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1
Introduction

1.1 studying biomolecules

With the enhanced availability of computational power, the world has be-
come increasingly data and model driven. Both the revolution in CPU and
GPU development and the ever decreasing storage costs have led us to the
point where many research fields in academia and industry are powered by
computational analysis. A variety of topics in advanced engineering, such
as developments in state-of-the-art nuclear reactors,1 are driven by computer
simulation. For biochemistry this is not different, where we find that we
can simulate behavior of molecular systems to the electron level, or track the
dynamics of a system up to millisecond timescales.2,3

Because proteins and other biomolecules are corner stones of cellular func-
tion, understanding their dynamics and interactions is of great importance
to understand many biochemical processes of interest for the purpose of
understanding disease, rational drug design, and bio-catalysis.4 In particular
when mechanistic descriptions and/or rational designs are involved, there is a
need to study biomolecular interactions at the atomic level, where individual
interactions can be studied and modified.5,6 When an in vivo situation is con-
sidered with a high degree of cellular crowding, studying the full interactome
of proteins of interest and their associate dynamics becomes non-trivial.7,8

Experimental techniques are available to study proteins and their associated
interactions at the atomic level of detail, however these are very laborious
and may be limited in the information that can be retrieved.9–15 Crystallogra-
phy may yield structures of proteins in their apo and/or ligand-bound states,
which can resolve interactions between proteins and small-molecule binders in
detail.16 However one needs to consider that these crystals grow from highly
concentrated, purified protein samples and that protein conformation will be
influenced by crystal contacts occurring in such a lattice. Additionally resolved
electron density is only present for the static parts of the protein, whereas in-
formation on flexible regions is lost. Advances in crystal structure refinement
technology does resolve dynamical information for semi-flexible region (e.g.
specific amino-acid side chains) using ensemble refinement, but information
on larger domain motion is still lost.17 Nuclear Magnetic Resonance (NMR)
spectroscopy can allow to experimentally infer small- to large-scale protein
dynamics and substructure motions. These results are from concentrated
‘pure’ protein samples in solution phase for smaller proteins or in solid phase
for larger membrane systems. Measurement of interactions and dynamics
of heterogeneous systems is possible, but currently on the leading edge of
NMR research.13,18,19 Advances in Cryo Electron Microscopy (Cryo-EM) have
enabled to solve structures of larger protein assemblies up to the resolution
scales where amino acid side chains are resolved. The prime advantage of
such a microscopy strategy is the fact that cellular lysates (representing direct
in vivo conditions) could be used to discover de novo binders.20
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As an alternative, Molecular Dynamics (MD) computer simulation tech-
niques make it possible to follow the structural, kinetic, and thermodynamic
properties of (bio)chemical systems through time, using simple physical func-
tions to describe interactions at the atomic level of detail.21 In classical MD
simulations a model or force field (Section 1.2) is needed to represent the poten-
tial energy U of the system and that governs Newton’s equations of motion
via the derivative of U with respect to the atomic positions~r (Equation 1.1).
These positions can then be updated every time step δt via the accelerations~a
and velocities ~v of the atoms.

~F = m ·~a = −∇U (1.1)

MD simulations are powerful as they allow for the study of both localized
and global protein motions at such a finegrained time resolution that can
still not be obtained by experimental techniques. Considering this, computer
simulation of protein and other biomolecules is highly complementary to
experimental investigations of such systems. Available computing resources
are still increasing at a rapid pace in the new big data world and considering
that even specialized MD hardware is being developed for that purpose, our
ability and the degree at which we can computationally study systems and
processes of interest is expanding every year. Unsurprisingly, in the last
decade, studies have increasingly been published that are of a hybrid nature
between experimental and computational techniques, where the in silico results
are used for rationalization or rapid experimental prototyping, while classical
experimental techniques are used for verification.

For example, in a recent collaborative effort we investigated the binding
of anticoagulants to the activated human blood factor X (FXa) protein.22 The
FXa enzyme is vital for a well functioning blood coagulation, as its activity
results in prothrombin activation in a manner that is of physiological relevance.
Of the classes of currently available approved anti-coagulants, direct factor
X inhibitors apixaban, rivaroxaban and edoxaban act by binding with high
affinity to the catalytic cleft of activated factor Xa. These small molecule
inhibitors therefore block catalytic activity, through competition with the
native substrates consisting of multiple coagulation factors. Considering
patient care, these direct FX inhibitors have the major drawback that there
is no effective reversal strategy, endangering patients in the case of severe
bleeding events or when emergency treatment is required. Fortunately, nature
provides us with clues for a potential solution for these patients. Using
multiple sequence alignments, several paralogs for human FX (hFX) were
discovered in Elapid snakes that are characterized by insertions in the Tyr99

loop of hFX, which is in the vicinity of the catalytic site. A recombinantly
expressed FX paralog found in Pseudonaja textilis (P textilis) venom and its
isoform showed remarkable resistance to apixaban inhibition as their catalytic
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activity was retained. A crystal structure of P textilis isoform (with PDB ID
4BXW) was available, which indicated the Tyr99 insertion to form a stable
alpha helix. A MD simulation system was built by docking apixaban into the
binding cleft of the isoform. Five independent simulations were ran for 750 ns
each and revealed a large degree of flexibility of the insertion helix, which
sterically influenced apixaban binding near the S4 sub-pocket. Recombinant
chimera proteins, consisting of human FXa with the additional Tyr99 insertion
helixes as found in the P textilis venom and isoform paralogs, were expressed
and characterized. An increase in FXa binding constants for apixaban and
edoxaban were found, as compared to native FX(a) binding. This directly
indicated increased resistance for the inhibitory effect of these compounds.
Functional assays confirmed that thrombin generation is restored in blood
plasma incubated with mutants comprising a Thr99 insertion helix, when
treated with apixaban. Thus indeed the insertion helix mobility does appear
to be the underlying mechanism for resistance against FXa binding and direct
inhibition by this class of small-molecule inhibitors.

1.2 force fields for biomolecular simulation

To simulate molecular systems in silico it is vital to have an accurate functional
description of the involved physics available.23 For MD simulations we call
these models force fields and they consist of a collection of functions with
corresponding parameters. In practice we differentiate between two types
of energy (interaction) functions; i) those that model bond chemistry and ii)
those that describe interactions through space. These two groups are referred
to as the bonded and nonbonded interactions, respectively. While the energy
functions describe the physics of the system, the underlying parameter set
makes the chemistry. Each function should be flexible enough to differentiate
(atomic) interactions in a manner that is chemically relevant. Therefore, finding
optimal values for these parameters is the crux when optimizing a new force
field. Chemical connectivity modeled through bonded functions (Equations
1.2 - 1.4) is traditionally describing bond association, bond angle bending and
dihedral rotation, respectively.23 The underlying physics of this part of the
chemical model can only be described well on the electron level and therefore
when we model a system on the atomic level we have to rely on synthetic
functions to model the bonded properties as appropriately as possible. In
Equations 1.2 - 1.4, kb/a/d, rre f , θre f , n, ψ and φ are the force constant, the
zero-energy bond length, zero-energy bonding angle, multiplicity, dihedral
angle and phase shift, respectively, and ri, θi and ψi are the actual bond length,
angle and dihedral angle, respectively.

12
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Ubond =
bonds

∑
i

kb,i

(
ri − rre f ,i

)2
(1.2)

Uangle =
angles

∑
i

ka,i

(
θi − θre f ,i

)2
(1.3)

Udihedral =
dihedrals

∑
i

kd,i (1 + cos (niψi + φi)) (1.4)

Except for the case of the (goniometric) dihedral term in Equation 1.4,
the functional form of these bonded functions is usually a simple harmonic
potential that drive e.g. bond lengths and bond angles to their zero-energy
values. This strategy is cheap to compute, easily implemented in MD codes
and fairly effective in terms of keeping geometries around their lowest energy
points. The direct consequence of this approach is that chemical reactivity
(bond formation/dissociation) can not be studied with a traditional force field.
In addition, an improper dihedral term is typically added to keep conjugated
systems rigid.

While bonded interactions are vital for maintaining proper local geometries,
the behavior and properties of proteins and small-molecule ligands is mostly
determined by their through-space or nonbonded interactions. Together
these are typically described by two main classes of interaction potentials.
Coulomb interactions model the electrostatic attraction and repulsion of (par-
tially) charged molecular regions. Atomic regions in molecules carry net local
charges (q) due to asymmetry in the distribution of electrons over chemical
bonds, creating (small) positive and negative partial charges. Due to linear
scaling characteristics with distance (Equation 1.5), electrostatic interactions
have significant influence over longer ranges. Therefore, when simulating us-
ing a short real-space cutoff for speed considerations, long-range electrostatic
interactions must be considered and included explicitly into the simulations.
In addition to local partial charges, net charges can be present due to the
presence or absence of free electrons, such as the resonance stabilized negative
charges in acids that can be found in the glutamic and aspartic amino-acid
side chains.

Uele =
1

4πε0

N

∑
i

N

∑
j>i

qiqj

|~ri −~rj|
(1.5)
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The other major nonbonded interaction is dispersion, a net attractive force
caused by attraction of instantaneous multipoles, generated from fluctuations
in the electron distribution around atoms. In classical force fields we consider
only dispersion from instantaneous dipoles, modeled with a pairwise C6
term, meaning that for unique pairs of atoms considered in simulation a C6
dispersion constant should be defined. The strength of this dipole-dipole term
falls off with a sixth exponential in the interatomic distances, and is therefore
much shorter range than the previously mentioned electrostatic interactions
(Equation 1.6).

Udisp = −
N

∑
i

N

∑
j>i

C6(i, j)
|~ri −~rj|6

(1.6)

Two neutral molecules at intermediate (or long) range distance attract each
other (via dispersion interactions) until the point where electron densities
start to overlap. The resulting Pauli repulsion is a core component (term) of
a classical force field, but due to the nature of the Pauli exclusion principle
there is not a simple physical manner to properly describe this term when
simulating at the atomic level. Therefore a non-physical proxy term is used,
which typically employs a repulsion constant C12 in combination with r−12

scaling. This means that when approximating each other from a long or
medium range distance, pairs of nonbonded atoms will experience a net
attractive force until the repulsive term balances out the attractive term, as
reflected by the van der Waals potential that is typically included (or rewritten
into a Lennard-Jones potential) in classical force fields, Equation 1.7.

Uvdw =
N

∑
i

N

∑
j>i

C12(i, j)
|~ri −~rj|12 −

C6(i, j)
|~ri −~rj|6

(1.7)

The major challenge of constructing or optimizing a (new) force field is to
properly assign the values of the force field parameters (i.e. the constants in
Equations 1.2 - 1.7) for all chemical groups of interest. In a general sense three
strategies can be followed to determine these parameters:

i) In empirical calibration approaches (such as the one applied in Chapter 2

of this thesis), performance of sets of parameter values is evaluated in terms
of their ability to reproduce experimental values for a set of relevant obser-
vations for a series of training molecules.23,24 These molecules are typically
small-compound analogs of (parts of) the (macro-)molecules of interest. The
chosen experimental observations are often thermodynamic in nature as the
most common MD applications require correct description of the underlying
thermodynamics. Choices for parameterizing small molecule amino acid
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analogs include pure-liquid properties such as densities (ρ), heats of vapor-
ization (∆Hvap) and free energies of hydration (∆Ghydr), mixing (∆Gmix) or
solvation (∆Gsolv). Diffusion rates and viscosity can be used for calibration
purposes as well if correct description of transport properties is (also) required.
However, the number of model compounds for which these observations are
available may be limited. As force fields contain many parameters, the number
of observations used in the training set for calibration is often on the same
order of the number of force-field parameters. This may well make these
calibrations ill-defined and can result in sets of parameters that are not easily
transferable between different chemical moieties and/or surroundings. In
Chapter 2 we aimed at overcoming this issue in the parameterization of a force
field for small alcohols. For this purpose we followed a systematic approach
for automated optimization starting from a heuristically chosen set of starting
values.

ii) Alternatively, force field parameters can be fitted from the results of
more complex (higher level) simulation.25 The method of choice is often
Quantum Mechanical (QM) computation, where Density Functional Theory
(DFT) presents an attractive compromise between speed and accuracy for
simple small molecules. One way to use these quantum results is to compute
the electrostatic potential around the molecule (on a discrete grid), which is
the input for fitting of atomic partial charges (q’s in Equation 1.5) or other
parameters for possible use in simulation (such as atomic polarizabilities,
cf. Chapter 5 of this thesis). The underlying electron density can also be
partitioned into local atomic contributions. These atomic density assignments
can then be used to directly infer partial charge assignments, instead of
using electrostatic potentials, making the assignments more robust for the
non-exposed parts of the molecules. In addition, atomic density assignment
is on the basis of a strategy that we introduce in Chapter 3 of this thesis
and that makes it possible to also derive dispersion constants such as C6
directly from quantum calculations (which have until now been typically
considered as effective parameters to be calibrated using approaches described
under i instead). Part of the bonded parameters can be derived directly from
experimental evidence (e.g. zero-energy bond distances and angles) while for
other parameters there is no direct manner to measure these in experiment.
In those cases it is common to derive values from higher level Quantum-
Mechanics (QM) calculations. In the case of force constants, we can fit these
from QM hessian calculations.

iii) The third approach is a hybrid between the first two approaches, where
a subset of parameters is frozen at their QM determined values, while other
parameters are still calibrated against experimental observations for a training
set of small molecules.26 In this manner we only have to calibrate parameters
that are not easily fitted from QM data or where the functional form is non-
physical. This is the most utilized method for force field calibration, as for
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the most commonly used functional forms full calibration or fitting from
QM-data is unfeasible. However, the degree to which parameters are frozen
varies greatly between force fields. In Chapters 4 and 6 of this thesis we
aim to optimally combine the empirical and ab initio approaches of i and ii,
by introducing and following strategies that allow to determine as many as
possible force field constants directly from quantum calculations.

1.3 beyond the traditional functional form of force fields

When electrostatic parameters (i.e. partial atomic charges) are fitted based on
QM data, the polarization state of the molecule has to be taken into account.
The electronic charge distribution can change significantly when a molecule
is moved from a very polar medium (e.g. water) to an apolar medium (e.g.
hydrocarbons). In essence the electric fields generated by the environment
around the molecule can strongly influence the degree of asymmetry in the
distribution of electrons, thereby influencing the effective values for the partial
charges.27 This means that force fields have to be calibrated for their target
environments. An interesting example in literature is the calibration of the
GROMOS 53A5/53A6 force fields.24 GROMOS 53A5 works well in environ-
ments of lower polarity (pure liquids of small molecule amino acid sidechain
analogs), whereas the 53A6 force field reproduces physio-chemical properties
well in hydrated environments. The only difference between both parameter
sets are the higher values for the (static) 53A6 point charges (and hence, dipole
moments). For most biomolecular systems, water is the dominant matrix
around the molecules of interest and therefore partial charges are fitted with
a water environment in mind, similar to the calibration of the GROMOS 53A6

force field. This can be done by inclusion of a dielectric medium around the
molecule, by direct inclusion of a water shell, or by inclusion of a water shell
in the form of external point charges (e.g. in quantum calculations). While
charges fitted based on thus obtained electrostatic potentials represent an (im-
plicitly) polarized molecule, the fitted values may well be inappropriate when
the charge distribution is employed and surrounded by an inhomogenous
environment. This could be the case when e.g. partitioning or protein-ligand
binding is studied. Since the visionary (two-months) CECAM workshop on
protein modeling in 1976

28 and the ground-breaking work of Warshel and
Levitt published in the same year,29 several extensions to the electrostatic
model have been proposed to explicitly include polarization effects in the
model, by freezing the partial charges (close) to their in vacuo fitted values
and including a term that responds to external electric fields.30 For example,
in the Fluctuating charge (FQ) model partial charges are redistributed under
influence of the external electric field.31,32 This method is efficient, as no ad-
ditional charge sites have to be included into the calculation. The downside
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however is that polarization can only take place along the bonds, in the planes
that are formed by the internal coordinates of the partial charges. This means
that not all directions are as easily polarized, as can by easily understood in
the case of benzene, where out-of-plane polarization is not feasible. In the al-
ternative inducible dipole (ID) model, electric fields on polarizable centers are
directly translated to point-induced dipoles, allowing for equal polarization
opportunity in each spatial direction.33,34 However, the molecular dynamics
code that should be used to run such a model, now has to explicitly include
charge-dipole and dipole-dipole interactions, significantly complicating these
electrostatic calculation routines. This is in particular a challenge, as non-
bonded force routines are often heavily optimized because they form the
simulation bottleneck with respect to computational costs. Therefore force
fields with direct inducible dipoles usually adopt the Drude Oscillator (DO)
or Charge-on-Spring (COS)) approach, where the induced dipole moment is
expressed in terms of a displacement of a mass-less charged particle from the
polarizable site to which it is attached via a spring with a force constant.35,36

Uele,pol =
1

4πε0

N

∑
i

N

∑
j>i

(qi − qv
i )(qj − qv

j )

|~ri −~rj|
+

(qi − qv
i )q

v
j

|~ri − ~rv
j |

+
qi(qj − qv

j )

|~rv
i −~rj|

+
qv

i qv
j

|~rv
i − ~rv

j |
(1.8)

Induced dipoles are now described using the additional virtual DO or
COS sites with charge qv

i/j that are attached to the corresponding polarizable
center i or j (with static charge qi/j and polarizability αi/j), which elegantly
incoorperates polarizability into existing molecular dynamics codes (Equation
1.8). In addition a self-polarization energy term is added to represent the cost

( 1
2 ki(∆ri)

2, with ∆ri the displacement of the COS site and ki =
1

4πε0

(qv
i )

2

αi
the

force constant of the spring attached to the COS particle) of the molecular
distortion towards a polarized state.37

~µi = qv
i · ∆~ri = (4πε0)ᾱ~Ei (1.9)

In Equation 1.9 the relation of an induced dipole ~µi is given to a mass-less
virtual site (v) with a static charge of qv

i with a displacement ∆~ri from the
polarizable center. Given a polarizability tensor ᾱ, calculated local electric
fields can be used to compute these displacements. A local electric field (~Ei)
is partly dependent on the COS displacements of the environment, therefore
these displacements have to be evaluated in a Self-Consistent Field optimiza-
tion (SCF),37,38 until the change in local electric fields is small. Each SCF
iteration requires a full iteration over all interacting non-bonded atoms, mak-
ing the overall SCF routine computationally intensive. As an alternative, an
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extended Lagrangian has been employed to incorporate Drude-particles into
the model, that have a low mass in order to decouple their motion from atomic
motions during simulation. As a result this implementation typically leads to
an increase in computational cost as well because smaller time steps will be
required due to the relative low mass of the Drude particles.39–41

Developing and optimizing a polarizable force field requires calibration
of the additional polarizability parameters in the force field (which is non-
trivial as gas-phase quantum estimates are not directly suitable for use in
condensed-phase simulation37,42–47) and of the other non-bonded parameters
(which can not be directly taken over from non-polarizable models as they
have been optimized with implicit polarization in mind). In literature several
available polarizable force fields (e.g. the CHARMM Drude-Oscillator force
field and the AMOEBA ID model)48,49 have been parameterized starting
from QM gas-phase estimates for static charges and polarizabilities, and
by subsequently recalibrating their values together with the van der Waals
parameters as taken from a non-polarizable model. This process may well
lead to the introduction of ad-hoc special rules or parameters to correct for
specific pair-wise interactions and to enable reproducing experimental data
sufficiently during the thus adopted empirical calibration procedure.

In the current thesis, we aim to take a next step in (polarizable) force
field parameterization by significantly simplifying the required calibration
procedure. For this purpose we freeze an as large as possible part of parameter
space to quantum determined values. Polarizable force fields are a natural
choice because a separate calibration of parameters for use in a multitude
of environments is no longer required (which greatly increases parameter
transferability). However, extension of the functional form of the force field
with extra (special) parameters would only make sense if it does not put extra
strain on the possibly underdetermined character of the calibration process.
To optimize values for the polarizabilities this can be achieved by applying
a combined QM/MM strategy in which model compounds are polarized
with an explicit hydration shell (point charges) to determine the difference
in electrostatic potential between the in vacuo and hydrated state.50 In this
case, fitting dipole moments on the polarizable sites yields a set of induced
dipoles that optimally describes the differences in the resulting electrostatic
potential. As the hydration shell is included in the form of point charges, a
local electric field (~Ei) described as used in molecular dynamics simulation
is directly available, yielding effective polarizabilities for use in an atomistic
force field (Equation 1.9). Polarizabilities in molecular simulation can use
a separate x-, y- and z- value, or a completely isotropic value, assuming
equal response in each spatial direction. While there is indication in literature
that polarization should be used in an anisotropic manner in specific cases
(amides, aromatic compounds), their use relies on construction of a capable
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reference frame to rotate the computed electric field into a local coordinate
system for which the polarization directionality is defined. In addition to
employing and extending a QM/MM strategy to fix appropriate values for
polarizabilities for direct use in condensed-phase simulations, the current
thesis also presents and showcases the use of extending the description of
dispersion in our (polarizable) force fields, to also allow for a direct quantum-
mechanical determination of van der Waals dispersion constants. Until now,
these constants were typically considered to be effective parameters that had
to be calibrated in an empirical manner, but in the current work (cf. Chapters
3, 4 and 6) we demonstrate the potential of using an ab initio strategy to fix
their values at their quantum estimates as well.

1.4 thesis objectives and chapter outline

As described above, the use of molecular dynamics has become a powerful
instrument to predict the behavior and dynamics of chemical and biomolec-
ular systems and processes of interest, and force fields represent a set of
proxy functions and corresponding parameters that describe the core physical
phenomena of the involved chemistry. Therefore they form the fundamental
basis for molecular interaction during simulation. It is not hard to foresee that
the value of observations from simulation is closely linked to our ability to
describe these fundamental physical principles. As a result, extended and
improved force fields are of benefit for the complete domain of molecular
dynamics research. The objective of this thesis is to investigate how next-
generation polarizable force fields can be calibrated and subsequently refined
in physically relevant parameter space. We do this by estimating many of
the force field parameters directly from quantum mechanical calculations for
a polarizable model that includes higher-order dispersion. In addition we
introduce a local optimization estimator for a minimal subset of parameters
in order to refine our polarizable force field.

In Chapter 2 a method is presented to calibrate a polarizable force field
starting from a traditional non-polarizable united atom model. The GROMOS
53A5/A6 forcefield is modified to incorporate explicit polarizability using the
charge-on-spring (COS) method, where the position of the mass-less charged
COS particle is optimized under the influence of a local electric field in a
Self-Consistent-Field (SCF) procedure. We confirm that after inclusion of
these charge-on-spring particles with corresponding polarizabilities and after
reassignment of the static partial charges, other non-bonded parameters such
as van der Waals coefficients have to be recalibrated in order to correctly
reproduce thermodynamic properties of small molecule model (alcohol) com-
pounds. As we find that the additional complexity of explicit polarization
makes calibrating polarizable force field for polar alcohol groups difficult,
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we introduce a more systematic searching method to determine the optimal
points in parameter space for the compounds considered.

In Chapter 3 we move away from empirically calibrating the complete subset
of van der Waals coefficients to make new polarizable force field parameter
sets more consistent and transferable. For that purpose we use exchange-
hole-dipole moment (XDM) calculations to determine the C6 and higher order
(e.g. C8) atomic pair dispersion coefficients. Heterogeneous coefficients can
be calculated using combination rules, allowing for the determination of the
complete pair dispersion matrix for the van der Waals atom types of interest.
This leaves the repulsive part of the van der Waals term, which is a simple
artificial function to describe the complex exchange repulsion phenomena.
Due to its non-physical characteristics, coefficients for this function have to be
determined in a calibration approach. In Chapter 3 we show that inclusion of
both C6 and C8 determined coefficients leads to well balanced (all-atom) force
fields for alkanes, starting with QM determined C6 and C8 pair dispersion
coefficients.

Chapter 4 describes the calibration of a new water model using combined
QM/MM calculations. In this work we improve on our previously introduced
method for QM/MM polarizability fitting,50 by introducing a consensus
approach that finds the optimal value for the isotropic polarizability given
a series of external electric field inputs. In this manner we can optimize
polarizabilities for use in condensed phase molecular-dynamics simulation.
By utilizing XDM fitting dispersion coefficient for C6 and the higher order C8
term we are left with only a single free parameter for water in an empirical
calibration procedure. We found that the pure-liquid thermodynamic and
transport properties of the new model are well described (as compared to
experimental data), which indicates that our QM and QM/MM approach to
fitting new polarizable force fields for the use in molecular simulation could
be successful for other polar groups as well.

Chapter 5 extends the QM/MM based polarizability calculations to a large
set of polar amino-acid side-chain analogs, in an effort to extend our polar-
izable force field towards a full amino-acid model. To this end QM/MM
calculations are performed for a database of 61 small-molecule compounds,
where 500 independent electric field configurations are generated for each
molecule. We found, as expected based on available literature, that the val-
ues used for condensed-phase simulation are lower (86% on average) than
their gas-phase estimates. Previously, Schropp and Tavan51 concluded that
this effect can be explained by the fact that the actual volumenous electric
fields that are present in a QM calculation are in fact up to 10% smaller
than the point electric fields at the polarizable centers of interest as used in
a Molecular Mechanics simulation. We find indeed in our calculations that
when homogeneous electric fields are used to polarize the molecules, we can
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describe about 95% of the gas-phase polarizabilities using simple isotropic
point polarizabilities.

In Chapter 6 results and methods from the previous chapters are used to
parameterize 49 biochemically relevant apolar and polar molecules using only
6 free parameters for the van der Waals repulsion term. The polarizability
calculations of Chapter 5 are combined with a new set XDM calculations to
determine all C6 and C8 constants for our higher order dispersion model.
Overall we find that with these simple calibrations (i.e. using only a limited
set of free non-bonded parameters and freezing all other parameters to their
QM determined values), a well behaved force field can be developed. Overall
we find a root-mean-square deviation from experiment of 23.5 kg m−3 and
1.63 kJ mol−1 for pure-liquid densities and heats of vaporization, respectively,
meaning that our force field can describe liquids of pure components with
high accuracy.

Finally, the major findings of this thesis are summarized in Chapter 7,
together with their perspectives and an outlook towards (near-)future efforts
and developments.
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abstract

In this work, parameters are optimized for a charge-on-spring (COS) based
polarizable force field for linear alcohols. We show that parameter transfer-
ability can be obtained by using a systematic approach in which the effects of
parameter changes on physico-chemical properties calculated from simulation
are predicted. Our previously described QM/MM approach is used to at-
tribute condensed-phase polarizabilities, and starting from the non-polarizable
GROMOS 53A5/53A6 parameter set, van der Waals and Coulomb interaction
parameters are optimized to reproduce pure-liquid (thermodynamic, dielectric
and transport) properties, as well as hydration free energies. For a large set of
models, which were obtained by combining small perturbations of 10 distinct
parameters, values for pure-liquid properties of the series methanol to butanol
were close to experiment. From this large set of models we selected 34 models
without special repulsive van der Waals parameters to distinguish between
hydrogen-bonding and non-hydrogen-bonding atom pairs, to make the force
field simple and transparent. Additional simulations were performed using
the highest-ranked model (in terms of its capability to reproduce experimental
values for densities and heats of vaporization), demonstrating that other rele-
vant properties were also well described. Results from simulations of butane
suggested the transferability of the obtained aliphatic parameters to alkanes,
further illustrating the applicability of the applied parameterization protocol.
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2.1 introduction

Driven by the constant increase in available computational power, molecu-
lar dynamics (MD) simulations of biochemical and -physical processes are
reaching unprecedented accuracy and timescales.52,53 Several classical force
fields54–57 can be used in MD to describe biomolecular interactions with suffi-
cient accuracy for many applications, but their applicability will be determined
by the environments for which the force field parameters are optimized.24

This presents challenges in describing interatomic interactions in inhomoge-
neous environments and in developing parameter sets for molecular building
blocks that can substantially change their multipole moments upon changes in
external electric fields.58–61 Including electronic polarization effects explicitly
in force fields increases computational complexity and costs, and has therefore
historically been done by means of static “pre-polarization”, i.e., by increasing
gas-phase estimates for point-charge distributions in order to include the
average effect of polarization by the environment they are optimized for.62 By
accessing the newly available computational resources to increase the level of
detail at which simulations are performed, it has become possible to explicitly
account for electronic polarizability in MD simulations of large and complex
systems.49,61,63

One of the commonly used approaches to explicitly include electronic
polarization effects is via introduction of inducible atomic dipole moments
and relies on the charge-on-spring (COS) or Drude oscillator (DO) method.
The inducible dipoles are introduced by means of a virtual charge attached
to a polarizable center carrying an added charge of the same magnitude but
inverted sign, restrained by a spring of which the spring constant is inversely
related to the (atomic) polarizability of the center.35,36 The virtual charge can
be massless and its position self-consistently optimized under the influence of
the external electric field at the atomic center (as e.g. in the GROMOS based
COS implementation).37,64,65 Alternatively, a fictitious mass can be assigned
to the virtual site such that it can be introduced as a degree of freedom when
solving the equations of motion using an extended Lagrangian (as in the
CHARMM-DO implementation).44,46,66,67

One of the challenges in calibrating polarizable force fields is assigning
appropriate values to the atomic polarizabilities.46,50,51 In the current work we
make profit from a recently proposed QM/MM approach to estimate atomic
polarizabilities that are suited for use in condensed-phase environment.50,68

In this approach, solvent configurations around a solute are sampled through
MD simulation. These configurations are then used to calculate the electro-
static potential (ESP) of a quantum-chemically described solute in a field
defined by the solvent partial charges. Induced dipole moments are then
fitted to the difference in ESP between the gas-phase and the condensed-phase.
Combined with the electric fields at the atoms and assuming linear response,
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polarizabilities can be calculated. It was shown that the values for the atomic
polarizabilities obtained are similar to those previously reported based on
empirical optimization, and they could be directly used to guide calibration
of a methanol solvent model (CPC).50

When introducing inducible dipole moments into an existing non-polarizable
force field and after attributing values to the atomic polarizabilities, recalibra-
tion of other non-bonded parameters will be needed to account for the added
electrostatic interactions that were previously implicitly included through
pre-polarization. In the current work we aim to calibrate a polarizable force-
field parameter set for linear alcohols under the restraint that it is compatible
with a well-calibrated non-polarizable force field (i.e., GROMOS 53A5 and
53A6,24 which only differ in terms of the partial charges of polar functional
groups). Such a polarizable force field can be used for direct comparisons of
its performance with the reference non-polarizable force field, and in hybrid
approaches in which only a region of interest is described with explicit po-
larization (while the other part of the system is treated as non-polarizable).
Our compatibility restraint requires small differences in the values of the van
der Waals parameters and static point charges between both force fields. The
new parameters should also be compatible with polarizable models for other
relevant building blocks. In the case of a polarizable model for alcohols for
use in biomolecular simulation, parameters for the aliphatic groups should
be transferable e.g. to a polarizable description of alkanes. Therefore, the
recently proposed parameter set for polarizable hydrocarbons of Szklarczyk
et al.65 will be considered during our parameterization effort as well. In that
force field, van der Waals parameters for the aliphatic groups were taken from
GROMOS 53A5/53A6 and atomic polarizabilities were taken from Miller.69 To
make the alkane model compatible with COS/G2 water,64 Szklarczyk assigned
special repulsive C12 van der Waals parameters to the united-atom aliphatic
groups for their interaction with oxygen, which were optimized to reproduce
experimental values for hydration free energies in simulation.

In order to fulfill the restraints on parameter compatibility and transferabil-
ity, well-chosen parameter sets are needed as a starting point for the calibration
effort, together with a consistent approach for deriving new parameters and
adjusting existing parameters. In the current work we show the need for
and use of systematically exploring combinations of force field parameters in
order to find a single and minimal set of parameters that reproduces relevant
physico-chemical properties of the alcohol series methanol-butanol in simu-
lation. These include pure-liquid (thermodynamic, dielectric and transport)
properties, as well as hydration free energies. This is not only difficult to
accomplish when using non-polarizable force fields,24 but in previous efforts
to calibrate polarizable alcohol force fields, special parameters were needed
as well to describe interactions with polarizable water molecules.37,46 By sys-
tematically exploring parameter space, we could find a single parameter set
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that does not include any special parameters, and which has aliphatic van
der Waals parameters and atomic polarizabilities, and oxygen van der Waals
parameters and static point charges that are close to (i.e., within 6 %) of the
Szklarczyk et al. and GROMOS 53A5 parameters, respectively. As a first
validation of the transferability of the newly obtained parameters, the new (al-
cohol) parameter set was found to appropriately describe butane as well. This
suggests that the systematic exploration of parameter space may be extended
towards other biomolecular building blocks, thereby limiting the introduction
of special interaction parameters while maintaining transferability, simplicity
and accuracy of the force field.
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2.2 methods

2.2.1 Polarizable model

Aliphatic CHx groups were modeled as united-atom groups. Inducible dipole
moments were introduced using the COS model,36,37 and charges-on-spring
were added to all heavy atoms. Note that 1,2 and 1,3 inducible dipole interac-
tions are omitted. A charge of -8.0 e on the virtual site was counterbalanced
on the polarizable centers by a charge of 8.0 e. To evaluate the positions of
the virtual sites (and hence, the size and direction of the inducible dipole
moments), isotropic linear response to the electric field is assumed and the
positions of the virtual sites were iteratively optimized at every simulation step
to obtain self-consistent electric fields at the polarizable atomic centers, using
the convergence criterion defined in reference 37. Thole damping was not ap-
plied and 1,4 electrostatic interactions were omitted during the self-consistent
field optimization.

2.2.2 Bonded parameters, polarizabilities, and initial choice of static point charges

Bonded parameters and special 1,4 van der Waals parameters were taken
from the GROMOS 53A5/53A6 force field24 and kept constant. Atomic
polarizabilities (αi) for the oxygen atom (OA) and the carbon atom adjacent
to OA (C(O)) were identical to those optimized for the CPC model using the
previously described QM/MM approach,50,68 and constrained to these values
throughout the current work. To increase compatibility with the GROMOS
53A5/53A6 force field and transferability with the alkane model of Szklarczyk
et al.,65 αi values for the remaining carbon (united-)atom groups were set
to their values according to the additive model of Miller,69 and their partial
charges were set to zero in all models. Initial values of the charges for the
hydroxyl hydrogen, OA and C(O) of all alcohols were set to the fitted gas-
phase values obtained for CPC methanol.50

2.2.3 Parameterization of van der Waals parameters and the static dipole moment of
the alcohols

In a first parameterization step, attractive C6 and repulsive C12 van der Waals
parameters were taken from GROMOS 53A5/53A6,24 and partial charges
were scaled (thereby maintaining the orientation of the static dipole moment
of the C(O)-OA-H group) in order to improve the description of the heat of
vaporization (∆Hvap ) and free energy of hydration (∆Ghydr ) of the primary
alcohols.

28



2

Chapter 2

Using the new partial charges, special C12(2) parameters for the united-
atom methyl and methylene groups (as introduced by Szklarczyk et al.65) were
assigned to the carbon centers to describe their interaction with (water and
alcohol) oxygen atoms. C12(2) values were slightly higher than values for
C12(1) parameters used to describe interactions with apolar atom groups65.
Subsequently, C6 , C12(1) and C12(2) van der Waals parameters for OA were
systematically varied along a three-dimensional grid with 7 samples in each
dimension (with intervals of 2 % for C6 and 4 % for C12 ). For every grid point,
pure-liquid values for ∆Hvap and the density ρ were evaluated and compared
with experiment.

In a final full parameterization step, all (nine) van der Waals parameters
(C6 , C12(1) and C12(2) for atom types OA, CH

2
and CH

3
, and one Coulombic

parameter (the magnitude of the permanent dipole moment) were systemat-
ically varied as described in the Results section, to search combinations of
parameters that reproduce experimental values for ∆Hvap and ρ in simulation.

2.2.4 Molecular Dynamics simulations of pure liquids and aqueous solutions

Molecular Dynamics (MD) simulations were performed to evaluate pure-
liquid and solute properties for all force-field parameter sets considered,
using an adapted version of the GROMOS11 biomolecular simulation soft-
ware package.70 Pure-liquid simulations were started from a steepest-descent
energy-minimized box comprising 1000 randomly distributed molecules under
(cubic) periodic boundary conditions. Subsequently, random velocities were
assigned from a Maxwell-Boltzmann distribution at 300 K, and 1 ns equilibra-
tion runs were started, followed by 0.5 ns of production. Presented values for
pure-liquid properties of the final model were obtained from two independent
15 ns production MD runs. Newton’s equations of motion were integrated
with a time step of 2 fs using the leap-frog algorithm.71 During the simula-
tion the system was weakly coupled to a temperature bath at 300 K, with a
coupling time of 0.1 ps.72 The pressure was maintained at 1 atm using weak
pressure coupling, with a coupling time of 0.5 ps and isothermal compress-
ibility of 4.575 · 10−4 (kJ mol−1 nm−3)−1.72 Bond lengths were constrained
using SHAKE,73 with a relative geometric tolerance of 10−4. Center-of-mass
motion was removed every 1000 time steps. A triple-range charge-group
based cutoff was used to treat non-bonded interactions. Within 0.8 nm, interac-
tions were calculated every time step. In the range of 0.8-1.4 nm, interactions
were calculated every fifth time step and kept constant in between. Beyond
1.4 nm, interactions were approximated using a reaction field74 with a di-
electric permittivity equal to the experimental value for the solvent.75,76 For
further analysis of the pure-liquid properties (using GROMOS++ analysis

29



2

A systematic approach to calibrate a transferable polarizable force field parameter set for primary alcohols

tools77), coordinates were stored every 500 time steps, and energies every 100

time steps.

2.2.5 Gas-phase simulations

Stochastic Dynamics (SD) simulations at a reference temperature of 300 K were
started for a single molecule, with a starting conformation taken from the first
molecule of the box used in the corresponding pure liquid simulation. SD was
performed for 0.1 ns equilibration, followed by 2 ns of production, with the
friction coefficient set to 24 ps−1. Energies were stored every 100 time steps of
2 fs.

2.2.6 Heat of vaporization

Heats of vaporization (∆Hvap ) were calculated from the average potential
energies obtained from pure-liquid (Upot

liq ) and gas-phase simulations (Upot
gas).

The value for ∆Hvap was then calculated as

∆Hvap(T) = Upot
gas(T)−

1
Nmol

Upot
liq (T) + RT, (2.1)

with R the gas constant, T the average simulation temperature, and Nmol the
number of molecules in the pure-liquid simulation.

2.2.7 Calculation of the free energy of hydration

Hydration free energies (∆Ghydr ) were calculated using thermodynamic inte-
gration (TI).78 One alcohol molecule was solvated in a pre-equilibrated box
of 1000 COS/G2 water molecules.64 In 21 subsequent simulations in which
the TI coupling parameter λ was changed in equally-spaced steps from λ = 0
to λ = 1, the electrostatic interactions between solute and solvent were pro-
gressively turned off. From there, in 21 additional simulations from λ = 0
to λ = 1, van der Waals interactions between solute and solvent were pro-
gressively turned off, during which there were no electrostatic interactions
between solute and solvent. For this purpose, the solute Hamiltonian was
made λ dependent as described in reference 59. For model optimization,
0.6 ns equilibration was followed by 0.4 ns production simulation at every λ
point. ∆Ghydr values were calculated based on an equilibration of 3 ns and
a production of 2 ns at every λ point. In addition, gas-phase TI calculations
were performed with identical settings and by running SD simulations of
a single solute in vacuum as described above. The reported ∆Ghydr values
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were calculated as the difference between the integral over 〈∂H(λ)/∂λ〉 in the
gas-phase and the integral over 〈∂H(λ)/∂λ〉 in the liquid phase:

∆Ghydr =
∫ 1

0
dλ

〈
∂H(λ)

∂λ

〉
gas,ele

+
∫ 1

0
dλ

〈
∂H(λ)

∂λ

〉
gas,vdW

−
∫ 1

0
dλ

〈
∂H(λ)

∂λ

〉
liq,ele

−
∫ 1

0
dλ

〈
∂H(λ)

∂λ

〉
liq,vdW

(2.2)

The subscripts gas,ele and liq,ele refer to simulations in gas or condensed phase
where electrostatic interactions were progressively switched off, and gas,vdW
and liq,vdW refer to simulations in gas or condensed phase where van der
Waals interactions were progressively switched off.

2.2.8 Self-diffusion constant

The self-diffusion constant (D) was calculated from pure-liquid simulations
using the Einstein relation, where the increase in mean-square displacements
is assumed to be linear in time.77

D = lim
t→∞

〈
∆r2(t)

〉
2Ndt

(2.3)

In equation 2.3 Nd is the number of dimensions. Final value estimates were
calculated using a linear least-squares fitting of the mean square displacement
∆r2(t) of the oxygen atom versus time.77 The reported self-diffusion constants
D were fitted with a linear regression constant exceeding 0.999. In addition,
a correction was added for the sensitivity of D on the simulation box size,
according to Yeh and Hummer.79 For this purpose, pure-liquid shear viscosi-
ties were calculated from 500 ps NVT simulations using the GROMOS++ tool
visco.77

2.2.9 Static dielectric permittivity

Dielectric permittivities of the solvent were computed using the Neumann
method,80 based on 15 ns pure-liquid production simulations.

(ε(0)− 1)
(

2εRF + 1
2εRF + ε(0)

)
=

〈
M2〉− 〈M〉2
3ε0VkBT

(2.4)

ε(0) is the static dielectric permittivity of the system and εRF is the reaction
field estimate of the static dielectric permittivity.

〈
M2〉 describes the average

squared total box dipole moment, 〈M〉2 denotes the squared average box
dipole moment and V denotes the volume of the system. An iterative approach
is used to converge the system’s static dielectric permittivity and the reaction
field estimate towards the same value.
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2.3 results and discussion

Effect of explicit polarization on thermodynamic properties of primary alcohols

An initial polarizable primary alcohol model using the GROMOS 53A5/53A6

van der Waals parameters,24 gas-phase estimates for the point charges, and
the QM/MM derived atomic polarizabilities, yielded an average error of −4.7
and +9.6 kJ mol−1 for ∆Ghydr and ∆Hvap of the alcohols, respectively (Table
2.1, starting model A). Values for ρ were overestimated by approximately
16 % and 1-3 % for methanol and the longer primary alcohols, respectively
(Table 2.1). Not only absolute values for ∆Ghydr and ∆Hvap of methanol
were overestimated when compared to experiment, but to a significant extent
also the density. Starting from a well-calibrated non-polarizable parameter
set, these data show evidence of an inhomogeneous response to parameter
perturbation within the primary alcohol series, in line with previously reported
difficulties in correctly describing properties of the alcohol series with a single
force field parameter set.24,46,76 Because traditional force-field parameter sets
are typically optimized against thermodynamic properties of pure liquids, a
starting point for futher model calibration was searched for that was within
tolerable reach of experimental values. Reducing gas-phase fitted charges by
6 % resulted in models for ethanol, propanol and butanol with ρ and ∆Hvap
that were within 1 % of experiment (Table 2.1, starting model B). However,
values for the pure-liquid properties of methanol were still off from experiment
by more than 6 %. ∆Ghydr values were reproduced within 1 kJ mol−1 for
methanol, ethanol, propanol and butanol. The inhomogeneous response of
pure-liquid methanol properties to the current parameter set, when compared
to the longer primary alcohols, justifies a recalibration of the complete set of
non-bonded parameters (Section 2.2.2&2.2.3).

The effects of perturbing atomic polarizabilities were evaluated as well.
Figure 2.1 shows the effects of perturbing the atomic polarizabilities of OA
and C(O). Perturbation of the C(O) polarizability has almost no effect on
pure liquid properties (Figure 2.1, panel B), which can be explained by the
significantly lower effective electric field strengths at methanol’s CH

3
groups

(compared to OA).50 From Figure 2.1, ∆Hvap and ρ of methanol show a
similar response to αOA perturbation when compared to the other primary
alcohols. Thus, recalibration by perturbing atomic polarizabilities only will
not yield a single force field parameter set that can appropriately describe
the alcohol series. In the remainder we constrained polarizabilities to our
QM/MM determined values (section 2.2), and focused on recalibrating other
non-bonded parameters instead.
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Table 2.1: Calculated values (calc) for the thermodynamic properties of starting mod-
els used in the parameterization efforts. Values for the density (ρ , in
kg m−3), heat of vaporization (∆Hvap , in kJ mol−1) and free energy of hy-
dration (∆Ghydr , in kJ mol−1) are reported for three starting models together
with percentual deviations from experiment (exp), where the deviation is
defined as abs(1-(calc/exp)). Starting model A: GROMOS 53A5 van der
Waals parameters24 combined with gas-phase fitted charges and heavy-atom
QM/MM polarizabilities50; Starting model B: charges of model A reduced
by 6 %; Starting model C: constraining the united-atom carbon van der Waals
parameters to values reported by Szklarczyk et al.65 In the first column,
calculated values for the initial starting point (the non-polarizable GROMOS
53A5 force field) are listed.

ρ 53A5 start A start B start C exp

Methanol 811 (3.4) 910 (16.1) 832.4 (6.2) 826 (5.4) 784

Ethanol 778 (0.9) 811 (3.3) 788.7 (0.5) 782 (0.4) 785

Propanol 787 (1.6) 813 (1.6) 798.5 (0.2) 792 (1.0) 800

Butanol 796 (1.2) 815 (1.1) 803.5 (0.3) 798 (1.0) 806

∆Hvap 53A5 start A start B start C exp

Methanol 41.7 (11.5) 49.9 (33.4) 39.9 (6.8) 39.6 (5.9) 37.4

Ethanol 45.4 (7.3) 50.9 (20.3) 42.4 (0.2) 41.4 (2.1) 42.3

Propanol 49.8 (4.8) 56.2 (18.3) 47.2 (0.6) 45.6 (4.0) 47.5

Butanol 54.7 (4.6) 60.9 (16.4) 51.8 (0.9) 50.4 (3.6) 52.3

∆Ghydr 53A5 start A start B start C exp

Methanol -20.1 (6.1) -27.1 (26.8) -22.2 (3.7) -21.6 (0.9) -21.4

Ethanol -15.5 (25.8) -25.7 (23.0) -19.9 (4.8) -19.8 (5.3) -20.9

Propanol -15.6 (24.3) -24.5 (19.0) -20.7 (0.3) -19.6 (4.9) -20.6

Butanol -14.4 (27.3) -24.1 (21.8) -20.0 (1.0) -18.5 (6.6) -19.8
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van der Waals parameters demonstrates the need for a re-parameterization of
other non-bonded parameters as well.

A systematic approach to model recalibration

The number of parameters to be optimized increases rapidly with the number
of atom types to be parameterized. By constraining the polarizabilities of O
and C(O) to their QM/MM-derived values, the polarizabilities of other CH

2

and CH
3

groups to the Miller values used by Szklarczyk et al.,65,69 and the
orientation of the permanent dipole moment to the gas-phase orientation, nine
Lennard-Jones parameters (C6 , C12(1) and C12(2) for atom types OA, CH

2

and CH
3
) and one Coulombic parameter (the magnitude of the permanent

dipole moment) are left to be optimized. This large number of parameters
presents general fitting problems, such as overfitting when training based on
few pure-liquid thermodynamic properties only. Although our optimization
problem is boundary-constrained by chemical knowledge, many local minima
in the optimization process may well describe some of the primary alcohols,
but will fail to give an accurate description of the physical properties over the
series considered (methanol to butanol). These local minima hinder the search
for a global optimum in force field parameter space, and may correspond
to a less accurate and less transferable parameter set for the description
of all four alcohols. Systematic sampling with a grid in 10 dimensions to
find a global minimum in the optimization requires far more computational
power than currently available within reasonable time limits. However, when
assuming that the effects of parameter perturbations are additive and linear, a
systematic approach can be formulated to explore extended parameter space.
In line with our explorations that show the effect of perturbing polarizabilities
(Figure 2.1), we applied here a systematic perturbation to each of the variable
parameters individually. From this, it was concluded that deviations in pure-
liquid properties scale by approximation linearly with the perturbation of the
individual parameters (as illustrated in Figure 2.1 for αOA), except for the
C12(1) parameter of oxygen. In the latter case, however, the response can still
be considered linear for smaller perturbations (i.e., up to 10 %, which is within
the range of perturbations most relevant to our recalibration effort, Figure A1

of the appendices). Using linear regression, weight values for every parameter
perturbation and for each pure-liquid property were derived as the slopes
of the linear fits. These weights (wi) are then used to define functions that
predict the change in ρ and ∆Hvap for a given set of parameter perturbations
(Equation 2.5).
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Table 2.2: Models obtained by systematic exploration of force field parameter space. Parameters that were a degree of freedom are C6 ,
C

1/2
12 and C

1/2
6 for atom types OA, CH

2
and CH

3
, as well as the magnitude of the (permanent) dipole moment. Simulation

results are presented in this table for models with predicted density (ρ , in kg m−3) and heat of vaporization (∆Hvap , in
kJ mol−1) within 1.5 % of experimental values. For every model and every property the calculated value (calc) is displayed,
together with its percentual deviation (given in parentheses) from the analytically predicted value (pred), where the deviation
is defined as abs(1-(calc/pred)). The models are arranged in order of increasing score as defined in equation 2.6, and average
values (and their standard deviations) are presented as well (avg), together with experimental data (exp).

methanol ethanol propanol butanol

ρ ∆Hvap ρ ∆Hvap ρ ∆Hvap ρ ∆Hvap

1 786 (0.3) 38.0 (0.3) 780 (0.1) 41.8 (0.3) 801 (0.2) 47.1 (0.1) 812 (0.3) 52.4 (0.2)

2 788 (0.7) 37.9 (0.4) 781 (0.2) 41.9 (0.4) 801 (0.1) 47.3 (0.3) 812 (0.2) 52.9 (0.1)

3 788 (0.7) 37.8 (0.3) 783 (0.2) 41.8 (0.3) 804 (0.1) 47.2 (0.4) 816 (0.2) 52.9 (0.0)

4 786 (0.3) 38.0 (0.3) 780 (0.2) 41.9 (0.3) 800 (0.1) 47.4 (0.4) 812 (0.2) 53.1 (0.2)

5 786 (0.4) 37.8 (0.1) 782 (0.1) 41.8 (0.1) 803 (0.1) 47.3 (0.5) 815 (0.2) 53.1 (0.1)

6 782 (0.4) 37.6 (0.3) 782 (0.2) 41.8 (0.3) 804 (0.2) 47.3 (0.4) 817 (0.2) 53.1 (0.3)

7 781 (0.4) 38.0 (0.4) 777 (0.2) 41.9 (0.3) 798 (0.2) 47.2 (0.2) 810 (0.3) 52.5 (0.1)

8 782 (0.2) 37.9 (0.5) 779 (0.1) 41.9 (0.3) 801 (0.1) 47.5 (0.1) 813 (0.2) 53.2 (0.3)

9 781 (0.3) 38.1 (0.4) 776 (0.1) 41.9 (0.2) 798 (0.2) 47.3 (0.3) 809 (0.3) 52.9 (0.4)

10 788 (0.2) 38.0 (0.4) 782 (0.1) 41.9 (0.4) 803 (0.1) 47.3 (0.2) 816 (0.3) 52.9 (0.1)

11 782 (0.2) 37.8 (0.5) 781 (0.1) 41.9 (0.2) 804 (0.2) 47.4 (0.3) 817 (0.3) 53.4 (0.6)

12 787 (0.2) 38.0 (0.3) 779 (0.2) 41.9 (0.3) 800 (0.2) 47.3 (0.5) 812 (0.2) 53.0 (0.2)

13 787 (0.1) 37.8 (0.2) 785 (0.1) 41.8 (0.2) 806 (0.1) 47.3 (0.3) 819 (0.3) 53.2 (0.5)

14 781 (0.6) 37.8 (0.4) 780 (0.3) 41.9 (0.3) 801 (0.1) 47.2 (0.8) 814 (0.2) 53.1 (0.1)

15 788 (0.2) 38.0 (0.4) 785 (0.1) 42.0 (0.2) 808 (0.2) 47.6 (0.0) 818 (0.2) 53.0 (0.1)

16 782 (0.4) 37.6 (0.3) 785 (0.1) 42.0 (0.2) 808 (0.2) 47.5 (0.2) 820 (0.3) 53.1 (0.1)
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17 787 (0.1) 38.1 (0.4) 783 (0.2) 41.9 (0.3) 804 (0.2) 47.5 (0.1) 814 (0.1) 53.4 (0.6)

18 793 (0.4) 38.1 (0.2) 783 (0.1) 41.8 (0.3) 802 (0.0) 47.3 (0.2) 813 (0.1) 52.9 (0.1)

19 776 (0.0) 38.1 (0.3) 777 (0.2) 42.0 (0.5) 799 (0.1) 47.3 (0.1) 812 (0.3) 52.4 (0.4)

20 782 (0.0) 38.0 (0.2) 778 (0.1) 41.8 (0.3) 801 (0.1) 47.2 (0.4) 813 (0.1) 52.9 (0.3)

21 776 (0.3) 37.6 (0.4) 779 (0.2) 42.0 (0.4) 802 (0.2) 47.5 (0.1) 815 (0.2) 53.2 (0.3)

22 782 (0.1) 38.0 (0.4) 776 (0.1) 41.8 (0.3) 797 (0.1) 47.4 (0.2) 809 (0.1) 52.9 (0.3)

23 782 (0.2) 37.9 (0.2) 784 (0.3) 41.9 (0.4) 805 (0.2) 47.4 (0.1) 817 (0.2) 53.0 (0.0)

24 784 (0.1) 38.1 (0.4) 782 (0.2) 41.9 (0.6) 805 (0.1) 47.2 (0.5) 817 (0.2) 53.1 (0.2)

25 791 (0.2) 37.9 (0.1) 786 (0.2) 41.8 (0.3) 806 (0.1) 47.2 (0.5) 817 (0.2) 52.8 (0.1)

26 781 (0.6) 37.9 (0.4) 777 (0.2) 41.9 (0.3) 799 (0.2) 47.4 (0.3) 810 (0.2) 53.3 (0.5)

27 793 (0.4) 38.1 (0.2) 787 (0.2) 42.0 (0.2) 807 (0.2) 47.5 (0.1) 817 (0.1) 53.1 (0.2)

28 776 (0.2) 37.8 (0.3) 781 (0.1) 41.9 (0.3) 806 (0.2) 47.5 (0.1) 819 (0.2) 53.3 (0.4)

29 781 (0.5) 37.9 (0.4) 776 (0.1) 41.8 (0.2) 798 (0.2) 47.3 (0.4) 810 (0.2) 53.1 (0.1)

30 792 (0.1) 38.0 (0.1) 785 (0.1) 41.9 (0.1) 806 (0.2) 47.3 (0.4) 817 (0.2) 53.3 (0.6)

31 788 (0.1) 38.0 (0.1) 786 (0.2) 41.9 (0.3) 808 (0.2) 47.4 (0.1) 819 (0.2) 53.0 (0.0)

32 793 (0.1) 38.1 (0.4) 786 (0.3) 41.9 (0.5) 805 (0.1) 47.3 (0.3) 816 (0.2) 53.1 (0.3)

33 798 (0.3) 38.1 (0.6) 789 (0.2) 42.0 (0.5) 808 (0.1) 47.4 (0.2) 819 (0.3) 53.2 (0.6)

34 799 (0.4) 37.9 (0.4) 788 (0.1) 41.8 (0.2) 807 (0.2) 47.2 (0.3) 818 (0.2) 52.9 (0.2)

avg 786 ±5.7 38.0 ±0.14 782 ±3.6 41.9 ±0.06 803 ±3.3 47.3 ±0.12 815 ±3.3 53.0 ±0.23

exp 784 37.4 785 42.3 800 47.5 806 52.3
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The change in the observable ∆obs is defined as the sum over the product
wi with the change in a parameter (xi) over all parameters (Nparam).

∆obs =
Nparam

∑
i

wixi (2.5)

When combining the set of prediction functions with an appropriate starting
model (i.e., the set of non-bonded parameters that are in a well-behaving part
of parameter space; here we started from starting model B in Table 2.1), it
is possible to predict how close a given set of perturbations will bring the
model to the experimentally observed values for ρ and ∆Hvap . This allows
us to evaluate the predicted absolute deviation from the experimental values
for the observables. Using this systematic model evaluation, a complete
perturbation grid over all 10 dimensions can be systematically explored. In
the current effort, only models (grid points) that were predicted to be within
1.5 % from the experimental value for both ρ and ∆Hvap for all alcohols
were considered. Initial model training, with a maximum perturbation of

5 % for charges and C
1/2
6 and a maximum perturbation of 10 % for C

1/2
12 ,

yielded 17489 models that are predicted to be within the 1.5 % cutoff for
all observables. Having a significant amount of plausible models suggests
overfitting and a parameter hyperspace that contains many local minima. In
an attempt to reduce the amount of degrees of freedom in our calibration,
the off-diagonal C12(2) parameters for special interactions with hydrogen-
bonding atoms were constrained to their respective C12(1) values, thereby
reducing the number of parameters to seven in total. Since we observed only a
minor effect from perturbing the oxygen C12(1) when compared to the oxygen
C12(2) , we defined a new starting model in which C12(1) of OA was set equal
to its C12(2) value. The new set of prediction functions, with significantly
less degrees of freedom, predicted a set of only 34 models with values for
observables ρ and ∆Hvap within 1.5 % from experiment (Table 2.2).

For all 34 models, pure liquid simulations were performed. Values for ρ and
∆Hvap were calculated from these simulations and compared to the analytic
prediction obtained as described above. For all 34 models and 4 alcohols,
calculated values for both ρ and ∆Hvap were close to the predicted values,
with an average deviation from the predicted value of 0.3 % and a maximum
deviation of 0.8 % (Table 2.2). The parameter sets were scored according to an
error estimation criterion (Equation 2.6) formulated as the sum of the absolute
percentage of deviation, where xi,obs denotes the value for property i from
simulation, and ci,exp defines the (constant) experimental value of i. Here, the
number of observables Nobs = 8 (2 observables for 4 alcohols).

score =
Nobs

∑
i

∣∣∣∣∣1−
(

xi,obs

ci,exp

)∣∣∣∣∣ (2.6)
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Other physico-chemical properties of the top-ranked model (i.e., the model
with the lowest score) were evaluated. The free energies of hydration ∆Ghydr

for all primary alcohols were within 1.1 kJ mol−1 from experiment (Table
2.3, this work). Static dielectric permittivities are slightly overestimated, but
especially for methanol the deviation from experiment is within the typical
fluctuation (Table 2.3).

These results show that model selection using the linear additive grid
resulted in the identification of a minimal set of force field parameters that
properly describes relevant thermodynamic and dielectric properties of the
first four primary alcohols. As a measure for their dynamic behavior, self-
diffusion constants D were computed. Dmethanol was found to be too low
by 15 % when compared to experiment (Table 2.3). The self-diffusion of
ethanol and propanol was overestimated by circa 70 %, similar to what was
reported by Szklarczyk et al. for polarizable hydrocarbons.65 Szklarczyk et
al. hypothesized overestimation of the diffusion constant to be caused by the
choice for a united-atom representation of the carbons, where the transient
interactions of the aliphatic hydrogens are underestimated. Whereas we
are unable to quantitatively reproduce the experimental dynamic properties
of primary alcohols, the qualitative trend (longer molecules having lower
self-diffusion constants) is conserved.

In our final model (Table 2.4, this work), the static partial charges are
decreased by 6 % when compared to the gas-phase QM-fitted charges (thereby
maintaining the direction of the static gas-phase molecular dipole moment,
but reducing its magnitude). As a result, we obtained a value for the static
dipole moment of the alcohol molecules that is within 0.03 D of gas-phase
experimental values and only for propanol and butanol more off from our
B3LYP/QZ4P estimate (Table A3 of the Supplementary Information). In
addition, dipole components along methanol’s C-O bond and along the vector
perpendicular to C-O within the plane of the C-O-H bond angle are 0.84

and 1.45 D. These can be compared e.g. to experimental values for µ‖ (0.88

D) and µ⊥ (1.44 D), respectively, as reported in reference 37. Differences in
molecular polarizabilities between our model and gas-phase values (Table A3)
can be explained by the lower effective value needed for αc(o) to be used in
condensed-phase simulation.46,50

Only a limited set of van der Waals parameters was modified compared to

the GROMOS 53A5 (or 53A6) non-polarizable force field. The OA C
1/2
6 was

increased by 1 %, making interactions with the oxygen slightly more favorable.

The C
1/2
12 of CH

3
was increased by 4 %, which corrects for the description of

methanol. Finally, the C
1/2
6 of CH

3
was increased by 1 % and the C

1/2
12 of CH

2

was reduced by 4 % which in turn corrects for the treatment of longer primary
alcohols. To evaluate the compatibility of our polarizable parameter set with
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Table 2.3: Values for physico-chemical properties calculated from simulations using
different (polarizable and non-polarizable) force fields. Values for the density
(ρ , in kg m−3), heat of vaporization (∆Hvap , in kJ mol−1), free energy of
hydration (∆Ghydr , in kJ mol−1), static dielectric permittivity (εs) and diffu-
sion constant (D, in 10−9 m2 s−1) obtained using our proposed parameters
(this work; highest ranked model, denoted as model 1 in Table 2.2), the
non-polarizable GROMOS 53A5,24

53A6,24
53A6oxy

76 force fields, and the
polarizable CHARMM-DO46 (C-DO) and CPC50 force fields are compared
to experimentally obtained values (exp). Values obtained in this work are
averaged over two independent simulations with the corresponding standard
deviation given within parentheses. a See reference 76 and references therein;
b Values from ref. 76; c Values from ref. 46; d Values from ref.50

methanol expa this work 53A5
b

53A6
b

53A6
b
oxy C-DOc CPCd

ρ 784 787 (0.05) 811 859 823 792 794

∆Hvap 37.4 38.0 (0.00) 41.7 47.0 43.0 37.4 36.8

∆Ghydr -21.4 -21.7 (0.14) -20.1 -22.2 -21.7 -19.4 -19.6

εs 33.5 35.2 (2.5) 30.1 34.4

D 2.4c
2.0 (0.1) 2.6 1.1

ethanol expa this work 53A5
b

53A6
b

53A6
b
oxy C-DOc

ρ 785 781 (0.02) 778 796 776 788

∆Hvap 42.3 41.9 (0.00) 45.4 49.7 45.6 42.1

∆Ghydr -20.9 -21.3 (0.17) -15.5 -19.3 -19.5 -20.8

εs 24.0 29.3 (1.0) 21.4

D 1.0c
1.7 (0.0) 1.2

propanol expa this work 53A5
b

53A6
b

53A6
b
oxy C-DOc

ρ 800 801 (0.02) 787 797 781 793

∆Hvap 47.5 47.1 (0.00) 49.8 53.9 49.5 44.1

∆Ghydr -20.6 -20.6 (0.06) -15.6 -19.0 -18.2 -20.3

εs 20.0 25.6 (2.8) 19.5

D 0.6c
1.0 (0.0) 0.8

butanol expa this work 53A5
b

53A6
b

53A6
b
oxy C-DOc

ρ 806 811 (0.04) 796 804 791 804

∆Hvap 52.3 52.4 (0.01) 54.7 58.9 54.4 48.9

∆Ghydr -19.8 -20.9 (0.16) -14.4 -18.0 -16.5 -19.5

εs 17.7 19.3 (0.3) 21.2

D 0.7 (0.0)
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GROMOS 53A5, we performed a simulation of pure methanol in which halve
of the molecules were described by our polarizable model and the other halve
by GROMOS 53A5. This mixed simulation showed ideal behavior in terms
of its density ( 799 kg m−3), and its heat of vaporization (40.3 kJ mol−1) is
within 0.4 kJ mol−1 of the ideal value (cf. Table 2.3). A comparison with the
polarizable CHARMM-DO model (Table 2.3) shows that our model reproduces
experimental values for the properties considered with similar accuracy, while
the number of parameters needed in our model is reduced (Table 2.4).

Considering the importance of the transferability of our proposed parame-
ters to alkanes, the new parameters were used to evaluate butane properties
from MD. Pure liquid simulation of butane at its boiling point (273 K) repro-
duced experimental values for both ρ and ∆Hvap within 0.1 %. For butane, the
experimental value of ∆Ghydr was reproduced within 1.5 kJ mol−1 (7.5 kJ mol−1

in simulation, compared to its experimental value of 9.0 kJ mol−1). Together
with our calibration efforts for the primary alcohol series, this finding shows
the potential of using a systematic approach to derive a transferable poler-
izable parameter set when starting from a well calibrated non-polarizable
parameter set together with condensed phase (QM/MM) estimates for the
atomic polarizabilities.
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Table 2.4: Nonbonded force field parameters for our proposed model (“this work”), and for the non-polarizable GROMOS 53A5, 53A6

and 53A6oxy force fields, the polarizable GROMOS hydrocarbon force field (Szklarczyk), the CPC methanol model, and

the CHARMM-DO (C-DO) force field. Charge parameters (q, in e), polarizabilities (α, in 10−3 nm3), and repulsive C
1/2
12 (in

10−3 (kJmol−1nm12)1/2) and attractive C
1/2
6 (in 1 (kJmol−1nm6)1/2) van der Waals parameters are presented. Special interaction

parameters and parameters specific for methanol are displayed (when applicable) in the lower half of the table.

electrostatic parameters

force field this work 53A5
24

53A6
24

53A6oxy
76 Szklarczyk65 C-DO46 CPC50

qO -0.5170 -0.611 -0.674 -0.700 0.00 -0.55

qlp -0.23

qH(O) 0.3196 0.403 0.408 0.410 0.36 0.34

qC(O) 0.1974 0.208 0.266 0.290 -0.06 0.21

qH(C(O)) 0.08

qCH2 -0.12

qCH3 -0.18

qH(C) 0.06

αO 1.100 1.0 1.100

αC(O) 0.950 1.0 0.950

αCH2 1.835 1.835 1.2

αCH3 2.241 2.241 1.4

van der Waals parameters

force field this work 53A5
24

53A6
24

53A6oxy
76 Szklarczyk65 C-DO46 CPC50

C
1/2
12,O(1) 1.22700 1.100 1.100 1.150 1.533 1.475

C
1/2
12,H 5.362× 10−5
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C
1/2
12,H(CH2) 0.142

C
1/2
12,H(CH3) 0.117

C
1/2
12,CH2(1) 5.59488 5.828 5.828 5.828 5.828 2.043

C
1/2
12,CH3(1) 5.36848 5.162 5.162 5.162 5.162 2.635 5.685

C
1/2
6,O 0.0480356 0.04756 0.04756 0.04500 0.04928 0.04720

C
1/2
6,H 0.00015

C
1/2
6,H(CH2) 0.01042

C
1/2
6,H(CH3) 0.00863

C
1/2
6,CH2 0.08642 0.08642 0.08642 0.08642 0.08642 0.04447

C
1/2
6,CH3 0.0990305 0.09805 0.09805 0.09805 0.09805 0.05487 0.11161

special van der Waals parameters

force field this work 53A5
24

53A6
24

53A6oxy
76 Szklarczyk65 C-DO46 CPC50

C
1/2
12,O(2) 1.227 1.227 1.350

C
1/2
12,CH2(2) 6.29424

C
1/2
12,CH3(2) 5.26524

C
1/2
12,OA−OW 1.827

C
1/2
6,OA−OW 0.05631

special methanol parameters

force field this work 53A5
24

53A6
24

53A6oxy
76 Szklarczyk65 C-DO46 CPC50

C
1/2
12,H(CH3) 0.142

C
1/2
12,CH3 3.129

C
1/2
6,H(CH3) 0.01042

C
1/2
6,CH3 0.06516
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2.4 conclusions

Including explicit electronic polarization into a classical non-polarizable force
field does not only require recalibration of the distribution of static atomic
charges (which will be typically too high upon introducing polarizabilities),
but also of the van der Waals parameters. As illustrated here, a systematic
approach can be used to obtain both accurate and transferable parameters.
Formulating a well-designed (general) calibration recipe would ideally allow
to limit the number of special parameters, keeping the force field simple, and
contributing to its transferability.

In this study the efforts deployed to calibrate a polarizable force field for
linear alcohols were described. In an attempt to maintain transferability
with the (non-polarizable) GROMOS 53A5/53A6 force field24 on one hand,
and the polarizable GROMOS based COS force field for hydrocarbons on
the other hand,65 the local parameter space around the parameters of these
force fields were probed. Within the boundaries set by these force fields, we
were unable to find a single parameter set that can reproduce experimental
values for the thermodynamic properties of the first four primary alcohols.
Parameter sets could be found that properly describe the properties of ethanol,
propanol and butanol in simulation, whereas other parameter sets could do
this for methanol separately. However, unifying these parameter sets required
a different parameterization approach, in which more non-bonded parameters
were treated as degrees of freedom.

An approach was designed to explore the multidimensional parameter
space in an efficient way. Starting from the (by approximation) linear behavior
of the physico-chemical properties to variations in each individual parameter
and assuming additivity of the effects of parameter changes, parameter space
was explored in a systematic way. This effort yielded 34 models with a
minimum number of force field parameters for which it was predicted that
the heat of vaporization and density are within 1.5 % of the experimental
value. By running pure-liquid simulations for these models, the accuracy of
the analytical predictions was confirmed. Subsequently, the top-ranked model
was selected in terms of its ability to reproduce experimental observations
in simulation, and further analyses were performed. Compared to other
polarizable and non-polarizable force fields, the proposed parameter set
manages to reproduce physico-chemical properties with similar or increased
accuracy, respectively, and no specific interaction parameters were required to
describe apolar and polar repulsive Lennard-Jones interactions separately. The
strength of the systematic approach is that a relevant part of parameter space
is explored and filtered, yielding a set of models fulfilling our constraints for
transferability and simplicity. In next calibration efforts, this approach will be
used to parameterize several other (biomolecular) building blocks, aiming at
deriving a unified set of parameters in an efficient way.
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Deriving force-field parameters from first principles using a polarizable and higher-order dispersion model

abstract

In this work we propose a strategy based on quantum mechanical (QM) calcu-
lations to parameterize a polarizable force field for use in molecular dynamics
(MD) simulations. We investigate the use of multiple atoms-in-molecules
(AIM) strategies to partition QM determined molecular electron densities into
atomic sub-regions. The partitioned atomic densities are subsequently used to
compute atomic dispersion coefficients from effective exchange-hole-dipole
moment (XDM) calculations. In order to derive values for the repulsive van
der Waals parameters from first principles, we use a simple volume relation
to scale effective atomic radii. Explicit inclusion of higher-order dispersion
coefficients was tested for a series of alkanes and we show that combining C6
and C8 attractive terms together with a C11 repulsive potential yields satisfying
models when used in combination with our van der Waals parameters and
electrostatic and bonded parameters as directly obtained from quantum calcu-
lations as well. This result highlights that explicit inclusion of higher order
dispersion terms could be viable in simulation and it suggests that currently
available QM analysis methods allow for first-principle parameterization of
molecular mechanics models.
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3.1 introduction

Atomistic force fields are becoming increasingly important for explaining
events in biological systems and for molecular design.22,52,81 Through the use
of GPU accelerated computing and specialized hardware it is now possible to
simulate large biologically relevant systems on unprecedented timescales.53,82

These simulations are reliant on the performance of the underlying force field
description of the relevant molecular interactions.23,83 Next-generation atom-
istic force fields are polarizable force fields, which explicitly model electron
density deformation by external electric fields stemming from environmental
effects.61,84 While still employing simple point potential functions, polarizable
models can help improve our ability to describe typical properties of interest.59

Parameterizing molecules for force fields can be laborious particularly for
polarizable force fields, which contain additional parameters to describe the
inducible dipole moments.85 In addition most force field optimizations are
underdetermined by nature as they typically require calibrating too many
parameters on a relatively small set of observables. The ability of biomolecular
force fields to describe processes and equilibria of interest is usually mea-
sured by the ability to reproduce experimentally determined observables in
condensed and hydrated phases23. Considering that the number of model
compounds for which high-quality experimental data are available can be
limited,86 this optimization problem cannot be simply solved by a broad
extension of calibration data sets.

As a consequence, minimizing the amount of free variables in the parameter
optimization step can strongly accelerate force-field development. For that
purpose bonded parameters describing bond stretching and angle bending
have been directly and successfully derived in several automated parameter-
ization protocols63,86 from quantum mechanical (QM) Hessian calculations.
Electrostatic parameters can be derived from a gas-phase ground-state calcula-
tion, either by fitting the molecular electrostatic potential on a grid around the
compound resulting in electrostatic potential (ESP) derived charges63,86,87 or
by partitioning the computed electron density in an atoms-in-molecules (AIM)
manner, where the difference between the effective number of electrons and
the nuclear charge determines the partial charge of the atoms.88–92 We recently
showed that the additional electrostatic parameters in non-additive force fields
(polarizabilities of the inducible dipole moments) can be derived from com-
bined QM/MM calculations in the condensed phase, and we successfully
applied this approach in first parameterization studies.50,68,93

A complicating factor in many force field calibration efforts is the opti-
mization of van der Waals parameters, which are typically fitted based on
condensed-phase properties of a training set of molecules. Applying response
theory to determine values for the attractive C6 dispersion parameter for use
in molecular simulation is computationally intensive and impractical for larger
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molecules.94 Moreover a partitioning into atom-atom contributions from a
molecular dispersion strength is required, which can be non-trivial. As a
result most of the available force fields use tabulated van der Waals parame-
ters that are assigned based on local atom typing.23,24,54,57,95 While significant
progress has been made in automated force field parameterization through
smart site typing96–98 and automatic calibration through gradient descent,26,93

covering a large part of possible chemical space for e.g. drug like compounds
is still difficult for calibration-based approaches with many free parameters.
However, recent work by Cole et al.99,100 to determine dispersion parameters
for classical force fields from atomic reference values scaled based on AIM
derived atomic volumes shows promise as an ab-initio approach to estimate
attractive van der Waals parameters. Recently Mohebifar et al.101 used the
exchange-hole dipole moment (XDM) model and density-functional theory
(DFT) wave-function calculations at the PBE0/aug-cc-pVTZ level of theory to
determine dispersion constants of 88 compounds. These constants were found
to be systematically and significantly lower than the values currently used in
biomolecular force fields.101–104 This raises the question if many of these force
field parameter sets are currently in a suboptimal part of parameter space sim-
ply because traditional calibration efforts work on relatively small databases
of compounds (due to time and/or experimental data quality constraints),
where the minimal number of free parameters in the calibration is in the order
of the number of relevant independent experimental observations. To answer
this question, several complications in parameter optimization have to be kept
in mind. Higher-order dispersion terms that comprise interactions involving
higher-order multipole moments can contribute upto more than 30% of the
total dispersion energy and cannot be ignored.102 However it would be hard
to justify adding additional dispersion terms and associated free parameters
(C8, C10) when already facing an underdetermined calibration problem. As
a result C6 dispersion coefficients in force fields have to be large enough to
compensate for the omission of higher-order terms.101,104 In addition, due to
the omission of explicit polarization treatment, additive force fields partially
encode polarization effects in their dispersion parameters. While the partial
charge model in static charge force fields is determined under polarizing
conditions (e.g. from COSMO calculations105), a redistribution of charges
cannot fully envelop the full scope of polarization space (for example when
using partial charges to describe a polarized flat molecule such as benzene).
This leaves a potentially substantial role for explicitly polarizable models in
further minimizing the number of free parameters in force-field calibration, as
a more appropriate balance between electrostatic and dispersion forces could
be achieved. A polarizable model can also aid in preventing possible inconsis-
tencies when determining properties and parameters either in vacuum and/or
condensed-phase environments. In the current work, nonbonded parameters
are obtained from gas-phase electronic structure calculations, following the
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principle that any density shift under influence of electric fields should be
(solely) modeled by explicitly treating electronic polarization. The set of (fixed)
partial charges used in this study is hence determined in vacuo, preventing
double counting of polarization contributions. When using a dielectric con-
tinuum with given dielectric permittivity (εmedium) to model solvation, one
should take into account the self-polarization and distortion contributions,
which cannot be represented well in a nonpolarizable force field. Therefore,
as reported by Cole at al.,99 the choice of εmedium may not represent solvation
properly but rather reflect a state in which the contribution of polarization
and distortion cancel out, leading to effective inclusion of induction effects.
Similarly, if a condensed phase environment is described by including static
Bq (MM) charges in the QM Hamiltonian, one should consider that the static
charges from force fields are typically corrected for polarization and distortion
effect and are therefore producing a too small dipole moment of the solvent
molecules included in the quantum calculation.27

In this work we investigate the applicability of using a polarizable model
that explicitly includes a higher-order (C8) dispersion term together with
a force-field parameter set directly derived from quantum calculations, to
achieve a physical description of dispersion effects while simultaneously
minimizing the number of free variables in parameter optimization. In order
to quantum-mechanically determine van der Waals parameters, we partition
computed molecular electron densities over the available atoms such that we
can use the XDM model to estimate dispersion coefficients C6 and C8 from
atomic-based densities ρa:103

C6 =
αiαj〈M2

1〉i〈M2
1〉j

αj〈M2
1〉i + αi〈M2

1〉j
(3.1)

C8 =
3
2

αiαj
(
〈M2

1〉i〈M2
2〉j + 〈M2

2〉i〈M2
1〉j
)

αj〈M2
1〉i + αi〈M2

1〉j
(3.2)

Calculating C6 and C8 for a pair of atoms i and j requires their multipole mo-
ment integral M2

l , and their static atomic polarizability αi or αj (derived here
as described below). Repulsive van der Waals parameters can be estimated
quantum mechanically by using (tabulated) free and (computed) in-molecule
atomic volumes obtained from QM calculations on isolated atoms and ρa,
respectively, to determine values for AIM static polarizabilities αi:99,102

αi =

〈
r3〉

i
〈r3〉i, f ree

αi, f ree (3.3)
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Note that this approximation to derive αi is inherently built into XDM. Using
the Slater-Kirkwood approximation that links polarizability to atomic radii
r0,106 Miller derived an approximation (Equation 3.4) to compute effective van
der Waals radii from polarizabilities,107 where the prefactor is emperically
derived to reproduce van der Waals radii tabulated by Bondi.108

r0,i = 1.05
√

3 [α0αi]
1
4 (3.4)

Atomic repulsive van der Waals parameters CX for use in combination with
C6 and C8 can be directly determined from the zero-energy point at the van
der Waals potential energy function as employed by us, Equation 3.5. Note
that use of different values for the exponent x in the repulsive van der Waals
term are evaluated in this work.

Vvdw = −C6

r6 −
C8

r8 +
Cx

rx (3.5)

For the atomic decomposition of QM determined electron densities we
rely here on AIM approaches to obtain ρa’s from the molecular density. AIM
methods assign each atom a weight to each of the grid points in the underlying
density integration grid, under the condition that the division of electron
density on each grid point is complete.91 All subsequent analyses can therefore
be performed at an atomic level, as required for a fully atomistic force field.
Popular choices for AIM partitioning schemes include the original Hirshfeld-
method,88 in which weights are assigned to each atom (for each integration
grid point) based on the local density stemming from a pro-atom placed at
the nuclear site. A clear disadvantage of Hirshfeld paritioning is that initial
pro-atomic charge states are arbitrarily set and may be wrongly assigned.91

Iterative Hirshfeld (Hirshfeld-I)89 introduces an iterative scheme to overcome
this limitation and interpolates the value for the pro-atomic states by using
a linear combination of the two pro-atoms with closest values for their net
atomic charge (as compared to the value obtained in the last iteration). We also
evaluated use of the Iterative-Stockholder Analysis (ISA) scheme,109 where
instead of employing a pre-defined functional form of the pro-atom a spherical
average of the local atomic density is used. As an additional AIM method
we tested use of Mimimal-Basis-Iterative-Stockholder (MBIS),90 in which the
pro-atom density is expressed as a series of s-type slater functions. A more
detailed description of the AIM methods considered here is given in a recently
published review by Heidar-Zadeh et al.91 As part of our efforts we compare
use of these four AIM schemes to partition molecular electron densities into
atomic ones. The performance of the different schemes in combination with
XDM is evaluated for a series of alkane model compounds (listed in Table
3.1), which predominantly interact via dispersion. Encouragingly, we find that
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an optimal part of model parameter space for force-field calibration can be
directly derived from quantum calculations. Note that in order to determine
charge populations and assign partial atomic charges for our final model, we
found here a fifth AIM scheme to be most suitable, i.e. DDEC3.110,111 In this
scheme, core and valence electrons are handled separately, and therefore it
provides the best performing set of atomic charges in this work. DDEC3 was
only used for partial charge assignment here, as its introduction into a XDM
dispersion analysis is currently not feasible yet.
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3.2 methods

Polarizable system

An explicit polarizable model is used in the molecular dynamics (MD) simula-
tions performed in this work. Inducible dipole moments were added to all
atoms (including hydrogens) using the Charge-On-Spring (COS) model35,37,
where positions of the massless virtual COS sites are iteratively optimized
each time step in the simulation according to the local electric field, assuming
isotropic and linear response. Virtual sites with a net charge of -8.0 e are used,
neutralized by a counter charge of +8.0 e added to the polarizable atom in
question. A Thole or other damping model is not used and therefore all dipole
interactions between 1,2 and 1,3 neighbors are excluded. During the local
electric field calculations 1,4 interactions are excluded as well, in accordance
with the GROMOS implementation of the COS model.37,70 Force constants of
the springs connecting the COS and polarizable atoms are determined using
atomic polarizabilities documented by Miller, with values of sp3 carbon and
hydrogen atoms set to 1.061 and 0.387 · 10−3 nm3 respectively.107

Type annotations

To enable accounting for the effect of local chemical environments on values
for force-field parameters while keeping our model simple and transferable,
atoms with similar chemical environment were clustered into type annotations
for all bonded, van der Waals and static electrostatic parameters. For the
atomic charges we considered a chemical environment up to two bonds
away to be identical and encoded this into local environment sub-graphs.112

For dispersion parameters the local environment sub-graphs were reduced
to a single-bond neighbor graph, significantly reducing the number of van
der Waals types considered. Angle and covalent bond type assignments
were based on the specific elements under consideration and did not include
additional environmental rules, but dihedral assignments used van der Waals
types instead resulting in an exhaustive set of dihedral parameters.

Bonded parameters

For the determination of bonded parameters in an automated fashion, ge-
ometry optimizations were performed and Hessians were calculated at the
B3LYP/aug-cc-pVTZ level of theory using NWChem 6.8,113 for all alkane
molecules under consideration. Harmonic force constants for bonds and
angles were computed using a Hessian matrix projection according to the
modified Seminario approach.114 Zero-energy bond lengths and angles were
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derived directly from the geometry-optimized coordinate sets. Force con-
stants and zero-energy bond length and angle values were averaged for each
respective bonded type.

Because a completely new set of interaction parameters is used here we
needed to reoptimize the dihedral profiles. A GROMOS dihedral potential
energy term was assigned to every dihedral type, with multiplicity and phase
shift set to 3 and 0, respectively.23 We performed dihedral potential energy sur-
face scans at the B3LYP/aug-cc-pVTZ level of theory using GAMESS-US (ver-
sion 2014) to determine the force constant associated with the amplitude.115 A
dispersion correction was introduced in these calculations using Grimme’s D3

model.116 For each dihedral scan, fifteen-degrees angle increments were ap-
plied and optimized geometries from unconstrained geometry optimizations
at the same level of theory were used as starting structure by pre-rotating to a
given dihedral angle value. Z-matrix constraints were used to keep dihedral
angles constant during dihedral-scan geometry optimizations. Force constants
for each dihedral were fitted by linear regression to the difference profile of
the lowest and highest energy states, as obtained from the scan for the smallest
alkane molecule in which the dihedral type was occurring.

XDM calculations and partial charge assignment

Gas-phase optimized coordinates (determined at the B3LYP/6-31G* level of
theory) were downloaded from the ATB for a set of eleven small molecule
training compounds.86 Subsequently this starting geometry was refined using
NWChem 6.8,113 using a B3LYP functional117–121 and an augmented Dunning
basisset aug-cc-pVTZ.122,123 As the postg program124,125 was employed for
the XDM post-processing of the resulting wave functions, we stored them in
Molden files and subsequently converted these to the postg recommended
.wfx format using Molden2AIM.124–126

The published version of postg only provides the option of Hirshfeld
partitioning for AIM analysis prior to the calculation of atomic exchange
dipole holes.88 Therefore postg was modified to accept an external Becke grid
with corresponding Hirshfeld weights. Horton version 2.1127 was used for the
density partitioning following the Hirshfeld, Iterative-Hirshfeld (Hirshfeld-
I),89 Iterative-Stockholder (ISA)109 and Mimimal-Basis-Stockholder (MBIS)
methods.90 Both Hirshfeld and Hirshfeld-I require a pro-atom database with
electron densities of the isolated elements in multiple charge states. For
consistency these were generated using the same functional (B3LYP) and aug-
cc-pVTZ basis set as used in the molecular wave-function calculations. Partial
charges were directly derived from the difference between the effective number
of electrons assigned during AIM partitioning and the nuclear charge, making
the charge model consistent with the dispersion parameter assignment.
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MD simulations

Pure liquid MD simulations of the alkane compounds were performed using
GROMOS11 (release 1.4.0),70 which was modified to include higher order
dispersion coefficients. Starting geometries for all molecules were taken from
the ATB86 and 1024 molecules were packed into periodic cubic boxes using
the GROMOS++ tool ran_box.77,86 After steepest-descent energy minimiza-
tion, initial atomic velocities were generated based on a Maxwell-Boltzmann
distribution at 50 K and the systems were subsequently slowly heated in five
subsequent NVT simulations of 20 ps each to reach the target simulation
temperature (Table 3.1).

Table 3.1: Simulation conditions for the eleven alkane systems considered: values for
the reaction-field dielectric permittivity ε0 and simulation temperature T (in
K), based on the measurement temperature of the density (ρ) and heat of
vaporization ∆Hvap . Reference data and measurement temperature taken
from references 128 and 129 .

Compound ε0 T(Hvap) T(ρ)

propane 1.80 231 231

butane 1.77 273 273

pentane 1.84 298 293

hexane 1.88 298 298

heptane 1.91 298 298

octane 1.95 298 298

nonane 1.96 298 298

iso-butane 1.83 261 261

iso-pentane 1.85 298 293

3-methyl-pentane 1.89 298 298

3-ethyl-pentane 1.94 298 298

After this thermalization of the system, 1.5 ns of pre-equilibration time was
used under production conditions. In all simulations, Leap-frog integration
was used to integrate the equations of motion with a 2 fs time step. Production
simulations lasted in total 5 ns and energies and coordinates were stored every
100 and 500 time steps, respectively. Constant temperature was maintained
with a Berendsen weak coupling thermostat and a corresponding coupling
constant of 0.1 ps.72 For systems for which experimental densities (ρ) were
not available at the same temperature as heats of varporization (∆Hvap),
independent simulations were ran at each temperature. In the production
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(and pre-production) simulations, pressure was coupled weakly to 1 atm using
a Berendsen barostat72 with a 0.5 ps coupling constant and an isothermal
compressibility set to 4.575 · 10−4 kJ mol−1 nm−3. Center of mass motion of
the systems was removed every 1000 time steps in a linear manner. All bond
lengths were constrained using SHAKE with a relative geometrical tolerance
criterion of 10−4.73 Interaction energies and forces were computed using a
charge-group based cut-off and a multiple time step algorithm: they were
evaluated every time step for pairs of atoms within an inner cutoff of 0.8
nm, while contributions from pairs of atoms within an intermediate range
(between 0.8 and 1.4 nm) were computed every five time steps. Long range
electrostatic interactions beyond 1.4 nm were treated by the reaction field
approach, using dielectric constants for the pure liquids simulated as listed in
Table 3.1.74

∆Hvap = Upot
gas(T)−

1
Nmol

Upot
con(T) + RT (3.6)

Simulations of single model compounds in the gas phase were coupled to a
stochastic bath to maintain the target simulation temperature. The internal
friction coefficient was set to 24 ps−1. Gas phase production runs were in total
20 ns. Equation 3.6 shows how for each alkane the enthalpy of vaporization
(∆Hvap ) was computed using the molecular averaged potential energy from a
condensed phase (Upot

con) and gas phase simulation (Upot
gas), where Nmol , R and

T are the number of molecules in simulation, gas constant, and temperature
of the system, respectively. Average potential energies were extracted from
the energy trajectories using GROMOS++ tool ene_ana.77
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3.3 results and discussion

Choice of AIM Method

To quantum-mechanically derive model parameters at the atomic level of detail
we used and compared four popular and/or state-of-the-art AIM schemes.
The first method considered is Hirshfeld partioning,88 in which pro-atom
densities of the isolated atoms are used to (non-iteratively) partition the
molecular density into atomic contributions. It is known that the pro-atom
choice in Hirshfeld partitioning typically leads to an underestimated charge
separation.91 Consequently the alkanes considered in this work show relatively
small values for the individual atomic charges when employing the Hirshfeld
partitioning scheme, with partial charges ranging between -0.087 and 0.027

e, Table A4. Similarly, the corresponding dispersion parameters calculated
from XDM show a small spread for different carbon atom types (Table 3.2),
consistent with results presented by Mohebifar et al.101

In the iterative-Hirshfeld (Hirshfeld-I) scheme, the atomic-based electron
densities are determined in an iterative approach in which atomic weights at
the integration grid points are updated every iteration based on the results of
the previous one.91 This approach has been shown to result in an improved
description of molecular electrostatic potentials.91 With Hirshfeld-I we find dis-
tinctly different dispersion coefficients for the carbon atoms depending on the
number of attached hydrogens, Table 3.2. A larger part of the hydrogen-carbon
boundary region is assigned to the carbon atoms resulting in significantly
larger estimates for the negative partial charges and the dispersion coefficients
of the carbons with multiple hydrogen atoms attached, when compared to the
values obtained using non-iterative Hirshfeld (Tables 3.2 and A4).

Minimal-Basis-Iterative-Stockholder (MBIS) was suggested to be an improve-
ment over Hirshfeld in partitioning electron densities of oxydes, where the
dependency on a pro-atom database was removed.90 While direct performance
of XDM on MBIS partitioned densities has to our knowledge not been reported
in literature, results from previous work in which the Tkatchenko-Scheffler
method was used to derive dispersion coefficients130 suggests that XDM may
also benefit from using this relatively new partitioning method. With MBIS
we find slightly stronger charge seperation between the carbon and hydrogen
atoms when compared to Hirshfeld-I, resulting in larger partial charges for
most atom types (Table A4) and smaller dispersion coefficients for the hy-
drogens (Table 3.2). We also tested the Iterative-Stockholder Analysis (ISA)
partitioning scheme, which was developed independently from Hirshfeld-I.
Table 3.2 shows that dispersion is highly underestimated by ISA compared to
the other AIM partitioning schemes, probably due to the spherical averaged
pro-atom densities used in ISA. Because of this discrepancy in the dispersion
calculations ISA was not considered further in deriving alkane models for the
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pure-liquid simulations in the last part of this work.

Table 3.2: C6 and C8 dispersion constants calculated using four different AIM methods
(Hirshfeld, Hirshfeld-I, MBIS and ISA) for the four van der Waals atom types
considered in this work. HC denotes a generic alkane hydrogen, while CHx
denotes a sp3 carbon with x hydrogens bound to it. Column r0 lists predicted
atomic radii derived from static polarizabilities using the Slater-Kirkwood
approximation. C6 and C8 are given in atomic units, r0 in nm.

C6 C8 r0 C6 C8 r0

Hirshfeld MBIS

HC 2.41 52.9 0.1275 0.99 14.3 0.1090

CH1 18.49 675.1 0.1709 19.49 766.3 0.1714

CH2 19.67 706.4 0.1698 26.82 1140.4 0.1766

CH3 21.11 748.0 0.1687 37.65 1695.2 0.1820

Hirshfeld-I ISA

HC 1.88 38.4 0.1234 2.17 14.3 0.1231

CH1 16.88 594.4 0.1688 9.60 255.0 0.1516

CH2 24.72 1050.3 0.1766 13.30 363.4 0.1576

CH3 33.99 1574.2 0.1820 20.06 624.3 0.1654

Similarly to applying damping functions, the evaluation of van der Waals
interactions relies on using atomic van der Waals radii, which describe the
distance at which the van der Waals interaction energy between two particles is
zero. Values for these radii are not trivial to derive.102 Typically they have been
calibrated against pure liquid reference data, but having well-defined starting
points for calibration is preferential. For that purpose we used Equations
3.3 and 3.4 to quantum-mechanically compute radii as starting points, in
combination with the four different AIM partitioning schemes. The results are
listed in Table 3.2 and show in general a smaller variation in the calculated
radii among the different AIM schemes than observed for the computed
dispersion parameters.

Pure liquid performance

To verify the use of an additional dispersion term and of the van der Waals
parameters derived from the QM, AIM and XDM calculations, we performed
pure-liquid simulations of alkanes because their properties predominantly
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depend on the strength of involved dispersion interactions. In MD simulations
the repulsive part of the van der Waals potential energy function is typically
modeled with a C12 asymptotic function, chosen for computational efficiency.
As we do not want to sacrifice speed of our simulations we opted to test
which exponential term gave the best performance in combination with a C6
and C8 potential. We tested C11 to C14 repulsive functions (i.e., x in Equation
3.5 = 11, 12, 13 or 14) for a first selection of four alkanes (propane, butane,
hexane, iso-butane) and for each of the AIM methods under consideration,
Tables A6 and A7. From all twelve models, Hirshfeld-I combined with a
C11 repulsive scheme appears the most promising with a root-mean-square-
deviation (rmsd) of computed values from experiment of 21.4 kg m3 and
1.15 kJ mol−1 for density (Table A6) and heat of vaporization (Table A7),
respectively. While the C11 repulsive term is not commonly used in molecular
simulation, there is a theoretical basis for this repulsive shape, as precise
higher order dispersion calculations on hydrogen show the odd indexed (e.g.
C11 and C13) are repulsive, stemming from third order perturbation theory.131

As summarized in Table 3.3, Hirschfeld-I thus outperformed the other tested
combinations (Table 3.3), in line with our finding that Hirschfeld-I performs
well in predicting molecular C6 values when compared to the corresponding
experimental (DOSD oscillator) estimates,132 Table A5. Encouraged by the
results for our set of four training compounds, we tested model performance
for a larger range of alkanes, including multiple branched alkanes (Table
A8). In general the computed values for ∆Hvap are close to experiment
(with a maximum deviation of 1.9 kJmol−1), implying that we successfully
predicted a region of parameter space with balanced interaction energies.
However, for several of the branched alkanes (iso-pentane, 3-methyl-pentane,
3-ethyl-pentane) calculated densities are significantly off from experiment
with a rmsd of 50 kg m−1, Table A8. We traced this discrepancy down to
electrostatic interactions. The Hirshfeld-I model is dipole agnostic and the
resulting static molecular dipole moments were too large compared to their
experimental estimates (approximately 0.3 Debye for the branched alkanes
while the value should be on the order of 0 Debye). Upon switching to
the DDEC3 AIM method for determination of partial charges,110,111 the in-
molecule charge separations become less pronounced. In the DDEC3 scheme
core and valence electrons are explicit which results in a more stable set of
charges. Unsurprisingly our partial charges (Table A4) are similar to the
ones used in the CHARMM Drude-oscillator (DO) based polarizable force
field for alkanes,66 which were obtained from electrostatic-potential based
fitting and range from +0.095 to −0.177 e. For us, in terms of reproducing
experimental values for density and heat of vaporization, DDEC3 was superior
for charge determination over all other AIM methods tested. Using the DDEC3-
derived point charge model the results of our simulations are consistent with
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experiment (Table 3.4), with a rmsd from experiment of only 19.9 kg m−3 and
0.64 kJ mol−1 for the density and heat of vaporization, respectively.

Table 3.3: Pure-liquid simulation results for a set of four alkanes, using dispersion
parameters obtained from XDM and our predicted van der Waals radii.
For each of the AIM methods tested, use of the best-performing repulsive
exponential shape is listed (indicated in parentheses per AIM method). Ex-
perimental (exp)128,129 and calculated vaues (sim) for densities (ρ) and heats
of vaporization (∆Hvap ) are given in kg m−3 and kJ mol−1, respectively,
together with values for the root-mean-square deviation (rmsd) from experi-
ment.

ρ (exp) ρ (sim) ∆Hvap (exp) ∆Hvap (sim)

Hirshfeld (C12)

propane 582.5 565.4 18.87 20.04

butane 600.7 564.6 22.4 22.89

hexane 654.8 606.2 31.6 30.11

iso-butane 594.0 587.8 21.42 23.50

rmsd 31.6 1.43

Hirshfeld-I (C11)

propane 582.5 576.4 18.87 20.08

butane 600.7 569.0 22.4 22.58

hexane 654.8 627.2 31.6 31.28

iso-butane 594.0 599.3 21.42 23.35

rmsd 21.4 1.15

MBIS (C11)

propane 582.5 646.7 18.87 20.55

butane 600.7 618.4 22.4 22.82

hexane 654.8 712.7 31.6 33.52

iso-butane 594.0 684.2 21.42 24.59

rmsd 63.1 2.0

Tables A9 and A10 compare the performance of our final model with other
COS or Drude-oscillator based polarizable force fields for hydrocarbons, i.e.
the CHARMM DO66 and the GROMOS 45A3/COS alkane models.65 Both
were calibrated to reproduce experimental values for bulk liquid properties,
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and from a comparison with experiment they perform slightly better than our
model for the alkanes that were included both in this work and in reference
69 or 70 (Tables A9 and A10). We also find that both the CHARMM DO
and GROMOS 45A3/COS65 force fields comprise effective C6 parameters
that are significantly larger than those calculated by XDM (cf. Table A11), as
was reported earlier by Mohebifar et al.101 In terms of fitted and calculated
effective radii, our model utilizes the same part of parameter space as the
CHARMM DO force field, in particular for the CH2 and CH3 groups, see
Table A11 as well.

Table 3.4: Pure liquid performance of our Hirshfeld-I decomposition based model
using a C11 repulsive shape and partial atomic charges obtained with the
DDEC3 AIM method. Experimental (exp)128,129 and calculated (sim) values
for the densities and heats of vaporization are given in kg m−3 and kJ mol−1,
respectively.

Compound ρ (exp) ρ (sim) ∆Hvap (exp) ∆Hvap (sim)

propane 582.5 574.8 18.87 19.60

butane 600.7 580.1 22.4 22.82

pentane 626.2 606.1 26.43 26.47

hexane 654.8 634.8 31.6 31.55

heptane 679.4 660.2 36.65 37.02

octane 698.6 679.7 41.49 42.01

nonane 713.8 695.0 46.4 46.45

iso-butane 594.0 599.2 21.42 23.1

iso-pentane 620.1 594.8 24.85 25.26

3-methyl-pentane 659.8 633.7 30.28 29.69

3-ethyl-pentane 693.8 668.2 35.22 35.30

rmsd 19.9 0.64
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3.4 conclusions

In this work we present a strategy to develop an all-atom force field in which
every parameter is determined from first principles, including higher order
van der Waals constants. For a set of 11 linear and branched alkanes we
found that by adding a single higher-order dispersion term (C8) to a polar-
izable model and using a C11 repulsive potential energy term, we reproduce
experimental estimates for thermodynamic pure-liquid properties of the alka-
nes with a rmsd of 19.9 kg m3 and 0.64 kJ mol−1 for density and heat of
vaporization respectively, when using a set of model parameters that was
completely derived from (a series of) quantum calculations. For that purpose
we included application of the XDM model to compute dispersion coefficients
and a Slater-Kirkwood approach to determine atomic radii. To derive AIM
values for these radii and coefficients we found the Hirschfeld-I partitioning
scheme well suited to obtain van der Waals parameters. In a next study we
will examine whether XDM dispersion calculations have sufficient accuracy
to correctly predict dispersion parameters for a large variety of molecules of
interest, including other model compounds for typical biomolecular building
blocks. The notion that our strategy can provide high-quality starting points
required for automated calibration of novel force fields (e.g. by using auto-
mated calibration procedures49) is encouraging. Furthermore we show that
it is possible to capture higher order dispersion in a relatively simple and
efficient model, where changes required to force field and simulation software
is minimal. According to recent studies in literature, effects from higher order
dispersion may be important for a correct model description of for example
the folding of disordered protein domains, which is an additional motivation
for including such a term in our force fields.133,134 While our work clearly
demonstrates that it is possible to capture higher order dispersion terms
explicitly in molecular simulation, it is undeniable that classical force fields
with only a C6 dispersion term have been successful for years. We speculate
that the reasons that C6 attractive potentials can be successful are fourfold:
(i) there is no exact definition for atomic radii that should be used, therefore
effective radii can be slightly lowered to deepen well-depths (εij); (ii) C6
values can be raised to effectively include higher order dispersion coefficients,
as addressed by Mohebifar et al.101; (iii) the choice of combination rules can
have a large impact on effective well depths for heterogeneous atom pairs. In
this work we used additive combination rules where the total van der Waals
distance between two heterogeneous atoms is the sum of their invididual
radii (σij = ri + rj). However, in other force fields (e.g. GROMOS, OPLS)

geometric combination rules for the repulsive part are used (Cx =
√

Ci,xCj,x),
which effectively lowers van der Waals distances (σij) for heterogeneous atom
pairs. Finally, (iv) the shape of the repulsive function is purely empirical,
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as exchange interactions cannot be mapped to simple classical mechanics
functions. Having switched to C11 in this work provides additional damping
of near- to medium-ranged interactions, thereby effectively reducing εij. Simi-
larly, choosing a C13 or higher repulsive potential would deepen effective well
depths, compensating for the omission of higher order dispersion terms.

Here we showed that for dispersion driven systems inclusion of higher
order dispersion terms can lead to efficient force field parameterization. There-
fore such an approach may be advantageous when both C6 and C8 can be
calculated efficiently for the molecules of interest. In addition we speculate
that by following a physical regime of parameter space for all atoms, we may
create more coherent interactions between heterogeneous atom types, possibly
reducing the number of special interaction parameters that are currently used
in force fields.
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abstract

In this work we propose an improved QM/MM-based strategy to determine
condensed-phase polarizabilities and we use this approach to optimize a new
and simple polarizable four-site water model for classical molecular simulation.
For the determination of the model value for the polarizability from QM/MM
we show that our proposed consensus-fitting strategy significantly reduces
the uncertainty in calculated polarizabilities in cases where the size of the
local external electric field is small. By fitting electrostatic, polarization and
dispersion properties of our water model based on quantum and/or combined
QM/MM calculations, only a single model parameter (describing exchange
repulsion) is left for empirical calibration. The resulting model performs well
in describing relevant pure-liquid thermodynamic and transport properties,
which illustrates the merit of our approach to minimize the number of free
variables in our model.
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4.1 introduction

The presence of water is vital for biomolecular action and cellular function.52,135

When studying biomolecules in silico to understand complex mechanisms in
e.g. protein dynamics and ligand binding, it is hence necessary to simulate
the system using a water model that can accurately mimic environmental
effects to which the molecules of interest are exposed.136–138 Due to its diverse
properties and counter-intuitive behavior including a density maximum at 4

oC, calibrating simple but well-performing atomistic models for water is far
from trivial.139–141 First-generation water models commonly used in molecu-
lar simulation have three interaction sites, with static partial charges located
on the oxygen and both hydrogens142,143 and with dispersion and exchange
interactions handled by a single van der Waals site per water molecule (at
the oxygen). A limitation of models with three interaction sites is that they
poorly describe higher-order multiple moments of the water molecules. The
molecular dipole and quadruple moment are partially due to a shift of electron
density from the hydrogens to the more electronegative oxygen atom. Simple
atomistic models with a fourth off-atom interaction site were introduced in
order to more accurately describe electrostatic molecular properties, which
simultaneously improved the description of energetic and structural pure-
liquid properties.44,64,142,144 In this way models became available that correctly
describe the melting temperature of water, whereas previous generations
of water models failed to describe this phenomenon.145,146 While four-site
static-charge models can describe structural and energetic properties well,
they typically underestimate electrostatic screening expressed through the
static dielectric permittivity.145,146

The difficulty in describing dielectric screening in simulation can be ad-
dressed by calibration of explicitly polarizable models, in which the re-
sponse of induced dipole moments to external electric fields is e.g. mod-
eled by movable massless charges attached via a spring to the polarizable
nucleii.44,64,140,141,147 Polarizable models can accurately describe molecular
properties at ambient temperatures, but many of these models still have diffi-
culties in reproducing experimental values for the melting temperature and
show a constant increase in density with decreasing temperature.37,140,147 In
contrast, the AMOEBA model which includes a next level of detail into its
polarizable force field parameter sets (i.e., static atomic dipole and quadrupole
moments) has been successful in describing water properties over a range
of state points.148,149 In the current work we reevaluate the use of a simple
four-site polarizable model to describe water properties in classical simula-
tion. As a starting point we reconsider the parameterization of van der Waals
dispersion interactions in the model. This is motivated by recent work of
Mohebifar et al. who showed that molecular values for the C6 dispersion
parameter are typically significantly too high in molecular mechanics models
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when compared to reference quantum estimates,101 whereas Shaw and co-
workers found evidence that the reference value for water would in turn be too
low to describe solvent dispersion in simulations of disordered proteins.133,134

Recently we showed that by introducing a higher-order dispersion term (C8,
which can contribute up to one third of molecular dispersion interactions)
and by using atoms-in-molecules (AIM) quantum calculations of Exchange-
Hole-Dipole moments (XDM) to determine van der Waals parameters,102 we
obtained an alkane model that reproduces pure-liquid thermodynamic prop-
erties at melting temperatures within a few percent without further parameter
calibration.150 In the current work we investigate the performance of a simple
(and rigid) four-site polarizable water model with a single van der Waals
and polarizable center, in which we introduce higher-order dispersion via a
C8 term as well. (Molecular) C6 and C8 values will be assigned from XDM
calculations,101,102 and static partial charges of the off-atom site and hydrogen
atoms as well as bond lengths are also directly determined from QM.

To compute a model value for the polarizability and as major part of our
current efforts, we design and use here an adapted version of our recently pro-
posed approach to determine condensed-phase polarizabilities from combined
QM/MM calculations.50,68 Previously we were successful in fitting atomic
polarizabilities for small alcohols from distributions of QM/MM-derived
values, as obtained for snapshots of solvent configurations around a given
solute.50 However, relatively wide distributions were obtained which led to
uncertainties in the fitted polarizabilities.50,68 As a remedy we propose here a
constrained-fitting strategy and demonstrate that our redesigned approach
allows to determine a consensus value for the polarizability based on our
QM/MM calculations. Together with the other parameters derived from
quantum (and XDM) calculations, this leaves us with a single parameter (i.e.,
the repulsive van der Waals constant) to be empirically calibrated in order to
obtain our final water model. We calibrate this parameter based on pure-liquid
thermodynamic properties of water at ambient conditions and we find that
our final model has a static dielectric permittivity at room temperature and
heat of vaporization at a wide range of temperatures (250-370 K) that are close
to experimental estimates, while it also shows a maximum in water density in
the expected region.
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updated every time step and a long-range cutoff up to 1.4 nm, where interac-
tions are updated every fifth time step. A reaction field long range correction
was added,74,154 with a cutoff distance of 1.4 nm equal to the long range cutoff
(rc,r f = rclr). The homogeneous medium outside of the cutoff was assigned a
dielectric constant of 78.4, equal to the experimental value for water.155 The
SPC molecules in the simulations were kept rigid and were constrained using
SHAKE with a relative tolerance of 0.0001.73 From each of the 500 frames a
unique set of solvent coordinates is extracted and gathered around the solute
molecule. Only water molecules of which the oxygen is within an interaction
distance (1.4 nm) of any of the solute atoms are considered for the combined
QM/MM calculations. The point charges from the considered water molecules
are introduced as Bq (i.e., MM partial) charges in a quantum calculation at the
B3LYP/QZ4P level of theory.117–121 These QM/MM calculations are used to
evaluate effective electrostatic potentials (φ) at grid points around the solute
molecule. A suitable Connolly grid156–158 for this analysis is generated using
GAMESS-US 2014,115,159 using four incremental layers with a point density of
five points per bohr2 as described in detail in reference 50.

Electrostatic model

Static partial charges were fitted to reproduce the QM-determined vacuum
electrostatic potential of the water solute molecule, used as reference during
the polarizability calculations. A static charge was placed on both hydrogens
and on an off-atom M-site placed at 0.0225 nm distance from the oxygen atom
on the x-axis in the direction of the hydrogen atoms (cf. Figure 4.1). The
magnitudes of the static charges were determined in a least-squares fitting
protocol with an additional constraint for the total molecular charge to be
zero.160 Explicit polarization was treated using the Charge-On-Spring method
(COS),35–37,64 where a weightless movable charge is attached to polarizable
sites. In the case of our simple four-site water model this movable charge
is attached to the off-site (M) with a polarizability as determined using our
QM/MM protocol. The COS particle was assigned a charge of -8.0 e, consistent
with previous work by us and others, as this value allows for the determination
of electric fields on the attached site and not the COS itself (which is more
expensive).37,64,141,161 The positions of these COS particles are updated in
a self-consistent field optimization (SCF) between steps in the simulation,
consistent with a Born-Oppenheimer treatment of the system.162

Dispersion calculations

To compute molecular dispersion constants for water, Quantum Mechanical
(QM) calculations of a single molecule were performed on the B3LYP level
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of density-functional theory using an augmented spherical basis set (aug-cc-
pVTZ).122,123 Dispersion parameters were calculated using Exchange-Hole-
Dipole moment calculations (XDM) as described in our previous work on
dispersion calculations.150 Molecular electron densities resulting from these
QM optimizations are partitioned into atomic contributions using an iterative
hirshfeld scheme (Hirschfeld-I)89 with pro-atom densities that were computed
at the same B3LYP/aug-cc-pVTZ level of theory. Note that the sum of these
atomic densities reproduces exactly the molecular electron density.91 The
atomic partitioning was performed in Horton version 2.1.0,127 and both the
integration grid and global Hirshfeld weights for each atomic center were
written out to file. A modified version of the postg program was used to
compute the exchange-hole-dipole moments and to translate these into atomic
C6 and C8 dispersion coefficients.103,124,125,163 At this time higher order (C10
and up) dispersion coefficients are not used. In our previous alkane work
in which we introduced higher order dispersion parameters into molecular
simulation, C11 was found to be the most optimal repulsive shape to include
Pauli exclusion effects.150 The resulting van der Waals interaction is a C6-
C8-C11 potential where the C6 and C8 are attractive terms and the C11 is a
repulsive term (Equation 4.1). Note that while the choice of C11 was empirical
and based on tests on pure-liquid simulations, a C11 repulsive term is a natural
choice considering that physically, the odd dispersion terms are repulsive in
nature.131

Vvdw = −C6

r6 −
C8

r8 +
C11

r11 (4.1)

Pure-liquid MD simulations

Pure-liquid simulations were performed for all water models with GROMOS11

md++ version 1.4.0,70,164 with a modified van der Waals potential function
to accommodate explicit C8 attractive and C11 repulsive terms. For each
simulation 1024 water molecules were placed in a rectangular box using the
GROMOS++ tool ran_box under cubic periodic boundary conditions.77 Pure-
liquid properties were inferred from NpT simulations in which the reference
temperature was coupled weakly to an external bath using the Berendsen
thermostat with a coupling time of 0.1 ps.72 To discard possible artifacts165 due
to use of this thermostat, we compared our computed values for the density
and heat of vaporization with those when using a Nosé-Hoover thermostat,
which differed within 0.01% only. Pressure was maintained at 1 atm using a
Berensden barostat with a coupling time of 0.5 ps.72 Equations of motion were
integrated with a time step of 2 fs and using the leap-frog algorithm. Van
der Waals benchmark runs consist of a 100 ps thermalization process in five
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steps, followed by an equilibration procedure under production conditions for
500 ps and production runs were 250 ps in total. Final model was simulated
for a total of 12 ns using a 2 ns pre-equilibration period. Coordinates were
written out every 1 ps for subsequent analysis, while instantaneous energy
components were written out at 0.2 ps resolution. The water model was
geometrically constrained using three bond vectors and the SHAKE algorithm
with a relative geometric tolerance of 0.0001.73

Pure-liquid property analysis

For the determination of pure-liquid properties the GROMOS++ run analysis
toolkit was used.77 Pure-liquid properties were determined from the instanta-
neous energy components as written out by md++. Average densities were
obtained through the calculation of the ratio between the total system mass
(number of water molecules Nwater multiplied by the molecular mass Mwater)
and the average box volume V as depicted in Equation 4.2.

〈ρ〉 = Nwater ·Mwater

〈V〉 (4.2)

The heat of vaporization (∆Hvap(T)) was calculated from the difference of
the averaged molecular potential energy in the gas phase 〈Egas〉 and the con-
densed phase 〈Eliq〉 with the addition of the ambient pressure work (Equation
4.3). Two correction terms were added (Cvib and Cni) that account for the
change in vibration modes and non-ideal gas behavior of water, respectively.
Values for both correction terms at temperature intervals relevant to this work
are tabulated by Horn et al.145

∆Hvap(T) = 〈Egas〉 − 〈Eliq〉+ nRT + Cvib + Cni (4.3)

To calculate the dielectric permittivity of the liquid, the box dipole response
to a homogeneous external electric field is used (Equation 4.4). The ratio
of the response dipole in the z-dimension 〈Mz〉 for a box with volume V,
with the external (z-based) electric field Eext

z determines the static dielectric
permittivity ε(0).80,145,166

ε(0) = 1 + 4π
〈Mz〉
VEext

z
(4.4)
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Diffusion coefficients were calculated using the Einstein relation, where
the self-diffusion coefficient is determined in the limit of the mean-square
displacement (Equation 4.5), where~r(t) denotes the oxygen position at time t.

Dpbc = lim
t→∞

〈(~r(τ + t)−~r(τ))2〉
6t

(4.5)

Diffusion coefficients were corrected for simulation box sizes using the
method developed by Yeh and Hummer,79 where a diffusion correction is
computed using the shear viscosity (η) of the system (Equation 4.6).

D = Dpbc +
2.837297 kBT

6πηL
(4.6)

The secondary properties isobaric heat capacity (Cp), thermal expansion
coefficient (αp), shear viscosity (η) and isothermal compressibility (κT) were
calculated exactly as described in references 141 and 167.
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4.3 results and discussion

To determine the value of the polarizability to be used in our water model, we
started using our previously published protocol based on condensed-phase
QM/MM calculations of a QM water solute surrounded by water solvent
molecules described at the MM level.50,68 For that purpose we extracted 500

MD-generated configurations of water shells around the solute. These solvent
shells were used to evaluate the solute’s molecular electrostatic potentials
(MEPs) in condensed-phase environment, evaluated on a Connolly grid sur-
rounding the water solute.156–158 We expect a difference between the solute’s
MEP in the gas and condensed phase due to polarization of the solute. In our
QM/MM calculations the solute is polarized by introduction of the Bq (MM
partial) charges of the surrounding solvent waters in the quantum calculation.
The difference between the MEP (φ) on a grid point in a condensed-phase
(solv) and gas-phase environment (vac) is given in Equation 4.7:

φinduced = φsolv − φvac (4.7)

The induced potential φinduced can be represented by fitting induced atomic
dipole moments at the polarizable centers of interest, Equation 4.8. Here ~µi
denotes the induced dipole at polarizable center i that generates a potential
toward a grid point n with connecting vector ~rin (with norm rin).

φµ,n = ∑
i

1
4πε0

~µi · ~rin

r3
in

(4.8)

The model assumes that the ~µi’s are due to an external electric field Ei at
each polarizable center i. These external electric fields can be computed using
a simple Coulomb model (Equation 4.9) that sums over the influence of all
external (MM) point charges qj.

Ei = ∑
j

1
4πε0

qj ~rij

r3
ij

(4.9)

To determine polarizabilities at center i our original approach computes the
ratio between the fitted induced dipoles and known electric fields for each of
the diagonal components of the polarizability tensor (αi,xx, αi,yy and αi,zz). In
our previous work we were successful in deriving effective polarizabilities for
molecular simulation by averaging over the medians of the distributions of
αxx, αyy or αzz values obtained for the set of solvent configurations from MD.
However, individually derived values for the polarizabilities were not always
physically meaningful. Especially in cases in which the local external electric
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field in a given direction is close to zero (e.g. by symmetry), small deviations
from the assumed linear response of the fitted induced dipoles to the external
field can lead to large uncertainties in the computed polarizability.50,68 This
can be observed even for our polarizability fitting for water, where (total)
external electric fields at the polarizable oxygen center are typically high.
For the 500 unique solvent configurations we obtain a large spread in the
distribution of αyy and αzz values (Figure 4.2a), with some of the values even
in the nonphysical negative range.

In order to improve the consistency in our derived values for the polarizabil-
ities and to narrow the distribution of values obtained for our set of solvent
configurations, we introduce here two adaptations to our QM/MM approach.
The first improvement is in the calculation of the effective electric fields at the
polarizable center(s). Originally a pairlist based method was used, consistent
with classical molecular simulation, to compute the effective electric fields on
each polarizable site. However, this can lead to inconsistencies with the list
of MM charges entering the QM/MM evaluation of the MEP, as the concept
of range-based cutoffs is not employed here. Hence electric fields should be
calculated using the full solvent shell that is used as Bq QM input, while
inconsistencies in the employed solvent shell can have a significant influence
on sites with small values (i.e., lower than 500 kJ mol−1 nm−1 e−1) for the
local electric field in one or multiple directions. As a result we found that in
some cases even the sign of the fitted multipole can change. Here we omitted
the use of a cutoff in determining the electric fields at the solute atoms, in
order to be consistent with the MM solvent shells entering our QM/MM
calculations. These improved electric field calculations led to a decrease in the
standard deviations for the calculated polarizabilities. This is demonstrated
when determining the effective molecular polarizability located at the water
oxygen atom, in particular in the y and z directions (with relatively small
values for the corresponding values of the local electric field), with standard
deviations decreasing from 17.8 · 10−3 nm3 and 38.1 · 10−3 nm3 (data not
shown) to 8.1 · 10−3 nm3 and 10.4 · 10−3 nm3, respectively, Figure 4.2a. How-
ever, negative values for the polarizability were still observed (Figure 4.2a)
and these standard deviations still imply a significant uncertainty in the cal-
culated polarizabilities, which may well become more pronounced in cases
in which net electric fields are even lower (e.g. alkanes or other hydrophobic
compounds). Note that while the original method is noisy for small electric
fields, the overall fitted induced dipoles in each dimension (x, y and z) do
show linear response to the external electric fields. The correlation coefficient
(R2) of approximately 0.9 indicates a linear response for the range of external
electric field strengths in a hydrated environment (Figure 4.3a-c). Based on
this finding our model does not include a damping factor of the polarizability
at high electric fields, as is applied for example in the recently published
COS/D2 model141 which is also based on charge-on-spring polarization.
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Figure 4.3: Fitted induced dipole moments (µind) in the presence of an external electric
field (E), plotted for each separate dimensional component (x, y or z). In
panels a-c the results obtained using our original method (with updated E
calculation) are presented, where induced dipoles of the QM solute were
fitted independently for each individual solvent configuration obtained
from MD. The x, y and z components of these induced dipoles are presented
in panels a, b and c, respectively. Panels d-f present the results of our
consensus fitting approach, where 20 independent solvent configurations
are used simultaneously in each constrained fit of the induced dipole
moments. The x, y and z components of these induced dipoles are presented
in panels d, e and f, respectively.

per fit on (non-overlapping) subsets of 20 randomly selected MD snapshots
each, to remove configurational bias. As expected, the overall fitting error
increases because the number of degrees of freedom is reduced. However,
despite a twenty-fold decrease in the total number of fitting parameters, the
overall squared error (χ2) only increases by 25% on average (Figure 4.2c). By
enforcing linear response between a group of randomly selected frames, we
obtain a better defined response to external electric fields (R2 > 0.99, Figure
4.3d-f) when compared to using our approach based on fitting per individual
MD snapshot (Figure 4.3a-c). It should be noted that while this behavior is
enforced within the subsets of 20 snapshots, the fact that all sets of snapshots
behave in a similar manner means that we are satisfactorily capturing polariz-
ability. As a result, distributions of αk from this updated method are narrow
(expressed by a small standard deviation) and well resolved in all dimensions,
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independent of the strength of the average electric field, Figure 4.2b. As the
COS model is only implemented in an isotropic manner, we determine the
isotropic polarizability with the trace of the polarizability tensor (Equation
4.11).

αiso =
αxx + αyy + αzz

3
(4.11)

The resulting polarizability (αiso) of 1.05 · 10−3 nm3 is slightly lower than
the value of 1.1 · 10−3 nm3 determined in previous work by us and still close
to the value of 1.08 · 10−3 nm3 reported by Schropp and Tavan for use in
combination with a point-determined electric field.51,150 Schropp and Tavan
argued that the effective electric field < E > due to the water solvent as aver-
aged over the approximate molecular volume of a hydrated water solute (i.e.,
the field that causes the actual polarization in the QM/MM calculations) is
significantly lower than the point-determined EO at the oxygen nucleus, which
is commonly used when determining induced dipole moments in molecu-
lar simulations with the COS model. This argument can explain both the
lower value of effective model values for the polarizability when compared
to its gas-phase estimate e.g. from quantum calculations (1.44 · 10−3 nm3

)168 and the overpolarization (in terms of too high dielectric permittivities)
observed for early COS water models, for which the polarizability was set to
1.225 · 10−3 nm3 or higher.37,64 We note that if isotropic atomic polarizabilities
are fitted on three sites (hydrogens and off-atom M site), the average molecular
isotropic polarizability increases to 1.21 · 10−3 nm3 (data not shown). The fact
that the molecular polarizability increases to 1.39 · 10−3 nm3 when treating the
electric field in a homogeneous manner (i.e. by applying a continuous electric
field to the water solute instead of a field of explicit solvent point charges in or-
der to determine φsolv in Equation 4.8) also supports the argument of Schropp
and Tavan. Thus, the inhomogeneous treatment of the response to the solvent
electric field may well be on the basis of the observed decrease in molecular
polarizability when comparing the gas-phase reference value with our (and
other) QM/MM determined condensed-phase estimates, also considering that
point-charge inclusion of the external electric field in the QM Hamiltonian
cannot lead to exchange repulsion with the solvent. Our QM/MM determined
value for αiso is also close to the empirically determined polarizability of
1.04 · 10−3 nm3 in the Drude-oscillator (DO) SWM-DP model.44 In the more
recent six-site and negative DO models, this polarizability was scaled down to
values of 0.97825 · 10−3 nm3 and 0.88 · 10−3 nm3 ,140,147 which are lower than
our QM/MM determined value.

In our water model the molecular geometry is rigid, with lengths of the
(three) constrained bonds equal to those of the QM optimized gas-phase
geometry, Figure 4.4. This rigidity allows for inclusion of an off-atom site
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To describe van der Waals interactions we use our recently proposed higher-
order dispersion model that includes a C8 term. From a QM calculation on a
water solute we directly derived atomic C6 and C8 coefficients as described
previously by us150 for both the oxygen and hydrogens. To preserve the
simplicity of previous water models as solvent for molecular simulation we
opted to keep a single van der Waals site. The rationale is that hydrogen-
bonding is of weak covalent nature and therefore cannot be modeled solely
with a simple repulsive function. Hence the dispersion coefficients assigned
to the hydrogens were re-partitioned to the oxygen site by summing the
square-root of the coefficients (Equations 4.12 and 4.13).99

C
1
2
6,comb = C

1
2
6,O + 2 · C

1
2
6,H (4.12)

C
1
2
8,comb = C

1
2
8,O + 2 · C

1
2
8,H (4.13)

In this way we could derive values for both C6 and C8 directly from quantum
and XDM calculations,163 with values of 43.44 a.u. and 1201.3 a.u., respectively.
These were combined with a C11 repulsive potential as determined suitable
in previous work.150 With our QM determined static-charge model and our
XDM and QM/MM values for the dispersion constants and polarizability, we
could now calibrate a water model solely based on the radius of the oxygen
van der Waals site.

C11,ij =

(
C6,ij

σ6
ij

+
C8,ij

σ8
ij

)
σ11

ij (4.14)

Using the definition of a van der Waals radius, C11 repulsive constants are
calculated here from the zero-point energy of the van der Waals potential
energy function (Equation 4.1) for which the repulsive term of the function
equals the sum of the attractive terms, Equation 4.14. σij in Equation 4.14

denotes the sum of the van der Waals radii ri and rj for an atom i and j.
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Table 4.1: Force-field parameters for dispersion and electrostatic interactions. Values
obtained in this work are listed together with values used in SPC and in other
charge-on-spring (COS) and Drude-oscillator (DO) water models. As the
form of the van der Waals potential energy function used here is different
from the other models (by means of inclusion of a C8 and C11 term in
this work), the functional form of the repulsive term is listed as Cx. Van
der Waals parameters are listed using homo-dimer dispersion parameters
and repulsion is listed in terms of a van der Waals radius ro. Electrostatic
parameters are listed for the atomic site, of the oxygen (qo), the atomic site
of the hydrogen (qh), the offsite position (qm), oxygen lone pairs (ql) and the
charge on the COS particle (qu). Damping power (p) and the damping field
strength (E0) are only used in the COS/D2 model. All water models (except
SPC) include a single polarizable site, therefore a molecular polarizability (α)
is listed. Note that for charge assignments the values listed are the charges
as written in the topology; GROMOS-style force fields (This work, SPC, COS)
assign internally an effective charge of qi - qCOS for a polarizable site, to
balance out the introduction of a large COS charge. Reference values for
C6 and α were taken from references 170 and 168, respectively. Values for
SWN4-NDP and SWM6 DO water models were taken from reference 140

and values for SPC, COS/G2 and COS/D2 were taken from reference 141.
Expt. This work SPC COS/G2 COS/D2 SWM4-NDP SWM6

C6 a.u. 45.4 43.44 45.40 56.27 56.28 63.80 50.34

C8 a.u. 1201.3

ro nm 0.1605 0.1583 0.1598 0.1582 0.1592 0.1599

Cx C11 C12 C12 C12 C12 C12

qo e -0.82 1.71636 1.91589

qh e 0.539 0.41 0.5265 0.57 0.55733 0.53070

qm e -1.078 -1.053 -1.14 -1.11466 -1.13340

ql e -0.10800

qu e -8.0 -8.0 -8.0 -1.71636 -1.62789

α 10−3 nm3
1.44 1.05 1.255 1.3 0.97825 0.88

E0 kJ mol−1 nm−1 e−1
140

p 8

For the calibration of the oxygen radius we performed a systematic single-
dimension parameter scan starting from its Bondi estimate.108 Performance
of each point in the parameter scan was evaluated based on a comparison of
calculated and experimental values for the pure-liquid heat of vaporization
and density at 298.15 K. In this way we found an atomic van der Waals radius
for the oxygen of 0.1605 nm to be compatible with the other fitted parameters,
Table 4.1.

With our final parameter set both the density (ρ) and heat of vaporization
(∆Hvap ) are within 1% of the experimental value, which is similar to the perfor-
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mance by other COS or DO models in literature, Table 4.2. While the primary
target of our force field optimization is a correct description of thermodynamic
properties, we also evaluate model performance in terms of describing trans-
port properties. We find that the standard diffusion constant as determined
with the Einstein relation is slightly too small at 1.90 10−5cm2s−1, versus an
experimental value of 2.3 10−5 cm2s−1.171 However, Yeh and Hummer have
shown that the diffusion constant depends on the simulation box size and
should therefore be corrected with a term related to the shear viscosity of
the liquid.79 Correcting the diffusion coefficient based on the model’s shear
viscosity (η in Table 4.2) results in a diffusion constant of 2.17 10−5cm2s−1,
close to the experimental value.

Table 4.2: Pure-liquid properties of water as calculated from a 10 ns NpT simulation
at 298.15 K and 1 atm (This work). Reference experimental data (Expt.)
are listed for the density (ρ),145,172 heat of vaporization (∆Hvap ),145,173

diffusion constant (corrected for box size, D),174 static dielectric permit-
tivity (ε0),155 the static (µstatic)169 and averaged molecular dipole moment
(〈µ〉),171 constant-pressure heat capacity (Cp),129 thermal expansion coeffi-
cient (αp),145,172 shear viscosity (η),175 and isothermal compressibility (κT).176

Values for the diffusion constant under periodic boundary conditions (Dpbc)
and the self-polarization energy (Usel f pol) are also listed. Values for SWN4-
NDP and SWM6 water models were taken from reference 140 and values for
SPC, COS/G2 and COS/D2 were taken from reference 141.

Expt. This work SPC COS/G2 COS/D2 SWM4-NDP SWM6

ρ kg m−3
997 993 973 999 999 994 996

∆Hvap kJ mol−1
44.01 43.81 43.9 43.7 44.08 43.7 44.0

Dpbc 10−5 cm2 s−1
1.90 4.1 2.0 2.2 2.35 1.76

D 10−5 cm2 s−1
2.3 2.17 2.85 2.14

ε0 78.4 77.6 64.7 96.6 78.9 78.0 78.1

µstatic D 1.855 1.856 2.27 1.85 1.855 1.85 1.85

〈µ〉 D 2.95 2.47 2.27 2.61 2.55 2.459 2.431

Usel f pol kJ mol−1
12.5 15.9 14.4

Cp J mol−1 K−1
75.3 91.9 93.0 107.7 88.9

αp 10−4K−1
2.57 3.86 9.0 7.0 4.9

η cP 0.89 0.72 0.66 0.87

κT 10−6 atm−1
45.8 41.7 47.8 47.8 44.4

An important validation step of any polarizable model is comparing its
static dielectric permittivity with the experimental estimate. We find that our
model gives satisfying results with a slightly lower value that is only 1% from
experiment (Table 4.2 and Figure 4.6).

The slight underestimation may be caused by treating polarizability in an
isotropic manner, considering that for the (x) dimension with highest net
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Figure 4.6: Averaged polarization response of our polarizable water model (〈Pz〉) to an
external electric field (Ez

ext), used to determine the model’s static dielectric
permittivity by linear regression (R2 > 0.99).

electric fields, we found a slightly higher effective polarizability compared to
the model’s isotropic value, cf. Figure 4.2b and Table 4.1 (αx = 1.19 · 10−3 nm3

versus αiso = 1.05 · 10−3 nm3 ). While the reference value for the pure-liquid
molecular dipole moment of water has been debated for several years, there
has been consensus that it is larger than the values that are typically employed
in additive models.27
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Figure 4.7: Density (ρ) and heat of vaporization (∆Hvap ) over a range of temperatures
(248 K – 373 K) for water: comparison between experimental values (black
crosses) and values calculated from simulation using the water model pre-
sented in this work (blue circles). Calculated values of ∆Hvap are corrected
for changes in vibrational modes upon evaporization, which contribute
significantly as documented by Horn et al.145
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Table 4.2 shows that our and other polarizable models also have a lower
average molecular dipole moment than the value reported in reference 171.
Considering the treatment of electrostatics in terms of point charges and a
single local inducible dipole moment in these models, their relatively low
molecular dipole moment may be in line with the argument of Schropp and
Tavan discussed above for the effective decrease in polarizability when going
from the gas-phase reference to its QM/MM estimated condensed-phase
value.51

Our model shows no further significant increase in density for temperatures
below 273 K, leveling off at 1001 kg m−3, Figure 4.7a. We observe a density
maximum peak at 261 K, and the heat of vaporization is well within 2 percent
of experiment over the full range of temperatures considered (Figure 4.7b).
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4.4 conclusions

In this work we redesigned a QM/MM based method to determine condensed-
phase atomic polarizabilities for use in molecular simulation. For water,
effective polarizabilties are lower than the gas phase estimates, consistent with
earlier work by others and us. By following a consensus-fitting strategy, our
redesigned approach allows to determine how large the response of induced
dipole moments in explicit polarizable models should be, also in cases of
low electric fields for which we previously obtained large uncertainties in the
calculated polarizabilities. We used this strategy to obtain a condensed-phase
value for the polarizability of water which we combined with XDM determined
C6 and C8 dispersion constants and a QM-derived bonded and static-charge
model, to define a polarizable force field for water. Our model utilizes a C6-
C8-C11 potential for the van der Waals interactions and was calibrated using a
single parameter (i.e., the van der Waals radius of the oxygen) while keeping all
other parameters at their QM and QM/MM determined values. The final water
model is to our knowledge one of the first to explicitly include higher-order
dispersion, while maintaining an overall simple physical description of atomic
interactions. Therefore it could provide a basis for the parameterization of
next-generation force fields that include higher-order dispersion effects. Such
inclusion is of particular interest as Shaw and co-workers recently indicated
that increased water-protein dispersion interactions may be required for a
proper description of disordered protein states.133,134 The resulting model
shows good performance in pure-liquid properties as well as promising results
in temperature response.
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5.1 introduction

(5.1)
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(5.2)

We recently addressed this challenge by introducing an extended proto
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functional group.
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abstract

Force field parametrization involves a complex set of linked optimization
problems, with the goal of describing complex molecular interactions by
using simple classical potential-energy functions that model Coulomb interac-
tions, dispersion and exchange repulsion. These functions comprise a set of
atomic (and molecular) parameters and together with the bonded terms they
constitute the molecular mechanics force field. Traditionally, many of these
parameters have been fitted in a calibration approach in which experimental
measures for thermodynamic and other relevant properties of small-molecule
compounds are used for fitting and validation. As these approaches are labo-
rious and time consuming and represent an underdetermined optimization
problem, we study methods to fit and derive an increasing number of parame-
ters directly from electronic structure calculations, in order to greatly reduce
possible parameter space for the remaining free parameters. In the current
work we investigate a polarizable model with a higher-order dispersion term
for use in biomolecular simulation. Results for 49 biochemically relevant
molecules are presented together with updated parameters for hydrocarbon
side-chains. We show that our recently presented set of QM/MM derived
atomic polarizabilities can be used in direct conjunction with partial charges
and a higher order dispersion model that are quantum-mechanically deter-
mined, to freeze nearly all (i.e. 132 out of 138) nonbonded parameters to their
QM determined values.
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6.1 introduction

The corner stone of many currently available molecular simulation approaches
comprises the underlying models that describe and predict physico-chemical
properties and behavior of the systems of interest.184,185 Molecular-mechanics
(MM) based force fields are used to model electronic interactions implicitly by
using simple but powerful functions that attempt to effectively describe non-
bonded interactions such as dispersion, Coulomb interactions and exchange
repulsion.23 The parameters in such a force field can be either derived from
electronic structure calculations, linking their values directly to behavior on
the electron level, or they can be calibrated in an optimization approach.186–188

For many currently available force fields a mixed strategy has been used in
which only part of the parameters are directly derived from quantum mechan-
ical (QM) calculations and others are fitted or scaled based on thermodynamic
properties of e.g. small molecule analogs.186,187,189 Even with current com-
puting resources, force field calibration remains laborious, relying on manual
calibration189 and/or (semi-)automated methods that perform genetic190 or
gradient descent optimization strategies.191 Although state of the art and of
clear value to the research field, nearly all automated methods may well have
problems in finding physically relevant minima, given the complexity of the
underlying optimization problem.

Recently this has motivated others and us to propose strategies and report
attempts to directly derive force field parameter sets from QM electronic struc-
ture calculations,99–101,150,192 allowing us to derive near ab-initio force fields for
molecules. Such force fields could in principle be directly used in molecular dy-
namics simulations (or equivalent force field based methods).99,100,104,150,182,192

Additionally we see a role for such ab-initio parameterization to serve as seed-
ing points for automated calibration, providing chemically sensible starting
points that could be refined from that point. Work by Cole et al.99 illustrated
well that Coulomb and van der Waals non-bonded parameters can be di-
rectly obtained from electronic structure using Atoms In Molecules (AIM)
approaches to decompose molecular density contributions into atomic ones.91

As noted recently by Mohebifar et al.,101 deriving estimates for van der Waals
parameters from QM as starting point for calibration can be especially rel-
evant because these QM estimates indicate that current force fields sample
a different part of parameter space and systematically overestimate disper-
sion C6 constants. Properly covering van der Waals parameter space is of
particular interest because the recently increased interest in simulating disor-
dered proteins indicates that balancing solute-solute and solute-water van der
Waals interactions is of vital importance to correctly describe correct folding
states.133,134,193 We build onto these works and, considering that higher order
dispersion can contribute up to 40% of dispersion energies,102,104 we recently
proposed a dispersion potential that does not only include a C6 but also a
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higher-order C8 term.150,182 Use of this potential was verified in a simulation
study on a series of hydrocarbons, for which we directly derived bonded
and non-bonded force field parameters from QM.150 To determine atomic C6
and C8 coefficients we used Exchange Hole Dipole Moment (XDM)103 calcu-
lations on Iterative-Hirshfeld (Hirshfeld-I)89 partitioned molecular densities.
In this manner atomic dispersion pair coefficients (C6 and C8) can directly
be derived.101,103 In combination with a C6 and C8 potential, we found that
compared to using a C12 function to mimic exchange repulsion,23 employing
a C11 repulsive potential instead gave improved results for alkanes.150,182 C11
or other types of pair constants can be directly derived from the zero-point
van der Waals energies of corresponding atom pairs, as defined by the ef-
fective radii of the atoms of interest. To estimate these radii we used in our
alkane study a pre-optimized polarizability based scaling function.107 This
effectively amounts to the Tkatchenko-Scheffler approach130 which scales
reference atomic radii by the ratio between the partitioned atomic volumes
and corresponding atomic reference volumes, similar to the method employed
by Cole et al.99

Recent work of Kooi et al.194 illustrates that higher-order dispersion coeffi-
cients (up to C10) can be closely approximated without density distortion. This
indicates that the modeling of electronic polarization and dispersion effects
can be decoupled. Thus, a force field in which density distortion is explicitly
included through (atomic and/or off-site) polarizabilities may well use disper-
sion terms with van der Waals constants that are directly determined from
quantum calculation. We recently showed that effective atomic polarizabilities
for molecular simulation can be efficiently fitted from combined QM/MM
calculations on solutes with explicit polarizing solvent shells.68,182,195 Hence,
explicitly including electronic polarization effects into a force field does not
necessarily increase the number of free parameters and may even reduce it.
In addition it can greatly facilitate parameterization of effective Coulomb
potentials because charge fitting can be done in vacuo and may not need to be
corrected for missing self-polarization and electron structure distortion effects
as described by others.27

The aim of the current work is to obtain a starting point for a force field for
use in protein simulation that includes both explicit polarization effects and
higher-order dispersion. We present such a set of force field parameters for a
series of amino acid small-molecule analogs. Our force field comprises 138

non-bonded parameters, of which 132 constants (i.e. all dispersion and elec-
trostatic parameters) are quantum-mechanically determined. The remaining
parameters were calibrated based on experimental data for 49 small molecule
analogs. Thus, largest part of the force field constants (including those for the
bond-stretch and angle-bending terms) are estimated in an ab initio manner,
allowing us to solve a well-determined optimization problem for the remain-
ing (6) parameters. These are effectively defined by the van der Waals radii
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of free atoms, which are scaled by an AIM-derived volume ratio term.99 The
obtained force field parameter set can be directly used in classical molecular
dynamics (MD) simulation that includes higher-order dispersion and elec-
tronic polarization effects, or alternatively it can be used as starting point for
refinement with a fully automated force field optimization method.
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6.2 methods

Electrostatic Model

In this work we employ the Charge-On-Spring (COS)35–37 polarizable model to
explicitly include electronic polarization during MD simulations. The charged
massless COS particles are attached with a spring to their polarizable center,
which is often a heavy atom of the molecular system. Induced atomic dipole
moments (~µi) are thus expressed as the displacement (∆~ri) of the COS particles
from their associated polarizable center, given a static charge qpol on the COS
(which is counterbalanced by adding −qpol to the charge of its associated
polarizable center). Note that the COS displacement will depend on qpol , the
local electric field ~Ei at polarizable center i, and its (isotropic) polarizability αi,
Equation 6.1. Values for these polarizabilities were previously determined by
us for all chemical moieties and atom types of interest in this work, using a
QM/MM-based fitting approach.195

~µi = qpol · ∆~ri = α~Ei (6.1)

Because of their mutual dependencies, the displacements ∆~ri are determined
via self-consistent field (SCF) optimization until convergence.37 The ~Ei’s are
computed using simple Coulomb point potentials that sum over the set of
static charges and charges on the COS particles (qj’s at distance rij from atom i),
Equation 6.2. These routines are build into the GROMOS molecular dynamics
simulation package, using isotropic polarizabilities for all polarizable sites.37,70

Ei = ∑
j 6=i

1
4πε0

qj ~rij

r3
ij

(6.2)

To be fully self-consistent electric fields have to be calculated on the positions
of the COS-particles,161 however this is more expensive in terms of number of
pair interactions to calculate and therefore we always obtain an estimate at
the location of the polarizable center. All COS charges are assigned a value of
-8.0 e as we found that a sufficiently large charge is required to minimize the
inherent error in this approximation.161

Determining dispersion and exchange repulsion parameters

To compute atomic dispersion parameters, we made use of a similar small-
molecule compound library as utilized in our recent work on QM/MM fitting
of atomic polarizabilities for amino acid small-molecule analogs, Table 6.1.
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Initial molecular structures were downloaded from the Automated Topol-
ogy Builder (ATB, all geometry optimized at the B3LYP/6-31G* level of
theory).86 Using NWChem version 6.8 these structures were further optimized
at the B3LYP/aug-cc-pVTZ level of theory and the resulting wave files were
stored.113,117–121 These were subsequently converted with MOLDEN2AIM,
resulting in wfx wave function files that could be read by postg for post
processing.124–126 Electron densities were partitioned into atomic contribu-
tions using the iterative Hirshfeld method in Horton version 2.1,88,89,127,150

writing out the Hirshfeld weights to file for each atom. All subsequent XDM
dispersion calculations were performed with a in-house adapted version of
postg, which allows for reading in of integration grids and accompanying
Hirshfeld weights.150 The resulting pair coefficients (C6 and C8) on the diag-
onal of the coefficient matrix were subsequently stored and averaged over
so-called van der Waals types. Off-diagonal elements of the pair coefficient
matrix are currently not used, as their application would require calculations
where each van der Waals type is present, which is simply infeasible. Instead
heterogeneous pair coefficients (C6 and C8 in Equation 6.3, with rij the distance
between an atom pair i and j) were obtained using the same combination rules
as specified in our previous study on liquid alkanes.150

Uvdw = −C6

r6
ij
− C8

r8
ij
+

C11

r11
ij

(6.3)

As part of the pair-wise van der Waals potential-energy term Uvdw we use a
C11 repulsive potential as previously proposed by us,150,182 which introduces
higher order dispersion in combination with a C11 repulsive term (Equation
6.3). The values for the C11 constants cannot directly be derived from QM
calculations. We infer their values using van der Waals radii. As the zero-
energy distance for the van der Waals interaction between a pair of atoms is
defined by the sum of their effective van der Waals radii, the definition of these
van der Waals radii automatically yields the C11 coefficients.182 We find the
atomic radii ratom by scaling a free parameter called r f ree, which represents the
radius of a free atom in vacuo with a given volume Vf ree, Equation 6.4.99 The
atomic volumes Vatom in Equation 6.4 are derived from the AIM partitioning
and the free volumes come from the single atom database that is required for
Hirshfeld partitioning.88,89,127

ratom =

(
Vatom

Vf ree

) 1
3

· r f ree (6.4)

The C11 constants are subsequently obtained by solving for the zero point
energy in Uvdw, Equation 6.5. This means that C11 parameters are implicit, as
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they are directly derived from radii and dispersion constants. We calibrated
the exchange repulsion interactions in this work by optimizing values for
r f ree that together with our quantum determined bonded, electrostatic and
dispersion force constants best describe the thermodynamic properties of the
model compounds of interest.

C11 =

(
C6

(ratom,i + ratom,j)6 +
C8

(ratom,i + ratom,j)8

)
· (ratom,i + ratom,j)

11 (6.5)

Electrostatic potential (ESP) fitting of static atomic charges

The class of force field in this paper is an explicitly polarized force field.
Therefore when determining static partial charges for the molecules of interest,
we do not account for polarization by an environment of choice (e.g. water
for biomolecules) and all charges are determined in a vacuum environment.
We do this in an automated fashion for all molecules in Table 6.1, for which
single point calculations with the Amsterdam Density Functional (ADF)153

software at the B3LYP/QZ4P level of theory in the gas-phase, together with
the associated grid-based ESP, are already available for our QM/MM molecule
dataset used to determine polarizabilities.195 For our sets of point charges we
found that not only accuracy is important but also consistency in fitting them,
to make sure that each molecule representing a certain class of functional
groups behaves identical. Therefore, as in our QM/MM study to determine
atomic polarizabilities,195 we used here a consensus ESP fitting approach
in which (atomic) sites that should have chemical equivalence in terms of
charge distribution, are constrained to be assigned the same partial charge.
In this manner we fit charges that have an overall optimal fit in their class of
molecules, instead of averaging results from single molecule calculations.

Bonded parameters

Optimal covalent bond and angle configurations were determined from the
final geometry optimized configurations at the B3LYP/aug-cc-pVTZ level of
theory using NWCHEM 6.8, by averaging values for similar bonds and angles
within a class of molecules. To determine harmonic force constants for both
the bond-stretch and angle-bend functions we utilized a modified Seminario
approach,114 in which a QM Hessian calculation at the same B3LYP/aug-
cc-pVTZ level of theory is used to compute a Hessian matrix projection,
effectively fitting all force constants at the same time. The final sets of covalent
bond and angle parameters are summarized in Tables A14 and A15 of the
appendices, respectively.
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Dihedral parameters were transferred from the generated Automated Topol-
ogy Builder (ATB) starting topologies, effectively adhering to GROMOS 54A7

style dihedrals. As it is currently unclear how 1-4 neighbouring interactions
should be handled in general for our C6-C8-C11 dispersion and exchange
repulsion potential, we treated these using the traditional C6 and C12 types,
making the choice for GROMOS torsion force constants valid.

MD Simulations

All molecular dynamics simulations were performed using GROMOS11 md++
version 1.4.1,70 modified for the use of a higher order dispersion potential
with C6 and C8 terms in combination with a C11 exchange repulsion term.
Starting from the ATB downloaded atomic coordinates,86

1024 molecules were
randomly packed into cubic boxes using the GROMOS++ tool ran_box.77 To
resolve any steric clashes each molecular box was energy minimized using
steepest-descent minimization. Initial velocities were picked using a Maxwell-
Boltzmann distribution at 50K and the boxes were slowly thermalized in five
20 ps NVT simulations towards the target temperature. After a NpT equilibra-
tion of 2 ns under production conditions, the systems were simulated for 5 ns
which was used for analysis. Newton’s equations of motion were integrated
using a leap-frog integrator with a time-step of 2 fs. Coordinates and energies
were stored at 1 ps and 0.2 ps resolution, respectively. Temperature was
maintained for each molecule at the temperature listed in Table 6.1 using weak
coupling with a Berendsen thermostat and a coupling constant of 0.1 ps.72

In the cases where density and heat of vaporiztion reference data were not
acquired at the same temperature, two simulations were ran at both temper-
atures, respectively. Pressure was maintained at 1 atm using a Berendsen
barostat with a coupling constant of 0.5 ps.72 For each system in this study the
isothermal compressibility was set to 4.575 · 10−4 kJ mol−1 nm−3. All bonds
were constrained using the SHAKE algorithm with a relative geometrical
tolerance of 10−4.73 Nonbonded interactions were treated using a twin-range
cutoff scheme where interactions within 0.8 nm were evaluated every time
step and interactions between 0.8 nm and 1.4 nm were evaluated every five
time steps. In essence these longer range interactions are thus frozen for 4

steps. Long-range electrostatic interactions were treated using a reaction-field
approach, in which the medium outside the interaction cutoff was treated
as a homogeneous dielectric medium with the dielectric constants set to the
values listed in Table 6.1.74 Center of mass motion was removed in a linear
manner every 1000 steps. Gas-phase energies were acquired in 20 ns runs,
while the simulation temperature was maintained using stochastic dynamics
with a friction coefficient of 24 ps−1.
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Table 6.1: Small molecules (classified by their chemical moiety; one per molecule) as used in this work for evaluating our force field
parameter set in terms of reproducing experimental vaules of properties in molecular dynamics simulation. All molecules used
in initial training of r f ree parameters used in Equation 6.4 are marked with a cross. Simulation temperatures in K for both the
determination of liquid densities (T(ρ)) and heats of vaporization (T(∆Hvap)) are indicated. The dielectric constant used for
the homogeneous medium in the reaction field treatment is listed as ε0.

Compound class ε0 T(∆Hvap) T(ρ) Compound class ε0 T(∆Hvap) T(ρ)

propane x alkane 1.80 231 231 acetic acid x carboxylic acid 6.20 298 298

butane x alkane 1.77 273 273 propanoic acid x carboxylic acid 3.40 298 298

pentane alkane 1.84 298 293 butanoic acid carboxylic acid 2.90 298 298

hexane x alkane 1.88 298 298 acetaldehyde x aldehyde 21.10 298 298

heptane alkane 1.91 298 298 propionaldehyde x aldehyde 18.40 298 298

octane alkane 1.95 298 298 butyraldehyde aldehyde 13.40 298 298

nonane alkane 1.96 298 298 ethyl acetate x ester 6.00 298 298

iso-butane x alkane 1.83 261 261 methyl propanoate x ester 6.00 298 298

iso-pentane alkane 1.85 298 293 propyl acetate ester 5.60 298 298

3-methyl-pentane alkane 1.89 298 298 butyl acetate ester 5.10 298 298

3-ethyl-pentane alkane 1.94 298 298 methoxymethane x ether 6.20 254 254

cyclo-hexane alkane 2.02 298 298 ethoxyethane x ether 4.20 298 298

methanol x alcohol 33.50 298 298 1-methoxypropane ether 3.70 298 298

ethanol alcohol 24.00 298 298 propan-2-one x ketone 20.80 298 298

propanol x alcohol 20.00 298 298 butan-2-one x ketone 17.70 298 298

butanol alcohol 17.70 298 298 pentan-2-one ketone 15.40 298 298

pentanol alcohol 15.10 298 298 pentan-3-one ketone 16.60 298 298

hexanol x alcohol 13.00 298 298 hexan-2-one ketone 14.50 298 298

heptanol alcohol 11.50 298 298 ethanamine x amine 8.70 298 298

octanol alcohol 10.10 298 298 propan-1-amine amine 5.10 298 298
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2-propanol x alcohol 19.10 298 298 butan-1-amine x amine 4.90 298 298

2-butanol alcohol 16.70 298 298 N-ethylethanamine amine 3.90 298 298

2-pentanol alcohol 13.80 298 298 N,N-dimethylmethanamine amine 2.44 298 298

3-pentanol alcohol 13.40 298 298 N,N-diethylethanamine x amine 2.40 298 298
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6.3 results and discussion

The general parametrization strategy in this work is to fix as many parameters
as possible to quantum mechanical (QM) determined values in order to
reduce the number of free parameters in the force field. As in our previous
parametrization studies on alkanes150 and water182 the goal is to fix both
electrostatic and dispersion parameters (as well as the bonded force constants)
by computing and/or fitting them from electronic structure calculations. In
this way we are only left with a few general parameters describing exchange
repulsion for the elements used in this work (i.e., the r f ree’s) and possibly some
corrections to the general model. As the class of force fields we are interested
in is polarizable force fields, a first step in parameter assignment involves
the atomic polarizabilities that enter the COS model. For the functional
groups in this work we have published a comprehensive list of atom types
with associated polarizabilities that can directly be used in our force field.195

The first aim is now to define dispersion parameters for these atom types,
which are listed in Table A16. We do this by utilizing electronic structure
calculations for each query molecule at the B3LYP/aug-cc-pVTZ level of theory
and by partitioning the resulting electron densities with an iterative Hirshfeld
protocol.150 Exchange-Hole Dipole Moment (XDM) calculations then directly
yield C6 and C8 dispersion constants for atomic pairs.103,163 While XDM does
yield a pair coefficient matrix, directly using this would be infeasible as our
molecules of interest have only a single functional group and therefore the
calculated part of the global pair matrix for the atom types of interest in the
current work is sparse. Therefore we only used the diagonal elements of the
pair coefficient matrix and utilized geometrical combination rules (Equation
6.6) to form heterogeneous dispersion parameters for a given atom pair i,j,
identical to the form used in the GROMOS force fields.

C6/8,ij = C
1
2
6/8,i · C

1
2
6/8,j (6.6)

The resulting dispersion constants per atom type are listed in Table 6.2,
in which both the average determined C6 and C8 values together with their
standard deviations are listed. The dispersion coefficients for these types are
well resolved for the oxygen functional groups and we find larger spreads
in computed values in the nitrogen and hydrocarbon parameters. During
the iterative Hirshfeld partitioning there is still a varying amount of density
attributed to the C and N atom types. This is not surprising as with their
higher coordinatation number, the nitrogens and carbons have a relatively
larger degree of variety in local electronic environment than the oxygen atoms.
Nevertheless our results indicate that a relatively small number of dispersion
types can be sufficient to describe dispersion interactions in our model. In
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order to compute the accompanying exchange repulsion parameters, atomic
partition volumes as determined from our AIM calculations were averaged
per atom type. These were subsequently used as input for Vatom in a radius
scaling procedure (Equation 6.4) to determine effective van der Waals radii
ratom for all atom types. The effective hard sphere radii r f ree of isolated
atoms cannot be directly determined quantum mechanically. However, their
estimates are needed to derive ratom and, by using Equation 6.5, C11 values
for use in our dispersion-repulsion potential. As a result, we treat the r f ree
parameters as adjustable, effectively leaving a few required free parameters
in the model. This is acceptable as any repulsive potential used in molecular
mechanics is a loose approximation for Pauli repulsion effects, which are hard
to capture in simple pairwise atomic functions. Hence, it is unclear how to
define a more strictly theoretical approach to derive values for these radii.
Before calibrating the r f ree parameters in our model, static partial charges
were (directly) derived from fitting to DFT determined gas-phase molecular
electrostatic potentials (ESP), thus resulting in a charge set that represents the
Coulomb potential stemming from an unperturbed electron density. These
ESP fits are not done on an individual basis but a consensus approach is used
in which molecular charge distributions are fitted that best represent the ESPs
of all compounds considered, under the constraint that for every individual
atom type a single partial-charge value is obtained. As a consequence we
derive charge types in this work that are closely linked to the local chemical
environment of the atom, Cf. Table A17. Note that we only considered
influences from the environment upto 1 or 2 covalent bonds away, thereby
reducing the number of charge types in the force field when compared to our
choice made in our work on hydrocarbons. The reason is that we want to
eliminate intramolecular class variations stemming from small but significant
differences in the charge set, creating a more homogeneous response. The
thus determined set of atomic charges is presented in Table 6.3. Even though
no neutrality constraints were enforced during fitting, charge sums for the
full set of considered molecules were close to zero with a maximum absolute
deviation of 0.054 e. The remainder charges generated on the molecules are
smeared out evenly over the molecules, neutralizing them to zero. Having
fixed most dispersion and charge parameters as well as the bonded parameters
(Supplementary Tables A14 and A15), there are in principle only four free
parameters left to be calibrated for the set of molecules of interest. These are
the free atomic radii of the four elements occurring in the compound set (C, O,
N, H), which are needed for scaling towards the effective van der Waals radii
ratom (using atomic volumes as determined from our AIM calculations and
averaged per atom van der Waals type) and to obtain values for the exchange
repulsion parameters C11.
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Table 6.2: Dispersion parameters C6 and C8 in a.u. as obtained from our Exchange-
Hole Dipole moment (XDM) analysis. The presented values are averages
(avg) over the full set of 49 molecules (and their standard deviations, stdev)
that are obtained after classifying each atomic site as van der Waals (vdW)
type. Effective van der Waals radii ratom (nm) of atoms in molecules are
derived by scaling the (calibrated) radius r f ree of the isolated element in
vacuo with the ratio between the average atomic volume Vatom (of the vdW
type) and the free atomic volume Vf ree, Equation 6.4. Note that dispersion
and repulsion parameters for H_NN, H_OA and H_OAC were set to zero in
the final model; their C6 and C8 parameters were added to the atoms they
are attached to by using Equation 6.7, effectively also increasing C11 for these
heavy atoms via Equation 6.5. Type descriptions can be found in Table A16.

vdW Type C6 (avg) C6 (stdev) C8 (avg) C8 (stdev) ratom

C_H1 16.88 0.36 594.4 13.6 0.168

C_H1,O 13.46 0.24 444.9 9.4 0.160

C_H2 26.38 3.31 1161.9 223.3 0.180

C_H2,N 18.55 0.56 654.0 25.0 0.167

C_H2,O 17.20 0.35 592.1 14.2 0.164

C_H3 35.56 3.34 1664.4 206.4 0.187

C_H3,N 28.37 1.52 1220.5 109.1 0.179

C_H3,O 23.30 1.02 889.5 61.9 0.171

C=O 10.00 0.22 281.7 7.8 0.150

C=O,al 13.06 0.21 393.1 8.1 0.150

C=O,O 8.11 0.12 212.6 4.0 0.142

C=O,OAC 7.56 0.11 193.0 3.8 0.140

H_C 1.83 0.16 37.2 3.9 0.122

H_C,al 2.42 0.05 49.9 1.4 0.126

H_NN 1.07 0.05 22.1 1.4 0.111

H_OA 0.73 0.01 15.3 0.3 0.104

H_OAC 0.59 0.00 12.1 0.1 0.100

NN0 17.07 0.83 602.8 48.7 0.138

NN1 28.22 1.18 1218.6 78.9 0.150

NN2 37.96 0.42 1647.9 25.2 0.155

O= 20.25 0.19 570.4 8.3 0.141

OA 22.09 0.36 690.4 14.1 0.152

OAC 21.93 0.24 674.1 11.2 0.169

O=ac 22.14 0.19 646.3 10.3 0.143

O=,al 19.82 0.13 562.8 6.5 0.141

O=s 22.26 0.14 655.7 3.7 0.144

OES 16.20 0.19 471.7 8.3 0.139

OET 15.37 0.22 443.9 9.0 0.137
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Table 6.3: Partial charges (in e) classified per type of charge site. Values are determined
using a consensus least-square fitting approach to best reproduce molecular
electrostatic potential (ESP) grids determined at the B3LYP/aug-cc-pVTZ
level of theory for the 49 query compounds in vacuum. Type descriptions
can be found in Table A17.

charge type partial charge charge type partial charge

C_H1 -0.049 H_C2,OES 0.011

C_H1,OA 0.205 H_C2,OET 0.026

C_H2 -0.057 H_C3 0.029

C_H2,NN 0.061 H_C3,NN 0.030

C_H2,OA 0.173 H_C3,OA -0.017

C_H2,OES 0.290 H_C3,OES -0.004

C_H2,OET 0.101 H_C3,OET 0.039

C_H3 -0.085 H_NN1 0.264

C_H3,NN 0.044 H_NN2 0.264

C_H3,OA 0.290 H_OA 0.328

C_H3,OES 0.319 H_OAC 0.410

C_H3,OET 0.046 NN0 -0.389

C=O 0.483 NN1 -0.522

C=O,O 0.733 NN2 -0.659

C=O,al 0.494 O= -0.483

C=O,OAC 0.747 O=,al -0.466

H_C,al -0.050 O=ac -0.567

H_C1 0.050 O=s -0.560

H_C1,OA 0.028 OA -0.561

H_C2 0.030 OAC -0.609

H_C2,NN 0.035 OES -0.473

H_C2,OA 0.001 OET -0.321

As there is no satisfying method to determine these free atomic radii a
priori, we resorted to solving these as a general optimization problem in
which the free parameters are calibrated in a supervised manner.For that
purpose we optimized the densities and heats of vaporization of a training
series of compounds marked in Table 6.1, which are small-molecule analogs
for a series of amino acid side-chains and closely related chemical moieties.
Traditionally ρ and ∆Hvap have been used to optimize and/or evaluate force
field performance as they can be measured accurately in experiment, and
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their reproduction in simulation indicates a good balance between repulsive
and attractive interactions and a well balanced force field. While being of
high importance when evaluating force fields, solvation free energies are
not considered for this work yet as higher order dispersion is currently not
available in any of the free energy routines of molecular dynamics codes.

As target for our optimization problem we have set a maximal average
deviation from experiment of 25 kg m−3 for ρ and 2.5 kJ mol−1 for ∆Hvap
(kT). A force-field parameter set with such performance can later be used as
starting point for refinement in automated approaches. To reach our target we
started supervised calibration of single r f ree parameters for hydrogen, carbon,
oxygen and nitrogen. However, by restricting in this way the number of free
parameters to four, we did not manage to reach our goal and consistently
obtained parameter sets that underestimated ρ and ∆Hvap by twice our target
error values or more (data not shown). We pinned this down to difficulties in
describing hydrogen bonding in simulation, which is a non-trivial problem for
classical force fields as hydrogen bonds involve a degree of electron density
overlap. Therefore, when hydrogen bonding occurs, the classical description
of exchange repulsion (i.e. with an exponential repulsive function) is not
effective. We solved this in a similar manner as GROMOS and other force
fields, by setting dispersion and repulsive parameters for polar hydrogens
to zero. Because hydrogens contribute significantly to the dispersion energy,
their contributions have to be redistributed over the attached polar groups.
For every polar hydrogen atom type i, we perform an exact redistribution by
summation of the square roots of the (AIM-determined) dispersion constants
of i and its neighboring heavy atom type j, to find values that give the exact
same dispersion power (Equation 6.7). C6,i+j and C8,i+j are then assigned to
the involved heavy atom type, thereby effectively increasing its C11 value as
well via Equation 6.5.

C6/8,i+j =

(
C

1
2
6/8,i + C

1
2
6/8,j

)2
(6.7)

In particular for compounds with hydroxyl groups, we found that introduc-
ing C6,i+j and C8,i+j and setting the dispersion coefficients for the involved
hydrogens to zero yielded too dense liquids after optimizing r f ree for the
remaining three elements. Instead of performing a redistribution of repulsive
parameters, we instead opted to reparametrize the repulsive power for these
hydrogen bonding groups, effectively extending the number of free parame-
ters in our model to six (i.e. by introducing a r f ree parameter for nitrogen and
oxygen atoms that can donate hydrogen bonds). In this way we could train
our force field to obtain a final model for which the performance over all 49

compounds considered in this work is shown in Figure 6.1.
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Figure 6.1: Performance of the calibrated model in terms of reproducing experimental
values (exp) for pure-liquid densities ρ (a) and heats of vaporization ∆Hvap
(b) for the 49 compounds considered in this work (Table 6.1). The solid
line at the diagonal indicates perfect reproduction of experiment by sim-
ulation (sim). Dashed lines represent deviations of ±25 kg m−3 for ρ and
±2.5 kJ mol−1 for ∆Hvap.

For both the computed densities (Figure 6.1a) and heats of vaporization
(Figure 6.1b), the optimization targets are marked by a dashed line at a
deviation from experiment of 25 kg m−3 and 2.5 kJ mol−1, respectively. We
find that our highly constrained model is performing well. Notably, 63% of
the molecules fall within the optimization target for the density and 90% for
the heats of vaporization, suggesting that the underlying energetics are well
captured. On average the densities deviate 2.5% from experimental value,
while heats of vaporization are on average within 3% from experiment.

Overall we find a Root-Mean-Square-Deviation from experiment (RMSD) of
23.5 kg m−3 and 1.63 kJ mol−1 for density and heat of vaporization, indicating
that the force field is well behaved and shows comparable performance to pre-
vious force field optimization; see Table 4 for a comparison with results from
the 2016H66 re-optimization of the GROMOS-based non-polarizable force
field and from parametrization studies on the CHARMM Drude-Oscillator
polarizable models. Looking at the results per class of compounds (Table 6.4),
we find RMSDs in the range of 15.9 kg m−3 to 40.4 kg m−3 for densities and
0.68 kJ mol−1 to 2.84 kJ mol−1 for heats of vaporization. The largest deviations
are found for the acids included in this set, but we should consider that this
class of compounds has the largest absolute values for both density and heat
of vaporization.
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Table 6.4: Pure-liquid performance subdivided into results per class of molecules.
Performance for both density (ρ, in kg m−3) and heat of vaporization (∆Hvap,
in kJ mol−1) are given in terms of Root-Mean-Square-Deviations (RMSDs)
when comparing results from simulation with experiment. N is the number
of molecules per class of compounds. In addition to results obtained in this
work, data taken from reference 189 and references 46, 66 and 196 are given
as well for the 2016H66 and CHARMM Drude-Oscillator parameter sets,
respectively.

This work 2016H66
189 CHARMM Drude46,66,196

Class N RMSD (ρ) RMSD (∆Hvap) RMSD (ρ) RMSD (∆Hvap) RMSD (ρ) RMSD (∆Hvap)

ketones 6 29.8 1.38 13.7 1.3

acids 3 40.4 2.84 19.6 4.4

alcohols 12 13.2 2.16 34.0 3.3 6.34 1.98

aldehydes 3 16.2 0.68 10.0 2.6

alkanes 14 15.9 1.04 4.02 0.34

amines 6 25.2 1.03 50.2 4.4

esters 4 36.0 1.98 25.8 1.9

ethers 3 25.3 0.70 23.3 0.7 8.37 1.07

overall 49 23.5 1.63
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6.4 conclusions

In this work we presented a higher order dispersion model for the use in
explicitly polarized molecular dynamics simulation. By separating the in-
duction and dispersion term, we generated a force field that can use pure
dispersion (up to C8) inputs. The parameters were directly obtained from
quantum-mechanical (or QM/MM) calculations, and only the exchange re-
pulsion parameters had to be empirically calibrated. We did this based on
pure-liquid experimental data for thermodynamic properties of amino-acid
side-chain analogs. In total six free parameters were calibrated against a set of
liquid densities and heats of vaporization for 49 molecules, including 35 polar
and 14 apolar compounds. Overall we find a well behaving force field with
root-mean-square-deviations from experimental data of 23.5 kg m−3 and 1.63

kJ mol−1 for pure-liquid densities and heats of vaporization, respectively.
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Driven by the constant increase in computational resources and power,
modeling of biomolecular systems is now more accessible than ever, allowing
to simulate the dynamics of large biomolecular systems and/or time windows
of experimental interest. As these simulation time and system size barriers
are continuously pushed, the proper treatment of the underlying physics
may become the bottleneck in improving our understanding of the systems
of interest. We should realize that many of the traditional force fields were
calibrated when computational resources were scarce and therefore simulation
time and number of compounds were limited. Additionally this scarcity also
limited modeling in using higher-level methods such as quantum chemistry
for the fitting and determination of static parameters. Many incremental
improvements have been made to these force fields, but we would have to
keep in mind that these optimizations are all made within their local parameter
space, while it is likely that the global optimum for these parameterizations
was not found. Hence it seems to be an ideal time to utilize the increased
computational power to improve force field parameters and look at their
functional form as well.

The number of small molecule compounds with accurate experimental
observations is still limited compared to the numbers of force field parameters,
even for very generic or coarse force fields. This makes empirical calibration
efforts laborious and often ill defined. Extending beyond the traditional
functional form with explicit polarization and/or an extended dispersion
formalism would only add to this problem in the context of such efforts.
While an increased number of parameters makes fitting to a training set easier
in principle, we already found in Chapter 2 that calibration of the force field
parameters for a small set of alcohol molecules is challenging. Starting from
a non-polarizable force field, explicit polarizability was added to all heavy
atom sites and subsequently the van der Waals parameters were recalibrated.
Only by defining a very systematic grid interpolation method to search local
space, sets of parameters (34) could be found that properly describe the
physio-chemical properties of the series methanol to butanol. With heats of
varporization (∆Hvap) and densities (ρ) within 1.5% from experiment these
models describe the thermodynamic poperties of the training set well. While
reparameterization of a traditional force field to explicitly include polarization
was successful, we found that significant effort is required to find sets of
parameters in the local parameter space around the starting point in order
to describe even a small set of molecules well. This raises the question if
traditional force fields such as GROMOS are currently operating in the most
appropriate part of the global parameter space, and if it is feasible to approach
this part by means of empirical calibration approaches at all.

There is evidence in literature that traditional non-polarizable force fields do
not correctly describe dispersion when compared to quantum-mechanically
(QM) fitted results.101,104 This implies that if we want to start building novel
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force fields and transferable parameter sets, it may well be necessary to
redefine the starting points for calibration. In Chapter 3 we explored the
possibility of fitting dispersion parameters directly from QM calculations in
an attempt to better define these starting points. For a set of 11 linear and
branched alkanes, dispersion parameters were computed using exchange-hole-
dipole moment (XDM) calculations. As these calculations require atoms-in-
molecules (AIM) partitioning of the electron density, we tested four methods
suggested in literature that could be incorporated into the XDM formalism.
Of these four methods an iterative Hirshfeld scheme was found to be the
most suitable in combination with the XDM calculations. The thermodynamic
properties of the linear and branched alkanes could be described well using
a dispersion potential that explicitly includes the C6 instantaneous dipole-
dipole and C8 instantaneous dipole-quadrupole terms. The best performing
repulsive term in combination with this C6-C8 dispersion potential was found
to be a C11 type potential. Without any empirical calibration, a polarizable
force field parameter set was thus obtained that reproduced values for ∆Hvap
and ρ with a root-mean-square deviation of 19.9 kg m3 and 0.64 kJ mol−1

from their experimental estimates. In Chapter 4 we investigated if use of our
dispersion potential with explicit higher-order terms translates to improved
description of polar groups as well. We choose water as a first test case
because properly describing its unique properties in the condensed phase
(such as its density maximum at 277 K) may well require a balanced treatment
of dispersion and electrostatic interactions during simulation. We found
our model with explicit C6 and C8 dispersion terms to describe pure-liquid
properties and temperature response well, indicating also the promise of
higher-order dispersion potentials for polar compounds.

Because our models all include explicit polarizabilities, we worked on
methods to determine consistent isotropic atomic polarizabilties for the use
in condensed phase simulation. In Chapter 4 we introduced a consensus-
fitting approach as an extension to our previous (non-consensus) QM/MM
fitting protocol.50 For sites with low effective electric fields, the uncertainty in
fitted polarizabilities was relatively high using our original approach, making
these non-consensus fits unusable for apolar sites. By extending this protocol
to a consensus strategy, meaning that we fit isotropic values that overall
represent polarization from water hydration, we were able to find values
for polarizabilities that are consistent between independent sets of hydration
shells. After showing in Chapter 4 that this new way of fitting polarizabilities
works well for our water model, we extended the fitting to amino-acid and
other biomolecular building blocks in Chapter 5, in which results for a broad
collection of both apolar and polar small molecules is presented. In this
chapter we showed that indeed the original approach performs poorly (in
terms of uncertainty) on semi-polar compounds, where the effective electric
fields can be small and inconsistent. Following the consensus approach these
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uncertainties are significantly reduced and therefore we were able to determine
effective polarizabilities for all atomic sites, grouped by a local environment
scheme. As expected based on available literature, our polarizabilities are
lower than their gas-phase estimates. Simulation of gas-phase like conditions
by application of homogeneous external electric fields resulted in near recovery
(95%) of the gas-phase polarizabilities, indicating towards the previous notion
by Schropp and Tavan51 that effective electric fields in QM treated systems
are smaller than their (molecular mechanical) single-point counterparts.

The work in Chapter 6 utilizes the methods presented in Chapters 2 to 5 to
calibrate a force field for a series of 49 organic molecules, including 35 polar
and 14 apolar compounds, which can serve as amino-acid side-chain analogs
and other relevant biomolecular building blocks. Using the XDM determined
values for C6 and C8 dispersion and our QM/MM determined polarizabilities,
only six free parameters were left. These free parameters represent a free-state
atomic radius and were rescaled for each van der Waals type according to the
volume of the partitioned density, as compared to the free state. This resulted
in a well-balanced force field for condensed liquid simulation that predicted
densities and heats of vaporization with root-mean-square deviations of 23.5
kg m−3 and 1.63 kJ mol−1, respectively, when compared to experiment.

The first logical extension of this work is to show that free energies of solva-
tion (in water and other solvents of varying polarity) are properly reproduced.
The water model presented in Chapter 4 and the pure-liquid models of Chap-
ter 6 provide a good starting point for these calculations. However, in the
free-energy method of choice (e.g. thermodynamic integration) higher-order
dispersion terms will have to be taking into account as well. As the number of
free parameters is very small in our force field models, a fair comparison with
a newly calibrated traditional force field using only C6 could serve as a direct
measure for the effectiveness of our addition of a higher-order dispersion term.
Because our approach to dispersion calibration is systematic, it is possible
to also efficiently tackle possible additional challenges such as incorporating
anisotropic polarization (with seperate x-, y- and z-terms in a reference frame)
and anisotropic static electrostatic potentials through the use of off-atom site
lone pairs, when needed. This may well be relevant for extending our current
model towards incorporation of aromatic and amide building blocks, while
in a final step we will study how to best incorporate parameters for ions and
other charged moieties.

Recent work by Shaw and co-workers has indicated that increased protein-
water dispersion interaction is required to properly sample disordered protein
states and therefore rescaling of e.g. the water C6 parameter may well be
needed.133,134 However, it would be preferable to not include ad hoc parameter
rescaling but to directly include higher-order dispersion terms instead. We
have demonstrated an efficient in silico assay to consistently parameterize a po-
larizable force field that includes such a higher-order term explicitly. Because
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inclusion of extra parameters make the calibration harder, we provide means
to fit both electrostatic and van der Waals parameters directly from quantum
mechanical data, reducing the calibration set to few repulsion parameters.
We envision that these parameters could be automatically calibrated in a
grid type approach as presented in Chapter 2, or with a gradient descent
approach as used in literature. This should result in consistent polarizable
force fields for biomolecular simulation that has the potential to work for
highly heterogeneous environments.
In a society that is becoming increasingly reliant on computer aided processes,
it is a reasonable thought that molecular and chemical research and develop-
ment will be increasingly reliant on computer aided design and validation. To
study molecules at an atomistic level of detail, a descriptive model at atom
(MM) or electronic level has to be employed. For wider adoption outside of
computational research groups, the cost/benefit picture will be of high impor-
tance, as molecular dynamics simulations require an investment of substantial
computational resources. Functional forms of higher complexity will only be
adopted when they are mapped well to state of the art computational resources
and do not incur a performance penalty such that simulations of interest be-
come unfeasible. Explicit polarization and/or a higher-order dispersion as
proposed in the current thesis fulfill these performance adoption criteria, but
only after rigorous testing in future research for many biomolecular systems
of interest we can obtain a complete picture of their benefits.
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Figure A1: Effect of changes in C
1/2
12 , C

1/2
6 and charges of OA, CH2 and CH3 atom types

on ∆Hvap (solid lines) and ρ (dotted lines), given in percentage deviation
from the values calculated using a reference model (start model B in Table
2.1). The trend lines obtained for methanol (black), ethanol (red), propanol
(blue) and butanol (green) are presented separately.
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Figure A3: Example molecular diagrams for simple hydrocarbons with fitted polariz-
abilities indicated in red subscripts.
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Figure A4: Example molecular diagrams for nitrogen containing compounds (amines
and amides) considered in this work, with fitted polarizabilities in red
subscripts.
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Figure A5: Example molecular diagrams for oxygen containing compounds (alcohols,
acids, ethers, ketones and esters) considered in this work, with fitted
polarizabilities in red subscripts.
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Table A1: Calculated values (calc) for the thermodynamic properties of the models
generated during the OA parameter space grid search. Models were ranked
based on their deviation from experimental values (exp), where the deviation
is defined as abs(1-(calc/exp)). Values for the density (ρ , in kg m−3) and
heat of vaporization (∆Hvap , in kJ mol−1) are reported for the top 10 models
ranked based on methanol properties, and for the top 10 models ranked
based on ethanol and propanol properties.

Methanol ranked models Ethanol and propanol ranked models

methanol ethanol propanol methanol ethanol propanol

ρ ∆Hvap ρ ∆Hvap ρ ∆Hvap ρ ∆Hvap ρ ∆Hvap ρ ∆Hvap

1 788 37.1 759 38.7 775 42.8 832 40.9 786 42.5 794 47.0

2 794 37.2 763 38.9 777 42.9 837 40.6 788 42.3 797 46.7

3 778 37.8 754 39.3 772 43.5 838 41.3 788 43.0 797 47.6

4 797 37.6 765 39.3 779 43.5 841 41.4 790 43.1 799 47.5

5 786 36.6 758 38.4 774 42.4 840 41.0 789 42.7 797 47.1

6 802 37.3 768 39.2 782 43.3 849 40.9 793 42.6 801 47.1

7 792 36.8 763 38.6 778 42.7 828 41.4 784 43.0 794 47.6

8 787 38.3 759 39.9 775 44.2 847 40.5 794 42.3 800 46.7

9 784 36.3 757 38.0 773 42.0 828 41.0 782 42.7 793 47.2

10 803 37.7 769 39.5 782 43.6 824 40.6 782 42.4 792 46.8

exp 784 37.4 785 42.3 800 47.5 784 37.4 785 42.3 800 47.5
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Table A2: Non-bonded vdw force field parameters for the models generated by the
OA parameter space grid search. Parameters are shown for the top 10

ranked methanol and the top 10 ranked ethanol and propanol models (Table
A1). Repulsive C

1/2
12 (in 10−3 (kJ mol−1 nm12)1/2) and attractive C

1/2
6 (in

1 (kJ mol−1 nm6)1/2) van der Waals parameters are presented.

Methanol ranked models

OA CH2 CH3

C
1/2
6 C

1/2
12 (1) C

1/2
12 (2) C

1/2
6 C

1/2
12 (1) C

1/2
12 (2) C

1/2
6 C

1/2
12 (1) C

1/2
12 (2)

1 0.0466088 1.2320 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

2 0.0456576 1.1440 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

3 0.0447064 1.2320 1.1779 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

4 0.0466088 1.1880 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

5 0.0456576 1.1880 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

6 0.0447064 1.0560 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

7 0.0447064 1.1000 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

8 0.0447064 1.1880 1.1779 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

9 0.0447064 1.1440 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

10 0.0456576 1.1000 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

Ethanol and propanol ranked models

OA CH2 CH3

C
1/2
6 C

1/2
12 (1) C

1/2
12 (2) C

1/2
6 C

1/2
12 (1) C

1/2
12 (2) C

1/2
6 C

1/2
12 (1) C

1/2
12 (2)

1 0.050414 1.2320 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

2 0.048511 1.1000 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

3 0.044706 0.96800 1.1779 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

4 0.050414 1.1880 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

5 0.049462 1.1440 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

6 0.047560 1.0120 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

7 0.046609 1.1000 1.1779 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

8 0.046609 0.96800 1.2270 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

9 0.045658 1.0560 1.1779 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652

10 0.044706 1.0120 1.1779 0.086420 5.8280 6.2942 0.098050 5.1620 5.2652
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Table A3: Values for the molecular dipole moment magnitudes and molecular polariz-
abilities of the final model reported in this work. Dipole moment magnitudes
are given in Debye and molecular polarizabilities are given in 10−3 nm3. Ex-
perimental values are obtained from reference 129 and 107, respectively, and
QM values were determined at the B3LYP/QZ4P level of theory using ADF
version 2016.102.153

µ (magnitude) α (molecular)

this work exp QM this work exp

Methanol 1.67 1.70 1.65 2.05 3.23

Ethanol 1.68 1.69 1.71 4.29 5.07

Propanol 1.67 1.68 1.49 6.13 6.77

Butanol 1.67 1.66 1.57 7.96
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Table A4: Charge assignments (in e) as a result of AIM partitioning. The effective charge
assignment is found by subtracting the partitioned number of electrons to
an atom from its nuclear charge. Each location is indicated by the atom
type (HC: hydrogen; CHx: carbon atom with x hydrogens bond to it) and a
comma-separated list of bonded neighbors is given in parentheses.

Hirshfeld Hirshfeld-I MBIS ISA DDEC3

CH1(CH2,CH2,CH2) -0.0133 0.0368 -0.0342 0.0993 0.024

CH1(CH2,CH2,CH3) -0.0121 0.0600 0.0077 0.2136 0.074

CH1(CH2,CH3,CH3) -0.0109 0.0832 0.0496 0.3279 0.129

CH1(CH3,CH3,CH3) -0.0097 0.1064 0.0915 0.4422 0.185

CH2(CH1,CH3) -0.0491 -0.1560 -0.1697 0.0543 -0.079

CH2(CH2,CH2) -0.0478 -0.1502 -0.1938 -0.0048 -0.094

CH2(CH2,CH3) -0.0455 -0.1210 -0.1508 0.0797 -0.029

CH2(CH3,CH3) -0.0432 -0.0918 -0.1078 0.1642 0.023

CH3(CH1) -0.0867 -0.3585 -0.4217 -0.2765 -0.314

CH3(CH2) -0.0842 -0.3295 -0.4039 -0.2213 -0.265

HC(CH1) 0.0241 0.0682 0.0909 -0.0231 0.024

HC(CH2) 0.0239 0.0751 0.0969 0.0024 0.048

HC(CH3) 0.0273 0.1001 0.1203 0.0456 0.083
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Table A5: Molecular dispersion constants obtained by summation over the individual
atomic dispersion constants as calculated in this work, and compared to refer-
ence DOSD data.132 Root-mean-square deviations (rmsd) are calculated over
the difference between the calculated and reference values for all alkanes.

Co
6 (DOSD) C6 (XDM)

Hirshfeld

ethane 382 342

propane 768 678

butane 1268 1128

pentane 1905 1691

hexane 2650 2368

heptane 3525 3159

octane 4521 4063

rmsd 267

Hirshfeld-I

ethane 382 396

propane 768 762

butane 1268 1247

pentane 1905 1885

hexane 2650 2627

heptane 3525 3492

octane 4521 4480

rmsd 25

MBIS

ethane 382 333

propane 768 646

butane 1268 1061

pentane 1905 1580

hexane 2650 2201

heptane 3525 2925

octane 4521 3752

rmsd 434
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Table A6: Pure-liquid simulation results for a set of four alkanes, using dispersion
parameters obtained from XDM and our predicted van der Waals radii.
Experimental (exp) and calculated values (using different values for x in
Equation 3.5) for densities (ρ) are given in kg m−3, together with root-mean-
square deviations (rmsd) from experiment.

ρ (exp) ρ (C11) ρ (C12) ρ (C13) ρ (C14)

Hirshfeld

propane 582.5 542.6 565.4 577.7 587.4

butane 600.7 539.2 564.6 578.4 588.3

hexane 654.8 588.1 606.2 618.4 624.8

iso-butane 594.0 569.0 587.8 600.0 608.3

rmsd 51.1 31.6 21.7 17.9

Hirshfeld-I

propane 582.5 576.4 593.9 609.3 619.6

butane 600.7 569.0 594.1 613.0 624.3

hexane 654.8 627.2 645.8 659.6 667.2

iso-butane 594.0 599.3 619.3 633.2 642.5

rmsd 21.4 15.0 24.6 33.3

MBIS

propane 582.5 646.7 671.0 687.2 698.5

butane 600.7 618.4 663.4 687.0 703.8

hexane 654.8 712.7 735.5 750.4 761.7

iso-butane 594.0 684.2 704.5 718.6 730.3

rmsd 63.1 87.3 103.8 116.3
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Table A7: Pure-liquid simulation results for a set of four alkanes, using dispersion
parameters obtained from XDM and our predicted van der Waals radii.
Experimental (exp) and calculated values (using different values for x in
Equation 3.5) for heats of vaporization (∆Hvap ) are given in kJ mol−1,
together with root-mean-square deviations (rmsd) from experiment.

∆Hvap (exp) ∆Hvap (C11) ∆Hvap (C12) ∆Hvap (C13) ∆Hvap (C14)

Hirshfeld

propane 18.87 17.61 20.04 21.90 23.47

butane 22.4 20.08 22.89 24.85 26.49

hexane 31.6 27.28 30.11 33.21 35.27

iso-butane 21.42 20.84 23.50 25.48 27.16

rmsd 2.55 1.43 2.93 4.59

Hirshfeld-I

propane 18.87 20.08 22.80 25.16 27.07

butane 22.4 22.58 25.95 28.65 30.85

hexane 31.6 31.28 35.51 39.00 41.49

iso-butane 21.42 23.35 26.40 28.93 31.02

rmsd 1.15 4.13 6.89 9.06

MBIS

propane 18.87 20.55 23.45 25.81 27.83

butane 22.4 22.82 26.66 29.69 32.14

hexane 31.6 33.52 37.93 41.69 44.99

iso-butane 21.42 24.59 27.78 30.41 32.66

rmsd 2.05 5.47 8.43 10.96
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Table A8: Pure liquid performance of our Hirshfeld-I decomposition based model
using a C11 repulsive shape and partial atomic charges derived from the
same Hirshfeld-I decomposition. Experimental (exp)128,129 and calculated
(sim) values for the densities and heats of vaporization are given in kg m−3

and kJ mol−1, respectively.

Compound ρ (exp) ρ (sim) ∆Hvap (exp) ∆Hvap (sim)

propane 582.5 576.4 18.87 20.08

butane 600.7 569.0 22.40 22.58

pentane 626.2 599.4 26.43 26.84

hexane 654.8 627.2 31.60 31.28

heptane 679.4 653.7 36.65 35.47

octane 698.6 673.0 41.49 41.29

nonane 713.8 688.4 46.40 45.89

iso-butane 594.0 599.3 21.42 23.35

iso-pentane 620.1 562.0 24.85 23.82

3-methyl-pentane 659.8 611.1 30.28 28.80

3-ethyl-pentane 693.8 653.7 35.22 35.71

rmsd 32.8 0.98
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Table A9: Pure liquid performance of our Hirshfeld-I decomposition based model using a C11 repulsive shape and partial atomic charges
obtained with the DDEC3 AIM method, as compared to other polarizable force fields for alkanes (GROMOS 45A3/COS65 and
CHARMM DO66). Experimental (exp)128,129 and calculated values for the densities are given in kg m−3.

Compound ρ (exp) ρ (this work) ρ (45A3/COS) ρ (DO)

propane 582.5 574.8 592.84

butane 600.7 580.1 605.9 604.64

pentane 626.2 606.1

hexane 654.8 634.8 656.4

heptane 679.4 660.2 687.66

octane 698.6 679.7

nonane 713.8 695.0 713.6

iso-butane 594 599.2 605.77

iso-pentane 620.1 594.8

3-methyl-pentane 659.8 633.7

3-ethyl-pentane 693.8 668.2
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Table A10: Pure liquid performance of our Hirshfeld-I decomposition based model using a C11 repulsive shape and partial atomic charges
obtained with the DDEC3 AIM method, as compared to other polarizable force fields for alkanes (GROMOS 45A3/COS65

and CHARMM DO66). Experimental (exp)128,129 and calculated values for heats of vaporization are given in kJ mol−1.

Compound ∆Hvap (exp) ∆Hvap (this work) ∆Hvap (45A3/COS) ∆Hvap (DO)

propane 18.87 19.6 18.74

butane 22.4 22.82 22.3 22.64

pentane 26.43 26.47

hexane 31.6 31.55 31.7

heptane 36.65 37.02 36.57

octane 41.49 42.01

nonane 46.4 46.45 46.7

iso-butane 21.42 23.1 21.05

iso-pentane 24.85 25.26

3-methyl-pentane 30.28 29.69

3-ethyl-pentane 35.22 35.3
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Table A11: Comparison of van der Waals parameters used in our final model compared
to those used in the GROMOS 45A3/COS65 and the CHARMM DO66 alkane
models. Values for van der Waals radii rvdw are given in nm and values
for C6 are given in atomic units. The given values C6,united for united atom
groups represent the total dispersion constant stemming from a multi-atom

group (CH3, CH2 and CH1), calculated as the sum of the C
1
2
6 values of the

individual atoms involved.

This work CHARMM DO 45A3/COS

rvdw C6 C6,united rvdw C6 C6,united rvdw C6,united

CH1 0.1688 16.88 30.03 0.178 19.02 35.02

CH2 0.1766 24.72 59.51 0.179 34.30 73.98 0.2035 129.54

CH3 0.1820 33.99 98.87 0.182 52.22 113.10 0.1874 166.75

H(CH1) 0.1234 1.88 0.119 2.42

H(CH2) 0.1234 1.88 0.119 1.88

H(CH3) 0.1234 1.88 0.119 1.29
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Table A14: Bond-stretch parameters derived from B3LYP/aug-cc-pVTZ calculations
in NWCHEM 6.8, using a modified Seminario approach. Numbers in
bond type names refer to the number of covalently-bound neighbors of the
associated atom type.

Bond type Harmonic force constant (kJ mol−1 nm−2) Zero-energy distance (nm)

C4-H 1.326E+05 0.109

C4-C4 8.233E+04 0.153

H-O2 2.246E+05 0.096

C4-O2 9.506E+04 0.143

C3-C4 8.333E+04 0.151

C3-O1 3.051E+05 0.121

C3-O2 1.094E+05 0.135

C3-H 1.154E+05 0.111

H-N3 1.915E+05 0.101

C4-N3 9.209E+04 0.146

C3-N3 1.394E+05 0.137
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Table A15: Angle-bending parameters derived from B3LYP/aug-cc-pVTZ calculations
in NWCHEM 6.8, using a modified Seminario approach. Numbers in
bond type names refer to the number of covalently-bound neighbors of the
associated atom type.

Angle type Harmonic force constant (kJ mol−1 deg−2) Zero-energy angle (deg)

N3-C3-O1 7.898E-02 121.821

C4-C4-C4 1.193E-01 112.986

H-N3-H 3.399E-02 111.506

C4-C3-N3 9.046E-02 116.677

H-C4-O2 7.193E-02 108.906

C4-C3-O2 8.238E-02 111.116

H-C4-N3 1.402568E-01 110.117

C3-O2-C4 1.901E-01 116.356

C3-C4-C4 1.470E-01 113.859

C4-N3-H 6.142E-02 111.500

C4-O2-C4 1.968E-01 113.072

C3-N3-H 4.351E-02 120.052

C4-N3-C4 1.270E-01 113.303

H-C3-O1 4.427E-02 120.141

C3-N3-C4 1.010E-01 122.065

C3-O2-H 1.526692E-01 106.988

H-C4-H 4.241E-02 107.593

C4-C4-O2 1.341E-01 110.817

C4-C3-C4 1.092E-01 116.454

C4-C4-N3 1.418E-01 112.578

C4-C4-H 6.185E-02 110.009

C4-O2-H 8.391E-02 108.785

C3-C4-H 1.400865E-01 109.251

C4-C3-O1 7.180E-02 122.557

O1-C3-O2 8.065E-02 123.462

C4-C3-H 5.303E-02 114.804
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Table A16: Description of atomic-polarizability and dispersion (van der Waals, vdW)
types used in this work, organized by (attached) functional group.

type Description

C_H1 United atom CH1

C_H2 United atom CH2

C_H3 United atom CH3

C_H1,O United atom CH1, oxygen bound

C_H2,O United atom CH2, oxygen bound

C_H3,O United atom CH3, oxygen bound

C_H2,N United atom CH2, nitrogen bound

C_H3,N United atom CH3, nitrogen bound

C=O Carbonyl sp2 carbon

C=O,O Ester sp2 carbon

C=O,OAC Carboxyl sp2 carbon

H_NN Amine attached hydrogen

H_O Alcohol attached hydrogen

H_OAC Carboxyl attached hydrogen

H_C Alkane attached hydrogen

NN0 Amine nitrogen without connected hydrogens

NN1 Amine nitrogen with one connected hydrogen

NN2 Amine nitrogen with two connected hydrogens

O= Carbonyl sp2 oxygen

O=ac Carboxyl sp2 oxygen

O=s Ester sp2 oxygen

OA Alcohol oxygen

OAC Carboxyl oxygen

OES Ester oxygen

OET Ether oxygen
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Table A17: Description of atomic charge types used in this work, organized by (at-
tached) functional group.
type Description

C_H1 Carbon, attached to a single hydrogen

C_H1,OA Carbon, attached to a single hydrogen and an alcohol group

C_H2 Carbon, attached to two hydrogens

C_H2,NN Carbon, attached to two hydrogens and an amine group

C_H2,OA Carbon, attached to two hydrogens and an alcohol group

C_H2,OES Carbon, attached to two hydrogens and an ester group

C_H2,OET Carbon, attached to two hydrogens and an ether group

C_H3 Carbon, attached to three hydrogens

C_H3,NN Carbon, attached to three hydrogens and an amine group

C_H3,OA Carbon, attached to three hydrogens and an alcohol group

C_H3,OES Carbon, attached to three hydrogens and an ester group

C_H3,OET Carbon, attached to three hydrogens and an ether group

C=O Carbon, part of a ketone group

C=O,O Carbon, part of an ester group

C=O,al Carbon, part of an aldehyde group

C=O,OAC Carbon, part of a carboxylic acid group

NN0 Nitrogen, part of amine group and attached to no hydrogens

NN1 Nitrogen, part of amine group and attached to one hydrogen

NN2 Nitrogen, part of amine group and attached to two hydrogens

O= Oxygen, part of a ketone group

O=,al Oxygen, part of an aldehyde group

O=ac Oxygen, unprotonated oxygen in a carboxylic acid group

O=s Oxygen, double bound in an ester group

OA Oxygen, part of an alcohol group

OAC Oxygen, protonated oxygen in a carboxylic acid group

OES Oxygen, part of an ester group

OET Oxygen, part of an ether group

H_C,al Hydrogen, attached to C=O,al

H_C1 Hydrogen, attached to C_H1

H_C1,OA Hydrogen, attached to C_H1,OA

H_C2 Hydrogen, attached to C_H2

H_C2,NN Hydrogen, attached to C_H2,NN

H_C2,OA Hydrogen, attached to C_H2,OA

H_C2,OES Hydrogen, attached to C_H2,OES

H_C2,OET Hydrogen, attached to C_H2,OET

H_C3 Hydrogen, attached to C_H3

H_C3,NN Hydrogen, attached to C_H3,NN

H_C3,OA Hydrogen, attached to C_H3,OA

H_C3,OES Hydrogen, attached to C_H3,OES

H_C3,OET Hydrogen, attached to C_H3,OET

H_NN1 Hydrogen, attached to NN1

H_NN2 Hydrogen, attached to NN2

H_OA Hydrogen, attached to OA

H_OAC Hydrogen, attached to OAC
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Gedreven door de constante toename van computationele kracht, is het model-
leren van biomoleculaire systemen nu toegankelijker dan ooit, waardoor grote
biomoleculaire systemen kunnen worden gesimuleerd. Aangezien barrières in
simulatietijd voor grote systemen langzaam verdwijnen, kan de juiste behan-
deling van de onderliggende fysica het knelpunt worden bij het verbeteren van
ons begrip van biomoleculaire systemen. Veel van de traditionele potentiele-
energiemodellen of krachtvelden werden gekalibreerd toen de rekenkracht
schaars was en daarom de simulatietijd en het aantal trainings-moleculen
beperkt waren. Bovendien beperkte deze schaarste ook de modellering met
accuratere methoden zoals kwantumchemie voor het bepalen van statische
parameters. Er zijn veel incrementele verbeteringen aangebracht in deze
krachtvelden, maar we moeten niet vergeten dat deze optimalisaties allemaal
binnen hun lokale parameterruimte werden gemaakt, terwijl het waarschijnlijk
is dat het globale optimum voor deze parameterinstellingen nog niet is ge-
vonden. Daarom lijkt het een ideaal moment om de toegenomen rekenkracht
te gebruiken om de krachtveldparameters te verbeteren en ook naar hun
functionele vorm te kijken.

Het aantal moleculen waarvoor nauwkeurige experimentele waarnemin-
gen beschikbaar zijn is nog steeds beperkt in vergelijking met het aantal
krachtveldparameters. Dit maakt empirische kalibratie-methoden lastig en de
resultaten zijn vaak slecht gedefinieerd. Het uitbreiden van de traditionele
functionele vorm met expliciete polarisatie en/of een uitgebreid dispersiefor-
malisme zou dit probleem alleen maar vergroten in de context van dergelijke
inspanningen. We hebben in Hoofdstuk 2 vastgesteld dat kalibratie van de
krachtveldparameters voor een kleine set alcoholmoleculen al een uitdaging is.
Uitgaande van een niet-polariseerbaar krachtveld werd expliciete polariseer-
baarheid toegevoegd aan alle relatief zware atomen en vervolgens werden de
Van der Waals-parameters opnieuw gekalibreerd. Alleen door het gebruik van
een zeer systematische interpolatiemethode om de lokale ruimte te doorzoe-
ken, konden parameters sets (34) worden gevonden die de fysisch-chemische
eigenschappen van de reeks methanol tot butanol goed beschrijven. Met
verdampings-warmten (∆Hvap) en dichtheden (ρ) binnen 1,5 % van het experi-
ment beschrijven deze modellen de thermodynamische eigenschappen van
de trainingsset goed. Hoewel de reparameterisatie van een krachtveld met
polarisatie succesvol was, vonden we dat aanzienlijke inspanningen vereist
zijn om zelfs een kleine set moleculen goed te kunnen beschrijven. Dit roept
de vraag op of traditionele krachtvelden zoals GROMOS momenteel in het
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meest geschikte deel van de globale parameterruimte werken.

Er is bewijs in de literatuur dat traditionele niet-polariseerbare krachtvelden
dispersie niet correct beschrijven in vergelijking met kwantummechanisch
(QM) berekende resultaten.101,104 Dit betekent dat als we willen beginnen met
het bouwen van nieuwe krachtvelden en overdraagbare parametersets, het
nodig kan zijn om de startpunten voor kalibratie opnieuw te definiëren. In
Hoofdstuk 3 hebben we de mogelijkheid onderzocht om dispersieparameters
rechtstreeks uit QM-berekeningen te gebruiken. Voor een set van 11 lineaire
en vertakte alkanen werden dispersieparameters berekend met behulp van
XDM-berekeningen (exchange hole-dipole moment). Omdat deze bereke-
ningen een atoom-in-moleculen (AIM) verdeling van de elektronendichtheid
vereisen, hebben we vier in de literatuur beschikbare AIM-methoden getest
die in het XDM-formalisme konden worden opgenomen. Van deze vier me-
thoden bleek een iteratief Hirshfeld-schema het geschiktst in combinatie met
de XDM-berekeningen. De thermodynamische eigenschappen van de lineaire
en vertakte alkanen kunnen goed worden beschreven met behulp van een
dispersiepotentiaal die expliciet een (C6) dipool-dipool en een (C8) dipool-
quadrupool term omvat. De best presterende afstotende term in combinatie
met dit C6 - C8 potentiaal bleek een potentiaal van het type C11 te zijn. Zonder
enige empirische kalibratie werd aldus een polariseerbare krachtveldpara-
meterset verkregen die waarden reproduceerde voor ∆Hvap en ρ met een
afwijking van 19, 9 kg m3 en 0, 64 kJ mol−1.

In Hoofdstuk 4 hebben we onderzocht of het gebruik van een dispersie-
potentiaal met expliciete termen van hogere orde zich ook vertaalt in een
verbeterde beschrijving van polaire groepen. We kozen water als een eerste
test omdat het goed beschrijven van zijn unieke eigenschappen in de gecon-
denseerde fase (zoals het dichtheidsmaximum bij 277 K) een uitdaging is. We
vonden dat ons model, met expliciete C6 en C8 dispersietermen, vloeistofei-
genschappen en temperatuur respons goed kan beschrijven.

Omdat onze modellen expliciete polariseerbaarheden bevatten, hebben we
gewerkt aan methoden om consistente isotrope atomaire poleriseerbaarheden
te bepalen voor gebruik in simulatie in de gecondenseerde fase. In Hoofdstuk
4 hebben we een consensus-fit methode geïntroduceerd als uitbreiding op
ons vorige (niet-consensus) QM/MM-protocol.50 Voor atomaire centra met
lage effectieve elektrische velden is de onzekerheid in de polariseerbaarheden
relatief hoog, waardoor deze niet-consensus methode onbruikbaar is voor
apolaire centra. Door dit protocol uit te breiden tot een consensus-strategie,
konden we waarden vinden voor polariseerbaarheden die consistent zijn tus-
sen onafhankelijke sets van externe electrische velden. Nadat we in hoofdstuk
4 hebben aangetoond dat deze nieuwe manier van het bepalen van polari-
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seerbaarheden goed werkt voor ons watermodel, hebben we de set uitgebreid
tot aminozuur en andere biomoleculaire bouwstenen in Hoofdstuk 5. In dit
hoofdstuk hebben we laten zien dat de oorspronkelijke aanpak inderdaad
slecht presteert (in termen van onzekerheid) op semi-polaire verbindingen,
waar de effectieve elektrische velden klein en inconsistent kunnen zijn. Door
de consensusbenadering te volgen, worden deze onzekerheden aanzienlijk
verminderd en daarom konden we effectieve polariseerbaarheden bepalen
voor alle atomaire centra. Zoals verwacht op basis van beschikbare literatuur,
zijn onze polariseerbaarheden lager dan schattingen in de gasfase.

Het werk in Hoofdstuk 6 maakt gebruik van de methoden die worden
gepresenteerd in de hoofdstukken 2 tot en met 5 om een krachtveld te kalibre-
ren voor een reeks van 49 organische moleculen, waaronder 35 polaire en 14

apolaire verbindingen, die kunnen dienen als aminozuur-zijketen analogen
en andere relevante biomoleculaire bouwstenen. Gebruikmakend van de
XDM bepaalde waarden voor C6 en C8 dispersie en onze QM/MM bepaalde
polariseerbaarheden, bleven slechts zes vrije parameters over. Deze vrije
parameters vertegenwoordigen een atoomstraal in vrije toestand en werden
voor elk van der Waals type geschaald volgens het volume van de gepartitio-
neerde dichtheid in vergelijking met de vrije toestand. Dit resulteerde in een
uitgebalanceerd krachtveld voor simulatie van vloeistoffen dat dichtheden
en verdampings-warmten voorspelde met gemiddelde afwijkingen van 23,5
kg m−3 en 1,63 kJ mol−1, respectievelijk, vergeleken met experiment.
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