as,

Eejec = L i O R— @
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where 7and jrepresent the index of atoms, g represents the partial charge on the atoms, r
their positions and the subscript D indicates the Drude particles. The charge of the Drude
particle is related to the polarizability as,

qp =+/akp ®)

where kp is the force constant of the harmonic spring linking the Drude particle to the

atomic nuclei, representing the self-polarization energy. The contribution to the electrostatic
potential from the dipole-dipole interaction between the Drude-atom pairs separated by

one or two covalent bonds (the 1-2 and 1-3 interactions) are screened using a Thole-like
screening function?? as,
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where the charge on the Drude particle, gp, is dependent on the isotropic atomic
polarizability, «, and the spring constant &p (equation 3). Partial charge of the nuclei, g, is
assigned to the attached Drude particle as gp= g— g4 Where g is the total partial charge

of the nuclei and Drude particle. The electronic self polarization of the Drude is usually
isotropic using a familiar harmonic potential Usgras,
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1, 2
Useit = szd (5
where d'represents the displacement of the Drude particle from its nuclei. To better represent
the interactions of electronegative atoms in the molecule (N, O, S, Cl, Br, and 1) with
the environment, the self-polarization term is described anisotropically*° by expanding the
isotropic force constant kp into a tensor K2 having zero off-diagonal elements (equation 6).

Usay = H([KRJdE + [ KBJd3 + | K2]a3) ®

where d, ds, and d;are the projections of the Drude-nuclei displacement vectors on the
orthogonal axes determined by the local molecular frame of reference.

The remaining terms of the force field are identical to the CHARMM additive force field.
The LJ parameter for pairs of atoms 7and jare constructed using the Lorentz-Berthelot

combination rule,45 £(:/) = (EEI’;}I’;)E[(I{;[{))I/Z and R(:) = (Rr(xln;) + Rg;g;))/z. In CHARMM,
pair-specific LJ interaction parameters can be modified between the oxygen atom of a water
and selected heavy atom of the solute using the NBFIX option. This functionality is useful
to overcome the limitation of the Lorentz-Berthelot rule and has been applied to accurately
reproduce the hydration free energies and correct folding of proteins.#6-48 We have also
applied this modification to the LJ interaction in this work to improve the accuracy of the

calculated hydration free energies (HFE).

Before refining the LJ parameters, GAAMP algorithm was used to generate the electrostatic
and dihedral parameters compatible with the CHARMM Drude Force Field initialized with
parameters obtained from the CGenFF program.’ The available LJ parameters for the Drude
force field were used during parametrization. GAAMP procedure starts with a structure file
of the molecules in a pdb or a mol2 format. The parametrization for the Drude force field
proceeds in 4 main steps: (1) Addition of Drude particles to the heavy atoms to generate
initial topology and parameter files consistent with the Drude force field, (2) charge fitting
using QM target data including ESP and specific interaction with water molecules, and (3)
dihedral parameter fitting using QM target data. The charge fitting procedure is similar to
RESP#? fitting but also takes advantage of the compound-water interactions.12:50 The partial
charges are refitted for the compound that could undergo hydrogen bonding interaction by
fitting to the minimum interaction energy and distance between the molecule and water

at HF/6-31G* model chemistry without BSSE correction. The dihedral parameters are
refitted after the charge refitting to have a consistent model. The geometry optimization

and potential surface scans are done at the HF/6-31G* level of theory and the electrostatic
potential (ESP) calculation is done using DFT at B3LYP/aug-cc-pVVDZ level. As described
previously, to fit the anisotropic polarization response of the electronic degrees of freedom,
small positive perturbing test charges of 0.5 AMU are placed along the molecular surface
resulting in multiple ESP potentials computed at various grid points. The multiple ESP data
are then fitted to obtain the partial charges consistent with the Drude model.#2 Gaussian
09°1 software is used for the QM calculations to generate the target data for parameters
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optimization. Limited memory L-BFGS algorithm,33:34 available in NLOPT C++ library,>2
is used to fit the parameters using the analytical or finite difference gradients obtained in the
context of the chi-square objective function.

After refining the electrostatics and dihedral parameters, the LJ optimization process is
initiated. The LJ parameters optimization procedure is framed as a minimization of objective
function and driven by computing the analytical gradients of the objective function with
respect to the LJ parameters. As described for the additive force field LJ optimization,3? the
objective function is defined as,

calc

2
A= E 1|+
m

calc 2
AH 1) -

AHSP

where the sum runs over the molecules /7 in the training set, V<3¢ and E*P are the
computed and experimental molecular volumes respectively for a molecule m, AH,C,,alC and

AHS® are the calculated and experimental heat of vaporization, respectively, for a molecule
m, the W, and W 4 are the weights assigned to each molecular property. Equal weight for

the molecular properties were used for this optimization. To compute the bulk properties,

the liquid boxes from additive CGenFF simulations were obtained and Drude particles added
to the non-hydrogen atoms followed by minimization and equilibration. The molecular
volumes were calculated from the MD simulations as the average of the total volume of the
liquid box divided by the number of molecules in the box as V = (Vyx)/N and the heat of

vaporization were computed as,
I
AHrCna ‘= kgT + <”gas> - <”liquid> ®

where (ug,5) and (ujquia) are computed per molecule from the average of the potential energy

in the gas and liquid phases, respectively. The derivative of the objective function with
respect to the LJ parameter p;is given as,

oF V;lalc 1 aVﬁch AHrcnalc
T = 2Zm Wy exp exp OJp; + AHyq exp
Di yexp yexp  op Pl AlH;?
1 aAHcalc ©
m
AHZ?P  Opi

where the derivative of a property of interest @ such as molecular volume or the heat of is

expressed as,
42 9] i) o)

As can be noticed, the first term in the equation 10 is non-zero only for a molecular property,
such as the heat of vaporization in current optimization, that explicitly depend on the p;.
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As indicated, experimental data are used to optimize the LJ parameters. A training data of
365 molecules with neat liquid properties were used and validation data of 51 molecules
with neat liquid properties were held out. The molecules were curated from the prior
publication of Mobley et al®3 as well as National Institute of Science and Technology
(NIST) database.>* The training and the validation data composed of aliphatic and polar
molecules, which were carefully chosen to capture the diversity of atom types seen in drug
like molecules. Since the parameters were optimized only using molecular volumes and the
heat of vaporization, to test the transferability of the optimized parameters on a molecular
property not explicitly in the objective function, hydration free energy (HFE) of the full set
were computed and compared against the experimental measurements.

A gradient based optimizer L-BFGS33:34 algorithm was used for the LJ optimization. The
optimization code is written in Bash, Python, and C++ and is also available together with
the starting configurations of the solvent simulation boxes in GitHub (https://github.com/
chetanrrk/LJOptimization). To compute the averages of molecular properties of each
compound, a neat liquid box comprised of 200-400 molecules (volume ~ 38 x 38 x 38

A3) was used and simulated for 2ns with MD under periodic boundary conditions with a
time step of 1fs. The boxes were simulated under the constant pressure and temperature
(NPT) using Langevin thermostat and piston.>® As prescribed in our previous study,” the
Drude particles were kept at 1K temperature with a hardwall of 0.2 A and the non-hydrogen
atoms at the experimental measurement temperature using the dual thermostat scheme.

The long-range electrostatic interaction was computed using particle mesh Ewal (PME)
summation®6:57 with an Ewald splitting parameter of 0.34 A1, a grid spacing of 0.6 A,

and a sixth-order interpolation of the charge to the grid. The non-bonded van der Waals
interactions were smoothly switched to zero between 10 to 12 A and long-range correction
as proposed by Shirts et al (LRC-MS) was applied.>® The SHAKE algorithm was used to
constrain the bonds connecting a heavy atom to a hydrogen atom.>9:60 All simulations were
carried out using NAMD.

Optimization of the LJ parameters

We seek to optimize a set of CGenFF atom types that is recurrent in drug-like small organic
molecules (Figure 1). In total, 6 epochs of LJ optimization were carried out, with an epoch
being defined as a stage when all training molecules are used during the optimization.

The initial pass (epoch 0) through the training set was done to compute the initial liquid
properties at their unoptimized LJ parameters. As shown in Figure 2, the optimization was
carried out in batches during epoch 1. The atom types of the pure aliphatic molecules were
optimized initially, followed by the optimization of the polar atom types. In each batch,
about 10-20 iterations of L-BFGS algorithm were carried out. LJ parameters of atom types
optimized in the previous batch were fixed on subsequent batches. The electrostatic and
dihedral parameters were updated after the first epoch (epoch 1) for the molecules using
GAAMP to be consistent with the optimized LJ parameters. Since the LJ parameters were
stable after the first epoch, electrostatic and dihedral parameters were kept at their optimized
value of the first epoch. After the completion of the initial LJ optimization on epoch 1, the
atom types were then optimized in a concerted manner where all atom types were optimized
simultaneously. The LJ parameters corresponding to the 84 Drude force field atom types
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were optimized in this work. Among these atom types, 56 atom types were already present
in the Drude force field and 28 additional atom types were obtained from CGenFF and
optimized in the context of the Drude force field.

To test the transferability of the optimized parameters to other molecular properties not
explicitly included in the objective function, the HFE of the molecules in the training

set were calculated. Free energy perturbation (FEP) calculations were performed in
CHARMM in the context of the Drude polarizable force field using the PERT module

of CHARMM,51-64 as previously described. The molecules were solvated in a water box
containing 250 SWM4 molecules using packmol software.5% The initial box was minimized
and equilibrated. During the FEP, 11 windows were used for the electrostatic and 18
windows for the dispersion contribution calculations for both vacuum and solvated phases.
A soft-core potential was used during the calculation of repulsive contribution during which
the electrostatic and the dispersive interactions were turned off.56 For each window, the
properties were averaged over 200 ps after an initial equilibration of 100 ps. The systems
were simulated with PBC under conditions of constant pressure and constant temperature
with PME. The aggregate data were post-processed using the weighted histogram analysis
method (WHAM)B7-89 for the dispersion and repulsion contributions and thermodynamic
integration (T1)7%.72 for the electrostatic contribution.

Optimization of the LJ parameters did not explicitly target the HFE property in the objective
function. Initial results were calculated using an initial force field model corresponding
to the optimized LJ parameters together with the standard Lorentz—Berthelot combination
rule. To improve the performance, we examined the effect of a global scaling factor of
the van der Waals interactions between atoms of a solute molecule and the oxygen atom
of water introduced via the NBFIX functionality of the CHARMM parameter file.*1 A
similar procedure was used in our previous work.3° To determine the optimal scaling
factor, equilibrium MD was launched for 2 ns with a timestep of 1 fs using the reference
model (optimized LJ parameters and standard combination rule). The obtained equilibrium
trajectories were then postprocessed with NBFIX based global scaling of the van der Waals
between the solute and the oxygen atoms of water to obtain a reweighted HFE according to
thermodynamic perturbation theory,

o~ MGIKT _ < e~ (Upert = Ure f)/kT>

Uref (11)

where AAG represents the relative change in HFE, U, is the reference potential energy
computed using the optimized LJ parameters with standard combination rule, and Upey
is perturbed potential energy with the van der Waals scaling factor y. The scaling of the
solute-water van der Waals dispersion can be expressed as a linear additive term,

Uudw(y) = }’Uudw(l) = Uvdw(l) + (7_ 1)Uvdw(1) (12)
which can be treated as a small perturbation on the HFE if y is close to 1,72

AGy AGref + (3/ - 1)<Uudw> (13)
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On average, the calculated hydration free energies shift by about —2.4 kcal/mol with a
factor y = 1.175, and by about —0.5 kcal/mol with a factor y = 1.036 for the set of molecules
examined here.

RESULTS AND DISCUSSION

The initial LJ parameters for 416 molecules were taken from the Drude force field if

the particular atom type was available, or otherwise the parameters were obtained from

the CGenFF previously tabulated values. For all compounds, the electrostatic parameters
(charges, polarizabilities and Thole scale factors) as well as dihedrals parameters of each
compound were fit targeting ab /nitio data using the GAAMP server.12 This resulted in a
total of 84 atom types, each with two LJ parameters, to be optimized in order to best-match
the bulk molecular properties according to the objective function given in equation 7.

The L-BFGS algorithm coupled with the objective function and gradients was used to
optimize the LJ parameters of 84 atom types. As shown in Figure 2, the initial epoch

of optimization was carried out in stages, were the atom types found in pure aliphatic
compounds were optimized first and the atom types found in other polar and non-polar
functional groups were optimized later. After the initial epoch, all the atom types were
optimized simultaneously. As seen in Figure 3, the optimization is remarkably efficient in
improving the properties, with the molecular volume improving within the first two epochs
by ~1.5%, and the heat of vaporization improving by ~9.5%. The initial unsigned average
relative error over the molecular volumes was 4.1% and for the heats of vaporization it
was 13.9%. After optimization, the unsigned average relative error on molecular volume
and the heat of vaporization decreased to 2.4% and 4.6%, respectively. A total of 5 epochs
of refinement were further carried out to better converge the parameters and liquid phase
properties. A small fluctuation of less than 2% in the computed molecular properties toward
later epochs is indicative of the convergence of the optimization.

Figure 4 shows the comparison against a hypothetical ideal fit ()=x) for both liquid
properties. The liquid properties computed using the initial parameters clearly deviate more
from the line of ideal fit whereas a close agreement to an ideal fit is obtained using the
optimized LJ parameters. For molecular volumes computed using the initial LJ parameters, a
linear fit with intercept set to zero had the slope of 0.996 and the Pearson R of 0.997. Using
the optimized LJ parameter, the slope is comparable to the initial parameter of 1.01 and the
Pearson R of 0.999. For the heat of vaporization computed using the initial LJ parameter, a
linear fit with intercept set to zero has a slope of 1.1 and the Person R of 0.975. Using the
optimized LJ parameter, a slope of 1.02 was obtained and the Person /R improved to 0.997.

A breakdown of the molecular properties computed using the optimized LJ parameters is
given in Table 1 for the different classes of compounds. The errors in molecular volume for
some classes, such as aromatics and alkynes, are as low as 1% whereas for polar groups,
such as acids and ketones, they are as high as 3%. The errors in heat of vaporization are

as low as 2% for the non-polar groups such as alkenes and aromatics and as high as 5.5

% for polar groups such as amides and nitros. Optimization of the atom types involving
phosphorus atoms are particularly challenging. The initial average unsigned relative error
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on the heat of vaporization for the molecules containing phosphates are around 20% which
is vastly improved to ~8% after optimization. Since this group is particular less populated
containing just 2 molecules, more training molecules might be required to fully optimize
these atom types, though experimental data for additional compounds is lacking.

Figure 5 shows histograms of the error distributions for the molecular volumes and heats of
vaporization, respectively. After optimization, a majority of the compounds have about 2.5%
average unsigned relative error for the molecular volume and the overall average also close
to 2.5%. The unsigned relative error is within 5% for the heats of vaporization with overall
average also close to 5%. In fact, the optimization based on the Drude model shows slight
improvement over our past LJ optimization based on the nonpolarizable GAFF model,3?
where the average unsigned relative error on the heat of vaporization was around 6%. It
should be noted that since the current optimization attempts to fit the LJ parameters globally
and improve the average of the molecular properties, the properties of some molecules affect
the overall performance of the parameter set, as seen towards the tail of the distribution.
These are molecules containing exotic functional groups such as sulphones, phosphate, and
some halogens in proximity of another polar functional groups. It is possible to reduce their
errors further by defining additional specialized atom types. However, there is a risk of
rapidly proliferating the atom types which would be inconsistent with the goal of this study
to conduct the optimization that is globally applicable to a diverse set of molecules while
using a conservative set of available atom types.

For the majority of atom types, the optimized LJ parameters remained close to their initial
values, taken from the CHARMM Drude force field or the CGenFF set. The average change
in the Enin parameter was —0.01 kcal/mol, indicating a slight increase in the favorable LJ
dispersion contributions. The average change in the Rmin parameter was 0.014 A, indicating
a slight but systematic increase in the radii. The average absolute change in the Enin
parameter was 0.032 kcal/mol and the average absolute change in the Ry, parameter

was 0.043 A. As noted above, small perturbations to the LJ parameters were sufficient

to improve a molecular property, especially the heat of vaporization which improved by
around 9.5%. This vast improvement in the molecular properties with small changes in

the LJ parameters also indicate the sensitivity of the properties towards the LJ parameters
consistent with our prior LJ optimization3® using the GAFF based additive force field.

A more stringent test of the optimized LJ parameters is to apply the parameters to a

set of molecules excluded from the training process. This validation of 51 molecules
covering atom types of diverse functional groups were set aside in the training. As seen
in Figure 6, the average percent absolute relative errors on the molecular volumes and
heats of vaporization using the initial forcefield were 2.15% and 8.52% respectively. The
error calculated using the optimized force field on the molecular volumes and heats of
vaporization were 2.03% and 5.83% respectively. The RMSE on molecular volumes also
improved from around 10 to 6 A3, and the RMSE on the heat of vaporization also improved
from around 1.6 to 0.7 kcal/mol. For the molecular volumes, the slope of fit using the
initial and the optimized force field were 0.99 each (both fit done with intercept at zero),
and the Pearson’s R for the initial and the optimized forcefield were 0.99 as well. For the
heat of vaporization, the slope of fit using the initial and the optimized force field were
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0.92 and 0.96, respectively (both fit done with intercept at 0), and the Pearson’s R for

the initial and the optimized forcefield were 0.94 and 0.98 respectively. As seen in the
training set, the improvement in slopes and Pearson’s /R upon optimization is also evident
in the validation set. These errors and fits are consistent with the ones observed during the
training, indicating the general transferability of the optimized LJ parameters to compounds
not explicitly included in the training set.

To further test the transferability of the optimized parameters on a property excluded from
the objective function, HFE of the 372 molecules in the training set were computed using
FEP. As seen in Figure 7, the overall trend with respect to the experimental measurement
was good, yielding a linear best-fit with a slope of 0.81 and an intercept of 0.05 kcal/mol.
The Pearson Ris 0.9 and the average (signed) error is 0.46 kcal/mol, which is within
statistical uncertainty. The mean absolute (unsigned) error is 0.95 kcal/mol. It is of interest
to note that a systematic overestimation of the hydration free energy by ~2 kcal/mol was
observed in our previous GAFF based LJ optimization.3? Such a systematic deviation in
terms of the HFE was attributed to the overestimation of the dispersive interactions arising
from the water model being used in the simulation. The issue was addressed using the
NBFIX CHARMM utility by selectively scaling the LJ interaction between a molecule and
the oxygen atoms of water by a factor of 1.115. Rescaling the Lennard-Jones well depth

resulting from the Lorentz-Berthelot combination rule, Er(rl;}rj;) = y(E&}L)Eg;I{))l/zby a factor
¥=1.115 had reduced the average unsigned error of the HFE to 0.8 kcal/mol and the average
signed error of 0.12 kcal/mol. To clarify the importance of this factor in the present study,
the impact of rescaling the compound-water dispersion interaction was examined. Following
a perturbative analysis, we find that a scaling factor y=1.036 would reduce the average error
of 0.5 kcal/mol to 0 kcal/mol. Since this scaling factor is very close to 1, we recommend to
simply use the optimized LJ parameters together with the combination rule without further

modification.

CONCLUSION

Accurate force fields are critical for reliable computations of thermodynamic and kinetic
properties. Optimization of force field parameters is a daunting challenge. While the bonded
terms and electrostatic parameters can be fitted targeting QM data, the LJ optimization
needs to be done by fitting directly to experimental measurements of molecular properties.
We previously showed that significant improvement could be achieved in modeling the
molecular properties in the context of additive forcefield starting from the GAFF LJ
parameters.3 This current work built on the previous work to globally optimize the LJ
parameters seen in drug-like small organic molecules but in the context of the CHARMM
Drude force field.

It is important to be mindful of the number of optimized atom types given the total amount
of data, although without additional experimental measurements it is not possible to use
more extended training and test sets at this point. While one must avoid over-fitting the
models with too many parameters, small drug-like organic molecules cover a wide range
of chemistries and an insufficient number of atom types damages the accuracy of the final
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model. To balance these opposite goals, we aimed to be as parsimonious as possible in
allowing the creation of additional atom types. As a comparison, the additive CGenFF
model comprises LJ parameter for 28 atom types, while the LJ parameters for 56 atom
types were globally optimized for the CHARMM Drude force field in the present effort.

As a result of the optimization, the properties molecular volumes and heats of vaporization
improved by 2%, and by > 9% overall, respectively. We showed that the parameters are
transferable to molecules out of the training set with the average percent relative error on
the test set for molecular volumes and heats of vaporization, being around 2% and 5.5%
respectively. The LJ parameters were also shown to be transferable to compute HFE—a
property that was not included in the optimization procedure. The fit obtained had a Pearson
Rof 0.9 and an average error of 0.46 kcal/mol. This represents a significant improvement
over the additive GAFF force field in our previous study, where an average error of 2.0
kcal/mol was obtained. Such an improvement is consistent with the ability of the polarizable
Drude model to more accurately model interactions in different environments, in contrast
with optimized additive force fields that incorporate these effects into the fixed charge
distribution and van der Waals parameters. The small remaining systematic error could be
further reduced by introducing pair-specific LJ parameters (NBFIX terms in the syntax of
the CHARMM parameter files) or by using a scaling factor »=1.036 for the solute-solvent
van der Waals dispersion interactions. Ideally, a complete polarizable force field model
ought to account for all change in the interactions a molecule makes with its environment in
different types of condensed phases. Systematic deviations of the HFE have been observed
in other contexts,3948.73 reflecting the inherent limitations of the LJ 6-12 potential and

the standard Lorentz—Berthelot combination rule. A more accurate model could possibly

be achieved with an alternate approach to treating the van der Waals interactions,’4-76

or a different combination rule.””~79 These issues could be resolved through the use of
pair-specific LJ parameters, while maintaining the simple form of the energy function as
done in the present study, though in practice, the results obtained directly from the model are
likely to have sufficient accuracy for most applications.

The Drude polarizable force field explicitly incorporates polarization in molecular
mechanics-based modeling. It is also an attractive choice because of its ease of
implementation since it can be coded as an extension of the additive force fields with

slight modification to the electrostatic terms and addition of the self-term in the potential
energy function. By globally optimizing the LJ parameters of small organic molecules and
in the CGenFF context, we have extended the applicability of the Drude force field towards
drug design and discovery applications. Future efforts shall expand on the present work by
considering solvation free energy of molecules in a variety of solvents.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Coverage of CGenFF atom types by the current set of molecules. Broad range, ~70%, of the

CGenFF atom types seen in drug-like small organic molecules are covered.
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Figure2.

Batch optimization workflow followed during epoch 1. Aliphatic atom types were optimized
followed by aromatics and polar types. The arrow indicates the flow of optimized atom types

to the next class to be optimized.
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Figure 3.
Progress made on liquid properties based on average percent absolute relative error

during the training epochs. The orange line tracks the progress on the computed heat of
vaporization and the blue line tracks the progress on the computed molecular volume.
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Figure 4.

Liquid properties calculated for the training set of 365 molecules. The red and blue circles
indicate properties computed using the initial and the final forcefields, respectively. (a)
Molecular volumes in A3 and (b) heats of vaporization in kcal/ mol. In black the ideal fit

y=x line is shown.
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Figureb.
Distribution of the average unsigned relative error for the computed liquid properties on the

training set computed on initial force field in red and optimized force field in blue for (a) the
molecular volumes and (b) heats of vaporization.
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Linear fits on the set of 51 molecules training set molecules for (a) the molecular volumes in
A3 and (b) heats of vaporization in kcal/ mol. The red and blue circles show the comparison
between initial and the optimized force field, respectively.
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Validation of the optimized force field on the free energies of hydration (HFE) for 372
molecules. (a) Correlation plot showing the trend between experimental and computed HFE
in kcal/mol using the optimized LJ. (b) Shows the distribution of the difference between the
computed and the experimental HFE in kcal/mol.
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Breakdown of the class specific unsigned average relative error on the training set computed using the

Table 1.

Page 26

optimized LJ parameters. The 2" column contains the number of molecules used during training in each class,

the 3" column contains the error on the computed molecular volume, and the 4™ column contains the error on
the computed heat of vaporization (HVAP).

Class Number of Molecules | % VolumeError Final | %HVAP Error Final
Alkanes 30 2.32 331
Alkenes 25 141 2.29
Alkynes 5 0.95 2.29
Aromatics 29 0.93 2.81
Alcohols 33 1.40 4.87
Ketones 23 3.51 2.77
Ethers 31 3.45 5.40
Acids/Esters 57 3.74 4.45
Amides/Amines/Nitros 79 2.14 5.88
Sulfurs 14 1.29 341
Phosphorus 2 1.526 8.467
Halogens 51 1.66 4.72
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