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Chapter I

Miscibility of molecules plays an important role in various chemical areas ranging
from food stabilization' ? to enhanced oil recovery® 4 and from drug discovery® 6 to
plastic development™. Numerous chemical experiments are available to determine
miscibility properties, for example vapor-liquid equilibria (VLE) measurement® 1,
the “slow-stirring” method*? and inverse gas chromatography®3. In case experiments
are too time consuming, expensive, dangerous or simply impossible, we need
alternative methods to predict the desired properties. Methods related to the
prediction of thermodynamic miscibility come under the heading of molecular
modeling: an umbrella term for all computational approaches to interpret, predict or
replace chemical experiments.'* 15

If no assumptions are incorporated into a computational method, then
experimental data will be predicted exactly. However, assumptions almost always
have to be made in molecular modeling; even an exact solution of the Schrédinger
equation for a single helium atom has never been found'®. Moreover, the calculation
of miscibility properties using sophisticated quantum mechanics simulations is only
possible for mixtures of small molecules due to long calculation times.*”2°

Computational methods can be classified into three different approaches:
empirical, semi-empirical and ab initio. An empirical model is fully based on
experimental findings, without any physical foundation. Chemical similarity
searching is an example of an empirical approach since the calculated property of a
molecular system fully depends on experimental properties of comparable systems
obtained using experimentally derived similarity and/or distance coefficients.? In a
semi-empirical model, experimental data is used to optimize physics-based
functions. For example, the famous B3LYP functional contains 3 parameters fitted
to experimental atomization energies, ionization potentials, proton affinities and
atomic energies.?? Within an ab initio (from the beginning) model, all introduced
simplifications are fully derived from physical principles. Two examples of ab initio
quantum chemistry methods are Hartree-Fock?® 24 and Mgller-Plesset perturbation
theory®.

The use of experimental data, to optimize a computational method, improves the
accuracy and serves as justification of introduced simplifications. Therefore, useful
ab initio models?® 2 for the calculation of miscibility properties are rare; empirical
and semi-empirical methods are more common. Various popular methods for the
prediction of miscibility properties are described in the remainder of Chapter I.

MOLECULAR SIMULATIONS

Molecular Dynamics (MD) and Monte Carlo (MC) simulations use respectively
Newton’s equations of motion®® and Boltzmann statistics?® to simulate a molecular
system on the atomistic scale. Interactions between the molecules are calculated
using classical force fields to avoid the computational expensive calculation of the
electron density.® Force fields consist of various pairwise potential energy functions
with a corresponding set of parameters and provide an estimate of the potential
energy surface derived from quantum mechanics. The parameters in force fields are
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Introduction

mainly derived from a combination of quantum mechanics and experimental data.3*-
35 However, even if classical force fields are used, the calculation speed remains an
important issue in molecular simulations: the required time to calculate a VLE
diagram is often more than one day per chosen mole fraction on a single core.¢ 37 If
faster calculations are desired, then assumptions with regard to reducing the number
of degrees of freedom are inevitable. Possible solutions involve coarse-graining of
the all-atom molecular structure by using softcore beads (DPD%*), avoiding the
explicit calculation of many-body interactions by using correlation functions (3D-
RISM-HNC??), neglecting long-range interactions (molecular cluster calculations*®)
or calculating solely two-body interactions (pair sampling method*). A brief
description of the latter two is given below.

Molecular cluster calculations

Akkermans has developed a simple and efficient method to predict Flory-Huggins
y-interaction parameters based on molecular cluster calculations.”® The Flory-
Huggins y-interaction parameter is a dimensionless parameter related to the excess
interaction energy of the two components in a binary mixture.4> 4 Molecular
clusters are generated using a Monte Carlo procedure by placing molecules
randomly around a central reference molecule with touching Van der Waals
surfaces.** Overlapping Van der Waals surfaces of neighboring molecules is avoided
in order to obtain a realistic representation of molecular clusters as first coordination
shell realizations. Four examples of generated molecular clusters are shown in
Figure 1. An expression for the “cluster free energy” is used to calculate miscibility
properties, including y-interaction parameters and energies of mixing, from a
sampled set of 10% molecular cluster energies calculated using the COMPASS force
field®®. The method is developed to estimate interaction parameters in mesoscale
simulations such as DPD38 and DDFT*. Flory-Huggins y-interaction parameters are
shown to be overestimated if the calculation is based solely on mixing energies
because the neglected excess entropy of mixing is, in general, positive. With the
inclusion of the excess entropy of mixing reasonable agreement with experiment is
obtained despite the absence of long-range interactions. Moreover, the random
sampling procedure in combination with the avoidance of overlapping neighboring
molecules leads to unrealistic holes between the molecules in the coordination shell
resulting in an obtained average coordination number being 50% smaller than in
MD.4
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Figure 1. Examples of generated molecular clusters: a reference molecule ethanol
surrounded by 6 ethanol molecules (A), a reference molecule ethanol surrounded by
6 acetonitrile molecules (B), a reference molecule acetonitrile surrounded by 6
ethanol molecules (C) and a reference molecule acetonitrile surrounded by 7
acetonitrile molecules (D).

Pair sampling method

Fan et al. have developed a theoretical model for the prediction of miscibility
behavior of binary mixtures using a combination of Flory-Huggins theory and
Monte Carlo sampling of molecular pair configurations.* The pair configurations
are obtained, in accordance with molecular cluster calculations, by placing
molecules randomly around a central molecule with touching Van der Waals
surfaces.** Four examples of sampled pair configurations are shown in Figure 2. The
coordination number is calculated by packing neighboring molecules around a
central molecule without overlapping Van der Waals surfaces. Again, in accordance
with molecular cluster calculations, the avoidance of overlapping neighboring
molecules leads to unrealistic holes between the molecules resulting in small
coordination numbers: around 7 on average. The obtained average coordination
number and the Boltzmann weighted average intermolecular energy of the sampled
pair configurations, calculated using classical force fields, for all combinations of
two molecules are subsequently required for the calculation of y-interaction
parameters using the original Flory-Huggins lattice theory.*? % Fan’s pair sampling
method is very similar to Akkermans’ molecular cluster calculations; the two main
differences involve the sampling of pair configurations instead of cluster
configurations and the calculation of y-interaction parameters using Flory-Huggins
theory instead of a formulation of the free energy.*’ A simple Boltzmann weighted
average over pair energies will overestimate the probability of favorable pair
configurations because steric effects, included in cluster configurations, are
neglected. The pair sampling method is incorporated in the Blends module of
BIOVIA Materials Studio.*’
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Figure 2. Examples of sampled pair configurations: ethanol — ethanol (A), ethanol
— acetonitrile (B), acetonitrile — ethanol (C) and acetonitrile — acetonitrile (D).

QUASI-CHEMICAL APPROXIMATION

In 1944, Edward A. Guggenheim derived a combinatorial expression to
approximate the pair distribution of adjacent molecules in a mixture of molecules on
a lattice.*® The resulting quasi-chemical approximation assumes the pairs of adjacent
molecules to be Boltzmann distributed with the added constraint stating the total
probability to obtain a molecular component in the distribution of pairs to be equal
to the molecular fraction in the mixture. The quasi-chemical approximation is an
improvement of the regular solution model.*® The regular solution model assumes
molecules in a mixture to be randomly distributed whereas the quasi-chemical
approximation takes a non-random distribution of neighboring molecules into
account in non-ideal solutions: energetically favorable pairs of adjacent molecules
have a higher probability of occurrence than energetically unfavorable pairs of
molecules. The expression is similar to the equation for the equilibrium
concentrations of molecules in reversible chemical reactions. Two well-known semi-
empirical models based on the quasi-chemical approximation of Guggenheim are
UNIFAC® and COSMO-RS®. Both models are briefly explained below.

UNIFAC

The UNIQUAC Functional-group Activity Coefficients (UNIFAC) model is a
group contribution method for the prediction of activity coefficients in
nonelectrolyte multicomponent liquid mixtures.® The Universal Quasi-Chemical
(UNIQUAC) equation is an activity coefficient model using two unary parameters
per component in the mixture and two binary parameters per pair of components in
the mixture.>> UNIFAC combines UNIQUAC with a group contribution approach®®
by replacing the molecular unary and binary parameters with functional group unary
and binary parameters. Group contribution methods are based on the “additive
principle” stating a molecular property to be the summation of individual
contributions of the functional groups.®* The parameters within the method are
optimized using experimental data and have little physical meaning.%® The use of
functional group parameters gives UNIFAC, in contrast to UNIQUAC, the ability to
predict phase equilibria if experimental data is absent. Examples of other activity
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coefficient models using a group contribution approach are GC-NRTL®® and F-
SAC57’ 58.

COSMO-RS

The Conductor-like Screening Model for Real Solvents (COSMO-RS) uses
conductor screening charges on molecular surface panels for the prediction of
activity coefficients in multicomponent liquid mixtures.>! The screening charges are
obtained by quantum mechanical calculations of single molecules in a perfect
conductor. Tessellation of the molecular surface is based on the GEPOL algorithm.5®
The calculation of activity coefficients from the distribution of screening charges, a
so-called o-profile, of all molecules in the mixture is, in accordance with UNIFAC,
based on the quasi-chemical approximation of Guggenheim.*® In COSMO-RS,
molecular mixtures are considered to be a collection of independent interacting
surface panels.’® A hypothetical relation between the ‘surface-interaction energy
density’ of a pair of adjacent panels and the screening charges of both panels is
formulated by Klamt. COSMO-RS has a much stronger physical basis than
UNIFAC, resulting in far less empirical parameters: COSMO-RS contains only
three universal parameters obtained by fitting experimental VLE data, indicating the
importance of the molecular charge distribution in miscibility properties. The
philosophy of COSMO-RS is copied by Lin and Sandler in the development of a
very similar COSMO-SAC method.®! The concept of COSMO-RS and COSMO-
SAC is graphically illustrated in Figure 3.

___Ethanol - Acetonitrile, 333.15K

= Liquid COSMO-SAC
== Vapor COSMO-SAC
®%¢ Liquid Experimental ||
®®e Vapor Experimental

0.0 0.2 0.4 0.6 0.8 1.0
Mole fraction acetonitrile

RS and COSMO-SAC. Quantum
mechanics is used to calculate screening charges on molecular surface panels.
Subsequently, thermodynamic miscibility properties are obtained by assuming
molecular mixtures to be a collection of independent interacting charged surface
panels. COSMO-SAC data is extracted from the COSMO-SAC 2013 software
developed by Sandler research group® and experimental data is obtained from
Compostizo et al.®®
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QSAR

Quantitative Structure-Activity Relationship (QSAR) models and Quantitative
Structure-Property Relationship (QSPR) models relate quantifiable molecular
structural characteristics to respectively activities or other properties of molecular
systems.%* Four examples of structural characteristics are the number of carbon
atoms®, topological indices®®, functional groups®® %3 and o-profiles® 8%, A physical
interpretation of the desired activities is sometimes completely absent in QSAR
models, only structural characteristics as molecular descriptors with a possible
influence are important.®” Therefore, QSAR models are useful methods if molecular
systems are too complex for a physical description. A reliable pre-defined training
set and relevant molecular descriptors are two essential requirements for a useful
QSAR.% The training set is used for calibration of the model and requires accurate
measured activities of well-defined molecular systems. A proper selection of
descriptors is important to avoid the presence of redundant molecular characteristics
highlighting peculiarities of individual molecules and, as a consequence, losing track
of major general tendencies for accurate predictions outside the training set.%® The
selection of descriptors in QSAR models can be performed using a statistical
analysis or using a physical analysis.”® In the statistical analysis, descriptors with a
high correlation with the desired property are selected from a large set of possible
descriptors, resulting in empirical QSAR models.”* In the physical analysis,
descriptors are selected based on justifiable physical principles, resulting in semi-
empirical QSAR models. 72 3 Increasing the number of molecular descriptors and
corresponding parameters always results in a better fit of the training set. However,
increasing the number of descriptors and/or parameters not necessarily results in
improved predictability outside the training set; the use of descriptors with low
correlation to the desired property, collinearity between multiple descriptors and
over-fitting of data are three examples of pitfalls resulting in reduced predictive
capacity.” The weaknesses of QSAR models are expressed by a famous saying of
John von Neumann: “With four parameters | can fit an elephant, and with five I can
make him wiggle his trunk.””> 78 As a rule of thumb, the number of data points
should be at least 5 times bigger than the number of molecular descriptors.”
Moreover, interpretability of the model is desired to avoid the use of QSAR as a
“black box”." 7 7 UNIFAC is basically an example of a QSAR model since
functional groups are structural characteristics®® ® of molecules and the
corresponding parameters are optimized using experimental data.

CHEMICAL SIMILARITY SEARCHING

Within chemical similarity searching, molecular properties are determined using
experimental properties of comparable molecules.?* The similar property principle
of Johnson and Maggiora is the basis of chemical similarity searching and states:
“Similar compounds have similar properties.”® Two requirements are necessary for
similarity searching: a large database with molecules and corresponding properties

15



Chapter I

and a protocol or expression to measure the similarity. The similarity measurement
is performed by comparing structural descriptors of the molecule with corresponding
descriptors of the molecules in the database. An example of a popular structural
descriptor is a molecular fingerprint. A molecular fingerprint is a binary bit string
representing the presences of a list of structural characteristics. Tanimoto
coefficients are often used to quantify the similarity between two molecules.?* A
Tanimoto coefficients is comparable to the correlation coefficient between the
fingerprints corresponding to the two molecules. A physical interpretation of the
desired properties is completely absent in empirical chemical similarity searching.
Therefore, chemical similarity searching is, in accordance with QSAR models, a
useful method if molecular systems are too complex for a physical description, for
example in the calculation of receptor binding affinities.®2

PAC-MAC

Although all methods described above are well established in the field of
miscibility prediction, they all have their drawbacks. Molecular simulations are
computational expensive, the foregoing methods based on the quasi-chemical
approximation lack an explicit incorporation of the molecular structure and
empirical methods do not have the physical basis to be predictive outside the used
experimental database. A useful semi-empirical model for the prediction of
miscibility properties should comply with two essential requirements. Firstly, the
model should be based on the underlying physics as much as possible for a good
predictability outside the training set. Secondly, the model should be optimized
using enough reliable experimental data for a good accuracy inside the training set.
From our perspective, a combination of the strengths of multiple methods offers
opportunities in the development of more sophisticated models. Moreover, the
continuous increase of processor speed and RAM memory enables possibilities for
new, high computational demanding, methods. Both reasons were the cause for our
efforts in the development of the Pair Configurations to Molecular Activity
Coefficients (PAC-MAC) model.*¢ PAC-MAC is a force field based quasi-chemical
method for the prediction of miscibility properties of multicomponent mixtures.
Molecular structures are explicitly included in PAC-MAC by sampling molecular
pair configurations based on Fan’s pair sampling method.* Subsequently, molecular
activity coefficients of multicomponent mixtures are obtained by minimization of an
expression for the free energy, based on Guggenheim’s quasi-chemical
approximation®®, similar to UNIFAC®® and COSMO-RS®!. Realistic packing of the
molecules is obtained with the addition of a constraint stating the molecular surface
to be fully surrounded by neighboring molecules. PAC-MAC is very similar to
Akkermans’ molecular cluster calculations; the two main differences involve the
realistic packing of molecules using a constraint instead of cluster configurations
and the formulation of the free energy based on Guggenheim’s quasi-chemical
approximation instead of Boltzmann.*® Furthermore, with the introduction of a few
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tunable parameters optimized using experimental data, similar to QSAR®*, higher
accuracy is obtained.

The PAC-MAC method is described in full detail in Chapter Il. A proof of
concept is given by comparing various calculated VLE diagrams with experimental
data and results obtained using COSMO-SAC and Monte Carlo simulations. PAC-
MAC is shown to be orders of magnitude faster than molecular simulations.

A comprehensive accuracy test is presented in Chapter Il by comparing
calculated free energies of mixing with an experimental database containing 1092
binary mixtures. The introduction of two adjustments to the model, regarding partial
occupation of the molecular surface and a modification of the Staverman-
Guggenheim free energy correction term, results in a significant reduction of the
root mean squared error (RMSE). Nevertheless, the competitive UNIFAC model
still outperforms PAC-MAC because the binary parameters in UNIFAC are
optimized using experimental miscibility data whereas the force field parameters in
PAC-MAC are not.

The treatment of polymers within the PAC-MAC model is extensively discussed
in Chapter 1V. High correlation is obtained in a comparison of calculated Flory
Huggins y-interaction parameters with experimental data for 779 polymer solutions.
Predictions of solvent activities are of similar accuracy as with the COSMO-RS
model.

Because PAC-MAC depends on the used force field, accurate force field
parameters are of high relevance. The accuracy of the OPLS-AA force field® is
tested in Chapter V by calculating free energies of mixing using thermodynamic
integration (TI) of MD simulations. The RMSE of PAC-MAC is shown to be only
slightly larger than obtained using Tl of MD simulations, despite the addition of
several assumptions. Moreover, by optimizing 50 force field parameters the RMSE
of PAC-MAC is reduced below 0.1 kgT.
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