
Imperial College London
Department of Chemical Engineering

Predictive modelling of the solid—liquid solubility
and chemical equilibrium of amino acids and

oligopeptides:
Exploring the influence of charges within a

group-contribution framework

Ahmed Alyazidi

A thesis submitted in fulfilment of the requirements for
the degree of Doctor of Philosophy and the Diploma of

Imperial College London, April 2025





Statement of Originality

I, Ahmed Alyazidi, declare that this thesis titled, "Predictive modelling of the solid–liquid

solubility and chemical equilibrium of amino acids and oligopeptides: Exploring the influence

of charges with a group-contribution framework", and the research on which it is based, are

the product of my own work. I confirm that, where I have used the work of others, published

or otherwise, it is fully acknowledged in accordance with the standard referencing practices of

the discipline.

i





Copyright Declaration

The copyright of this thesis rests with the author. Unless otherwise indicated, its contents

are licensed under a Creative Commons Attribution-Non commercial 4.0 International Licence

(CC BY-NC).

Under this licence, you may copy and redistribute the material in any medium or format.

You may also create and distribute modified versions of the work. This is on the condition that:

you credit the author and do not use it, or any derivative works, for a commercial purpose.

When reusing or sharing this work, ensure you make the licence terms clear to others by

naming the licence and linking to the licence text. Where a work has been adapted, you should

indicate that the work has been changed and describe those changes.

Please seek permission from the copyright holder for uses of this work that are not included

in this licence or permitted under UK Copyright Law.

iii





Abstract

The accurate prediction of thermodynamic properties of amino-acid and peptide solutions

is critical in the pharmaceutical industry, where amino acids and oligopeptides are gaining in-

creasing prominence as active pharmaceutical ingredients (APIs). A major challenge in this

regard is the development of predictive models with broad applicability, parameter transferabil-

ity, and minimal reliance on system-specific experimental data. In this thesis, this challenge

is addressed by developing group-contribution (GC) thermodynamic models to predict the

solubility of amino acids and oligopeptides across a wide range of solvent systems and thermo-

dynamic conditions, with a particular focus on the complex effects of pH-dependent speciation

and charge interactions.

The SAFT-γ Mie GC equation of state (EoS) is employed to describe solid—liquid equilibria

in systems containing amino acids and oligopeptides. Parameter optimisation is carried out

using experimental data from chemically related systems, demonstrating the high degree of

transferability and reducing the dependency on direct solubility measurements. Chemical-

equilibrium equations are coupled with phase-equilibrium equations to capture speciation effects

accurately. Additionally, an exploratory molecular simulation study benchmarks the treatment

of electrostatic interactions in ionic systems using the expanded-ensemble method, providing

critical insights into modelling ionic chains within primitive-model expressions.

The resulting model delivers accurate solubility predictions for a wide variety of systems,

underscoring its robustness and potential for application in drug development. However, the

study also highlights the limitations imposed by the scarcity and inconsistency of experimental

data, especially for melting properties and solid–liquid solubility. The molecular simulation

study provides important insights into the treatment of electrostatic interactions in ionic-chain

molecules, providing potential directions for future improvements to the primitive-model ex-

pressions used within the model.
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Chapter 1

Introduction

1.1 Motivation and objectives

Molecular thermodynamic models are at the heart of advancements in the engineering of our

modern world. From the design and fabrication of materials used in everyday products to the

design of large-scale manufacturing processes, molecular thermodynamics serves as the bridge

between our most advanced understanding of the world at the quantum and atomic scales

and the useful physico-chemical properties at the macroscale. This multiscale "bridge" is also

indispensable in the understanding and development of modern pharmaceutical drugs; it is

essential in the development of new chemical entities (NCEs), specifically in the synthesis and

purification of active pharmaceutical ingredients (APIs).

In the world of drug design and development, computational thermodynamic models of all

kinds have been increasingly used to aid in the screening, design, production, and purification

of drug products. A key focus of such models is the prediction of solid–liquid solubility of the

API molecule across a range of thermodynamic conditions and in a variety of solvent systems.

According to Savjani et al. [1], approximately 40% of NCEs developed in the industry exhibit

poor solubility. Furthermore, a huge amount of time, effort, and resources are spent on the

development of a new drug. Thus, there is a constant need for computational models that can

predict the solubility of APIs to improve the efficiency of the drug design process.

1
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In recent decades, peptide therapeutics have gained increasing attention due to their speci-

ficity, potency, and low toxicity [2], with the market share of peptide therapeutics expected to

increase significantly; the global market share of peptide-based therapeutics was estimated to

be $21.5 billion in 2016 [3] and is projected to reach $68.7 billion by 2030 [4]. Peptides are

gaining popularity as APIs for the treatment of illnesses such as diabetes [5], and some cancers

[6, 7]. Of special interest are those that mimic natural hormones or can disrupt protein–protein

interactions [8], while also exhibiting very low toxicity and good in-vivo stability [9]. As new

peptide-based therapeutics are proposed, a good understanding of the thermodynamic proper-

ties of these molecules and of their mixtures is crucial for product development and manufac-

turing. In particular, the solubility of APIs in pure and mixed solvents is especially important,

as it determines the bioavailability of the drug and the optimal solvent choice in the synthesis

and purification stages. With the number of peptide-based APIs in discovery increasing year

by year, it can be expensive and time-consuming to determine experimentally the solubility

of each candidate under broad thermodynamic conditions and diverse solvent media. In this

context, inexpensive computational tools that can be used to model and predict accurately the

solid–liquid solubility of APIs in general, and peptides in particular, are becoming increasingly

important in the development and design of pharmaceutical products.

Since peptides are oligomers made from a finite pool of amino acid residues, a good un-

derstanding of the physico-chemical properties of amino acid mixtures serves as a key to the

modelling of peptide mixtures. Due to their zwitterionic nature, amino acids are generally sol-

uble in water and insoluble in non-polar organic solvents, although the nature and size of side

chains play an important role in the extent of their solubility. For example, amino acids with

hydrophilic, i.e., charged and polar, side chains (e.g., lysine and serine) tend to have higher

aqueous solubility than those with hydrophobic side chains (e.g., leucine and valine). Peptides

exhibit varying solubility depending on their size, the nature of any side chains, the precise se-

quence of amino acid residues in their backbone, and the structure(s) they exhibit in the solid

state. These factors contribute to other important phenomena, such as the formation of intra-

molecular hydrogen bonds and aggregate formation that further impact their phase-equilibrium

behaviour.
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In this thesis, the aim is to demonstrate the applicability of the SAFT-γ Mie GC framework

in the prediction of solid–liquid solubility of amino acids and oligopeptides in pure and mixed

solvents and under pH changes. To achieve that goal, the relevant SAFT-γ Mie parameters are

optimised by adjusting to experimental thermodynamic data of a wide range of pure compounds

and mixtures.

1.2 Thesis overview

In Chapter 2, a literature review of thermodynamic approaches that have been used in modelling

the solubility of amino acids and oligopeptides is presented, starting with early theoretical

work and concluding in recent advances in molecular thermodynamic models. This is done to

highlight the common challenges faced in modelling the solubility of amino acids and peptides

and some of the gaps that I try to address in this work.

In Chapter 3, the methodology followed for modelling the solid–liquid equilibria of the amino

acids and oligopeptides in this work is presented. The chapter begins with the derivation of

the solid–liquid equilibrium (SLE) equation to highlight the main assumptions made and the

consequences they have on the rest of the work. Then, the SAFT-γ Mie group-contribution

framework is introduced in detail by discussing each of the free-energy terms that are used to

model the systems of interest. After that, a discussion of the parameter optimisation strategy

and error quantification is presented. Then, the SAFT-γ Mie models for the amino-acid and

oligopeptide solutions are presented to highlight the SAFT-γ Mie groups needed. Finally, each

of the newly developed SAFT-γ Mie like and unlike interactions is discussed by highlighting

the experimental data used for their optimisation.

In Chapter 4, a discussion of the solid–liquid solubility prediction is presented for various

amino acids and oligopeptides in pure and mixed solvents at the isoelectric point (pI) and for the

amino acids glycine and alanine under changing pH. This chapter demonstrates the applicability

of the model developed to predict the solubility of many amino acids and oligopeptides under

various thermodynamic conditions and in a variety of solvent media. Additionally, the results
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discussed demonstrate the transferability of the SAFT-γ Mie parameters.

In Chapter 5, a molecular simulation study is conducted to benchmark mean-spherical-

approximation (MSA) calculations of the ionic chemical potential for salt solutions containing

ionic molecules. The method of expanded ensembles is used to investigate the influence that

variables, such as the size of the ionic molecule and the position of the charge within the

molecule, have on the ionic contribution to the chemical potential. Simulation data are com-

pared with MSA calculations using two possible approaches for resolving the charge on an ionic

chain.

In Chapter 6, key achievements of this thesis are summarised, and new avenues for future

research work are proposed.



Chapter 2

Thermodynamic models of solid–liquid

solubility for amino acids and

oligopeptides

2.1 Introduction

Solid–liquid solubility is a measure of how much of a solid substance (the solute) can dissolve

in a liquid medium (the solvent) at given thermodynamic conditions (T , P , x, pH) to form a

homogeneous mixture. Solubility depends strongly on the intermolecular forces between the

solute and solvent molecules [10]. In thermodynamic models, this dependence on intermolecular

forces is accounted for by the activity coefficient of the solute in the mixture at equilibrium.

Additionally, solid–liquid solubility also depends strongly on the solid-state properties of the

solute.

Solid–liquid solubility is an essential property that is of great importance in many fields,

including predicting pollutant concentrations in bodies of water [11, 12], developing advanced

materials like ionic liquids or eutectic solvents [13], and the design of crystallization processes

for active pharmaceutical ingredients (API)[14] – which is the focus of this thesis.

5
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This chapter presents an overview of thermodynamic modelling approaches that have been

published to model the solid–liquid solubility of amino acids and oligopeptides. Section 2.2, a

historical account of some of the earliest theoretical treatments of amino acid solutions, which

have laid the groundwork for decades of research into the subject, is introduced. In 2.3, an

overview of studies that have employed local-composition models to model the solubility of a

variety of amino acids and oligopeptides, which have seen a surge in interest starting in the

1980s, is presented. In 2.4, an overview of more recent developments in the treatment of amino-

acid and oligopeptides solubility, specifically those that have utilised molecular-based models,

is presented.

2.2 Early theoretical developments

It has been long shown that amino acids exhibit properties of strong electrolytes when dissolved

in solvents of high dielectric constant. Unlike strong electrolytes, however, amino acids do not

increase the electrical conductivity of the solution in a significant manner. Adams [15] and

Bjerrum [16] suggested that the acidic and basic groups of the amino acid ionize fully giving rise

to a zwitterionic molecule with a zero net charge. In later years, the zwitterionic theory gained

traction due to an accumulation of experimental evidence. Cohn [17] reported high values of the

dielectric constant for amino-acid solutions, which could only be explained by very high dipole

moments. Dipole moments of the magnitude that Cohn measured could only be produced by the

amphoteric ionisation of the amino acids, yielding fully dissociated zwitterions. Building on the

previous research, Wyman and McMeekin [18] used the Debye-Hückle [19] theory to study the

effect of adding salts on the activity of zwitterions in amino-acid solutions and found that the

logarithm of the activity coefficient did not contain a term proportional to the square root of the

ionic strength of the salt. They concluded that a zwitterion behaves more like a highly dipolar

non-electrolyte than like a real ion in salt solutions of low ionic strength. Later, Kirkwood

[20] used a statistical-mechanical approach to model aqueous solutions of glycine, treating the

amino acid as a sphere with discrete point charges and the solvent as a dielectric continuum

to study the effect of the dielectric constant of the solvent on the solubility of amino acids.
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However, Kirkwood neglected the dipole–dipole interactions between the amino acid molecules;

thus, his theory applied strictly only to solutions at infinite dilution. In the same year, Cohn et

al. [17] performed a systematic experimental investigation of the solubility behaviour of amino

acids in water, alcohols, and alcohol–water mixtures, in which they found that amino acids

behave similarly to strong electrolytes; i.e., they are soluble in water but highly insoluble in

alcohols, and exhibit high solid densities, reflecting the charged nature of the molecules. Cohn

et al. reported that “the activity coefficients of the larger amino acids deviate far more than

those of glycine from any relation proportional to change in the mole fraction of alcohol or

the dielectric constant of the solutions." This partly explains why Kirkwood’s [20] theoretical

treatment was accurate in the case of glycine only at very low concentrations.

2.3 Local composition models

In the 1980s and 1990s, there was a revived interest in studying amino-acid and oligopeptide

systems through the adoption of semi-empirical and local composition models such as the

Wilson equation [21], the non-random two-liquid (NRTL) equation [22], and the Flory-Huggins

solution theory [23].

Local composition models are semi-empirical Gibbs free-energy models that were proposed

to take into account the irregular structure of mixtures due to asymmetrical energetic interac-

tions. Unlike the regular solution theory [24], which assumes that the mixture interactions are

independent of each other, local composition models assume that the composition of a compo-

nent B in the region surrounding a molecule of component A is markedly different from the bulk

composition. This irregularity can be caused by specific interactions, such as hydrogen bonding

and polarity. Wilson [21] was the first to hypothesise local composition; his model expresses the

Gibbs free energy of a binary mixture as a function of the characteristic energy differences and

the pure-component molar volumes. The Wilson equation was shown to successfully represent

many systems of different chemical types, particularly those of solutions of associating or polar

components in nonpolar solvents. However, a major disadvantage of the Wilson equation is
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that it cannot represent partial miscibility. Thus, it is only useful for liquid solutions that are

fully miscible.

The NRTL equation [22], developed based on the local composition theory of Wilson’s,

expresses the Gibbs free energy of a mixture as a function of the characteristic energy difference–

like the Wilson equation. The NRTL equation differs from Wilson’s equation in that it includes

a non-randomness parameter instead of the pure-component molar volumes. This modification

allows the NRTL equation to describe partially miscible as well as fully miscible mixtures.

Later, the universal quasichemical activity coefficient model (UNIQUAC) [25] was developed

with the goal of retaining some of the advantages of the Wilson equation without restriction to

completely miscible mixtures. It expands on the quasichemical theory of Guggenheim [26] for

nonrandom mixtures to solutions of components of different sizes by introducing the local area

fraction as the primary concentration variable. The expression for the Gibbs free energy of the

UNIQUAC model consists of a residual term that accounts for the intermolecular forces and

depends on binary interaction parameters fitted to mixture data and a combinatorial term that

accounts for the entropic contribution due to differences in the sizes and shapes of the mixture

components and is dependent only on pure-component data.

In the context of modelling the solid–liquid solubility of amino acids and oligopeptides,

Chen et al. [27] combined the NRTL equation with a Pitzer–Debye–Hückel term [28] that varies

inversely with the solvent dielectric constant. Unlike Kirkwood’s model, this model treats the

coefficient of the electrostatic term as an adjustable parameter which allows it to capture the

varying behaviour of different solvents. This model was used to correlate the solubility of

glycine and alanine in aqueous ethanol solutions.

Orella and Kirwan [29] combined an excess-solubility approach with the three-suffix Mar-

gules, NRTL, and Wilson activity coefficient models to correlate solubility data of amino acids

in mixed water + alcohol solvents. They used published solvent–solvent parameters and fitted

solute–solvent parameters using solubility data. They reported that out of the three models,

Wilson’s yielded the best agreement with experiments, although, as concluded later by Ferreira

et al. [30], the global quality of results in Orella and Kirwan’s work seems to contradict this
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conclusion.

Gude et al. [31] combined the excess-solubility approach with a simple activity-coefficient

model comprising a combinatorial term based on the Flory–Huggins theory and a Margules

residual term and reported good correlations of the solubility and partition coefficient of amino

acids and small peptides in mixed water + alcohol solvents. Van Berlo et al. [32] extended

the use of the model of Gude et al. to correlate the solubility of glycine in the ternary solvent

water + ethanol + 1-butanol. They used phase behaviour data of the water + ethanol +

1-butanol solute-free system, along with single-solvent solubility data of glycine to develop a

one-parameter excess Gibbs model to predict the solubility and partition coefficient of glycine

in the ternary solvent system at the same temperature. Rudolph et al. [33] used the same model

to study the solubility and partition coefficients of amoxicillin, ampicillin, and their precursors.

They found, however, that they could not reproduce accurately the increasing relative solubility

of the molecules in the aqueous phase observed for increasing 1-butanol concentration. To

capture the correct aqueous solubility behaviour, they replaced the combinatorial term in Gude

et al.’s model with that from the universal quasichemical activity-coefficient (UNIQUAC) model

to account for the size and shape differences of the molecules. Neither of the two models was able

to describe simultaneously the solubilities and partitioning accurately. The model of Ferreira et

al. [30], in which the excess solubility approach is combined with the NRTL equation, showed an

improvement in correlating the solubility of amino acids and small peptides in mixed solvents,

as compared to the similar models of Orella and Kirwan [29] and Gude et al. [31], while using

the same number of adjustable parameters.

2.4 Molecular models

In recent decades, molecular-based models, especially those based on the statistical associating

fluid theory (SAFT)[34, 35, 36, 37], have been increasingly adopted to model the solid–liquid

solubility of amino acids and oligopeptides. The term "molecular models" used here refers to

models that are based on intermolecular potentials describing the forces between the molecules
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in a system, as opposed to local-composition and excess Gibbs models, which are based on

solution theory and represent the deviation from properties of the ideal solution. SAFT (EoS),

in particular, are written in terms of the Helmholtz free energy of the mixture, from which

thermodynamic properties can be derived.

Khoshkbarchi and Vera [38] developed a simplified perturbed hard-sphere model to correlate

the activity coefficients and solubilities of amino acids in water, both at the isoelectric point

(pI) and at varying pH. A Lennard-Jones (LJ) potential was used to model the dispersion

forces and a Keesom term was introduced to account for the dipole–dipole interactions between

amino acids. The solvent was treated as a dielectric continuum. The dipole moments of the

amino acids were calculated using a quantum-mechanical approach whereas the LJ potential

parameters were adjusted using activity-coefficient data. The enthalpy of fusion and melting

temperature were adjusted using the amino acid solubility curves, and in order to model the

pH-dependent solubility, experimental dissociation equilibrium constants were used.

In later works, the authors extended their treatment to study how the presence of salts in

solution affects the solubility of amino acids [39, 40] and to model the solubility of a mixture of

two amino acids in aqueous solutions [40]. These models marked a significant improvement in

the description of the physical behaviour of amino acid solutions, especially in accounting for

the large dipole moments of the amino acids, although the experimental solubility data required

for adjusting the many model parameters are often scarce. It is also important to note that a

key shortcoming of these approaches in modelling pH-dependent solubility is that they account

for the speciation of the amino acids solely through the concentration of protons in the system.

The activities of the amino acid cation and anion are accounted for only as mole fractions [38].

This assumption applies only to the system at or close to the isoelectric point and cannot be

extrapolated to other pH values.

Fuchs et al. [41] have used the PC-SAFT [42] version of the statistical associating fluid

theory (SAFT) [36, 37] to model the solubility of glycine, DL-alanine, and DL-methionine at

their pI in pure water and alcohols and in mixed water + alcohol mixtures. Pure-component

model parameters were adjusted using vapour-pressure and liquid-density data of the amino
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acid aqueous solutions and an additional solute–solvent interaction parameter was adjusted

using solubility data. Moreover, the enthalpy of fusion and melting temperature were also

treated as adjustable parameters rather than using experimental values as had been the case in

previous works; these solid-state properties were first calculated using the group-contribution

method of Marrero and Gani [43] and then allowed to vary within the average deviation reported

for the method (16%) to provide the best description of the experimental solubility data. The

solubility in mixed-solvent systems was then predicted in fair agreement with experiments.

The same model was also used to predict the solubility of the amino acids at variable pH, in

good agreement with experimental data, although the influence of the different ionized forms

of the amino acid was neglected (much as in [38]), with speciation accounted for solely through

the concentration of protons. By adopting this strategy, the need to model the electrostatic

interactions between amino acid species is circumvented.

Cameretti and Sadowski [44] also used the PC-SAFT equation of state (EoS) to correlate the

density and vapour pressure of aqueous solutions of glycine, alanine, serine, proline, and valine,

treating the enthalpy of fusion and melting temperature as adjustable parameters. The same

model parameters were then used to model the properties of peptides with the additional adjust-

ment of the segment-number parameter. Ferreira et al. [45] later employed a different strategy,

treating amino acids as non-associating, and using only three component-specific PC-SAFT

parameters; these were obtained by adjustment using liquid densities, activity and osmotic co-

efficients, vapour pressures, and water activities of unsaturated aqueous amino acid solutions.

While neglecting association interactions led to a decrease in the number of model parameters,

a binary solute–solvent parameter was needed to yield acceptable agreement with experiments.

Additionally, the melting properties of the amino acids were adjusted using aqueous solubil-

ity data. The resulting prediction of solubility in pure alcohols showed poor agreement with

experimental data. In both works the authors treated the amino acids and peptides without

considering their speciation.

Grosse Daldrup et al. [46, 47] used the PC-SAFT EoS to model the mixed-solute solubility in

water of amino acids of similar and of differing pIs, at variable pH, and Held et al. [48] modelled

the density, vapour-pressure depression, activity coefficient, and solubility of aqueous solutions



12 Chapter 2. Thermodynamic models for amino acids and oligopeptides

of an extensive list of amino acids. The model parameters in these works were adjusted using

experimental liquid-density and activity-coefficient data of aqueous solutions, with the melting

properties treated as adjustable parameters. These studies capture the dissociation equilibria

associated with pH change but do not incorporate a charge in any of the species, including

the amino acid cation and anion. Charged PC-SAFT models have been used by Wysoczanska

et al. [49], who studied the density, solubility, and partition coefficients of dinitrophenylated

amino acids in aqueous two-phase systems, and by Aliyeva et al. [50] who have studied the

impact of the addition of salts on the solubility of aromatic and dicarboxylic amino acids using

the ePC-SAFT approach.

As highlighted in this literature review, several recurring limitations are evident in existing

models for predicting the solubility of amino acids and oligopeptides. First, many models rely

heavily on experimental data of amino acids and peptides for parameter fitting, which restricts

their predictive capabilities–particularly problematic for peptides, given their vast diversity and

the limited availability of solubility data. Consequently, these models often suffer from limited

transferability and applicability beyond the specific systems they were developed for. Moreover,

a number of these approaches involve a large set of adjustable parameters, which are typically

optimised for only a narrow range of systems, further constraining their generalisability. In

this work, I seek to address some of these limitations by developing models within the SAFT-γ

Mie group-contribution (GC) framework [51, 52, 53, 54] that require minimal amino-acid and

oligopeptide data and that are transferable across various solvent media and a broad range of

conditions. Accurate modelling of phase-equilibrium properties is an essential part of developing

thermodynamic models, as they provide fundamental insight into the interactions between

molecules. Furthermore, the parameterisation of thermodynamic models relies on an accurate

description of phase equilibrium behaviour. As such, the task of applying a thermodynamic

model of any kind starts with formulating the phase-equilibrium relations needed to describe

the properties of the system of interest.
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2.5 Modeling phase equilibria

When working with a free-energy formulation of an equation of state (EoS), such as the case in

SAFT-γ Mie [51, 52, 53, 54], one can obtain all thermodynamic properties needed to describe

the phase-equilibrium behaviour of a system from the derivatives of the Helmholtz free energy.

The phase equilibrium between any number of phases is premised on the thermal, mechanical,

and chemical equilibria between those phases [10]. These conditions of equilibrium can be

expressed as

T 1 = T 2 = ... = T π,

P 1 = P 2 = ... = P π, and

µ1
i = µ2

i = ... = µπ
i ,

(2.1)

where the superscript π denotes the number of phases and µπ
i is the chemical potential of

component i in phase π. For a system at temperature T with a total volume V and composition

x, the pressure is obtained from the Helmholtz free energy (A) as

P = −∂A(T, V,x)

∂V

⃓⃓⃓⃓
T,N

. (2.2)

The chemical potential at (T, V,x) can be calculated as

µi(T, V,x) = −∂A(T, V,x)

∂Ni

⃓⃓⃓⃓
T,V,Nj ̸=i

. (2.3)

The residual chemical potential, given by

µRes
i (T, P,x) = −∂ARes(T, V,x)

∂Ni

⃓⃓⃓⃓
T,V,Nj ̸=i

−RT lnZ(T, P,x), (2.4)

is used to calculate the fugacity coefficient of each component in the mixture, which is given by
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lnφî(T, P,x) =
µRes
i (T, P,x)

RT
, (2.5)

where ARes = A − AIdeal is the residual Helmholtz free energy and Z = PVP/NRT is the

compressibility factor, with VP is the total volume at the specified pressure.

In practice, the system is usually defined by the pressure rather than the volume, which

requires a density root-finding routine to calculate the volume at the system pressure. The

SAFT-γ Mie GC approach has been shown to produce accurate results for modelling various

types of phase-equilibrium properties, including vapour–liquid equilibria (VLE), liquid–liquid

equilibria (LLE), and vapour–liquid–liquid equilibria (VLLE) of a wide range of systems [51,

52, 56, 57, 58, 59, 60, 61, 62, 55].

2.5.1 Solid–liquid equilibrium

The solid–liquid solubility of a solute in solution is the amount of solute that is dissolved in the

liquid solution in equilibrium with the solid phase. Because this is a phase-equilibrium problem,

one can start with the equality of chemical potentials, at T and P , of the solute, component

i, in the liquid and solid phases, as above, but considering now specifically the equilibrium

between the solid phase and liquid phase, i.e.,

µS
i (T, P,x

S) = µL
i (T, P,x

L), (2.6)

where the superscripts S and L denote the solid and liquid phases, respectively. This expression

can be reformulated in terms of the fugacities of component i as

fS
i (T, P,x

S) = fL
i (T, P,x

L). (2.7)

Assuming that upon equilibrium no solvent molecules have crossed from the liquid phase

to the solid phase, i.e., the solid phase consists solely of the solute molecules i and the liquid
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phase contains both solute and solvent molecules, Equation 2.7 becomes

fS,0
i (T, P ) = fL

i (T, P,x
L), (2.8)

where the subscript 0 denotes pure-component fugacity.

Taking the pure solute i as a subcooled liquid at the system’s temperature T and pressure P

to be the reference state fL,0
i , the fugacity of component i in the liquid phase can be expressed

as

fL
i (T, P,x

L) = xL
i γ

L
i (T, P,x

L)fL,0
i (T, P ), (2.9)

where xL
i is the composition of the solute in solution, i.e., the solubility, and γL

i is the activity

coefficient of i in the liquid phase at the system’s temperature, pressure, and composition.

Thus, Equation 2.8 becomes

fS,0
i (T, P ) = xL

i γ
L
i (T, P,x

L)fL,0
i (T, P ). (2.10)

Rearranging Equation 2.10 leads to

xL
i γ

L
i (T, P,x

L) =
fS,0
i (T, P )

fL,0
i (T, P )

. (2.11)

The right-hand side of Equation 2.11 depends only on the properties of the solute, regardless

of the nature of the solvent, and it can be expressed in terms of the molar Gibbs free energy

change from points a to d in the thermodynamic cycle in Figure 2.1.

The molar Gibbs free energy change associated with the transition from a to d is

∆gi
a→d

= RT ln
fL,0
i (T, P )

fS,0
i (T, P )

. (2.12)
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Figure 2.1: Thermodynamic cycle representing the transition from the solid state at T and P
to the subcooled liquid state at T and P , adapted from Prausnitz et al. [10]. State a represents
the solute in the solid phase at the operating temperature T and pressure P , state b represents
the solute in the solid phase at the triple point (Tt and Pt), state c represents the solute in the
liquid phase at the triple point (Tt and Pt), and state d represents the subcooled liquid at T
and P .

The molar Gibbs free energy is defined as

∆gi
a→d

= ∆hi
a→d

− T∆si
a→d

, (2.13)

where ∆hi
a→d

and ∆si
a→d

are the molar enthalpy and entropy changes associated with the transition

a → d. Because the molar Gibbs free energy is a state function, the transition a → d can be

expressed as the sum of the transitions: a → b, representing the "heating up" of the solid from

the system’s temperature T to the triple point Tt (assuming T < Tt); b → c, representing the

isothermal and isobaric phase change (fusion) from the solid to the liquid at Tt and Pt; and

c → d, representing the "cooling down" of the liquid from the triple point (Tt and Pt) to the

system’s T and P . For the molar enthalpy change, this leads to

∆hi
a→d

= ∆hi
a→b

+∆hi
b→c

+∆hi
c→d

, (2.14)

where ∆hi
a→b

is associated with the molar enthalpy change in the solid phase (∆hi
a→b

=
∫︁ Tt,i

T
cSp,idT ),

and similarly, ∆hi
c→d

is associated with the molar enthalpy change in the liquid phase (∆hi
c→d

=∫︁ T

Tt,i
cLp,idT ). The term ∆hi

b→c
describes the latent enthalpy change associated with fusion at the
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triple point (∆hi
b→c

= ∆hfus
i (Tt,i)). Thus, Equation 2.14 becomes

∆hi
a→d

= ∆hfus
i (Tt,i) +

∫︂ T

Tt,i

∆cSLp,idT , (2.15)

where ∆cSLp,i ≡ cLp,i − cSp,i.

Similarly, for the entropy change from a to d,

∆si
a→d

= ∆si
a→b

+∆si
b→c

+∆si
c→d

, (2.16)

which, following a similar process to that of the enthalpy change, becomes

∆si
a→d

= ∆sfusi (Tt,i) +

∫︂ T

Tt,i

∆cSLp,i
T

dT , (2.17)

where ∆sfusi (Tt,i) is the entropy of fusion at the triple point which, at equilibrium, can be defined

as

∆sfusi =
∆hfus

i

Tt,i

. (2.18)

Substituting Equations 2.12, 2.15, 2.17, and 2.18 into Equation 2.12 and replacing the

triple-point temperature Tt,i with the melting-point temperature T fus
i –because the melting-

point temperature is more abundantly available and for most compounds, the two are very

similar–we get the well-known solubility equation [10]

lnxi(T, P,x) = −∆hfus
i (T fus

i , P )

R

(︃
1

T
− 1

T fus
i

)︃
−
∆cSLp,i(T

fus
i , P )

R

(︃
ln

(︃
T fus
i

T

)︃
− T fus

i

T
+ 1

)︃
− ln γi(T, P,x),

(2.19)

where the activity coefficient of i γi is calculated from a thermodynamic model, in this work

using SAFT-γ Mie, and the melting properties, ∆hfus
i and T fus

i , are obtained from experiment.
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The second term on the right-hand side of Equation (2.19) is often neglected, especially when

the difference between T and T fus
i is small [63]. In this thesis, this term is only neglected when

the relevant ∆cSLp,i data are not available.

Furthermore, this framework can be extended to capture various kinds of solid–liquid equi-

libria. For example, the solubility of a solute in mixed solvents can easily be modelled by

incorporating the properties of the mixed solvent in the activity coefficient of the solute. In

principle, this is done with the same assumption employed in pure-solvent solubility, namely

that the solid phase consists solely of the solute molecules. Only the interactions between

the additional solvent with both the solute and the other solvents are needed to achieve this

description.

Many systems relevant to the pharmaceutical industry form eutectic mixtures, in which

the mixture exhibits a lower melting point than its components. In practice, a binary eutectic

mixture is modelled by solving the SLE equation 2.19 twice: first by considering the solubility

of component 1 in component 2 and then by considering the solubility of component 2 in

component 1. As such, the melting properties of both compounds are required and the eutectic

point is determined at the intersection of the curves produced in these two calculations.

The assumption that the solid phase is purely made up of solute molecules is not always

valid. Using the current framework for systems that exhibit miscibility in the solid phase can

yield erroneous results. Generally, it is not easy to know, a priori, whether a mixture will form

a miscible solid phase. In practice, however, the general rule is that solid-phase miscibility is

usually negligible when the two molecules are appreciably different in shape and size [10].

2.6 Conclusions

In this chapter, a review of classical thermodynamic approaches to modelling the solid–liquid

solubility of amino acids and oligopeptides has been presented. Early historical developments,

local composition models, and molecular-based equations of state have been discussed. Key

limitations and challenges in the literature are identified to establish a foundation and motiva-
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tion for the current work. The classical thermodynamic framework for the calculation of phase

equilibrium is outlined, leading to a derivation of the solid—liquid equilibrium (SLE) equa-

tion from first principles. The application of the thermodynamic framework for solid–liquid

equilibrium has been discussed, paving the way for the modelling approach developed in the

subsequent chapters.



Chapter 3

SAFT-γ Mie theory and model

development for amino-acid and

oligopeptide solutions

3.1 Introduction

With the rise in interest in peptide therapeutics, there is now more than ever a salient need for

computational tools that can provide property predictions, which are essential in the screening

of potential APIs and the design of their manufacturing processes. The large number of possible

peptide molecules that may have a potential application in the pharmaceutical industry renders

the task of modelling their phase-equilibrium properties near impossible, without the availability

of reliable and abundant experimental data or transferable parameters. In this context, a group-

contribution (GC) approach can offer the needed utility, especially since peptide molecules

and their constituent amino-acid residues share a finite set of functional groups. Moreover,

amino acids and peptides exhibit complex inter- and intramolecular interactions, both charged

and uncharged, that give rise to their properties and make them an interesting challenge for

modelling approaches. The SAFT-γ Mie EoS provides an ideal tool for predicting the phase-

equilibrium of amino-acid and peptide solutions, as it is a group-contribution equation of state

20
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(EoS) [51, 52, 53], in which molecules are treated as heteronuclear chains of fused spherical

segments that interact via the Mie potential, and which can account for hydrogen bonding

and Coulombic interactions. It can also effectively account for intramolecular interactions with

minimal modification to the model.

The SAFT-γ Mie GC approach has been used to model and study a wide variety of systems

across many fields of applications. Sadeqzadeh et al [64] and Hutacharoen et al. [56] used this

approach to study the phase equilibria of aqueous mixtures. Silva et al. [65] used the approach

to study the phase-equilibrium behaviour of biodiesel systems. Papaioannou et al. [66] used

SAFT-γ Mie to study fluids relevant to the oil and gas industry. Sabattie et al. [67] used

SAFT-γ Mie to study oligomer-polymer mixtures. Samsatli et al. [68] used the model to

describe the properties of hydrogen in the context of transport in pipelines. Bui et al. [69] used

SAFT-γ Mie in a study of the chemisorption of CO2 in amine solvents. Di Lecce et al. [59, 60]

used the approach to model aqueous mixtures of choline geranate (CAGE), which is both an

ionic liquid and a deep eutectic solvent. Morgado et al. [70] used the approach to model the

fluid-phase equilibria of mixtures containing semifluorinated and perfluoroalkanes. Perdomo et

al. [71] used SAFT-γ Mie to model the thermodynamic properties and fluid-phase behaviour of

aqueous solutions of linear, branched, and cyclic amines. Wehbe et al. [62] used the approach

to model the speciation and phase behaviour of binary and ternary mixtures of formaldehyde,

water, and methanol. Bernet et al. used SAFT-γ Mie to model the thermodynamic properties

of mixtures of lactones and a wide range of solvents [58] as well as cyclic alcohols, with a focus

on applications to cyclohexanol and menthol [72]. Valsecchi et al. [73] used the approach to

model the thermodynamic properties of mixtures of water and polyethylene glycol (PEG).

In the context of computer-aided molecular and process design (CAMPD), Gopinath et al.

[74, 75] pioneered the use of SAFT-γ Mie to model solvent-based separation systems, Kazepidis

et al. [76] and Papadopoulos et al. [77] used it to design post-combustion CO2 capture based on

phase-change solvents, Bowskill et al. [78] used the model for working-fluid design for organic

Rankine cycles (ORC), and White and van Kleef et al. [79, 80, 81, 82] used the model in

the thermoeconomic design, optimisation, and assessment of ORC with a focus on waste-heat

recovery.
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In the context of modelling solid–liquid equilibria for pharmaceutical industrial applications,

Watson et al. [83] used the SAFT-γ Mie approach in the design of solvent blends for cooling

and anti-solvent crystallisation of ibuprofen. Wehbe et al. [57] used the approach to model the

solubility of ionizable acidic drugs, such as ibuprofen and ketoprofen. Febra et al. [61] used

the approach to predict the solubility of benzoic acid, diphenylamine, and mefenamic acid,

which is a nonsteroidal anti-inflammatory drug (NSAID). The current work, a part of which

was published in Ref.[84], is a contribution to a large research effort to expand the applicability

of the SAFT-γ Mie approach to model the solid–liquid solubility of APIs of relevance to the

pharmaceutical industry.

In this chapter, the SAFT-γ Mie GC approach is presented by describing the free-energy

terms it employs for describing the dispersion, association, and electrostatic interactions be-

tween the groups in molecules. The model is applied to the amino acids and oligopeptides of

interest to this work, by describing the molecular groups they comprise and their like and unlike

interaction parameters. The process of parameter optimisation is briefly discussed, followed by

a presentation of the parameters developed in this work and their performance compared to

thermodynamic pure-component and mixture data.

3.2 SAFT-γ Mie

SAFT-γ Mie [51, 52, 53, 54] is a group-contribution (GC) equation of state (EoS) based on

the statistical associating fluid theory (SAFT) [35, 36, 37, 85]. In SAFT-γ Mie, molecules are

treated as heteronuclear chains of fused spherical segments that are not necessarily of identical

size. These segments, representing the functional groups comprising each molecule, interact

with each other via Mie potentials of variable attractive and repulsive range, and hydrogen

bonding between some of the groups is mediated through the interaction between association

sites embedded in the segments.

In SAFT-γ Mie, a molecule is divided into its constituent groups, with the multiplicity of

a group of type k in molecule i being denoted by νk,i. Each group may consist of several (ν∗
k)
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identical fused spherical segments. Two segments of type k and l that are at a distance rkl

from each other interact through Mie [86] potentials of variable attractive and repulsive ranges,

given by

ΦMie
kl (rkl) = Cklεkl

[︄(︃
σkl

rkl

)︃λr
kl

−
(︃
σkl

rkl

)︃λa
kl

]︄
, (3.1)

where σkl is the size parameter (which corresponds to the segment diameter when k = l), εkl

is the depth of the potential well (alternatively the dispersion energy parameter), and λr
kl and

λa
kl are, respectively, the repulsive and attractive exponents of the interaction between the two

segments. The normalisation factor Ckl given by

Ckl =
λr
kl

λr
kl − λa

kl

(︃
λr
kl

λa
kl

)︃λa
kl/(λ

r
kl−λa

kl)

(3.2)

ensures that the minimum energy of interaction is −εkl.

The association interaction between a site a on on segment k and a site b on segment l is

mediated by a square-well potential given by

ΦHB
kl,ab(rkl,ab) =

⎧⎪⎪⎨⎪⎪⎩
−εHB

kl,ab if rkl,ab ≤ rckl.ab,

0 if rkl,ab ≤ rckl,ab ,

(3.3)

where rkl,ab is the centre-to-centre distance between sites a and b (respectively positioned at

rdkk,aa and rdll,bb off-centre on their respective segments), −εHB
kl,ab is the association energy, and

rckl,ab is the cut-off distance of the square-well potential between sites a and b.

In the case of systems that contain charged groups, the Helmholtz free energy is extended

following an unrestricted primitive model to account for the Coulombic interactions of the

charged groups [87, 88]. Each ionic group is assigned a central point charge q and a parameter

σBorn
kk that represents the Born cavity diameter. The relative static permittivity ϵr of the dielec-

tric medium proposed by Shreckenberg et al. [89] is used to replace the explicit representation

of the polarity of the solvent.

The equation of state is obtained in terms of the Helmholtz free energy, which is written



24 Chapter 3. SAFT-γ Mie for amino-acid and oligopeptide solutions

as a sum of contributions [51, 52, 87]:

A = Aideal + Amono + Achain + Aassoc + Aion + ABorn, (3.4)

where: Aideal corresponds to the free energy of an ideal gas mixture; Amono accounts for the

interactions among monomer segments, described using Mie potentials; Achain accounts for the

free energy due to chain formation; Aassoc accounts for association mediated through short-range

directional forces; Aion accounts for the Coulombic ion–ion interactions; and ABorn accounts for

ion– solvent electrostatic interactions. Only the first four terms are used when modeling neutral

systems. The last two terms are included when charged groups are present in the system.

3.2.1 The Helmholtz free energy for neutral systems

The thermodynamic properties of neutral systems (i.e. molecular systems that contain no

charges) are derived from the Helmholtz free-energy expression in Equation 3.4 by excluding

the last two terms, namely the ion and Born terms. The first four terms account for the short-

range repulsion, long-range dispersion, and association that account for the physico-chemical

behaviour of said systems.

3.2.1.1 Ideal term

The Helmholtz free energy of an ideal mixture, which describes a system of non-interacting

point particles, is given by [90]

Aideal

NkBT
=

(︄
NC∑︂
i=1

xi ln(ρiΛ
3
i )

)︄
− 1 , (3.5)

where N is the total number of molecules in the system, kB is the Boltzmann constant, T is

the absolute temperature, NC is the total number of components in the mixture, xi is the mole

fraction of component i, ρi = Ni/V is the number density (V is the total volume of the system

and Ni is the number of molecules of component i), and Λ3
i is the thermal de Broglie volume,
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which implicitly accounts not only for the translational contribution to the kinetic energy but

also those from rotations and vibrations of the molecules.

3.2.1.2 Monomer term

The monomer term accounts for repulsion and dispersion interactions between monomer seg-

ments and is expressed using a Barker–Henderson [91, 92] high-temperature perturbation ex-

pansion up to third order [93], i.e.,

Amono

NkBT
=

AHS

NkBT
+

A1

NkBT
+

A2

NkBT
+

A3

NkBT
, (3.6)

where AHS is the hard-sphere reference free energy with temperature-dependent diameter dkk,

given by

AHS

NkBT
=

(︄
NC∑︂
i=1

xi

NG∑︂
k=1

νk,iν
∗
kSk

)︄
aHS, (3.7)

where NG is the total number of groups in the mixture, νk,i is the multiplicity of group k in

molecule i, ν∗
k is the number of identical spherical segments making up the group k and Sk

is its shape factor which describes the contribution of group k to the overall Helmholtz free

energy of the molecule in terms of a non-integer number of segments, and aHS [94, 95] is the

contribution to the hard-sphere free-energy per segment and is a function of the number density

of the segments in the fluid. A1, A2, and A3 are the first, second, and third-order terms of the

expansion.

3.2.1.3 Chain term

The chain term corresponds to the change in free energy due to the connectivity of monomer

segments forming the molecules of the system. This term is formulated using the TPT1 ex-

pression of Wertheim [96, 35] as
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Achain

NkBT
= −

NC∑︂
i=1

xi

(︄
NG∑︂
k=1

νk,iν
∗
kSk − 1

)︄
ln gMie

ii (σii; ζx) , (3.8)

where gMie
ii (σii; ζx) is the radial distribution function, calculated using a second-order expansion:

gMie
ii (σii; ζx) = gHS

d (σii; ζx)exp
[︁
βεiig1(σii)/g

HS
d (σii; ζx) + (βεii)

2g2(σii/g
HS
d (σii; ζx)

]︁
, (3.9)

evaluated at the average molecular segment diameter σii of component i, in a hypothetical

fluid of packing fraction ζx. The radial distribution function of a system of hard spheres gHS
d is

evaluated using the expression of Boublík [97]. g1 and g2, which appear in the first and second-

order terms of the expansion, respectively, are evaluated at the contact distance σii = dii. A

more detailed description of this term can be found in the original SAFT-γ Mie paper [51];

note, however, that there is a typographical error (misplaced bracket) in the expression of the

chain term (equation (46) in Ref. [51]), which is presented correctly in equation (3.8) here.

3.2.1.4 Association term

The association term accounts for the contribution to the free energy due to the association

between molecules via short-range directional interactions and is expressed, based on the TPT1

perturbation theory of Wertheim [96], as

Aassoc

NkBT
=

NC∑︂
i=1

xi

NG∑︂
k=1

νk,i

NST,k∑︂
a=1

nk,a

(︃
lnXi,k,a +

1−Xi,k,a

2

)︃
, (3.10)

where NST,k is the total number of site types, nk,a the number of association sites of type a for

group k, and Xi,k,a the fraction of molecules of component i that are not bonded at site a on

group k.

3.2.2 Electrostatic contributions to the Helmholtz free energy

In the case of mixtures containing ionic species, the electrostatic interactions between ions and

those between ions and neutral solvent molecules are accounted for by the inclusion of the ion
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and Born terms in the expression of the Helmholtz free energy of the mixture (Equation (3.4)).

3.2.2.1 Mapping the charge of an electrolytic chain molecule

In both the MSA [98, 99] and Born [100] approaches (as well as in the seminal Debye-Hückel

model [19]), the ionic particles in the underlying molecular model are assumed to be spherical.

The assumption of spherical charged particles in incorporating the ion and Born contributions

to the Helmholtz free energy is commonly used in electrolyte equations of state, such as the

eSAFT-VR Mie EoS [101] (in which the Debye–Hückel [19] term is used instead of the MSA),

the electrolyte cubic plus association (eCPA) [102] (in which a Soave–Redlich–Kwong (SRK)

[103] residual term, an association term [85], a Debye-Hückle term [19], and a Born term [100]

are combined), and the ePC-SAFT EoS [104]. In the case of non-spherical ionic species, a

decision must be made on how to reconcile the molecular (non-spherical) model of a charged

species with the classical ionic expressions that assume a spherical charged particle.

Here, two possible mappings [87] for reconciling the heteronuclear SAFT-γ Mie molecular

model with expressions accounting for spherical ionic interactions are discussed. These two

routes are presented in Figure 3.1. As an example, consider an electrolyte containing a chain-

like cation (component C1), a spherical anion (C2), and a solvent (C3). The cation comprises

a charged group k1 formed by two identical segments ν∗
k1

= 2, each of diameter σk1k1 and Born

(solvated) diameter σBorn
k1k1

, which contribute to the overall free energy with a corresponding

shape factor Sk1 . The group has a positive (central) charge Zk1 . The rest of the cationic

species is formed by a heteronuclear chain comprising three groups of type k2 and one of type

k3. For simplicity, the anion is considered to be spherical here, but the expressions provided

below are equally applicable to the case of chain-like anions. The neutral solvent molecules are

represented with the standard SAFT representation of water in the figure.
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Figure 3.1: A cartoon representation of the models considered within the SAFT-γ Mie approach
in the current work. The upper panel depicts an electrolyte comprising a chain-like cation (C1)
and a spherical anion (C2) in water (C3). The cation is modelled as a heteronuclear chain
of groups including a charged group comprising two identical segments. The lower panels
depict the effective models proposed for the evaluation of the ion and Born contributions of the
Helmholtz free energy. Model M refers to “molecular" and Model G to “group".
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3.2.2.1.1 Molecular Model (M)

In Model M (M for molecular), the entire ionic chain molecule i is mapped onto a single sphere

of effective ionic diameter given as

σ̃MSA,M
eff, ii =

(︄
NG∑︂
k=1

νk,iν
∗
kSkσ

3
kk

)︄1/3

, (3.11)

which is defined to maintain the original molecular volume while mapping the chain onto a

sphere obtained by the summation over all groups in the molecule (charged and neutral). An

effective Born diameter, given by

σ̃Born,M
eff, ii =

(︄
NG∑︂

k=1;Zk ̸=0

νk,iν
∗
kSk(σ

Born
kk )3 +

NG∑︂
k=1;Zk=0

νk,iν
∗
kSkσ

3
kk

)︄1/3

(3.12)

is also defined. Thus, the two size parameters needed to describe a charged system are the

group’s Mie diameter σkk and an assigned Born diameter σBorn
kk . Furthermore, the effective

spherical ion carries a central point charge corresponding to the net charge of the original

molecule; i.e.,

ZM
eff,i =

NG∑︂
k=1

νk,iZk , (3.13)

where Zk is the charge of group k, so that the overall molecular charge density of the ion

remains unchanged through this mapping. Note that in the case in which the net charge of i

is zero (ZM
eff,ii = 0), as is the case of zwitterions, the ion and Born terms Aion and ABorn do not

contribute to the free energy of the mixture (they are zero).

3.2.2.1.2 Group Model (G)

In Model G (G for group), only the charged group is mapped to a sphere of effective ionic and

Born diameters σ̃MSA,G
eff,kk and σ̃Born,G

eff,kk , given by

σ̃i,G
eff, kk =

(︂
ν∗
kSk

(︁
σi
kk

)︁3)︂1/3
; i=MSA,Born (3.14)



30 Chapter 3. SAFT-γ Mie for amino-acid and oligopeptide solutions

such that only the charged group is mapped onto a spherical group of equivalent volume. The

charge Zk of the group remains unchanged so that the charge density of the group is preserved.

The rest of the groups in the ion (e.g., groups k2 and k3 in the figure) remain unchanged and

do not contribute to the ionic or Born terms, as they do not carry a charge. In the current

thesis, Model G is adopted to model the solubility of amino acids, on the assumption that it

represents a more physically accurate picture of the ionic molecule within a group-contribution

framework, especially for the treatment of zwitterions. In Chapter 5, this assumption is tested

against molecular simulations. The following presentation corresponds to Model G.

3.2.2.2 Ion term

The ion term AIon, which accounts for the contribution of Coulombic interactions between

charged species (ion-ion) to the Helmholtz free energy is expressed following the classic ex-

pression of Blum for the solution of the mean spherical approximation (MSA) in an primitive

unrestricted electrolyte model [98, 99] and is given by

Aion

NkBT
=

UMSA

NkBT
+

Γ3

3πρ
, (3.15)

where UMSA is the MSA contribution to the internal energy and Γ is the screening length of

the electrostatic forces. Implementing Model G in the SAFT-γ Mie formulation, UMSA is given

by

UMSA

NkBT
= − e2

(4πϵ0) ρkBTD

⎡⎣Γρ NC∑︂
i=1;Zi ̸=0

NG∑︂
k=1;Zk ̸=0

xiνk,iZ
2
k(︂

1 + Γσ̃MSA,G
eff,kk

)︂ +
π

2∆
ΩP 2

n

⎤⎦ , (3.16)

where e = 1.602× 10−19 C is the elementary charge, ϵ0 = 8.854× 10−12C2J−1m−1 is the static

permittivity in vacuum, and D the relative static permittivity. Zk is the charge of group k,

while Zi is the net charge of compound i, given by

Zi =

NG∑︂
k=1

νk,iZk . (3.17)
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The constraint “Zi ̸= 0" indicates that the outer sum over components includes only ions with a

net charge (i.e., it excludes uncharged molecules and zwitterions) and, similarly, the constraint

“Zk ̸= 0” denotes that the sum over groups includes only those that are charged. ∆, given by

∆ = 1− πρ

6

NC∑︂
i=1;Zi ̸=0

NG∑︂
k=1;Zk ̸=0

xiνk,i

(︂
σ̃MSA,G

eff,kk

)︂3
, (3.18)

describes the packing fraction of the ions as a function of the effective ionic diameter σ̃MSA,G
eff,kk

which is given by equation (3.14).

Pn =
ρ

Ω

NC∑︂
i=1;Zi ̸=0

NG∑︂
k=1;Zk ̸=0

xiνk,iσ̃
MSA,G
eff,kk Zk

1 + Γσ̃MSA,G
eff,kk

, (3.19)

and

Ω = 1 +
πρ

2∆

NC∑︂
i=1;Zi ̸=0

NG∑︂
k=1;Zk ̸=0

xiνk,i

(︂
σ̃MSA,G

eff,kk

)︂3
1 + Γσ̃MSA,G

eff,kk

, (3.20)

are coupling parameters that are functions of the ionic parameters and the screening length

of the ions. Pn couples the charges of the ions and Ω relates to the packing fractions of the

ions. The screening length of the ions Γ is a function of the relative static permittivity, D, and

the effective charge Qk (Γ) of the ions, leading to an implicit formulation through the electric

charge of the individual ionic groups Qk:

Γ2 =
πe2ρ

(4πϵ0)DkBT

NC∑︂
i=1;Zi ̸=0

NG∑︂
k=1;Zk ̸=0

xiνk,iQ
2
k, (3.21)

where the effective charge is related to Qk and the Pn coupling parameter:

Qk =
Zk −

(︂
σ̃MSA,G

eff, kk

)︂2
Pn (π/ (2∆))

1 + Γσ̃MSA,G
eff, kk

. (3.22)
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3.2.2.3 Born term

The Born term [100] describes the contribution to the free energy arising from ion-solvent

interactions. More specifically, this term accounts for the free energy associated with creating a

cavity, called a Born cavity, to allow for the insertion of an ion from vaccuum into the solvent,

at infinite dilution. The solvent is treated as a continuous dielectric medium, and the insertion

of each ion is assumed to have no impact on the solvent properties near the other ions. The

Born term, accounting for the implementation of Model G, is given as

ABorn

NkBT
= − e2

4πϵ0kBT

(︃
1− 1

D

)︃ NC∑︂
i=1;Zi ̸=0

NG∑︂
k=1;Zk ̸=0

xiνk,iZ
2
k

σ̃Born,G
eff, kk

, (3.23)

where the effective Born diameter, σ̃Born
eff, kk, is calculated using equation (3.14) where the Born

diameter of the spherical cavity created by each ionic group k in the dielectric medium is

obtained independently of any other ionic group.

3.2.2.4 The relative permittivity

In the SAFT-γ Mie model, we follow the work of Shrekenberg et al. [105] to obtain the relative

static permittivity, given by [89]

D = 1 + ρsolvd, (3.24)

where ρsolv = Nsolv/V is the solvent number density of the system, with Nsolv the number

of molecules of the solvent. In the model proposed here only a species not containing charged

groups (regardless of the net charge) is considered to be a solvent, meaning that any zwitterionic

molecule is not a solvent. The parameter d is calculated as

d =

NC∑︂
i=1;Zi=0

NC∑︂
j=1;Zj=0

i, j are not zwitterions

x′
ix

′
jdij , (3.25)

where x′
i and x′

j are the salt-free mole fractions of solvents i and j. The summation is over

solvent species only thanks to the constraints Zi = 0 and Zj = 0, with i and j not being a
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zwitterion. The unlike dij term is obtained as:

dij =
dii + djj

2
; i, j solvent = 1, ..., NC (3.26)

where dii is the temperature-dependent contribution to D from solvent i and is given by

dii = di,V

(︃
di,T
T

− 1

)︃
; i solvent = 1, ..., NC; , (3.27)

where di,V and di,T are component-specific adjustable parameters. These have been provided

for several solvents in previous work [89]. As can be gleaned from equations (3.24)–(3.26), the

value of the dielectric constant of the medium is not affected by the choice of charge mapping

(Model G or M).

3.3 Model development

The Helmholtz free energy expressions, presented in Sections 3.2.1 and 3.2.2, can only be

evaluated once the set of like and unlike interaction parameters for the groups comprising the

system have been obtained. A mixture with a composition xi of component i is subdivided

into its constituent groups, with νk,i counting the number of groups of type k in the molecule.

Note that in cases where a functional group, or moiety, can be represented using different

combinations of groups, the group containing the most atoms should be used [55]. For example,

the CH2OH group is used to represent primary alcohols instead of the combination of groups

CH2 and OH.

A group k is characterised by its shape factor (Sk), which determines the extent to which

it contributes to the overall molecular properties, and the number of segments comprising it

(ν∗
k). The dispersion interaction between two groups k and l - whether like (k = l) or unlike

(k ̸= l) - is fully determined by the following set of parameters: the size parameter (σkl); the

dispersion energy parameter (εkl); the repulsive Mie exponent (λr
kl); and the attractive Mie

exponent (λa
kl). Note that λa

kl is set equal to six to represent the London dispersion forces [106,
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107].

For groups that are involved in association interactions, the following additional parameters

are needed: the number of association sites, of different types, embedded in group k (NST,k);

the number of sites of each given type (nk,a, nk,b,...,nk,NST,k
); the association energy between

site a on group k and site b on group l (εHB
kl,ab); and the association bonding-volume parameter

(Kkl,ab). Note that the number and types of sites present in a group are decided on based on

chemical intuition.

For charged systems, the charge of group k (Zk) and its Born diameter of (σBorn
kk ) are

required. Additionally, the relative static permittivity of the dielectric medium, as presented

by Shreckenberg [89] (ϵr) is used to account for the polarity of the solvent.

Once the system’s group representation is decided on, the like and unlike parameters are

obtained by minimising the objective function fobj, which represents the weighted average error

in model calculations relative to the available experimental data, and is calculated as

min
Θ

fobj =
1

N exp

NS∑︂
s=1

NP
s∑︂

p=1

ND
s,p∑︂

i=1

ws,p,i

(︄
Xexp

s,p,i −Xcalc
s,p,i(Θ)

Xexp
s,p,i

)︄2

, (3.28)

where Θ is the vector of model parameters, N exp is the total number of experimental data

points used in the parameter optimisation, NS is the number of systems (pure compounds and

mixtures), ND
s,p is the number of property types for system s, ND

s,p is the number of data points

of property p of system s, and ws,p,i is a weight factor assigned to data point i of property p

of system s. Xexp
s,p,i is the ith experimental data point of property p of system s and Xcalc

s,p,i(Θ)

is the ith is the corresponding point calculated with the set of SAFT-γ Mie parameters Θ.

The parameter optimisations in this work are conducted using Siemens’ proprietary software,

gProperties.

The performance of the model is evaluated by calculating the percent absolute average

deviation (%AAD) of a property p of system s, given by
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%AADs,p =
1

ND
s,p

ND
s,p∑︂

i=1

⃓⃓⃓⃓
⃓X

exp
s,p,i −Xcalc

s,p,i

Xexp
s,p,i

⃓⃓⃓⃓
⃓× 100, (3.29)

and the absolute average deviation (AAD), given by

AADs,p =
1

ND
s,p

ND
s,p∑︂

i=1

⃓⃓
Xexp

s,p,i −Xcalc
s,p,i

⃓⃓
. (3.30)

3.4 SAFT-γ Mie models for amino acids and oligopeptides

In order to model the solid–liquid solubility of amino acids and oligopeptides using the SAFT-

γ Mie GC approach, it is necessary to identify the groups that comprise the systems to be

modeled and obtain their interaction parameters.

To model the solid–liquid solubility of amino acids and oligopeptides at the isoelectric point

(pI), no charged groups are considered; i.e., not only is the amino acid (or peptide) neutral (as

corresponds to a zwitterion), but each of the SAFT-γ Mie groups used to model the systems

of interest is also a neutral (standard) group. For example, glycine is modelled as 1 × NH2,

1 × CH2, and 1 × COOH groups, alanine is modelled as 1 × NH2, 1 × CH, 1 × CH3, and 1

× COOH groups, valine is modelled as 1 × NH2, 2 × CH, 2 × CH3, and 1 × COOH groups,

while serine contains 1 × NH2, 1 × CH, 1 × CH2OH, and 1 × COOH groups. A representation

of these models is given in Figure 3.2.

In Section 4.3, the solid–liquid solubility of the amino acids glycine, alanine, serine, and va-

line in pure water, alcohols, and water-alcohol mixtures as well as that of di- and tri-peptides of

glycine, alanine, leucine, and serine, are predicted. Since the corresponding solubility measure-

ments are conducted at the pI, only the neutral models are used without treating the speciation

of the zwitterions or any of the solvents. The similarity in structure of the amino acids and

peptides, and the group-contribution nature of the SAFT-γ Mie approach, mean that a small

number of groups is sufficient to model the properties of all the molecules of interest here.

Specifically, the uncharged H2O, COOH, NH2, CH3, CH2, CH, CH2OH, CHOH, and CONH
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Figure 3.2: SAFT-γ Mie representation of (a) glycine, (b) alanine, (c) serine, and (d) valine.
A heteronuclear model with fused spherical segments is implemented in which short-range
association sites are represented with smaller light-blue (sites of type H), red (type e1), and
brown (type e2) circles.

groups are used.

To model the solid–liquid solubility of amino acids and under changing pH, charged groups

are considered. For example, zwitterionic glycine is modelled as 1 × NH +
3 , 1 × CH2, and 1 ×

COO– groups, cationic glycine is modelled as 1 × NH +
3 , 1 × CH2, and 1 × COOH groups, and

anionic glycine is modelled as 1 × NH2, 1 × CH2, and 1 × COO– groups. A representation of

the models used to SAFT-γ Mie models used to describe the speciation of glycine is given in

Figure 3.3. Similarly, zwitterionic alanine is modelled as 1 × NH +
3 , 1 × CH, 1 × CH3, and 1

× COO– groups, cationic alanine is modelled as 1 × NH +
3 , 1 × CH, 1 × CH3, and 1 × COOH

groups, and anionic alanine is modelled as 1 × NH2, 1 × CH, 1 × CH3, and 1 × COO– groups.

In Section 4.4.3, the aqueous solubility of glycine and alanine is predicted under changing

pH, in which case the speciation of the zwitterion and water is essential. There, both the

uncharged and charged groups are considered to model the phase and chemical equilibria of the

system of interest. Thus, the groups needed to model both of these systems are: NH2, NH +
3 ,
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Figure 3.3: SAFT-γ Mie representation the glycine cation, zwitterion and anion as modelled in
the current work.A heteronuclear model with fused spherical segments is implemented in which
short-range association sites are represented with smaller light-blue (sites of type H) and red
(type e1) circles. The reactions also involve water, the hydronium and hydroxide ions, as well
as the acidic and basic counter ions, which are not shown here.

COOH, COO–, CH3, CH2, CH, H2O, H3O
+, OH–, Na+, and Cl–.

The parameter sub-matrix in Figure 3.4 contains all the groups needed for the solid–liquid

solubility predictions in this work. Most of these groups and their like and unlike interactions

have been characterised in previous works, with one new group and 11 unlike interactions

needing to be determined as part of the current thesis.

The interaction parameters of the groups, shown in Tables 3.1, 3.2, and 3.3, are optimised

by adjustment using experimental thermodynamic-property data of pure-component and binary

systems that contain the groups of interest.



38 Chapter 3. SAFT-γ Mie for amino-acid and oligopeptide solutions

Figure 3.4: SAFT-γ Mie GC group interaction sub-matrix containing groups required to model
systems in the current work. Blue cells indicate interactions previously published ([55, 57]),
green cells indicate interactions developed in our current work, grey cells indicate interactions
that are obtained using combining rules [51], and white cells indicate interactions that are not
needed in the current work.
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Table 3.1: SAFT-γ Mie like interaction parameters of the groups considered in our current work (excluding association). The attractive
range of the Mie potential is λa

kk = 6 for all groups here. The asterisk indicates that the CONH group has been characterized in the
current work.

Group k ν∗
k Sk σkk/Å σBorn

kk Å λr
kk (εkk/kB)/K NST,k nk,H nk,e1 nk,e2 Ref.

H2O 1 1.0000 3.0063 — 17.020 266.68 2 2 2 — [53, 54]

COOH 1 0.55593 4.3331 — 8.0000 405.78 3 1 2 2 [52]

NH2 1 0.79675 3.2477 — 10.254 284.78 2 2 1 — [71]

CH3 1 0.57255 4.0772 — 15.050 256.77 — — — — [51]

CH2 1 0.22932 4.8801 — 19.871 473.39 — — — — [51]

CH 1 0.072100 5.2950 — 8.0000 95.621 — — — — [52]

CH2OH 2 0.58538 3.4054 — 22.699 407.22 2 1 2 — [56]

CHOH 2 0.18963 4.5381 — 18.185 599.66 2 1 2 — [55]

CONH 2 0.73764 2.9482 — 29.839 156.12 2 1 2 — ∗

COO– 1 0.55593 4.3331 4.6364 8.0000 21.264 1 — 4 — [60]

NH +
3 1 0.79675 3.2477 3.4750 10.254 48.300 1 3 — — [57]

H3O
+ 1 1.0000 3.0063 3.0063 17.020 68.190 1 3 — — [88]

OH– 1 1.0000 2.4600 3.0063 17.020 170.24 1 — 3 — [88]

Na+ 1 1.0000 2.3200 3.3600 12.000 31.711 — — — — [88]

Cl– 1 1.0000 3.3400 3.8740 12.000 113.77 — — — — [88]
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Table 3.2: Unlike group parameters (excluding association) for use with the SAFT-γ Mie
approach. An asterisk indicates that the parameters have been characterised in the current
work. CR indicates that combining rules are used [51].

Group k Group l (εkl/kB) λr
kl Ref. Group k Group l (εkl/kB) λr

kl Ref.
H2O COOH 289.76 CR [56] CH3 COO– 255.99 CR [59, 60]
H2O NH2 358.55 CR [71] CH3 NH +

3 244.15 CR [57]
H2O CH3 358.18 100.00 [56] CH3 H3O

+ CR CR –
H2O CH2 423.63 100.00 [56] CH3 Na+ CR CR –
H2O CH 275.75 CR [108] CH3 Cl– CR CR –
H2O CH2OH 353.37 CR [56] CH3 OH– CR CR –
H2O CHOH 479.16 CR [55] CH3 CONH 430.60 CR ∗
H2O COO– 171.61 CR [59, 60] CH2 CH 506.21 CR [52]
H2O NH +

3 450.21 CR [57] CH2 CH2OH 423.17 CR [56]
H2O H3O

+ 391.04 CR [88] CH2 CHOH 517.64 CR [55]
H2O OH– 134.41 CR [88] CH2 COO– 413.74 CR [59, 60]
H2O CONH 379.59 CR ∗ CH2 NH +

3 348.39 CR [57]
H2O Na+ 539.68 CR [88] CH2 H3O

+ CR CR –
H2O Cl– 95.406 CR [88] CH2 OH– CR CR –
COOH NH2 285.00 CR ∗ CH2 CONH 315 CR ∗
COOH CH3 255.99 CR [52] CH2 Na+ CR CR –
COOH CH2 413.74 CR [52] CH2 Cl– CR CR –
COOH CH 504.99 CR [52] CH CH2OH 329.22 CR [108]
COOH CH2OH 488.18 CR [109] CH CHOH 0 CR [55]
COOH CHOH 1154.3 50.000 ∗ CH COO– 504.99 CR [57]
COOH COO– 405.78 8.0000 [59, 60] CH NH +

3 151.01 CR [57]
COOH NH +

3 388.58 CR [57] CH H3O
+ CR CR –

COOH H3O
+ CR CR [57] CH OH– CR CR –

COOH OH– CR CR [57] CH CONH CR CR –
COOH CONH 670.04 CR ∗ CH Na+ CR CR –
COOH Na+ CR CR – CH Cl– CR CR –
COOH Cl– CR CR – CH2OH CHOH 389.23 CR [55]
NH2 CH3 244.15 CR [71] CH2OH CONH CR CR –
NH2 CH2 348.39 CR [71] COO– NH +

3 26.330 CR [57]
NH2 CH 278.26 CR ∗ COO– H3O

+ 27.74 CR [57]
NH2 CH2OH 528.21 52.305 [110] COO– OH– 44.520 CR [57]
NH2 CHOH 415.54 10.643 ∗ COO– Na+ 9.9125 CR [59, 60]
NH2 COO– CR CR – COO– Cl– 21.265 CR [59, 60]
NH2 NH +

3 284.78 CR [57] NH +
3 H3O

+ 56.958 CR [57]
NH2 H3O

+ CR CR – NH +
3 OH– 62.238 CR [57]

NH2 OH– CR CR – NH +
3 Na+ CR CR –

NH2 CONH 150.77 CR ∗ NH +
3 Cl– 65.257 CR [57]

NH2 Na+ CR CR – H3O
+ OH– 66.439 CR [88]

NH2 Cl– CR CR – H3O
+ Na+ 37.48 CR [57]

CH3 CH2 350.77 CR [51] H3O
+ Cl– 70.552 CR [88]

CH3 CH 387.48 CR [52] OH– Na+ 27.898 CR [88]
CH3 CH2OH 333.20 CR [56] OH– Cl– 123.21 CR [57]
CH3 CHOH 479.38 CR [55] Na+ Cl– 27.938 CR [88]
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Table 3.3: Group association parameters for use with the SAFT-γ Mie approach. An asterisk
indicates that the parameters have been characterized in the current work.

group k site a group l site b (εHB
kl,ab/kB) / K KHB

kl,ab / Å3 Ref.

H2O H H2O e1 1985.4 101.69 [53, 54]

H2O e1 COOH H 2567.7 270.09 [56]

H2O H COOH e1 1451.8 280.89 [56]

H2O H COOH e2 1252.6 150.98 [56]

H2O H NH2 e1 1460.0 179.60 [71]

H2O e1 NH2 H 1988.3 55.824 [71]

H2O H CH2OH e1 2153.2 147.40 [56]

H2O e1 CH2OH H 621.68 425.00 [56]

H2O H CHOH e1 2140.9 19.478 [55]

H2O e1 CHOH H 2289.1 63.813 [55]

H2O H COO– e1 802.21 52.555 [59, 60]

H2O e1 NH +
3 H 2016.6 49.397 [57]

H2O e1 H3O
+ H 1985.4 101.69 [88]

H2O H OH– e1 1492.0 76.411 [88]

H2O H CONH e1 1986.2 236.59 ∗

H2O e1 CONH H 3061.5 130.81 ∗

COOH H COOH H 6427.9 0.80620 [52]

COOH H NH2 e1 4000.0 100.00 ∗

COOH e1 NH2 H 1446.6 100.00 ∗

COOH e2 NH2 H 1220.1 100.00 ∗

COOH H CH2OH e1 3238.4 36.050 [109]

COOH e1 CH2OH H 1062.1 210.67 [109]

COOH e2 CH2OH H 997.89 227.07 [109]

COOH H CHOH e1 4000.0 10.834 ∗

COOH e1 CHOH H 305.02 1.0000 ∗

COOH e2 CHOH H 319.87 0.10000 ∗
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group k site a group l site b (εHB
kl,ab/kB) / K KHB

kl,ab / Å3 Ref.

COOH e1 NH +
3 H 334.08 13.500 [57]

COOH e2 NH +
3 H 366.54 9990.0 [57]

COOH e1 H3O
+ H 1451.8 280.89 [57]

COOH e2 H3O
+ H 1252.6 150.98 [57]

COOH H OH– e1 2036.0 214.16 [57]

COOH H CONH e1 2487.2 242.73 ∗

COOH e1 CONH H 1723.5 461.80 ∗

COOH e2 CONH H 1723.5 461.80 ∗

NH2 e1 NH2 H 1070.8 95.225 [71]

NH2 H CH2OH e1 629.88 346.08 [110]

NH2 e1 CH2OH H 2403.8 26.192 [110]

NH2 H CHOH e1 1524.9 103.22 ∗

NH2 e1 CHOH H 1470.3 303.47 ∗

NH2 H COO– e1 1220.1 100.00 ∗

NH2 e1 NH +
3 H 1070.8 95.225 ∗

NH2 e1 H3O
+ H 1460.0 179.60 ∗

NH2 H OH– e1 1511.4 42.436 ∗

NH2 e1 CONH H 2807.1 122.83 ∗

NH2 H CONH e1 1687.6 122.83 ∗

CH2OH H CH2OH e1 2097.9 62.309 [56]

CH2OH H CHOH e1 2500.0 10.444 [55]

CH2OH e1 CHOH H 1464.1 591.55 [55]

CH2OH H CONH e1 2583.6 101.84 ∗

CH2OH e1 CONH H 2583.6 101.84 ∗

CHOH H CHOH e1 2480.6 8.4740 [55]

COO– e1 NH +
3 H 1767.0 13.500 ∗, [57]

COO– e1 H3O
+ H 802.21 52.555 [57]

NH +
3 H OH– e1 1988.3 55.824 [57]
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group k site a group l site b (εHB
kl,ab/kB) / K KHB

kl,ab / Å3 Ref.

H3O
+ H OH– e1 1492.0 76.411 [88]

CONH H CONH e1 3181.7 155.31 ∗

The parameter optmisation process introduced in Section 3.3 is followed for each like and

unlike interaction and the corresponding SAFT-γ Mie calculation is presented alongside the

experimental data used. The NH2 [71], COOH [52], CHOH [55], and CH [52] groups have been

developed in previous works, but the NH2–COOH, NH2–CH, COOH–CHOH, and NH2–CHOH

unlike interactions needed to be characterised. Experimental data of simple mixtures containing

these groups were used in the parameter estimation with as few as possible amino-acid data,

as the goal is to develop a SAFT-γ Mie framework that is predictive for the properties of

amino acid and peptide solutions. Additionally, for the modelling of oligopeptide solutions, the

peptide (amide) CONH group was characterised with all its like and unlike parameters. Finally,

the NH +
3 –COO– interaction was slightly manually modified when modelling the solubility of

amino acids under changing pH.

3.4.1 NH2 COOH

The NH2 COOH interaction is key to modeling amino acids and peptides, however, its op-

timisation represents a major challenge due to the lack of experimental data for mixtures of

primary amines (R NH2) and alkanoic acids (R COOH) as a result of the reactive nature

of these mixtures. Instead, experimental aqueous-mixture data of amino acids belonging to

the glycine homologous series H2N (CH2)n COOH with n=1–5 was used. These amino acids

were chosen to minimise the influence of groups, other than NH2 and COOH, on the result-

ing interaction parameters [58]. Specifically the SLE [111, 30, 112] and VLE [113] of glycine

in water, and the liquid density of aqueous solutions [114] of glycine, 3-aminopropanoic acid,

4-aminobutanoic acid, 5-aminobutanoic acid, and 6-aminohexanoic acid were used. Calcula-

tions using the optimised parameters, illustrated in Figures 3.5 and 3.6, exhibit satisfactory

agreement with the available experimental data–given the constraints of the model and the
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scarcity of relevant VLE data. Optimisation strategies incorporating other combinations of

thermodynamic-property data, but excluding solubility, led to non-physical parameter values

and larger deviations between calculated and experimental solubilities. The AAD and %AAD

values quantifying the model’s agreement with experiments for these systems can be found in

Table 3.4

(a) (b)

Figure 3.5: SAFT-γ Mie calculations (curves) used in the optimisation of the NH2-COOH
unlike interaction compared to experimental data. (a) Bubble pressure of water (1) + glycine
(2) at 298 K [113]. The pressure is measured with a reported sensitivity of about 0.3 Pa. (b)
Solid–liquid solubility of water (1) + glycine (2) at 1 bar; filled circles [111], squares [115],
diamonds [112], and black triangles [30]. Empty symbols denote experimental data not used in
the parameter optimisation: empty circles [116]; and green triangle [117].

3.4.2 NH2 CHOH

The NH2 CHOH interaction is optimised by adjustment using experimental data of secondary

amine + primary amine mixtures. Specifically: VLE data of 2-butanol + 1-butanamine [118,

119]; excess-enthalpy data of 2-propanol + 2-propanamine [120], 2-propanol + 1-butanamine

[121], 2-propanol + 2-butanamine [121], and 2-butanol + 1-butanamine [118]; and density

data of 2-propanol + 1-propanamine [122], 2-butanol + 1-propanamine [122], 2-butanol + 1-

butanamine [123], 2-hexanol + 1-butanamine [124], and 3-hexanol + 1-butanamine [124] are

considered. Figures 3.7 and 3.8 illustrate the agreement between SAFT-γ Mie calculations and

experimental data for the aforementioned systems; the AAD and %AAD values corresponding
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(a) (b)

(c) (d)

Figure 3.6: SAFT-γ Mie calculations (curves) used in the optimisation of the NH2-COOH
unlike interaction compared to experimental data (symbols)[114] of liquid densities of amino-
acid mixtures at 1 bar. (a) Water (1) + 3-aminopropanoic acid (2). (b) Water (1) + 4-
aminobutanoic acid. (c) Water (1) + 5-aminopentanoic acid. (d) Water (1) + 6-aminohexanoic
acid. Different colours represent mixture densities at different temperature: 293.15 K (blue);
298.15 K (green); 303.15 K (yellow); and 308.15 K (orange). The estimated experimental
uncertainty in the reported densities are estimated to be ±0.05 kg/m3

to these calculations can be found in Table 3.4.

3.4.3 COOH CHOH

The COOH CHOH interaction is optimised using VLE data of the binary mixtures propanoic

acid + 2-propanol [125] and butanoic acid + 2-propanol [126], and VLE [125] and liquid-

density [127] data of the mixture propanoic acid + 2-butanol. The SAFT-γ Mie calculations

show satisfactory agreement with experiments, as illustrated by the plots in 3.9 and %AAD
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(a) (b)

(c) (d)

(e)

Figure 3.7: SAFT-γ Mie calculations (curves) used in the optimisation of the NH2-CHOH
unlike interaction compared to experimental data (symbols) of liquid densities of mixtures of
primary amines with secondary alcohols at 1 bar. (a) 2-butanol (1) + 1-propanamine (2)
[122]. (b) 2-propanol (1) + 1-propanamine (2) [122]. (c) 2-butanol (1) + 1-butanamine (2)
[123]. (d) 2-hexanol (1) + 1-butanamine (2) [124]. (e) 3-hexanol (1) + 1-butanamine (2) [124].
Different colours represent mixture densities at different temperature: 298.15 K (black); 303.15
K (purple); 308.15 K (blue); 313.15 K (light blue); 318.15 K (grey); 323.15 K (pink); and
328.15 K (green). The experimental uncertainties in the density measurements are reported to
be 0.01 kg/m3 [122] and 0.1 kg/m3 [123, 124].
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(a) (b)

(c) (d)

Figure 3.8: SAFT-γ Mie calculations (curves) used in the optimisation of the NH2-CHOH unlike
interaction compared to experimental data (symbols) of VLE and excess enthalpies of mixtures
of primary amines with secondary alcohols. (a) Vapour–liquid equilibrium isobar (Txy) [119] of
2-butanol (1) + 1-butanamine (2) at 1 bar. The maximum estimated uncertainty in liquid- and
vapour-phase mole fractions is ±0.0002. (b) Vapour–liquid equilibrium isotherm (Pxy) [118]
of 2-butanol (1) + 1-butanamine (2) at 328.15 K. (c) Excess enthalpy of 2-butanol (1) + 1-
butanamine (2) [118] at 298.15 K and 1 bar. (d) Excess enthalpies of mixtures of 2-propanol (1)
with primary amines at 298.15 K and 1 bar: 1-butanamine (black circles) [121]; 2-butanamine
(light blue triangles) [121]; and 2-propanamine (purple diamonds) [120].

values in Table 3.4.

3.4.4 NH2 CH

The NH2–CH interaction is optimised by adjustment using experimental vapour-pressure data

of 2-propanamine [128], 2-butanamine [129], and 2-methyl-1-propanamine [130, 131], liquid-

density data of 2-propanamine [132] and 2-butanamine [133, 134], VLE data of ethane +

2-propanamine [135], and hexane + 2-propanamine [136] mixtures, and excess-enthalpy data of
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(a) (b)

(c) (d)

Figure 3.9: SAFT-γ Mie calculations (curves) used in the optimisation of the COOH-CHOH
unlike interaction compared to experimental data (symbols) of VLE and liquid densities of mix-
tures of alkanoic acids with secondary alcohols. Filled symbols denote data that were used in the
optimisation and empty symbols denote data that were not used. (a) Mixture liquid density of
propanoic acid (1) + 2-butanol (2) at 1 bar, and at 293.15 K (purple) and 333.15 K (black) [127].
The uncertainty in the density measurements is reported to be 0.01 kg/m3. (b) Temperature–
composition isobar illustrating the vapour–liquid equilibrium of propanoic acid (1) + 2-butanol
(2) at 1 bar [125]. (c) Temperature–composition isobar illustrating the vapour–liquid equilib-
rium of propanoic acid (1) + 2-propanol (2) at 1 bar [125]. (d) Pressure–composition isotherms
illustrating the vapour–liquid equilibria of butanoic acid (1) + 2-propanol (2) at 333.15 K (light
blue); 353.15 K (purple); and 373.15 K (black) [126]. The experimental uncertainty in mea-
sured pressures is reported to be less than 0.15 kPa. In (b), (c), and (d), triangles denote dew
points and circles denote bubble points.

hexane + 2-butanamine [137] and heptane + 2-butanamine [138] mixtures. The theory yields

very good agreement with the experimental data for the pure-compound properties, as shown
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in Figure 3.10. In the case of mixture properties, the model yields satisfactory agreement with

experimental data as can be seen in Figure 3.11. Corresponding percentage average absolute

deviations (%AAD) and average absolute deviations (AAD) are presented in Table 3.4.

(a) (b)

Figure 3.10: SAFT-γ Mie calculations (curves) of pure-component properties used in the optimi-
sation of the NH2-CH unlike interaction compared to experimental data (symbols). (a) Vapour-
pressure of 2-propanamine (black), 2-butanamine (light blue), and 2-methyl-1-propanamine
(purple). Symbols denote different experimental sources: black circles [128]; black triangle
[139]; light blue circles [129]; purple circles [131]; and purple triangles [130]. SAFT-γ cal-
culations for 2-butanamine and 2-methyl-1-propanamine are identical because the molecules
are comprised of the same groups. (b) Isobaric liquid density of 2-propanamine (black) and
2-butanamine (light blue). The dashed curve denotes calculation of density at 1 bar whereas
the solid curve denotes calculation of saturated density. Symbols denote different experimental
sources: black circles [132]; blue circles [134]; and blue triangles [133]

3.4.5 The peptide (CONH) group

We have considered the possibility of modelling the amide functional group as separate C O

and NH groups, which have been parametrised in previous work [140, 71], but we find that such

a model does not lead to an accurate representation of the properties of aqueous dipeptides.

This is most likely because the C O and NH groups were parametrised using experimental

data of 2-ketones and secondary amines, respectively. In these families the two groups are

not adjacent, and large polarisation effects that arise when the two groups are adjacent, as

is the case in peptide molecules are therefore neglected. Hence, to model mixtures containing

peptides, a new group CONH is introduced and parametrised using experimental data of amides

(R CONH R′), which are structurally more similar to peptides. The CONH group is modelled
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(a)

(c)

(c)

Figure 3.11: SAFT-γ Mie calculations (curves) of mixture properties used in the optimisation
of the NH2-CH unlike interaction compared to experimental data (symbols). (a) Pressure–
composition isotherms of hexane (1) + 2-propanamine (2) [136] at 283.15 K (black), 313.15 K
(purple), and 333.15 K (light blue). (b) Pressure–composition isotherms of ethane (1) + 2-
propanamine (2) [135] at 279.1 K (light blue), 328.3 K (purple), and 367.9 K (black). (c)
Excess enthalpies of hexane (1) + 2-butanamine (2) at 298.15 K and 1 bar (black) [138] and
heptane (1) + 2-butanamine (2) at 298.15 K and 1 bar (purple) [137].



3.4. SAFT-γ Mie models for amino acids and oligopeptides 51

with three associating sites, two of type e (e1 in Tables 3.1-3.3), representing the lone pairs of

the oxygen atom, and one of type H corresponding to the hydrogen. Contrasting our treatment

of amine groups, we find that it is not necessary to add a further e-type site to account for

the electron pair of the nitrogen atom. This may reflect that the ground state of an amide is

stabilised by the delocalisation of the nitrogen lone-pair electrons through orbital overlap with

the carbonyl group of the amide [141]; this delocalisation is the principal reason that amides

are non-basic in nature, whereas amines, in which the nitrogen lone pair is not delocalised, are

quite strong bases.

The CONH CONH, CONH CH3, and CONH CH2 interaction parameters are adjusted

simultaneously using pure n-alkylamide and n-alkylamide + n-alkane mixture data. Specifi-

cally, pure compound vapour-pressure data of n-ethyl-acetamide [142, 143], n-propyl-acetamide

[143, 144], n-butylacetamide [145, 146], n-pentyl-acetamide [147], n-methyl-propanamide [148],

n-methyl-hexanamide [149], and n-butyl-propanamide [144], and liquid-density data of n-ethyl-

acetamide [150, 151, 152], n-methyl-propanamide [153, 154, 155, 156, 157], and n-methyl-

butanamide [158] are used. Mixture bubble-pressure and excess-enthalpy data of n-decane

+ n-methyl-acetamide [159], n-octane + n-methyl-acetamide [160, 142], bubble-pressure of

n-decane + n-ethyl-acetamide [142] and bubble-pressure and liquid–liquid-equilibrium (LLE)

data of n-octane + n-methyl-propanamide [142] are also used. Selected systems used in this

parametrisation are represented in Figures 3.12 – 3.14. As can be seen in the figures, the SAFT-

γ Mie calculations yield satisfactory agreement with experimental data of the pure and mixed

systems, especially considering the stringent test of delivering the vapour–liquid–liquid equilib-

ria observed in the mixtures of n-octane + n-methylacetamide, n-decane + n-methylacetamide,

and n-decane + n-ethylacetamide and the vapour–liquid and liquid–liquid equilibria observed

in n-octane + n-methylpropanamide. The extrapolative suitability of the group parameters

is validated by comparison to a small number of vapour pressure and liquid density of n-

methylacetamide [161] data points not included in the parameter estimation.

The interaction CONH H2O, which is crucial in modelling the aqueous solubility of pep-

tides, is optimised using vapour–liquid equilibrium [161, 159], density [166, 167] and excess-

enthalpy [168] data of water + n-methylacetamide mixtures and density [166], and excess-
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(a) (b)

Figure 3.12: SAFT-γ Mie description of pure-component properties used in the optimisa-
tion of the CONH CONH, CONH CH3 and CONH CH2 interactions. Empty symbols
denote data not used in the parameter optimisation, filled symbols denote those used in
the optimisation, and curves denote SAFT-γ Mie calculations. (a) Vapour pressures of n-
methylacetamide (black) [162, 161], n-ethylacetamide (pink) [142, 143], n-propylacetamide
(navy blue) [144, 143], n-butylacetamide (blue) [146, 145], n-pentylacetamide (light blue) [147],
n-methylpropanamide (dark green) [148, 142], n-butylpropanamide (green) [144], and n-
methylhexanamide (grey) [149]. N -ethylacetamide and n-methylpropanamide comprise the
same groups and are therefore represented by the same calculation (pink curve); similarly for
n-pentylacetamide, n-butylpropanamide, and n-methylhexanamide (green curve). (b) Isobaric
liquid density of n-methylacetamide (black) [163, 164], n-ethylacetamide (pink) [150, 152, 151],
n-methylpropanamide (dark green) [154, 153, 155, 156, 157], and n-methylbutanamide (pur-
ple) [158] at 1 bar. Solid curves represent saturation density calculations, whereas dashed curves
represent isobaric density calculations at 1 bar. N -ethylacetamide and n-methylpropanamide
comprise the same groups and are therefore represented by the same calculation (pink curve).
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(a)

(b)

(c)

Figure 3.13: SAFT-γ Mie description of n-methylacetamide-mixture properties used in the
optimisation of the CONH CONH, CONH CH3, and CONH CH2 interactions. Empty sym-
bols denote experimental data not used in the optimisation and curves represent SAFT cal-
culations. (a) Pressure–composition isotherms illustrating the vapour–liquid–liquid equilib-
rium of octane (1) + n-methylacetamide (2) [142] at 363.15 K (black) and 383.15 K (pur-
ple). (b) Pressure–composition isotherm illustrating the vapour–liquid–liquid equilibrium of
decane (1) + n-methylacetamide (2) at 413.49 K [142]. (c) Excess enthalpies of n-decane
(1) + n-methylacetamide (2) at 413.15 K and 1.617 MPa (black) [159] and n-octane (1) +
n-methylacetamide (2) at 398.15 K and 1.891 MPa (purple) [159].
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(a) (b)

(c) (d)

Figure 3.14: SAFT-γ Mie description of alkane–amide mixture properties used in the opti-
misation of the CONH CONH, CONH CH3, and CONH CH2 interactions. Filled sym-
bols denote experimental data used in the optimisation and curves represent SAFT calcu-
lations. (a) Pressure–composition isotherms illustrating the vapour–liquid equilibrium of oc-
tane (1) + n-methylpropanamide (2) [142] at 363.15 K (black) and 383.15 K (purple). (b)
Pressure–composition isotherms illustrating the vapour–liquid–liquid equilibrium of decane (1)
+ n-ethylacetamide (2) at 363.15 K (black) and 383.15 K (purple) [142]. (c) Temperature–
composition isobar illustrating the fluid-phase diagram of n-octane (1) + n-methylpropanamide
(2) at 1 bar [142]. The SAFT calculations predict an upper critical solution temperature that
lies below a VLE envelope characterized by a homogeneous azeotrope. Mixture data are only
available for the liquid–liquid region, represented by circles [142]. The triangle symbol [165]
denotes the normal boiling point of n-octane, which had been used to parameterise the CH3
and CH2 groups [51]. The diamond symbol [165] denotes the normal boiling points, which had
not been used in parameterising any of the model interactions.
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enthalpy data [169] of water + n-ethylacetamide and water + n-methylpropanamide mixtures.

The optimised parameters lead to calculations in good agreement with VLE experimental data

and satisfactory agreement with excess enthalpy data (cf. Table 3.4). Selected phase diagrams

comparing our SAFT-γ Mie calculations and the experimental data used in the parameter devel-

opment are presented in Figure 3.15. As can be seen in the figure, an accurate description of the

bubble and dew pressures is achieved. The excess enthalphies of the water + n-methylacetamide

and water + n-ethylacetamide mixtures are also described in close agreement with the available

data, while in the case of the water + n-methylpropanamide mixture, the calculations present

slightly larger deviations from the data. In a SAFT-γ Mie model using first-order groups,

such as those developed in the current work, n-ethylacetamide and n-methylpronanamide are

modelled with identical groups, and as such have identical calculated properties. Experimen-

tally, however, the two molecules have noticeably different values of the excess enthalpy (cf.

Figure 3.15(c)).

The unlike interactions between CONH, NH2, and COOH, also need to be characterised

in order to model peptides in our approach. Due to the lack of experimental data of mixtures

containing the CONH and NH2 groups, the cross-interaction is optimised using only one set

of excess-enthalpy data of n-methylacetamide + 1-hexanamine mixtures [168]. The parame-

ters obtained are validated by predicting the liquid density of aqueous mixtures of alkylureas

(methyl- [172, 173, 174], ethyl- [174, 175], and butylurea [174], are used). As can be seen

in Figure 3.16, the optimised parameters yield predictive calculations of the density of these

solutions in satisfactory agreement with the experimental data available. The CONH COOH

interaction is optimised using experimental data of alkanoic acid + n-methylacetamide mix-

tures, although as with the previous groups, few experimental data are found for mixtures

including these two groups alone. The optimisation is carried out using excess-enthalpy data

of propanoic acid + n-methylacetamide [168], and isobaric VLE and density data of acetic acid

+ n-methylacetamide [176]. The resulting calculations are compared to experimental data in

Figure 3.17. As can be seen, the excess enthalpy of the propanoic acid + n-methylacetamide

mixtures is described in reasonably good agreement with the data (note the small units of J

mol−1), but in the case of the acetic acid + n-methylacetamide vapour–liquid phase equilibrium,
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(a) (b)

(c) (d)

Figure 3.15: SAFT-γ Mie description of properties used in the optimisation of the CONH–H2O
interaction. (a) Temperature–composition isobar illustrating the vapour–liquid equilibrium of
water (1) + n-methylacetamide (2) at 1 bar [161]. (b) Pressure–composition isotherms illustrat-
ing the vapour–liquid equilibrium of water (1) + n-methylacetamide (2) at 313 K (purple) [170],
333 K (blue) [171], 373 K (light blue) [171], and 413 K (green) [159]. (c) Excess enthalpies
of water (1) + n-methylacetamide (2) [168] at 398.15 K and 17.54 bar (black); 363.15 K and
17.54 bar (purple); and 323.15 K and 18 bar (blue). (d) Excess enthalpies [169] at 308.15 K
and 1 bar of water (1) + n-methylpropanamide (2) (circles) and water (1) + n-ethylacetamide
(2) (triangles). Since n-methylpropanamide and n-ethylacetamide comprise the same SAFT-γ
Mie groups, they are represented by the same calculation denoted by the black curve.
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larger deviations are seen. The underestimation of the saturation temperature of pure acetic

acid is especially noticeable. A degree of deviation between the SAFT-γ Mie calculations and

experiment for acetic acid mixtures is expected, as no acetic acid data were used in optimis-

ing the previously characterised COOH COOH like and COOH CH3 unlike interactions [52],

added to the fact that in such a small molecule the group-contribution proposition is likely

to break-down [55]. The decision to include acetic acid to characterise first-order groups here,

is based on the scarcity of other alkanoic acid + amide mixture data. Overall, the model for

CONH and its unlike interactions lead to acceptable agreement with experiments as evidenced

by the AAD and %AAD values presented in Table 3.4.
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(a) (b)

Figure 3.16: SAFT-γ Mie description of mixture properties used in the parameter optimisation
and validation of the CONH–NH2 interaction. Filled symbols denote data that were used in the
parameter optimisation and empty symbols denote data used for validation only; curves denote
SAFT-γ Mie predictions. (a) Excess enthalpy of 1-hexanamine (1) + n-methylacetamide (2)
at 363.15 K and 12.03 bar [168]. (b) Liquid density of mixtures at 298.15 K and 1 bar of water
(1) + methylurea (2) in dark blue and squares [177, 172, 174, 173], water (1) + ethylurea (2)
in blue and triangles [174, 175], and water (1) + butylurea (2) in light blue and circles [174].
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(a)

(b)

(c)

Figure 3.17: SAFT-γ Mie description of mixture properties used in the parameter optimisation
of the interaction CONH–COOH. Filled symbols denote experimental data that were used in
the parameter optimisation, and curves denote SAFT-γ Mie calculations. (a) Isobaric mixture
density of acetic acid (1) + n-methylacetamide (2) [178] at 298.15 K (black); 323.15 K (light
blue); and 348.15 K (purple). Triangles [179] and diamonds [180] denote pure acetic acid
densities. (b) Temperature–composition isobar illustrating the vapour–liquid equilibrium of
acetic acid (1) + n-methylacetamide (2) at 1 bar [176]; diamonds and triangles denote dew
and bubble temperature data, respectively. (c) Excess enthalpy of propanoic acid (1) + n-
methylacetamide (2) at 363.15 K and 11.35 bar [168].
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Table 3.4: Overview of the accuracy of SAFT-γ Mie, represented in %AAD and AAD, in the calculation of vapour pressure (P sat), liquid
pure-component and mixture densities (ρ), bubble temperature (Tbub), dew temperature (Tdew), bubble pressure (Pbub), dew pressure
(Pdew), LLE temperature (TLLE), and excess enthalpy (HE). ND is the number of experimental data points used to evaluate the accuracy
of the model.

T range P range %AAD AAD

System / K / kPa x2 range ND P sat P sat / kPa Figures Ref.

2-propanamine 213 – 373 — — 21 2.3 1.1 3.10(a) [128, 139]

2-butanamine 274 – 363 — — 10 3.5 1.3 3.10(a) [129]

2-methyl-1-propanamine 236 – 374 — — 47 17 8.2 3.10(a) [130, 131]

n-ethylacetamide 279 – 423 — — 59 21 0.096 3.12(a) [142, 143]

n-propylacetamide 297 – 453 — — 39 31 0.41 3.12(a) [143, 144]

n-butylacetamide 355 – 502 — — 19 6.7 0.96 3.12(a) [146, 145]

n-pentylacetamide 374 – 384 — — 14 34 1.3 3.12(a) [147]

n-methylpropanamide 303 – 685 — — 30 23 0.25 3.12(a) [148, 142]

n-methylhexanamide 372 – 472 — — 18 20. 1.2 3.12(a) [149]

n-butylpropanamide 351 – 454 — — 20 4.2 0.045 3.12(a) [144]

T range P range %AAD AAD

System / K / kPa x2 range ND ρ ρ / (kg m−3) Figures Ref.

2-propanamine 213 – 298 101.33 — 11 2.1 15 3.10(b) [132]

2-butanamine 288 – 323 101.33 — 8 1.4 10. 3.10(b) [133, 134]

n-ethylacetamide 278 – 318 101.33 — 8 0.32 3.0 3.12(b) [150, 152, 151]

n-methylpropanamide 288 – 363 101.33 — 34 0.34 3.4 3.12(b) [154, 153, 155, 156, 157]

n-methylbutanamide 298 – 333 101.33 — 5 0.33 3.0 3.12(b) [158]

System T range P range %AAD AAD

(1 + 2) / K / kPa x2 range ND ρ ρ / (kg m−3) Figures Ref.

water + 3-aminopropanoic acid 293 – 308 101.33 0.0002 – 0.002 40 0.33 3.3 3.5(c) [114]

water + 4-aminobutanoic acid 293 – 308 101.33 0.0002 – 0.002 40 0.32 3.2 — [114]

water + 5-aminopentanoic acid 293 – 308 101.33 0.0002 – 0.002 40 0.32 3.3 — [114]

water + 6-aminohexanoic acid 293 – 308 101.33 0.0002 – 0.002 35 0.45 4.6 — [114]

2-propanol + 1-propanamine 298 – 328 81.50 0.00 – 1.00 52 1.8 13 — [122]
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2-butanol + 1-propanamine 298 – 328 81.50 0.00 – 1.00 52 0.75 5.7 — [122]

2-butanol + 1-butanamine 298 – 313 101.33 0.05 – 0.95 21 0.82 6.3 — [123]

2-hexanol + 1-butanamine 303 – 323 101.33 0.00 – 1.00 33 0.59 4.5 — [124]

3-hexanol + 1-butanamine 303 – 323 101.33 0.00 – 1.00 33 0.35 2.7 — [124]

2-butanol + propanoic acid 293 – 333 101.33 0.00 – 1.00 84 1.4 12 — [127]

water + n-methylacetamide 298 – 323 101.33 0.00 – 1.00 107 1.3 13 — [166, 167]

water + n-ethylacetamide 298 101.33 0.00 – 1.00 19 1.9 19 — [166]

water + n-methylpropanamide 293 – 313 101.33 0.00 – 1.00 20 1.1 10. — [166]

water + methyl urea 274 – 333 101.33 0.00 – 0.12 256 0.76 7.7 3.16(b) [177, 172, 174, 173]

water + ethyl urea 288 – 323 101.33 0.00 – 0.13 76 0.75 7.6 3.16(b) [174, 175]

water + butyl urea 288 – 308 101.33 0.00 – 0.005 30 0.54 5.4 3.16(b) [174]

System T range P range %AAD AAD

(1 + 2) / K / kPa x2 range ND Tbub Tbub / K Figures Ref.

2-propanol + propanoic acid 358 – 413 101.33 0.00 – 1.00 18 0.28 1.1 — [125]

water + n-methylacetamide 373 – 478 101.33 0.00 – 1.00 82 0.47 2.0 3.15(a) [161]

acetic acid + n-methylacetamide 391 – 478 101.33 0.00 – 1.00 31 1.6 6.9 3.17(b) [176]

System T range P range %AAD AAD

(1 + 2) / K / kPa x2 range ND Tdew Tdew / K Figures Ref.

2-propanol + propanoic acid 358 – 413 101.33 0.00 – 1.00 18 0.51 2.0 — [125]

water + n-methylacetamide 373 – 478 101.33 0.00 – 1.00 82 0.78 3.3 3.15(a) [161]

acetic acid + n-methylacetamide 373 – 473 101.33 0.00 – 1.00 31 0.69 3.0 3.17(b) [176]

System T range P range %AAD AAD

(1 + 2) / K / kPa x2 range ND Pbub Pbub / kPa Figures Ref.

water + glycine 298 3.0 – 3.2 0.00 – 0.06 14 0.66 0.021 3.5(a) [113]

2-butanol + 1-butanamine 328 14 – 46 0.00 – 1.00 12 9.0 2.2 — [118]

2-propanol + butanoic acid 333 – 373 1 – 194 0.00 – 1.00 50 16 5.2 — [126]

ethane + 2-propanamine 279 – 372 676 – 6850 0.04 – 0.85 100 4.3 140 3.10(c) [135]

hexane + 2-propanamine 283 – 333 10 – 262 0.00 –1.00 63 5.3 4.2 3.10(d) [136]

n-octane + n-methylacetamide 363 – 398 2 – 98 0.00 – 1.00 45 27 9.5 — [142, 160]

n-decane + n-methylacetamide 414 12 – 50 0.00 – 1.00 43 30. 8.7 — [160]
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n-decane + n-ethylacetamide 363 – 383 1 – 17 0.00 – 1.00 24 8.2 0.71 — [142]

n-octane + n-methylpropanamide 363 – 383 1 – 64 0.00 – 1.00 30 12 4.1 — [142]

water + n-methylacetamide 313 – 413 0.05 – 313 0.00 – 1.00 67 6.0 2.6 3.15(b) [170, 171, 159]

System T range P range %AAD AAD

(1 + 2) / K / kPa x2 range ND Pdew Pdew / kPa Figures Ref.

2-butanol + 1-butanamine 328 14 – 46 0.00 – 1.00 12 9.2 2.5 — [118]

2-propanol + butanoic acid 333 – 373 1 – 194 0.00 – 1.00 50 16 6.1 — [126]

ethane + 2-propanamine 279 – 369 208 – 4860 0.04 – 0.82 73 6.0 150 3.10(c) [135]

water + n-methylacetamide 313 – 373 0.05 – 69 0.00 – 1.00 47 16 1.8 3.15(b) [170, 171]

System T range P range %AAD AAD

(1 + 2) / K / kPa x2 range ND TLLE TLLE / K Figures Ref.

n-octane + n-methylpropanamide 310 – 361 101.33 0.04 – 0.70 8 5.6 20. 3.14(c) [142]

System T range P range %AAD AAD

(1 + 2) / K / kPa x2 range ND HE HE / (J mol−1) Figures Ref.

2-propanol + 2-propanamine 298 101.33 0.10 – 0.90 9 5.4 85 — [120]

2-propanol + 1-butanamine 298 101.33 0.00 – 0.90 137 19 290 — [121]

2-propanol + 2-butanamine 298 101.33 0.01 – 0.99 11 24 220 — [121]

2-butanol + 1-butanamine 298 101.33 0.1 – 0.95 11 14 170 — [118]

n-hexane + 2-butanamine 298 101.33 0.06 – 0.89 9 12 66 3.10(e) [137]

n-heptane + 2-butanamine 298 101.33 0.05 – 0.95 19 22 160 3.10(f) [138]

n-octane + n-methylacetamide 398 1891 0.00 – 1.00 5 51 102 3.14(c) [159]

n-decane + n-methylacetamide 413 1617 0.00 – 1.00 2 91 101 3.14(c) [159]

water + n-methylacetamide 323 – 398 101.33 0.01 – 0.95 43 15 104 3.15(c) [168]

water + n-ethylacetamide 308 101.33 0.02 – 0.98 18 14 111 3.15(c) [169]

water + n-methylpropanamide 308 101.33 0.03 – 0.98 17 16 110 3.15(c) [169]

1-hexanamine + n-methylacetamide 363 1203 0.03 – 0.96 20 15 38 3.16(a) [168]

propanpoic acid + n-methylacetamide 363 1135 0.03 – 0.98 21 31 125 3.17(a) [168]

System T range P range AAD

(1 + 2) / K / kPa x2 range ND xSLE
2 Figures Ref.

2-propanol + octanoic acid 272 – 283 101.33 0.50 – 0.80 2 0.04 — [181]
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2-propanol + nonanoic acid 273 – 283 101.33 0.60 – 0.90 2 0.037 — [181]

2-propanol + decanoic acid 273 – 303 101.33 0.20 – 0.95 4 0.023 — [181]

2-propanol + undecanoic acid 273 – 293 101.33 0.20 – 0.60 3 0.029 — [181]

2-propanol + dodecanoic acid 273 – 318 101.33 0.05 – 1.00 31 0.013 — [181, 182, 183]

2-propanol + tridecanoic acid 273 – 313 101.33 0.05 – 0.95 5 0.020 — [181]

2-propanol + tetradecanoic acid 273 – 323 101.33 0.00 – 0.80 6 0.017 — [181]

2-propanol + pentadecanoic acid 273 – 323 101.33 0.02 – 0.80 6 0.014 — [181]

2-propanol + hexadecanoic acid 273 – 336 101.33 0.00 – 1.00 28 0.044 — [181, 184, 183]

2-propanol + heptadecanoic acid 273 – 333 101.33 0.00 – 0.94 7 0.018 — [181]

2-propanol + octadecanoic acid 283 – 344 101.33 0.00 – 1.00 42 0.042 — [181, 185, 186, 183]
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3.5 Conclusions

This chapter presents a detailed development of the SAFT-γ Mie group-contribution (GC) ap-

proach, with emphasis on the Helmholtz free-energy expressions used to model both neutral and

charged molecular systems. Particular attention is given to the treatment of electrostatic inter-

actions, comparing two approaches used for representing the charges on ionic chain molecules.

Following the theoretical development, the SAFT-γ Mie GC framework is applied to amino

acids and oligopeptides. The relevant functional groups required for modelling these systems

are identified, and the parameter optimisation process is outlined. A comprehensive set of

like and unlike interaction parameters is presented, including those for the CONH (peptide)

group. The accuracy of the approach is demonstrated through comparisons with fluid-phase

experimental data for a wide range of thermodynamic properties. These include saturated and

liquid densities, vapour pressures, and various phase equilibria (VLE, VLLE, LLE, and SLE),

as well as excess enthalpies for binary mixtures involving diverse compound classes such as

water, alcohols, amines, amides, acids, and ureas. In total, 11 new interactions are introduced

and validated against data from 11 pure compounds and 43 binary mixtures, demonstrating the

transferability and broad applicability of the SAFT-γ Mie GC framework. Overall, the models

lead to satisfactory agreement with experimental data of the different systems considered. The

deviations reported are to be expected when using a group-contribution model especially when

using the same set of parameters to describe different pure-component and mixture properties

of various systems. In predicting the solid–liquid equilibria of amino acids and oligopeptides,

other factors such as the reliability and availability of melting-property data, the omission of

electrostatic contribution (specifically for calculations at the isoelectric point), and the omis-

sion of intramolecular hydrogen-bonding interactions are expected to outweigh the deviations

obtained during the parameter optimisation process.

In the following chapter, the SAFT-γ Mie GC framework is extended to model the solid–

liquid solubility of amino acids under changing pH. This extension involves the modelling of

chemical equilibria, in addition to solid–liquid equilibrium, which produce charged species in
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solution. This requires the treatment of the like and unlike Coulombic interactions of charged

species.



Chapter 4

Prediction of solid–liquid solubility of

amino acids and oligopeptides

4.1 Introduction

The goal of this chapter is to assess the performance of the SAFT-γ Mie GC approach in

predicting the solid–liquid solubility of amino acids and oligopeptides in various solvent media

and across a range of thermodynamic conditions. To achieve this goal, one needs to solve

the solid–liquid equilibrium (SLE) equation, detailed in Section 2.5.1. Equation 2.19 requires

as input the activity coefficient of the solute in solution γi(T, P,x) as well as the melting

properties of the pure solute, namely the enthalpy of fusion ∆hfus
i , the melting temperature

T fus
i , and the difference in the molar, constant-pressure heat capacity between the solid and

liquid phases ∆cSLp,i . The calculation of activity coefficients depends on the availability of SAFT-

γ Mie parameters describing the intermolecular interactions between groups making up the

molecules of the system; these parameters have been obtained by adjusting to experimental

thermodynamic data of pure compounds and mixtures, as detailed in the previous chapter.

Provided the melting properties of the pure solute (the amino acids and oligopeptides here)

are known, predictive solubility calculations can be carried out if the groups are available. A

major challenge in predicting the solubility of amino acids and oligopeptides is the scarcity

66
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of reliable melting property data. Amino acids and oligopeptides undergo decomposition well

below their melting temperatures [187], hence specialised techniques are needed to measure their

melting properties. A more detailed discussion of this challenge and the sensitivity of solubility

calculations to the melting properties is presented in Section 4.2. In terms of assessing model

performance, there is a scarcity in the solubility data of amino acids and oligopeptides that are

essential for validating solubility predictions. Thus, the availability of experimental data on

the melting properties and solubility were the limiting factors taken into consideration when

choosing the systems to be modeled in this work. Indeed, other factors have also contributed

to this consideration, such as the availability of experimental thermodynamic data necessary

for optimising interaction parameters.

In the first part of this chapter, predictions of the solid–liquid solubilities of amino acids

and oligopeptides at the pI of the solution are presented and discussed. In these systems, the

amino acids and oligopeptides exist solely as zwitterions; they do not ionize into their cationic

or anionic counterparts due to the absence of pH-modifying agents (i.e. acids and bases). Thus,

they are modeled with neutral groups for simplicity; the NH2 and COOH groups are used, as

shown in Figure 3.2 in the previous chapter. In this first part, the solubilities of the amino

acids glycine, alanine, valine, and serine are predicted in pure and binary mixtures of water and

alcohol across a wide temperature range. Additionally, the aqueous solubilities of 17 di- and

tri-peptides comprising the amino acids glycine, alanine, leucine, and serine are also predicted.

In the second part of this chapter, the solid–liquid solubilities of the amino acids glycine

and alanine are predicted as a function of pH. These multicomponent systems are composed of:

the amino acid zwitterions along with their ionized cationic and anionic species; water along

with the hydronium and hydroxide ions, which are produced in water dissociation reactions;

and counterions produced from the full dissociation of the pH-modifying strong acid and strong

base. Glycine and alanine are chosen as example amino acids due to the availability of their

solubility data at variable pH. In principle, the same modeling framework can be extended to

other amino acids, pending the availability of the necessary interaction parameters.

The chapter begins with a discussion of the sensitivity of solid–liquid solubility calculations
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to the melting properties in Section 4.2. In Section 4.3, predictions of the solubility of amino

acids and oligopeptides at their pI are discussed and compared with experimental data. In

Section 4.4, the speciation of amino acids is discussed and the predictions of pH-dependent

solubility are presented and compared to experimental data. Finally, the chapter ends with

conclusions in Section 4.5.

4.2 Sensitivity of solubility calculations to melting-property

data

Before presenting the predictions of solid–liquid solubility of amino acids and oligopeptides, it

is important to consider the dependence of the solubility equation (Eq. 2.19) on the melting

properties of the solute, namely the enthalpy of fusion (∆hfus
i ) and the melting temperature

(T fus
i ). More specifically, it is important to understand how these measurements were conducted

and how their reported uncertainties influence the solubility calculations.

Experimentalists face unique challenges when measuring the melting properties of amino

acids and oligopeptides. Amino acids have high melting points, ranging from about 500 K to

600 K, likely due to the strong ionic interactions between the zwitterions in the solid phase.

Oligopeptides have even higher melting temperatures due to more complex intermolecular in-

teractions and higher molecular weights. Unfortunately, amino acids and oligopeptides undergo

decomposition before melting when subjected to the heating rates of traditional methods, such

as differential scanning calorimetry (DSC). The challenge faced by experimentalists is demon-

strable in the huge variability in reported melting properties in the literature. For example,

the melting point of glycine is reported to be as low as 531 K [188] and as high as 569 K [189].

The same variability is observed in the enthalpy of fusion of glycine, which is reported to be as

low as 21 kJ/mol [189] and as high as 43 kJ/mol [188].

In the current thesis, the melting properties reported by Held and coworkers [190, 191, 192,

189] are used, and can be found in Table 4.1. This choice was made for two main reasons: first,
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the group of authors used fast-scanning calorimetry (FSC) to circumvent the problem of de-

composition; and second, they reported the melting properties of a large number of amino acids

and oligopeptides along with their associated experimental uncertainties. Using experimental

melting-property data from the same source greatly simplifies the task of solubility modeling,

although it does not completely eliminate the inherent uncertainty in the measurements. For

example, glycine is reported to have a melting temperature of 569 K with an uncertainty of

± 9 K and an enthalpy of fusion of 22 kJ/mol with an uncertainty of ± 3 kJ/mol. Figure

4.1 illustrates the sensitivity of solubility calculations to the enthalpy of fusion and melting

temperature. As can be seen in Figures 4.1, the uncertainty in the fusion enthalpy has a much

greater impact on the calculated solubility, especially in dilute concentrations below the boiling

point of water (373 K), than the melting temperature. At 298 K, the uncertainty in the melt-

ing temperature results in an uncertainty in the solubility of glycine in water of about 0.0033

(in mole fraction), while the uncertainty in the enthalpy of fusion results in an uncertainty of

about 0.026, which is higher by an order of magnitude. It is important to note that in this

work the difference between the molar heat capacity of solid and liquid phases (∆cSLp,i) is used

in modelling systems for which it is experimentally available, which is only for oligopeptides;

i.e, ∆cSLp,i is not used.

4.3 Solid–liquid solubility at the isoelecric point pI

In this section, the solid–liquid solubility is predicted for the amino acids glycine, alanine,

valine, and serine in pure solvents, namely water and primary and secondary alcohols, and in

mixed binary water + alcohol solvents. Moreover, aqueous solubility is predicted for 17 di-

and tri-peptides made up of the amino acids glycine, alanine, leucine, and serine. Because

the amino acids and oligopeptides do not ionize in these systems, their constituent groups are

treated as fully neutral to simplify the task of predicting their solubility.
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Table 4.1: Melting properties of the amino acids and peptides used to calculate their solubility,
reported with their experimental uncertainties; melting-point temperature (T fus

i ), enthalpy of
fusion (∆hfus

i ), and difference between the molar heat capacity of liquid and solid phases eval-
uated at T fus

i (∆cSLp,i).

Solute T fus
i /K ∆hfus

i /kJmol−1 ∆cSLp,i/Jmol−1K−1 Ref.
glycine 569 ± 9 22 ± 3 — [189]
alanine 608 ± 9 23 ± 3 — [189]
valine 529 ± 7 44 ± 6 — [191]
leucine 518 ± 8 43 ± 5 — [191]
serine 519 ± 7 28 ± 3 — [191]
gly-gly 593 ± 7 40 ± 6 51 ± 6 [190]

gly-gly-gly 594 ± 7 54 ± 7 57 ± 15 [192]
ala-ala 606 ± 7 54 ± 7 62 ± 18 [190]

ala-ala-ala 606 ± 7 72 ± 9 124 ± 8 [192]
gly-ala 551 ± 7 41 ± 5 55 ± 6 [190]
ala-gly 611 ± 7 52 ± 7 57 ± 3 [190]

gly-gly-ala 592 ± 10 70 ± 8 66 ± 7 [192]
gly-ala-gly 623 ± 7 61 ± 7 78 ± 11 [192]
ala-gly-ala 557 ± 8 58 ± 7 98 ± 5 [192]
leu-gly-gly 530 ± 7 74 ± 8 111 ± 11 [192]
gly-leu-gly 545 ± 7 60 ± 7 139 ± 11 [192]
gly-gly-leu 521 ± 7 55 ± 7 160 ± 7 [192]
gly-ala-leu 578 ± 7 77 ± 9 112 ± 6 [192]

gly-ser 530 ± 8 49 ± 6 67 ± 6 [192]
ser-gly 553 ± 7 62 ± 7 61 ± 9 [192]
ala-ser 556 ± 7 43 ± 5 48 ± 6 [192]
ser-ala 609 ± 7 73 ± 8 55 ± 3 [192]

4.3.1 Models

As discussed in Section 3.4, to model the amino acid and oligopeptide solutions, a number

of SAFT-γ Mie like and unlike interaction parameters are needed. The amino acids glycine,

alanine, valine, and serine are made up of the groups NH2, COOH, CH, CH2, CH3, and CH2OH,

as shown in Figure 3.2. When modelling the oligopeptide solutions, the inclusion of the peptide

(CONH) group is required, in addition to the amino-acid groups. Water is modelled with the

group H2O and the alcohol solvents are modelled with the groups CH3, CH2, CH, CH2OH, and

CHOH. The SAFT-γ Mie interaction parameters for these groups can be found in Tables 3.1,

3.2, and 3.3.
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(a) (b)

(c) (d)

Figure 4.1: Effect of uncertainty in melting temperature and heat of fusion on the SAFT-
γ Mie description of the solid–liquid equilibrium of glycine (2) in water (1) at 1 bar. (a)
The sensitivity of solubility calculations to the melting temperature for a fixed enthalpy of
fusion value of 22 kJ/mol. The black curve represents calculations using the reported melting
temperature (569 K), whereas blue and red curves denote calculations using the maximum
(578 K) and minimum (560 K) of the uncertainty range, respectively. (b) A magnified version
of (a) showing the region with available glycine solubility data. (c) The sensitivity of solubility
calculations to the enthalpy of fusion for a fixed melting temperature of 569 K; the black curve
represents calculations using the reported enthalpy of fusion (22 kJ mol−1) whereas blue and
red curves denote calculations using the maximum (25 kJ mol−1) and minimum (19 kJ mol−1)
of the uncertainty range, respectively. (d) A magnified version of (c) showing the region with
available glycine solubility data. Black filled symbols:circles [111]; triangles [30]; squares [115];
and diamonds [112] denote data used in optimising the interaction COOH-NH2, and black
empty symbols [116] denote data that have not been used in the optimisation. The green
triangle [117] denotes the eutectic of the mixture.

4.3.2 Solubility in pure solvents

The SAFT-γ Mie approach is used here to predict the solubility of the amino acids glycine,

alanine, valine, and serine in water and alcohols, and of the di- and tripeptides — comprising
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these four amino acids — in water.

The SLE diagrams of the aqueous mixtures of glycine, alanine, serine, and valine can be

seen in Figures 4.1 - 4.4. Except for glycine (cf. Section 3.4.1), the activity coefficients are

entirely predicted; the solubility of glycine in water was used in characterising the interaction

NH2-COOH. The solubility of alanine in water is predicted to be in overall good agreement

with experiments over the entire temperature range measured, as illustrated in Figure 4.2, but

the eutectic point is underpredicted compared to the sole experimental data point available.

The prediction of serine solubility in water is accurate at lower temperatures but the deviation

gets gradually larger as the temperature increases. This is likely due to the presence of the

hydrogen-bonding group CH2OH which strongly interacts with the water group H2O leading

to an overprediction of solubility at higher temperatures. Valine, shown in Figure 4.3, contains

more hydrophobic groups than the other amino acids considered in this work, which leads

to a vast underprediction in solubility as the hydrophobic groups interact more strongly with

each other than they do with the water group. It is also important to note that the different

experimental sources report significantly different values of both the solubility of valine and its

eutectic point. The model, however, underpredicts both by orders of magnitude and predicts

an extremely narrow eutectic region that is not visible in the phase diagram. The temperature

dependence of the predicted solubility of valine in water is in satisfactory agreement with

the experimental data, but the predicted values are visibly lower than those measured (e.g.,

xvaline = 0.0001 is predicted at 298 K, while the measured value is 0.0108).

Although the accuracy of the model could be improved by treating the melting properties

as adjustable parameters (as in the works [38, 41, 44, 45, 46, 47, 48]), or by using some of these

solubility data to refine the group parameters, we consider the current results satisfactory,

and use the models presented to predict the solubility in other solvents and to study di, and

tripeptides. We are interested in considering a fully predictive approach at this point, and

in assessing the merits of standard, neutral, groups to treat these solutions, neglecting in

addition any speciation. Moreover, the uncertainty inherent in the measurement of the melting

properties of amino acids and peptides (cf. Section 4.2), means that using solubility data to

estimate molecular model parameters may lead to unexpected biasing of the molecular model
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developed.

(a) (b)

Figure 4.2: SAFT-γ Solid–liquid solubility prediction of alanine (2) in water (1) at 1 bar. (a)
Full concentration range depicting the SLE up to the melting point, denoted by a black cross
symbol. (b) Low alanine mole-fraction region illustrating the eutectic region of the mixture.
The green cross denotes the melting point of water [193] and the green triangle denotes the
eutectic point [194]. The empty black symbols correspond to solubility experimental data from
various sources: circles [111]; squares [115]; and diamonds [195].

(a) (b)

Figure 4.3: SAFT-γ Solid–liquid solubility prediction of valine (2) in water (1) at 1 bar. (a)
Full concentration range depicting the SLE up to the melting point, denoted by a black cross
symbol. (b) Low valine mole-fraction region. The green cross denotes the melting point of water
[193] and the green triangle [194] and green diamond [117] denote experimental measurements
of the eutectic point. The empty black symbols correspond to solubility experimental data from
different sources: circles [111]; and squares [115].

The predictive capability of the model is now assessed by calculating the solubilities of

glycine, alanine, valine, and serine, in various primary (ethanol [196, 199, 30, 200, 17, 201, 202,

203, 195, 197, 198], 1-propanol [202, 196, 30, 29, 195], 1-butanol [196, 31, 18, 195, 197], and
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(a) (b)

Figure 4.4: SAFT-γ Solid–liquid solubility prediction of serine (2) in water (1) at 1 bar. (a)
Full concentration range depicting the SLE up to the melting point, denoted by a black cross
symbol. (b) Low serine mole-fraction region illustrating the eutectic region of the mixture.
The green cross denotes the melting point of water [193] and the empty black circles [111]
correspond to solubility experimental data.

2-methyl-1-propanol [195]) and secondary alcohols (2-propanol [202, 196, 204, 30, 29, 197, 198]

and 2-butanol [195]). The predictions are presented in Figure 4.5 as a parity plot against the

experimental data available. The aqueous solubility calculations and data shown in Figures

4.1 – 4.4 are also included for completeness, and AADs for each of the systems considered

are presented in Table 4.2. Given the very low solubility values of some of the systems, these

results confirm the predictive capability of the method and validate the use of neutral models

as proposed here. It can be seen that the model performs best for the prediction of solubility

in water, and that deviations increase as the order of magnitude of solubility becomes smaller,

as is the case in alcohols. It is, however, worth noting that the solubility measurements of

amino acids in alcohols reported in the literature vary significantly depending on the source.

One clear example is the solubility of glycine in 2-propanol. The prediction is in very good

agreement with the data reported by Bouchard et al. [204], but off by two orders of magnitude

when compared to the data of Abraham et al. [196], even though in both works, the solubilities

were measured using the gravimetric method. A similar observation can be made for glycine

in ethanol, alanine in ethanol, and alanine in 1-butanol.

Having assessed the performance of the SAFT-γ Mie model for the prediction of solubility
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Figure 4.5: Parity plot of the solubility of glycine, alanine, valine, and serine in water, ethanol,
1-propanol, 1-butanol, 2-methyl-1-propanol, 2-propanol, and 2-butanol. The solid diagonal
denotes exact agreement between experiments and calculations, whereas each pair of dashed
and dotted lines denotes a change in order of magnitude. Sources of the experimental data can
be found in Table 4.2.

of amino acids when treated as uncharged unspeciated mixtures, we consider now the prediction

of solubility in peptide solutions. The predicted aqueous solubility of 17 di- and tri-peptides

containing glycine (Gly), alanine (Ala), leucine (Leu), and serine (Ser), is compared to ex-

perimental data in a parity plot in Figure 4.6. The corresponding melting temperatures and

enthalpies of fusion of each of the peptides are reported in Table 4.1. We note that, as in

the case of amino acid solubility, the solubility calculations for peptides are highly sensitive to

uncertainty in the enthalpy of fusion, which unfortunately are reported with larger uncertainty

ranges than those of the amino acids. We use the actual values reported in Do et al. [190,

192] in all of our calculations. We find the most accurate predictions are those for glycine

homopeptides (Gly-Gly and Gly-Gly-Gly), and we find that with few exceptions, the predicted

values are within an order of magnitude of the experimental values which, given the very low

solubility of these larger compounds, is a promising result. Furthermore, it is interesting to note
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that our model leads either to very good agreement with experiments, or to an overprediction;

in none of the cases are the solubilities underpredicted.

Moreover, the solubility predictions of the 17 oligopeptides use the difference in molar heat

capacity between the liquid and solid phases (∆cp,i) as reported in Table 4.1. There is an

argument against using the heat-capacity terms in the solubility equation due to the fact that

the term was not used in optimising the interaction parameters of COOH-NH2, which is present

in all the oligopeptides. The impact of not using the heat-capacity terms leads to the solubility

predictions in Figure 4.7. In this case, the model still leads to satisfactory agreement with

experiments, albeit exhibiting both under- and overpredictions of solubility.

Figure 4.6: Parity plot of the solubility in water of di- and tri-peptides made up of residues of
the amino acids glycine (Gly), alanine (Ala), leucine (Leu), and serine (Ser). The solid diagonal
denotes exact agreement between experiments and calculations, whereas each pair of dashed
lines denotes deviation of an increasing order of magnitude. Sources of the experimental data
can be found in Table 4.3.
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Figure 4.7: Parity plot of the solubility in water of di- and tri-peptides made up of residues of
the amino acids glycine (Gly), alanine (Ala), leucine (Leu), and serine (Ser). Calculations do
not include the term ∆cp,i; i.e., it is set to 0 in the solubility calculations. The solid diagonal
denotes exact agreement between experiments and calculations, whereas each pair of dashed
lines denotes deviation of an increasing order of magnitude. Sources of the experimental data
can be found in Table 4.3.

4.3.3 Solubility in mixed-solvent media

The modelling framework is extended to predict the solubility of amino acids in binary water

+ alcohol solvents. In principle, the same equation (Eq 2.19) used to predict the solubility

in pure solvents is used. The additional solvent is taken into account through the activity

coefficient of the amino acid, which is a function of the temperature, pressure, and the mixture

composition, and through the material balance equation. Here, we predict the solubilities of

glycine, alanine, valine, and serine in aqueous solutions of ethanol, 1-propanol, 1-butanol, 2-

propanol, and 2-butanol. Those mixtures are chosen based on the availability of experimental

data.
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Figures 4.8 - 4.10 illustrate the solubility of the four amino acids in different aqueous alcohol

mixtures. The solubility of the amino acid is represented in the y-axis in mole fraction x2 of the

ternary mixture while the composition of the solvent is represented in the x-axis in solute-free

mole fraction x
′
3 of the alcohol solvent. The latter is calculated as

x
′

3 =
x3

x1 + x3

, (4.1)

where x1 and x3 are the mole fractions of the solvents.

The solubility of glycine in water + ethanol mixtures is predicted with good agreement

with experiments at low ethanol concentrations and high temperatures. As the concentration

of the ethanol solvent increases, the measured solubility of glycine drops significantly and while

the model captures this steep decrease in solubility, it overpredicts the solubility near the pure-

ethanol region. A similar observation can be made for glycine solubility in water + 1-propanol

(Figure 4.8(b)), water + 1-butanol (Figure 4.8(c)), and water + 2-propanol (Figure 4.8(d)).

The model also predicts a slight increase in solubility at low ethanol, 1-propanol, and 1-

butanol concentrations before the steep decrease. This effect is intensified by increasing the

temperature, as illustrated in Figure 4.8(b); the down-facing curvature increases as the tem-

perature increases from 283.15 K (light blue) to 333.15 K (black). This effect is also intensified

as the alcohol molecule increases in size; at a fixed temperature of 298.15 K, the curvature

goes from almost non-existent in water + ethanol (blue curve in Figure 4.8(a)) to slightly more

pronounced in water + 1-propanol (purple curve in Figure 4.8(b)) to even more pronounced in

water + 1-butanol (curve in Figure 4.8(c)). This maximum solubility is not observed anywhere

in the data and is most likely due to the model parameters describing the unlike interactions

between the water and alcohol. At higher temperatures, the association strength is reduced due

to the greater thermal energy disrupting hydrogen bonds and, in longer-chain alcohol mixtures,

the presence of additional hydrophobic groups "dilutes" the association interactions in the

mixture. This reduction in association between water molecules reduces the energetic cost of

creating solute-sized voids, leading to enhanced solubilities. As the concentration of the alcohol

increases, the solubility drops due to the dominant interaction between the solute and alcohol
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molecules, which is inherently less favorable than those between the solute and water molecules.

This is supported by the fact that alanine exhibits a more pronounced maximum solubility peak

than glycine as illustrated in Figure 4.9, since alanine contains one more hydrophobic group

(CH3) than glycine. This is also supported by the much larger maximum solubility that valine

exhibits in water + ethanol, as illustrated in Figure 4.10(a), owing to the fact that valine has an

isopropyl side group, which is larger and renders the solute more hydrophobic. Following this

logic, the predicted solubilities of serine, which contains a CH2OH group, in water + alcohol

mixtures should be expected to show little, if any, maximum-solubility effects. This is indeed

what the model predicts, as illustrated in Figures 4.10(b-d).

All amino acids considered have solubilities that are orders of magnitude lower in pure

alcohol solvents than in pure water. This difference in solubility is well predicted by the model.

The model yields qualitative predictions of solubility in mixed aqueous-alcohol solvents for all

the amino acids considered and could be improved further by introducing mixture-dependent

binary interaction parameters.

Overall, the results presented suggest that treating amino acids and oligopeptides as neutral

species can lead to satisfactory predictions of solubility in pure water and alcohols and in mixed

aqueous alcohol solvents. The assumption of neutrality is useful when modelling systems at

the isoelectric point, without the need to account for the zwitterionic nature of the amino acid

or the peptide and their speciation, thus reducing the number of species (and equations) that

need to be accounted for in the model. However, to model the behaviour of amino acids or

peptides at pH values different from the pI, it becomes essential to account explicitly for their

zwitterionic nature. We consider these models in the next chapter.
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(a) (b)

(c) (d)

Figure 4.8: SAFT-γ Mie description of the solid–liquid equilibria of glycine in mixed aqueous
alcohol solvents expressed as the mole fraction of glycine as a function of solute-free alcohol mole
fraction. (a) Solubility of glycine (2) in water (1) + ethanol (3) at 1 bar and: 273.15 K (green);
298.15 K (blue); 323.15 K (purple); and 333.15 K (black). Different empty symbols denote
different sources: circles [202]; triangles [205]; diamonds [206]; and squares [207]. "x" symbols
denote pure-ethanol solubility [199, 30, 200, 17, 203]. (b) Solubility of glycine (2) in water (1)
+ 1-propanol (3) at 1 bar and: 283.15 K (light blue); 298.15 K (purple); and 333.15 K (black).
Symbols denote experiments from different sources: circles [202]; triangles [29]; and squares
[207]. (c) Solubility of glycine (2) in water (1) + 1-butanol (3) at 1 bar and 298.15 K. Empty
circles denote mixed-solvent data [208] and "x" symbols denote pure-1-butanol solubilities from
different sources [196, 18]. The dotted section of the curve represents the region of liquid–liquid
immiscibility of the water/1-butanol mixture. (d) Solubility of glycine (2) in water (1) + 2-
propanol (3) at 1 bar and: 288.15 K (light blue); 298.15 K (purple); and 310 K (black). Empty
symbols denote experiments from different sources: circles [202]; triangles [29]; diamonds [204];
and squares [209].
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(a) (b)

(c) (d)

Figure 4.9: SAFT-γ Mie description of the solid–liquid equilibria of alanine in mixed aqueous
alcohol solvents expressed as the mole fraction of alanine as a function of solute-free alcohol
mole fraction. (a) Solubility of alanine (2) in water (1) + ethanol (3) at 1 bar and: 273.15 K
(light blue); 298.15 K (purple); and 333.15 K (black). Different empty symbols denote different
sources: circles [202]; triangles [199]; and squares [206]. "x" symbols denote pure-ethanol
alaninesolubility [199, 30, 17, 201, 202]. (b) Solubility of alanine (2) in water (1) + 1-propanol
(3) at 1 bar and: 283.15 K (light blue); 298.15 K (purple); and 333.15 K (black). Symbols
denote experiments from different sources: circles [202]; triangles [195]; and squares [29]. (c)
Solubility of alanine (2) in water (1) + 1-butanol (3) at 1 bar and 298.15 K. Empty circles denote
mixed-solvent data [208]. The dotted section of the curve represents the region of liquid–liquid
immiscibility of the water/1-butanol mixture. (d) Solubility of alanine (2) in water (1) + 2-
propanol (3) at 1 bar and: 283.15 K (light blue); 298.15 K (purple); and 333.15 K (black).
Different symbols denote different sources of experimental data: circles [202]; triangles [195];
and squares [29].
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(a) (b)

(c) (d)

Figure 4.10: SAFT-γ Mie description of the solid–liquid equilibria of valine and alanine in
mixed aqueous alcohol solvents expressed as the mole fraction of amino acid as a function of
solute-free alcohol mole fraction. (a) Solubility of valine (2) in water (1) + ethanol (3) at
1 bar and: 273.15 K (light blue); 298.15 K (purple); and 338.15 K (black). Different empty
symbols denote different sources: circles [206]; and triangles [201]. (b) Solubility of serine (2)
in water (1) + ethanol (3) at 1 bar and: 273.15 K (light blue); 298.15 K (purple); and 338.15 K
(black). Symbols denote experiments from different sources: circles [206]; and triangles [201].
(c) Solubility of serine (2) in water (1) + 1-propanol (3) at 1 bar and: 298.15 K (light blue);
313.15 K (purple); and 333.15 K (black). Empty circles denote mixed-solvent data [210] and
"x" symbols denote pure-water serine solubility data [111]. (d) Solubility of serine (2) in water
(1) + 1-butanol (3) at 1 bar and 298.15 K. Empty circles denote experimental mixed-solvent
solubility data [208] and "x" symbols denote pure-water and 1-butanol solubility data [197,
111].The dotted section of the curve represents the region of liquid–liquid immiscibility of the
water/1-butanol mixture.
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Table 4.2: Overview of the accuracy of SAFT-γ Mie in the calculation of solubility for amino acids in water or alcohol, where ND is the
number of experimental data points used to calculate the average absolute deviation (AAD).

System T / K ND AAD (xsat
1 ) Figure Ref.

glycine (1) + water (2) 273 – 373 36 1.01×10−2 4.1,4.5 [111, 112, 211, 30]
glycine (1) + ethanol (2) 278 – 333 26 5.35×10−4 4.5 [196, 199, 30, 200, 17, 201, 202, 203]

glycine (1) + 1-propanol (2) 298 2 4.00×10−5 4.5 [202, 196, 30]
glycine (1) + 2-propanol (2) 298 – 310 4 8.49×10−4 4.5 [202, 196, 204, 30]
glycine (1) + 1-butanol (2) 298 3 3.59×10−5 4.5 [196, 31, 18]

alanine (1) + water (2) 273 – 373 29 8.02×10−3 4.2,4.5 [111, 195]
alanine (1) + ethanol (2) 283 – 333 16 1.98×10−4 4.5 [199, 195, 202, 201, 17, 30]

alanine (1) + 1-propanol (2) 283 – 333 12 1.12×10−4 4.5 [29, 195, 30, 202]
alanine (1) + 2-propanol (2) 283 – 333 12 2.12×10−3 4.5 [29, 195, 202, 30]
alanine (1) + 1-butanol (2) 283 – 323 6 4.00×10−4 4.5 [31, 195]
alanine (1) + 2-butanol (2) 283 – 323 5 1.04×10−3 4.5 [195]

alanine (1) + 2-methyl-1-propanol (2) 283 – 323 5 2.50×10−4 4.5 [195]
serine (1) + water (2) 273 – 373 17 1.93×10−2 4.4,4.5 [111]

serine (1) + ethanol (2) 278 – 333 15 2.20×10−5 4.5 [201, 197]
serine (1) + 2-propanol (2) 278 – 333 12 9.40×10−5 4.5 [197]
serine (1) + 1-butanol (2) 278 – 333 13 4.67×10−6 4.5 [31, 197]

valine (1) + water (2) 273 – 343 23 1.26×10−2 4.3,4.5 [111]
valine (1) + ethanol (2) 288 – 343 9 4.89×10−5 4.5 [201]

valine (1) + 2-propanol (2) 293 – 343 6 5.67×10−4 4.5 [198]
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Table 4.3: Overview of the accuracy of SAFT-γ Mie in the calculation of solubility for peptides in water, where ND is the number of
experimental data points used to calculate the average absolute deviation (AAD).

Solute T / K ND AAD (xsat
1 ) Ref.

gly-gly 278 – 313 11 0.0061 [192, 115]
gly-gly-gly 278 – 313 16 0.045 [192, 115]

ala-ala 293 – 323 6 0.039 [192]
ala-ala-ala 288 – 308 5 0.0068 [192]

gly-ala 293 – 323 5 0.045 [192]
ala-gly 293 – 323 6 0.019 [192]

gly-gly-ala 293 – 323 9 0.012 [192]
gly-ala-gly 293 – 323 8 0.020 [192]
ala-gly-ala 288 – 308 9 0.026 [192]
leu-gly-gly 293 – 323 7 0.022 [192]
gly-leu-gly 293 – 323 9 0.016 [192]
gly-gly-leu 288 – 308 9 0.016 [192]
gly-ala-leu 293 – 323 9 0.00079 [192]

gly-ser 293 – 323 6 0.047 [192]
ser-gly 288 – 308 9 0.0033 [192]
ala-ser 293 – 323 7 0.036 [192]
ser-ala 288 – 308 10 0.00022 [192]
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4.4 Solid–liquid solubility under changing pH

The treatment of amino acids and oligopeptides with fully neutral groups limits the ability of

the model to describe pH-dependent solubility, which is an important property in pharmaceu-

tical and biological applications. The bioavailability of a pharmaceutical product depends on

its solubility in the human body, within which there are significant variations in pH [212]. Fur-

thermore, the ability to model the speciation of amino acids and oliogopeptides is also essential

to understanding their behaviour in salt solutions, which plays a substantial role in screening

solvent conditions [213, 214].

Amino acids are ampholytes, meaning that they possess a dual acid–base nature conferred

by the presence of the NH2 amine and COOH carboxyl groups, which ionize to NH +
3 and

COO–, respectively. Additionally, some amino acids contain ionizable side groups, making

them polyprotic ampholytes. In this work, only diprotic amino acids (i.e. those containing

non-ionizable side groups) are considered. Specifically, the pH-dependent solubility of glycine

and alanine is modeled here due to the availability of reliable experimental data [215, 216] for

these two amino acids. The SAFT-γ Mie approach is implemented, in which the amino acids are

treated as zwitterions; i.e., molecules that carry an overall charge of zero, but which lead to the

formation of cationic and anionic species in solution as the pH changes. Chemical equilibrium

equations, which govern the speciation of amino acids in solution, are incorporated with the

solid–liquid equilibrium equation to describe the solubiliy of amino acids under variable pH and

temperature.

4.4.1 SAFT-γ Mie models

In this work, to describe the speciation behaviour and pH-dependent solubility of an amino

acid (AA) in water, the following chemical species are modeled: the zwitterionic (AA±),

cationic(AA+), and anionic (AA−) species of the amino acid; water (H2O) along its disso-

ciation products, namely the hydronium (H3O
+) –which is essential for computing the pH of
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solution– and hydroxide (OH–) ions; and the counterions, namely Cl– and Na+, that are pro-

duced in the dissolution of the strong acid (HCl) and strong base (NaOH), respectively. The

proposed SAFT-γ Mie model of glycine as a zwitterion, with its corresponding cation and an-

ion, is shown in Figure 3.3. Modelling these species in solution requires characterising the like

and unlike interactions of the COO–, NH +
3 , H3O

+, OH–, Na+, and Cl– groups, in addition to

the interactions of the relevant neutral groups, which have been discussed at length in Sections

3.4 and 4.3.1.

As shown in the parameter sub-matrix of Figure 3.4, most of the interactions of charged

groups have been presented in previous works. The hard-sphere diameter σkk and shape factor

Sk of charged groups are based on those of the corresponding uncharged group (they are assigned

the same value). Additionally, a Born diameter is estimated by increasing the bare diameter

of the ion by 7% (σBorn
kk = 1.07σkk) to correct for the non-sphericity of the solvation ion cavity

following the proposition of Rashin and Honig [217]. The charge is assigned according to the

type of the group: Zk = +1 for a cationic group and Zk = −1 for an anionic one. To model

the amino acid zwitterion, the NH+
3 and COO− groups are used, but an overall charge of zero

is assigned for the molecule (Zi = 0), such that no Coulombic or Born contribution arises in

the calculation of the free energy contribution of this species (so that these contributions equal

zero for species with Zi = 0). The number of association sites of the charged groups is also

different from that of the neutral groups, reflecting the loss or gain of a proton and the different

tendency to form hydrogen bonds. The dispersion energy of the charged groups is different

from that of the corresponding neutral group, as can be expected, and is either calculated by

the use of combining rules or adjusted to experimental data, if available. A number of the

unlike interactions involving the charged groups are obtained using combining rules; this was

shown to be reliable in predicting the solubility of ibuprofen [57] and, accordingly, the same

strategy is followed here.

In the case of the unlike COO––NH +
3 interaction, however, it was found that the asso-

ciation energy parameter (εHB
kl,ab) between the e1 site on the COO– group and the H site on

the NH +
3 needs further refining to capture accurately the reported solubility of glycine at the

isoelectric point. This change, while significantly improving the model’s description of the pH-
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dependent solubility of glycine, had almost no impact on calculations of ibuprofen solubility

[57]. This is because the ibuprofen molecule is much larger, and contains more association in-

teractions than the amino acids studied. In other words, the relative contribution of the unlike

COO––NH +
3 interaction to the properties of ibuprofen is much smaller than its contribution to

the properties of amino acids.

The optimised and calculated like and unlike parameters of the SAFT-γ Mie groups relevant

to the aqueous solutions of glycine, alanine, water, and the related ions that result from their

speciation, are presented in Tables 3.1, 3.2, and 3.3.

4.4.2 Equations of chemical equilibria of speciation

To model the solid–liquid solubility of diprotic amino acids, the solid–liquid equilibrium equa-

tion (2.19) is solved for the amino acid zwitterion, taking into account the speciation (chemical

equilibrium) equations of the amino acid and the ionisation of water in the liquid phase. The

concentrations of each of these species are determined as a function of changing pH, at given T

and P . Thus, the liquid phase is a mixture containing the neutral zwitterion, the amino acid

cation and anion, the counterions of the acid and base, and the species related to water, in

coexistence with a solid phase containing only the neutral amino acid.

For a diprotic amino acid (NH +
3 RCH2 COO–), where R is a non-ionisable side group in

aqueous solution, the acid–base chemical equilibria between the different species of the amino

acid can be written as:

NH+
3

CH2

R

COOH

+ H2O
KA1

NH+
3

CH2

R

COO−

+ H3O
+,

NH+
3

CH2

R

COO−

+ H2O
KA2

NH2

CH2

R

COO−

+ H3O
+,
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2H2O
KW

H3O
+ + OH−,

where, KA1 and KA2 are the (true) equilibrium constants [218] associated with the speciation

of the zwitterion (AA±) into the cation (AA+) and anion (AA−) amino acids, respectively, and

KW is the dissociation constant of water. These are given as,

KA1 =
aAA± aH3O

+

aAA+ aH2O

, (4.2)

KA2 =
aAA− aH3O

+

aAA± aH2O

, (4.3)

and

KW =
aH3O

+ aOH–

(aH2O)
2 , (4.4)

where ai is the activity of species i. The equilibrium constants are related to the corresponding

pKi by

pKi = − log10(Ki); i = A1,A2,W, (4.5)

and we calculate pH as [219]

pH = − log10(aH3O
+). (4.6)

The activity ai is calculated following the asymmetric convention, i.e.,

ai =
mi

m0

γ̃m,i, (4.7)

at each pressure, temperature, and composition for all species except water. Here mi is the

molality of i, m0 = 1 mol kg−1 is the reference molality and γ̃m,i is the asymmetric molality-

based activity coefficient, calculated as
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γ̃m,i = xj
φi(T, P,x)

φi(T, P,x∞)
, (4.8)

where xj is the mole fraction of the solvent (water), φi the fugacity coefficient of i, calculated

using the SAFT-γ Mie approach, x the composition vector of the mixture, and x∞ the compo-

sition vector of the reference which is an infinitely dilute mixture. In the calculations of this

work, a mole fraction of 1×10−15 is used for the infinite-dilution fugacity coefficient. The water

activity (aw) is calculated according to the symmetric convention as:

aw = xwγw, (4.9)

where xw is the mole fraction of water and γw is the symmetric mole-fraction-based activity

coefficient, calculated as:

γw =
φw(T, P,x)

φw(T, P, xw = 1)
. (4.10)

To account for the effect of temperature on the equilibrium constants, the van’t Hoff equa-

tion is used:

Kr(T ) = Kr(T0) exp

(︃
−∆hProtonation,r

R

(︃
1

T
− 1

T0

)︃)︃
; r = A1,A2,W, (4.11)

where Kr(T ) is the equilibrium constant of reaction r at the system temperature, Kr(T0) is the

equilibrium constant at a known reference temperature (here T0 = 298.15 K), and ∆hProtonation,r

is the enthalpy of protonation of reaction r. The values of the equilibrium constant for reactions

involving glycine and alanine, and the corresponding enthalpies of protonation can be found in

Table 4.4. The temperature dependence of the water dissociation constant KW is calculated

using equation (4.11) with KW(T0) = 1.0077 ×10−14 [220] and ∆hProtonation,W = 56.149 kJ/mol

[221]. The base-10 logarithm values of the acid dissociation constants, pKA1 and pKA2, as well

as the isoelectric point, pI, change significantly as a function of temperature. As illustrated in

Figure 4.11, the pKA and pI values span up to two pH points in the temperature range 280 K
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Figure 4.11: Calculation of the temperature dependence of the pKA1, pKA2, and pI of glycine
using the van’t Hoff equation (Equation 4.11). Parameters used in the van’t Hoff equation can
be found in Table 4.4.

Table 4.4: Acid–base equilibrium properties of glycine and alanine.

Compound KA1(298.15 K) ∆hA1 (kJ/mol) KA2(298.15 K) ∆hA2 (kJ/mol) Ref.
Glycine 4.525× 10−3 61.101 2.54× 10−10 44.780 [222]
Alanine 4.535× 10−3 61.101 2.06× 10−10 47.919 [222]

- 360 K.

In Figure 4.12, the amphoteric speciation behaviour of a diprotic amino acid, in this case

glycine, at fixed T = 298.15 K, P = 1 bar, and zwitterion molar composition xAA±,glycine =

0.00265, is illustrated. The zwitterion composition is fixed to a value known to be below the

solid–liquid solubility to model an unsaturated solution of the amino acid fully in the liquid

phase. The OH– equivalents are calculated from the net charge of the amino acid species of i:

OH–
equiv,i = 1−

∑︂
l

ξl,iZl; l = AA±,AA+,AA−, (4.12)

where ξl,i are the relative concentrations of the amino-acid species l, given by

ξl,i =
xl,i

xAA±,i + xAA+,i + xAA−,i

. (4.13)

This is in agreement with the definition of OH– equivalents as the number of moles of OH– ions
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Figure 4.12: SAFT-γ Mie calculations of the acid-base titration curve for glycine at 298.15 K
and 1 bar for an unsaturated glycine zwitterion molar composition of 0.00265. The OH– equiv-
alents are calculated as the proportion of OH– molecules required to neutralise the glycine
species; i.e. 50% of the cationic glycine is neutralised at pKA1 and 100% is neutralised at pI,
at which glycine is predominantly in the zwitterionic form. At pKA2, 50% of the zwitterionic
species is ionised into the anionic form. Close to pH=12, glycine is predominantly in the anionic
form.

required to convert 50% of the glycine cations to zwitterions (at the 0.5 equivalence point), to

convert 100% of the glycine cations to zwitterions (at the 1.0 equivalence point), and to convert

50% of the glycine zwitterions to anions (at the 1.5 equivalence point). The glycine zwitterions

are fully converted to anions at the 2.0 equivalence point.

4.4.3 Solubility prediction

The solubility equation (Eq. 2.19) is solved to obtain the mole fraction of the zwitterionic

species of the amino acid in equilibrium with the solid phase and in chemical equilibria with

the cationic and anionic species.

In Figure 4.13 the calculated concentrations of the glycine zwitterion, anion, and cation,

and the overall solid–liquid solubility, are presented as a function of pH at 298.15 K and 1 bar.

In Figure 4.13(a) the relative concentrations of the glycine zwitterion AA±, cation AA+, and

anion AA−, given by equation (4.13) can be seen. The calculated solubility is compared to
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(a) (b)

Figure 4.13: (a) Relative concentration (ξl,i) of glycine zwitterion (continuous black curve),
cation (long-dashed red curve), and anion (short-dashed blue curve) at 298.15 K and 1 bar, as
a function of pH. The pKA and pI values [222] are denoted by the vertical black dotted lines. (b)
The solubility of glycine in water at 298.15 K (black); 318.15 K (blue); and 348.15 K (orange)
and at 1 bar as a function of pH. The continuous curves represent SAFT-γ Mie calculations and
symbols represent experimental solubility data; circles denote pH-dependent data by Needham
et al. [215] and triangles solubility data at the isoelectric point (pI) by Dalton and Schmidt
[111]. The filled circle represents the data point used in optimising the NH +

3 −COO– interaction,
while empty symbols denote data not used in the parameter estimation.

the experimental data available [216, 111] in Figure 4.13(b). The equilibrium constants KA1

and KA2 are calculated using equation (4.11) with the parameters in Table 4.4, and KW as

described earlier.

As can be seen in Figure 4.13, for a significant range of pH close to the isoelectric point,

the prevalent species in solution is the zwitterion, which has a lower water solubility than

the cation and anion, and hence leads to a solubility minimum (cf. Figure 4.13(b)). At low

values of pH, the equilibrium tends towards the left-hand side of equation (4.2) and the glycine

cation is the prevalent species in solution. This accumulation of positively charged ions is

balanced by the presence of negatively charged counterions (Cl– from HCl). At high values

of pH, the equilibrium tends to the right-hand side of equation (4.3) resulting in the glycine

anion becoming the prevalent species, which is now electrostatically balanced by a similar

concentration of positively charged counter-ions (Na+ from NaOH). The cationic and anionic

forms of glycine are highly soluble in water due to favourable solvation interactions between

these ions and water molecules, leading to the higher solubility seen at both ends of the pH scale
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in the figure. The calculated solubility is in good agreement with the experimental data (Figure

4.13(b)), with only a small deviation noticeable at pH = 2.7. The influence of temperature on

the pH-dependent solubility can also be seen in Figure4.13 (b). At 348.15 K, the pKA1 and

pKA2 values calculated using equations (4.11) and (4.5) (0.807 and 8.47, respectively) are

significantly lower than those at 298.15 K (2.34 and 9.60, respectively). This results in a shift

in the pH-solubility profile to the left, centered around the pI value, which is calculated as

the arithmetic mean of the pKA1 and pKA2 values. Additionally, at higher temperatures the

solubility of glycine is higher, in accordance with equation (2.19), which leads to an upwards

shift in the solubility minimum. This upwards and leftwards shift causes the two curves to

cross in the low-pH region.

It is common practice in modelling chemical equilibria in aqueous solutions to assume

that the water activity (aw) is equal to 1, especially in dilute solutions, and to neglect this

contribution in the equilibrium constant equations. While this can be a valid approximation

near the isoelectric point (pI), at the high and low ends of the pH range, aw is, however,

no longer close to 1, and values below 0.5 can be found, as can be seen in Figure 4.14(a).

At the pH extremes, the concentrations of the speciated amino acid and the counterions are

high, reflecting their high solubility, and the solution cannot be considered to be close to the

reference dilute molality of 1 mol kg−1 for these species. The impact of incorporating aw in

the chemical equilibrium equations on the solubility calculations, can be seen in Figure 4.14(b).

As expected, including aw in equations (4.2), (4.3) and (4.4) leads to a negligible change in

the calculated solubility at the pI. However, in the low and high pH range, a more pronounced

deviation between calculations that include aw and those that take it to be unity can be seen.

The calculations shown in Figure 4.13(b) are obtained with the inclusion of water activities

throughout the range of thermodynamic conditions presented.

In order to assess the transferability of the NH +
3 COO– interaction, which is optimised

using the solubility data of glycine as a function of pH, similar SAFT-γ Mie calculations for

alanine in water (at 298.15 and 348.15 K and 1 bar) as a function of pH, for which no data

have been used during parameter estimation, is used. A comparison of the calculations with

the available experimental data is shown in Figure 4.15. As in the case of glycine, the alanine
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(a) (b)

Figure 4.14: (a) The activity of water (aw) calculated using SAFT-γ Mie as a function of pH for
the system containing glycine (described in Figure 4.13) at 298.15 K (black), 318.15 K (blue),
and 348.15 K (orange) and at 1 bar. (b) The solubility of glycine in water at 298.15 K (black),
318.15 K (blue), and 348.15 K (orange) and at 1 bar as a function of pH. Solid lines represent
calculations in which the real value of aw is used and dashed lines represent calculations in
which aw is taken to be unity.

zwitterion dominates over a wide range of pH around the isoelectric point, resulting in the

minimum in the solubility shown in Figure 4.15(b). Note that these calculations are fully

predictive, and that they show a good agreement with the experimental data of Tseng et al.

[216] and Dalton and Schmidt [111]. The calculations exhibit a small under-prediction of the

solubility across the pH range at 298 K, but accurately capture the qualitative trend in the

data as pH changes. In these calculations, as discussed in the previous figure, the activity of

water is included at each state (i.e., it is not assumed to be 1). The level of agreement with

the experimental data available confirms the predictive ability of this modelling approach and

the robustness of the SAFT-γ Mie model presented.

4.5 Conclusions

In this chapter, the SAFT-γ Mie GC framework is used to predict the solubility of amino

acids and oligopeptides in various solvent media and across a wide range of thermodynamic

conditions. The sensitivity of solubility calculations to changes in the fusion enthalpy and
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(a) (b)

Figure 4.15: (a)Relative concentration (ξl,i) of alanine zwitterion (continuous black curve),
cation (long-dashed red curve), and anion (short-dashed blue curve) at 298.15 K and 1 bar, as
a function of pH. The pKA and pI values [222] are denoted by the vertical black dotted lines. (b)
The solubility of alanine in water at 298.15 K (black); 318.15 K (blue); and 348.15 K (orange)
and 1 bar, as a function of pH. The continuous curves represent SAFT-γ Mie predictions and
the symbols the experimental solubility data; circles denote pH-dependent solubility data by
Tseng et al. [216] and triangles denote solubility data at the isoelectric point (pI) by Dalton
and Schmidt [111].

melting temperature is discussed. Given the large uncertainty in reported experimental melting-

property data, the solubility predictions are shown to vary significantly, especially with respect

to the uncertainty in fusion enthalpy data. The uncertainty in melting temperature, on the

other hand, is relatively smaller and leads to less significant variability in solubility predictions.

The SAFT-γ Mie GC framework is first used to predict the solid–liquid solubility of the

amino acids glycine, alanine, valine, and serine in pure water and alcohols and in mixed water

+ alcohol solvents at the isoelectric point (pI) of the solutions. Despite the variability in the

reported experimental solubility data, the model yields fairly accurate results. The model is

then extended to predict the solid–liquid solubility of 17 di- and tri-peptides comprising the

amino acids glycine, alanine, leucine, and serine, yielding good agreement with experimental

data.

To predict the pH-dependent solid–liquid solubility of amino acids, the model is extended

to treat the chemical equilibria associated with the ionisation of the amino acid zwitterion and

the dissociation of water molecules under changing pH. Solving the solid–liquid equilibrium
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equation alongside the chemical equilibrium equations, the model yields very good agreement

with experimental data of pH-dependent solubility at different temperatures.

Overall, the SAFT-γ Mie GC approach is successfully shown to produce reliable solubility

predictions for amino acids and oligopeptides in water, alcohol, and water + alcohol solvents,

both at the isoelectric point and under changing pH.



Chapter 5

Molecular simulations of charged chain

molecules: comparison with SAFT-γ Mie

molecular and group models

5.1 Introduction

A good understanding of the thermodynamics of organic electrolytes is essential in applications

ranging from renewable energy to drug design and development. A particularly prominent use

of organic electrolytes today is in the design and manufacturing of electrochemical batteries,

such as Lithium-ion (Li-ion) [223], Sodium-ion (Na-ion) [224], and Potassium-ion (K-ion) [225]

batteries. Specifically, organic solutions of alkali salts, such as Lithium hexafluorophosphate

(in the case of secondary commercial Li-ion batteries), are used as the electrolytic component

of the battery; they act as the charge carriers between the battery’s electrodes.

Modelling electrolyte solutions is also important in the context of drug development, as

many active pharmaceutical ingredients (APIs) are ionisable and thus produce electrolytic solu-

tions upon dissociation. Examples of such APIs include ibuprofen and procaine [57]. Similarly,

amino acids and peptides speciate into their charged species in acidic, basic, and salt solutions.

97
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This significantly alters their thermodynamic properties, such as the solid–liquid solubility, as

discussed in previous chapters.

Accurate estimation of chemical potentials is crucial for predicting the thermodynamic

behavior of molecular systems. A common method to estimate chemical potentials is the Widom

insertion method[226], which calculates the average free-energy change associated with placing

an additional molecule into an already equilibrated system. This straightforward method is

especially effective for simple, non-polar systems. However, in complex systems such as aqueous

solutions, inserting a molecule often encounters energetically unfavorable configurations, leading

to insufficient sampling and unreliable results.

To overcome these limitations, advanced sampling techniques are employed, which utilize

bias potentials to thoroughly explore the energy landscape. A bias potential is an artificial

modification of the energy landscape that encourages the system to visit less favorable but

important states more frequently.

One example of an advanced biased sampling method is the Bennett acceptance ratio

(BAR) [227]. BAR minimises variance in free-energy calculations by balancing the sampling

between pairs of closely related states. This approach has been successfully used, together with

methods involving gradual molecule insertions, to accurately determine properties like mean

ionic activity coefficients (MIAC) and solubilities of alkali halide solutions [228, 229]. Another

powerful technique is metadynamics [230], in which exploration is accelerated by applying

a bias potential associated with the values of collective variables (CVs). CVs are carefully

chosen parameters, such as distances, angles, or structural features, that describe the important

characteristics of a molecular state transition. Metadynamics has proven effective in tasks such

as crystal structure prediction (CSP), notably in predicting high-pressure phases of CO2 [231],

and in estimating the solid–liquid interface free energies of Lennard-Jones systems [232].

The Expanded Ensemble method, proposed by Lyubartsev et al. [233], is another valuable

biased sampling technique. It involves creating multiple subensembles, each representing closely

related system states. Monte Carlo simulations then allow the system to move between these

subensembles, thoroughly sampling the energy landscape and providing accurate estimates of
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the free energy difference between them. The expanded ensemble method has been used in a

variety of applications. Hurley et al. [234] use it to predict the binding free energies of small

molecules against water-soluble pillar[6]ene, which has shown potential in drug delivery and bio-

diagnostics. Chodera and Shirts [235] use a replica-exchange expanded ensemble method as a

Gibbs sampling technique. They apply their method to compute the free energy of transfer of

methane from gas to water and the potential of mean force (PMF) of terminally-blocked alanine

dipeptide in implicit solvent. Zhang et al. [236] use the expanded ensemble method to predict

the relative binding free energies between proteins and ligands. Paluch et al. [237] develop an

automated expanded ensemble method to calculate the residual chemical potential and solvation

free energies of amino acid analogs in water. By employing these advanced methods—BAR,

metadynamics, and expanded ensembles—researchers can reliably estimate chemical potentials

in complex systems, addressing the shortcomings associated with simpler approaches like the

Widom insertion method.

In this thesis, the ion contribution to chemical potential is calculated using the EE tran-

sition matrix (EETM) method [238, 239] which combines the EE method [233], for sampling

across multiple thermodynamic states with the transition matrix method [239] that is based on

transition matrix Monte Carlo (MC) ideas developed by Fitzgerald et al. [240], for recording

the attempted transitions between the different thermodynamic sub-ensembles. Specifically,

the EETM method used here combines the principles of replica exchange MD (REMD) [241]

with those of the transition matric MC (TMMC) method [242]. In the REMD method, several

copies (i.e., replicas) of the system are simulated in parallel at different values of the collective

variable (CV). Periodically, replicas exchange configurations based on a criterion, allowing the

algorithm to explore different regions in the CV space. In the TMMC method, the probabilities

associated with transitions between different states along the CV are collected in a matrix that

is used to calculate the density of states (DOS) and free energy as a function of the chosen CV.

Previously, Kournopoulos et al. [243] benchmarked the ionic free-energy contributions of

the DH and MSA theories by conducting EETM simulations of solutions of NaCl. In this work,

ionic chain molecules are considered. Specifically, EETM simulations are conducted for vari-

ous systems of model Lennard-Jones ionic chain molecules to benchmark the theoretical MSA
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calculations of the ionic chemical potential. The goal is to gain insight into the performance

of theoretical calculations based on Models M and G that were presented in Section 3.2.2 by

using simulation simulation data of model systems.

In Section 5.2, the method of expanded ensembles is introduced in the context of estimating

the ionic chemical potential of salt solutions, highlighting the sampling algorithms followed to

achieve this goal. Then, the molecular models and force field parameters used to represent the

atomic species in the simulations are presented. In Section 5.6, MSA calculations of the ionic

chemical potential using Models G and M are assessed by comparison to EE simulation data.

The effects of chain length, size of the uncharged segments, and charge shielding are discussed.

This is followed by a discussion of the role of free volume in explaining some of the simulation

data. In Section 5.7, some concluding remarks are given.

5.2 The expanded-ensemble method

The expanded ensemble technique [233] is a method for free-energy calculation in a single Monte

Carlo (MC) step, in which an NV T ensemble is expanded and modified. Expansion implies the

replication of the ensemble into a set of sub-ensembles. Modification implies the introduction

of a weight factor for each sub-ensemble. Additionally, each sub-ensemble is characterised

by different values of a chosen thermodynamic variable, which is referred to as the collective

variable (CV). A Monte Carlo (MC) simulation of an ensemble does not allow the determination

of the full corresponding partition function. However, for any pair of sub-ensembles, a standard

MC simulation is enough to determine the ratio of their partition functions. The partition

function of a sub-ensemble is proportional to the probability of the system to occur in this

sub-ensemble [233]. With that, one can compute the free-energy difference associated with the

change from one sub-ensemble to the other. The goal is to estimate the free-energy difference

between two states; in this thesis, since the goal is to evaluate the validity of the theoretical

expressions used in the ion term of the free energy in SAFT-γ Mie, where chain-like ions are

considered, the reference state is one in which the electrostatic interactions are "switched off",
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and the other state is one in which they are "switched on". Thus, the CV is chosen to be a

factor that scales the charge of an ion pair from 0 to 1. In practice, this factor is incremented

within the given range, and the free energy of the interaction is estimated by averaging the

free energy differences associated with those incremental changes. What follows is a detailed

introduction to the method of expanded ensembles.

In the canonical ensemble of constant number of particles (N), volume (V ), and temperature

(T ), the configurational integral of the N -particle system is given by

Z(N, V, T ) =

∫︂
drN exp[−βU(rN)], (5.1)

where U is the total potential energy of the system, rN is the position vector of all N particles

in the system, and β = 1/kBT is the reciprocal of thermodynamic temperature T . In the

canonical ensemble, the Helmholtz free energy is given by

A = − 1

β
lnZ(N, V, T ) . (5.2)

To calculate the free energy associated with the Coulombic interaction of an ion pair, the

free energy associated with the charging and discharging of a randomly selected pair of ions is

determined. The ion charges of the selected pair are incremented linearly, taking on discrete

values between the uncharged state (λi = 0) and the fully charged state (λi = 1). Each value of

λi corresponds to the collective variable (CV) of a sub-ensemble, for which the configurational

integral is given by

Zi =

∫︂
drN exp[−βU(rN ;λi)]. (5.3)

Following the derivations in the work of Lyubartsev et al. [233], the configurational integral

of the expanded ensemble (EE) can be defined as
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ZEE =

NSE∑︂
i=1

Zi exp(−ηi), (5.4)

where NSE is the number of sub-ensembles in the EE and ηi is a weight assigned to each

sub-ensemble, ensuring an equiprobable sampling of the phase space.

Considering two states of the (N, V, T ) sub-ensemble, corresponding to λ0 and λ1 and de-

scribed by the configurational integrals: Z0 =
∫︁
drN exp[−βU(rN ;λ0)] and Z1 =

∫︁
drN exp[−βU(rN ;λ1)],

one can write the difference in the Helmholtz free energy between them as:

∆A = −β ln
Z1

Z0

= −β⟨exp [−β∆U(rN ; (λ0 → λ1))]⟩λ0 , (5.5)

where ⟨...⟩λ0 denotes an ensemble average at the reference state of λ0. First, the system is

simulated at the reference state (N, V, T ;λ0) then it is perturbed to (N, V, T ;λ1) to obtain the

potential energy change ∆U(rN ; (λ0 → λ1)). After that, the reference state is restored, and the

simulation is continued. In order to obtain an accurate estimate of the free-energy difference

∆A, the target state (λ1) must be visited frequently, and a large number of states must be

explored and ensemble-averaged.

The relationship between the difference in Helmholtz free energy and the weights ηi, in

Equation 5.4, is shown in the work of Kournopoulos et al. [243], and is repeated here in more

detail. Following a Boltzmann distribution, the probability of visiting a state i in the expanded

ensemble can be written as

pi =
exp(ηi)Zi

ZEE

. (5.6)

Assuming that the weights ηi have been chosen to impose an equiprobable sampling of the

phase space in the expanded ensemble implies

pi = pj; i, j = 1, 2, ..., NSE, (5.7)

where i and j denote two sub-ensembles. Substituting Equation 5.6 into 5.7 and rearranging,

we get
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Zi

Zj

=
exp(ηj)

exp(ηi)
. (5.8)

Then, following the definition of the Helmholtz free energy in Equation 5.2, the difference

in the Helmholtz free energy between the states of the two sub-ensembles i and j can be written

as:

Aj − Ai = − 1

β
ln(

Zi

Zj

) . (5.9)

Finally, substituting Equation 5.8 into Equation 5.9, and simplifying, we get:

β(Aj − Ai) = ηj − ηi . (5.10)

Equation 5.10 implies that an equiprobable sampling of the phase space of the expanded en-

semble relies on a choice of weights ηi that correspond to the free-energy difference between the

sub-ensembles. Therefore, calculating the free energy is equivalent to finding the set of weights

that flatten the histogram of visited sub-ensemble states. In practice, the total Helmholtz

free-energy difference is calculated by adding the free-energy differences of all the intermediate

sub-ensemble transitions.

5.3 Transition matrix Monte Carlo

The transition matrix Monte Carlo (TMMC) method [238, 239, 233] is used to efficiently com-

pute the Helmholtz free-energy difference between the uncharged and fully charged states by

propagating along a Markov chain. Accordingly, the method samples the transition probabili-

ties between different sub-ensembles of the EE. The unbiased macroscopic transition probabil-

ities between adjacent sub-ensembles (Πi→i+1) are calculated by averaging the corresponding

unbiased microscopic transition probabilities (ϖi→i+1).
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The detailed balance of the macroscopic probability of the transition between adjacent

sub-ensembles, which is given by

PiΠi→i+1 = Pi+1Πi+1→i, (5.11)

can be rewritten in terms of the configurational integrals as

Zi

Zi+1

=
Πi+1→i

Πi→i+1

. (5.12)

Thus, the free-energy difference between the two unbiased states (∆Ai→i+1) can be written

in terms of the configurational integrals (cf. Equation 5.9, and hence in terms of the macroscopic

probabilities, as

∆Ai→i+1

kBT
= − ln

(︃
Zi+1

Zi

)︃
= − ln

(︃
Πi→i+1

Πi+1→i

)︃
. (5.13)

As mentioned previously, the unbiased macroscopic probabilities (Πi→i+1) are calculated by

averaging the microscopic unbiased probabilities (ϖi→i+1) associated with sub-ensemble transi-

tions. Each time a sub-ensemble transition is attempted, the microscopic unbiased probability

of the transition is updated and recorded in a collection matrix C according to

Cii ↝ Cii + (1−ϖi→j), (5.14)

and

Cij ↝ Cij +ϖi→j , (5.15)

where the curly arrow denotes an update of the value of the transition probability and the

row i and column j represent the origin and target sub-ensembles, respectively. When a sub-

ensemble change is attempted, both the element of the collection matrix associated with the

transition and its complementary element are updated since the inclusion of the latter in the

averaging speeds up the calculation significantly. The complementary probability of leaving a
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sub-ensemble (Equation 5.14) is that of staying in the original sub-ensemble (Equation 5.15),

and since they are complementary, they should always add up to one. It is important to note

that all sub-ensemble transition attempts are recorded and used in the averaging, even those

that are not accepted.

In this work, the goal is to calculate the free-energy change associated with charging and

discharging the Coulombic interaction of an ion pair. As such, the collective variable chosen is

λ, which ranges between 0 and 1 and scales the ionic charges according to λqi. Any transition

attempt that would change the value of the collective variable λ out of its range is rejected and

penalised. The TMMC sub-ensemble transition step is presented in Algorithm 1.

Algorithm 1 Transition matrix Monte Carlo step
1: Select a sub-ensemble transition i → j.
2: Calculate the unbiased microscopic transition probability:

ϖi→j = exp(−β∆Uij)

3: Accept the sub-ensemble transition i → j with biased probability:

ξi→j = exp(−β∆Uij) · exp(ηj − ηi)

4: Update the collection matrix:
Cij = Cij +ϖi→j

Cii = Cii + (1−ϖi→j)

The macroscopic probabilities can then be calculated from the collection matrix by

Πi→j =
Ci,i→j∑︁
k Ci,i→k

, (5.16)

where the denominator represents the sum over all transitions from and to the sub-ensemblei.

At the start of the EE simulation, the weights of each of the sub-ensembles are yet to be

determined. Therefore, a Wang-Landau (WL)[244] algorithm is used to obtain initial estimates

for the chemical potential. The Wang-Landau method is a Monte Carlo method designed to

estimate the density of states (DoS) of a system by performing a random walk in energy space.

In the context of this work, the WL method is used to quickly explore all of the sub-ensembles.
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This is achieved by updating the weight given to a sub-ensemble transition (ηi) with a small

penalty γ such that the probability of revisiting the same sub-ensemble i is reduced:

ηi ↝ (ηi − γ) . (5.17)

The WL scheme ensures a quick exploration of all sub-ensembles by starting with a large

value of γ, and it is kept running until the histogram of the number of visits to each sub-

ensemble is uniform. In practice, the flattening of the histogram is considered achieved when

its slope is less than a prescribed value sc, which is commonly chosen to be close to 1. Once

that is achieved, a new WL iteration begins – this time with a new scaled γ given by

γ ↝ αγ, (5.18)

where α is a prescribed factor, which is set equal to 0.5 in this work. The WL iteration described

is represented in Algorithm 2

Algorithm 2 Wang-Landau iteration
1: Select a sub-ensemble transition i → j.
2: Calculate the unbiased microscopic transition probability:

ϖi→j = exp(−β∆Uij)

3: Accept the sub-ensemble transition i → j with biased probability:

ξi→j = exp(−β∆Uij) · exp(ηj − ηi)

4: if Transition i → j is accepted then
5: Update the histogram of visited states with a visit to state j.
6: Penalise the weight of the transition: ηj = ηj − γ.
7: else
8: Update the histogram of visited states with a visit to state i.
9: Penalise the weight of the transition: ηi = ηi − γ.

10: end if
11: if The slope of the histogram of visited states reaches sc then
12: Reset the histogram.
13: Update the penalty factor: γ = αγ.
14: end if
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5.4 Molecular models

The model proposed by Andreev et al. [245] to model aqueous solutions of monovalent salts

was used as the basis for studying aqueous NaCl solutions in the work of Kournopoulos et al.

[243] and is the basis for the models considered here. In the original model by Andreev et al.

[245], all species (cation, anion, and solvent) are represented by single spherical Lennard-Jones

(LJ) beads. The LJ size parameter, σ, is taken to be equal for all single spherical species

for simplicity. The energy parameter, ϵ, is fixed for all like interactions (cation-cation, anion-

anion, and solvent-solvent). The cation and anion are distinguished from each other by having

different charges – +q and −q, respectively – and different unlike interaction energies, ϵ, with

the solvent.

In this thesis, the model is extended to treat aqueous solutions of monovalent salts in which

the anion is made up of multiple spherical segments by adding uncharged segments in different

configurations. Specifically, the uncharged segments are either bonded sequentially to the same

end of the ionic molecule, forming linear chains in which the charged segment is bonded only to

one of the uncharged segments, or they are all bonded directly to the charged segment, forming

trigonal-planar and tetrahedral ionic molecules.

The spherical beads used to represent the ions, solvent, and uncharged segments interact

with each other through the LJ potential, i.e.,

uLJ
ij (rij) = 4ϵij

[︄(︃
σij

rij

)︃12

−
(︃
σij

rij

)︃6
]︄
, (5.19)

where rij is the centre-to-centre distance between particles i and j, σij is the separation at which

the potential is zero, and ϵij is the minimum of the potential well. The LJ parametersused in

this thesis are summarised in Table 5.1 and are given in reduced, dimensionless units defined

as

σ∗
ij =

σij

σH2O−H2O
(5.20)
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Table 5.1: Force-field parameters of the LJ potential based on the model of Andreev et al. [245].
Parameters are presented in dimensionless units, as described in Equations 5.20 and 5.21. The
same set of parameters is used for the MSA calculations, in both Model G and Model M.

Particle i Particle j σ∗
ij ϵ∗ij

Solvent Solvent 1.00 1.00
Cation Cation 1.00 1.00
Anion Anion 1.00 1.00

Uncharged segment Uncharged segment 1.00 1.00
Solvent Cation 1.00 1.25
Solvent Anion 1.00 1.00
Solvent Uncharged segment 1.00 1.00
Cation Uncharged segment 1.00 1.00
Anion Uncharged segment 1.00 1.00

and

ϵ∗ij =
ϵij

ϵH2O−H2O
. (5.21)

The charges on the cation and anion interact via the Coulomb potential, given by

uCoul
ij (rij) =

qiqj
4πε0εrrij

, (5.22)

where uCoul
ij is the Coulomb potential energy between the ions i and j as a function of their

centre-to-centre distance (rij), qi is the charge of ion i, ε0 is the permittivity of vacuum, and εr

is the relative permittivity of the dielectric medium. To reduce the Coulombic energy in dimen-

sionless units, a fixed Bjerrum length is used. The Bjerrum length is the separation between

charges at which the Coulombic energy (uCoul
ij ) is comparable with the thermal fluctuations of

the system (kBT ). In this work, following the methodology of Kournopoulos et al.[243], the

Bjerrum length is reduced using the size parameter of water:

l∗B =
q2

4πε0εrkBTσH2O−H2O
. (5.23)

Here, the relative permittivity of the dielectric medium is set equal to 1, and the charges

of the ions are adjusted to match the desired Bjerrum length at a given temperature.
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5.5 Simulation details

All of the simulations presented in this chapter are run with 1000 particles in a cubic periodic

simulation box. The size of the simulation box is calculated such that ρ∗ = ρσ3
H2O−H2O = 0.8.

The simulations are run at T = 420 K such that T ∗ = kBT/ϵH2O−H2O = 0.75. This mapping

of the temperature is introduced by Andreev et al. [245] to reproduce the critical temperature

and pressure of water. Additionally, the value of the charges is set q = 0.1364 for the cation

and anion such that l∗B = 1.85. Simulations are conducted for a range of salt mole fraction

between 0 and 0.20. It is important to note that since the Bjerrum length does not depend on

the ion concentration, fixing the value of l∗B is equivalent to neglecting the dependence of the

dielectric constant on ion concentration.

The simulation procedure follows three stages, all of which are MD simulations conducted

using the Large-scale Aromic/Molecular Massively Parallel Simulator (LAMMPS) [246]. First,

the initial configuration of the system is created by inserting the desired number of cations and

anions into a crystal made of the solvent particles. Random swaps are carried out to minimise

the likelihood of ion clusters forming, as this would lead to unnecessarily long equilibration

times. Then, once the initial configuration is set up, an NV T equilibration simulation is run to

melt the crystal for 1 ns (with a time step of 2 fs). Finally, once the system has equilibrated,

the EE simulations are carried out for 4 ns, with a subensemble change attempted every 40 fs.

At the early stages of the EE simulation, the Wang-Landau (WL) [244] scheme is used

to provide an initial estimate of the chemical potential with the weights initialised at zero.

With every sub-ensemble change, the weight ηi is updated with the penalty (γ) to reduce the

probability of visiting the same sub-ensemble again.

Initially, the value of γ is set equal to 1 to quickly force the simulation to explore all the

sub-ensembles of the system. This is ensured by flattening the histogram containing the number

of visits to each sub-ensemble. Once that is achieved–when the slope of the histogram is less

than a prescribed factor (sc=0.95)–the visits histogram is reset, and the penalty factor is halved

(α = 0.5). Once γ reaches a value less than 10−4, the WL scheme is terminated, and the guesses
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from the TMMC are used to refine the free-energy profile.

5.6 Results and discussion

Expanded-ensemble simulations are carried out for a range of systems to benchmark the ionic

chemical potential calculations of SAFT-γ Mie, which rely on the expression of the mean-

spherical approximation (MSA) [98, 99], calculated according to Model G and Model M (cf.

Section 3.2.2). MSA calculations of the ionic contribution to the chemical potential of the salt

(∆µIon
s ) are compared with the EETM simulation results for model ionic chain molecules of

varying chain length and charge placement. First, the impact of increasing the chain length of

the ionic chain molecule is studied by conducting simulations of salt solutions containing linear

anionic molecules of increasing length as exemplified in Figure 5.1(a); this is done by adding

uncharged monomeric segments to the anionic particle. Then, simulations and calculations

are conducted to explore the impact of the size of the uncharged monomeric segment relative

to the charged segment that it is bonded to; such systems are exemplified in Figure 5.1(b).

Then, simulations are conducted to explore the effect of charge screening by bonding uncharged

monomeric segments to the charged segment in a "branched" fashion, as exemplified in Figure

5.1(c).

The LJ forcefield selected to represent all atomic species in the system, including solvent

particles, results in the exclusion of the solvation contribution (i.e., ion–solvent interactions)

from the system, such that the ion contribution to the free energy is isolated. As a result,

the electrostatic chemical potential estimated in the EETM simulations represents only ion–ion

interactions, with zero Born free energy. In terms of the expressions presented in Chapter 3,

MSA calculation of the free energy and chemical potential requires the input of ion diameters,

which are set equal to those used in the simulation.
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(a)

(b)

(c)

Figure 5.1: A cartoon representation of the systems studied in this chapter. NV T simulation
boxes contain solvent molecules (teal), cations (purple), and anions that consist of negatively
charged segments (red) bonded to uncharged segments (grey). (a) NV T simulation box con-
taining a trimer anion, in which the charged segment is at the head of the molecule, representing
the systems studied in Section 5.6.1. (b) NV T simulation box containing a dimer anion with
the uncharged segment being larger than the negatively charged segment, representing the sys-
tems studied in Section 5.6.2. (c) NV T simulation box containing a trimer anion, in which the
charged segment is at the centre of the molecule, representing the systems studied in Section
5.6.3.
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5.6.1 Effect of chain length

The influence of the anion’s chain length on the ionic chemical potential is investigated by

conducting a series of EE simulations for systems containing spherical cations with anions of

increasing chain length – specifically, monomeric, dimeric, trimeric, tetrameric, and pentameric

anionic species. The chain length is increased by bonding uncharged segments to the negatively

charged particle, linearly and via flexible bonds, as illustrated in Figure 5.2. For each system,

an independent EE simulation is performed over a range of salt mole fractions (xs) of up to 0.2

at T = 420 K and l∗B = 1.85. Note that the salt mole fraction is defined as

xs =
xcat + xan∑︁NC

i=1 xi

, (5.24)

where xcat is the mole fraction of the cation, xan is the mole fraction of the anion, and the sum

in the denominator is calculated over all components in the system (cation, anion, and solvent).

Figure 5.2: Schematic diagram representing the anionic species modeled to study the influence
of chain length: (a) Monomeric, (b) Dimer, (c) Trimer, (d) Tetramer, and (e) Pentamer ion.

In Figure 5.3, simulation data (Table 5.2) of the salt solutions are illustrated along with

MSA calculations of the ionic chemical potential as a function of salt mole fraction. The

simulation data show that the chemical potential, for all salt solutions, increases (in absolute

value) with increasing salt concentration. MSA calculations, both using Model G and Model

M, successfully capture this qualitative trend. The observed change in the absolute value of the

chemical potential between the monomer and dimer anions is quite significant, and it results

from the reduction in Coulombic interaction between the ion pair (in the case of dimer anions)

due to screening by the uncharged segment. More interestingly, the simulation data show no

significant difference in the chemical potentials of the dimer, trimer, tetramer, and pentamer

salts. This can be explained by the fact that the neutral segments, which act as a screen for
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Coulombic interactions, are added to the same tail end of the anion particle. Thus, beyond the

addition of the first neutral segment, the length of the chain has no impact on the Coulombic

interaction between the ion pair. Note that no simulations were conducted for the pure solvent

(i.e., xsalt = 0). For such system, the value of ∆µIon
s is equal to zero since there are no charges

present.

According to Model G, the free energy depends only on the diameter of the charged seg-

ment. As a result of that, the chemical potential calculations are identical for all of the salts

studied, regardless of the number of uncharged segments bonded to the ionic particle, if any.

Surprisingly, however, the Model G calculations are in excellent agreement with the simulation

data of the oligomeric salts, but not with the monomeric salt.

Model M calculations, on the other hand, show a less significant decreasing chemical poten-

tial as the chain length of the anion increases. This is because in Model M, the ionic diameter

scales with the size of the entire ionic molecule (cf. Section 3.2.2). As the size of the ionic

molecule increases, the effective ion diameter (σ̃MSA,M
eff, ii ) increases, which in turn leads to a de-

crease in the charge density (charge per volume of molecule) and thus a decrease in the ionic

chemical potential. Note that as the chain length of the anion increases, the difference in the

calculated chemical potential diminishes. This is to be expected as the size of the neutral

segment becomes smaller relative to the size of the ionic molecule.

5.6.2 Effect of monomer size

The influence of the size of the neutral segment on the ionic chemical potential is investigated

by conducting three EE simulations for salt solutions of dimer anions, in which the diameter

of the neutral segment is varied. The simulations are run for salt concentrations of up to 0.2

in salt mole fraction at 420 K and a reduced Bjerrum length of 1.85. Note that only the

size parameters of the uncharged segment are varied. Specifically, the like σii value for the

uncharged segment is varied, and its unlike σij values are calculated as the arithmetic mean

of σii and σjj. The simulation data of the systems considered are presented in Figure 5.4 and

Table 5.3.
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Figure 5.3: Coulombic contribution to the chemical potential as a function of salt mole fraction
at T ∗ = 0.75, ρ∗ = 0.8, and l∗B = 1.85. Symbols denote EETM simulations of salts in which
the anion is: a monomer (black); a dimer (purple); a trimer (blue); a tetramer (light blue);
and a pentamer (green), where the charged bead is placed at the head of the ionic chain. The
black solid curve denotes MSA calculations using Model G and dashed curves denote MSA
calculations using Model M.
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Table 5.2: EE simulation data of the ionic chemical potential (∆µIon
s ) of the monomer, dimer,

trimer, tetramer, and pentamer anion salts as a function of salt mole fraction (xs).

Monomer Dimer
xs ∆µIon

s / (kBT ) Uncertainty / (kBT ) xs ∆µIon
s / (kBT ) Uncertainty / (kBT )

0.004 -0.643 0.038 0.004 -0.529 0.036
0.010 -0.784 0.040 0.010 -0.608 0.031
0.018 -0.930 0.045 0.018 -0.740 0.044
0.026 -1.06 0.013 0.026 -0.810 0.052
0.036 -1.18 0.034 0.036 -0.894 0.032
0.052 -1.31 0.034 0.052 -1.00 0.027
0.070 -1.41 0.048 0.070 -1.09 0.025
0.084 -1.47 0.041 0.084 -1.14 0.012
0.100 -1.57 0.041 0.100 -1.18 0.021
0.112 -1.61 0.039 0.112 -1.20 0.038
0.126 -1.63 0.031 0.126 -1.26 0.027
0.140 -1.70 0.052 0.140 -1.32 0.038
0.154 -1.75 0.031 0.154 -1.36 0.065
0.166 -1.76 0.033 0.166 -1.34 0.036
0.180 -1.81 0.018 0.180 -1.39 0.029
0.190 -1.81 0.066 0.190 -1.42 0.023

Trimer Tetramer
xs ∆µIon

s / (kBT ) Uncertainty / (kBT ) xs ∆µIon
s / (kBT ) Uncertainty / (kBT )

0.004 -0.515 0.053 0.004 -0.531 0.038
0.010 -0.619 0.038 0.010 -0.600 0.025
0.018 -0.763 0.037 0.018 -0.713 0.081
0.026 -0.831 0.023 0.026 -0.816 0.032
0.036 -0.910 0.015 0.036 -0.879 0.044
0.052 -0.954 0.042
0.070 -1.07 0.023 0.070 -1.05 0.022
0.084 -1.13 0.036 0.084 -1.10 0.020
0.100 -1.19 0.036 0.100 -1.20 0.045
0.112 -1.23 0.040 0.112 -1.21 0.022
0.126 -1.27 0.050 0.126 -1.26 0.026
0.140 -1.26 0.032 0.140 -1.28 0.069
0.154 -1.32 0.058 0.154 -1.30 0.038
0.166 -1.37 0.021 0.166 -1.33 0.021
0.180 -1.38 0.028 0.180 -1.37 0.094
0.190 -1.39 0.040 0.190 -1.35 0.15

Pentamer
xs ∆µIon

s / (kBT ) Uncertainty / (kBT )
0.004 -0.514 0.037
0.010 -0.630 0.028
0.018 -0.705 0.043
0.026 -0.759 0.024
0.036 -0.908 0.051
0.052 -1.00 0.040
0.070 -1.09 0.042
0.084 -1.17 0.033
0.100 -1.23 0.12
0.112 -1.20 0.056
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In Figure 5.4, EE simulation data are compared with MSA calculations using Models G and

M. As can be seen in the figure, the chemical potential is the most negative for the smallest size

ratio =(σseg−seg/σion−ion = 0.25) and the largest for the largest size ratio (σseg−seg/σion−ion = 1.5).

This is explained by the fact that the smaller the neutral segment bonded to the ion, the

smaller the surface area of the ion that is shielded from Coulombic forces and hence the largest

Coulombic contribution to the chemical potential. The difference between the simulation data

of the system with σseg−seg/σion−ion = 1 and that with σseg−seg/σion−ion = 1.5 is barely noticeable

because the size difference between the neutral segments in those cases is not significant enough.

Larger values of the ratio σseg−seg/σion−ion should result in less negative values of chemical

potential. However, simulations that include uncharged segments with σseg−seg greater than 6

(i.e. σseg−seg/σion−ion > 1.5) exhibit precipitation and thus lead to unreliable calculation of the

chemical potential.

Figure 5.4: Coulomb contribution to the chemical potential as a function of salt mole fraction
at T ∗ = 0.75, ρ∗ = 0.8, and l∗B = 1.85. Symbols denote EETM simulations of a salt in which the
anion is a dimer consisting of the negatively charged ion segment bonded to a neutral monomer
segment of different sizes. Different colours represent different sizes of the neutral monomer
segment relative to the size of the ion (σseg/σion): 0.25 (orange); 1 (purple); and 1.5 (dark red).
The solid black curve denotes MSA calculations using Model G and dashed curves denote MSA
calculations using Model M.



5.6. Results and discussion 117

Table 5.3: EE simulation data of the ionic chemical potential (∆µIon
s ) of systems containing

dimer anions, which have different segment-to-ion diameter ratios (σseg−seg/σion−ion), as a func-
tion of salt mole fraction (xs).

σseg−seg/σion−ion = 0.25 σseg−seg/σion−ion = 1.5
xs ∆µIon

s / (kBT ) Uncertainty / (kBT ) xs ∆µIon
s / (kBT ) Uncertainty / (kBT )

0.004 -0.517 0.042 0.004 -0.530 0.035
0.010 -0.685 0.036 0.010 -0.606 0.044
0.018 -0.797 0.029 0.018 -0.725 0.054
0.026 -0.894 0.031 0.026 -0.787 0.048
0.036 -0.997 0.050 0.036 -0.886 0.044
0.052 -1.10 0.054 0.052 -0.960 0.048
0.070 -1.21 0.021 0.070 -1.07 0.038
0.084 -1.26 0.019 0.084 -1.13 0.031
0.100 -1.37 0.027 0.100 -1.14 0.038
0.112 -1.37 0.033 0.112 -1.24 0.035
0.126 -1.43 0.046 0.126 -1.22 0.063
0.140 -1.48 0.020 0.140 -1.27 0.059
0.154 -1.50 0.037 0.154 -1.36 0.093
0.166 -1.56 0.030 0.166 -1.36 0.055
0.180 -1.57 0.031 0.180 -1.39 0.040
0.190 -1.59 0.037 0.190 -1.37 0.079

5.6.3 Effect of charge position

The simulation results in the previous sections (5.6.1 and 5.6.2) showcase the influence of two

variables on the ionic chemical potential: the chain length and the size of uncharged segments.

Both reflect the impact of charge shielding due to the presence of the neutral segments that are

bonded to the charged segment. This effect can be observed in the fact that increasing the chain

length, as shown in Figure 5.2, has no discernable impact on the ionic chemical potential of the

salt (cf. Figure 5.3), since the charge shielding is the same in all of the salts shown. Charge

shielding also explains the less negative values in the ionic chemical potential when the size of

the uncharged segment increases relative to the ionic particle (cf. Figure 5.4). In this section,

the concept of charge shielding is further explored by conducting three additional independent

EE simulations of ionic molecules in which the charge shielding is increased. Specifically,

simulations are conducted for ions in which all the uncharged segments are bonded to the

ionic particle, as represented in Figure 5.5. The monomer and dimer anions used here are

identical to the ones presented in previous sections. The trimer anion is formed by bonding
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the charged particle to two uncharged segments– one on each side. The tetramer anion is

formed by bonding the charged particle to three charged segments–forming a trigonal planar

ionic molecule with the charge at the centre. The pentamer is formed by bonding the charged

particle to four uncharged segments–forming a tetrahedral ionic molecule with the charge at

the centre. Similar to the simulations in the previous two sections, the simulations here are

run for salt concentrations of up to 0.2 in salt mole fraction at 420 K and a reduced Bjerrum

length of 1.85.

Figure 5.5: Schematic diagram representing the anionic species modeled to study the influence
of charge shielding: (a) Monomer anion; (b) Dimer anion; (c) Trimer anion with the charge
at the centre; (d) Tetramer anion with the charge at the centre; and (e) Pentamer anion with
the charge at the centre. Note that this is a 2D representation; in the simulation models, the
pentamer ion forms a tetrahedron.

The EE simulation data of the ionic chemical potential for the trimer, tetramer, and pen-

tamer anions–all with the charges at the centre–are shown alongside simulation data of the

monomer and dimer anions in Figure 5.6. As can be seen in Figure 5.6(a), the value of the

chemical potential gets increasingly less negative when going from the dimer anion to the pen-

tamer anion. The secondary axis in Figure 5.6(a) represents the segment packing fraction in

the system, given by

ηseg =
NsegVseg

Vbox

, (5.25)

where Nseg is the total number of segments in the system (ions, uncharged segments, and solvent

particles), Vseg = 4πσ3
seg/3 is the volume of each segment, and Vbox is the total volume of the

simulation box. The simulation data is presented for salt mole fractions of up to 0.125 for

the tetramer anion and up to 0.1 for the pentamer anion. Beyond these concentrations, the

tetramer and pentamer salt solutions exhibit precipitation as evidenced by calculations of the

mean squared displacement (MSD) and supported by calculations of the packing fraction, as
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shown in Figure 5.6(a).

MSA calculations of the ionic chemical potential using Models G and M are presented

in Figure 5.6(b), alongside the same simulation data. As shown in previous sections, chemical

potential calculations for all the salt systems are identical using Model G. Model M calculations

here are identical to the ones done for the linear oligomeric anions (cf. Figure 5.3).

(a) (b)

Figure 5.6: Coulomb contribution to the chemical potential as a function of salt mole fraction
at T ∗ = 0.75, ρ∗ = 0.8, and l∗B = 1.85. Symbols denote EETM simulations of salts in which the
anion is: a monomer (black); a dimer (purple); a trimer (blue); a tetramer (light blue); and a
pentamer (green). The anion’s charged segment is always in the middle of the molecule. (a)
EETM simulation data of the ionic chemical potential of the salt solutions considered. Solid
lines represent calculations of the segment packing fraction, ηseg. (b) EETM simulation data
alongside MSA calculations using Model G (black solid curve) and Model M (dashed curves).

5.6.3.1 Scaling using the free-volume fraction

Even though calculations of the ionic chemical potential using Model M capture qualitatively

the differentiation between the different branched oligomeric anions, they do so as a result of

the averaging over the size of the molecule (cf. Equation 3.11). This same averaging is also

the reason Model M yields different values of the chemical potential for the linear oligomeric

anions; a result that is not supported by simulation data. More specifically, the averaging over

the size of the molecule in Model M does not include a distinction between linear and branched

molecules, as it calculates the effective diameter of the ionic molecule simply based on the

number of segments present in it and their corresponding segment diameters. Inversely, Model
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Table 5.4: EE simulation data of the ionic chemical potential (∆µIon
s ) of systems containing

trimer, tetramer, and pentamer anions, in which the charge is at the centre, as a function of
salt mole fraction (xs).

Trimer Tetramer
xs ∆µIon

s / (kBT ) Uncertainty / (kBT ) xs ∆µIon
s / (kBT ) Uncertainty / (kBT )

0.004 -0.515 0.046 0.004 -0.543 0.054
0.010 -0.615 0.040 0.010 -0.563 0.046
0.018 -0.678 0.025 0.018 -0.688 0.028
0.026 -0.790 0.038 0.026 -0.738 0.039
0.036 -0.854 0.027 0.036 -0.818 0.051
0.052 -0.959 0.040 0.052 -0.932 0.042
0.070 -1.01 0.026 0.070 -1.02 0.031
0.084 -1.06 0.023 0.084 -1.06 0.025
0.100 -1.14 0.033 0.100 -1.10 0.044
0.112 -1.16 0.032 0.112 -1.13 0.090
0.126 -1.19 0.069 0.126 -1.12 0.071
0.140 -1.29 0.027
0.154 -1.25 0.025
0.166 -1.31 0.055
0.180 -1.32 0.065
0.190 -1.37 0.039

Pentamer
xs ∆µIon

s / (kBT ) Uncertainty / (kBT )
0.004 -0.524 0.036
0.010 -0.565 0.024
0.018 -0.643 0.049
0.026 -0.700 0.018
0.036 -0.784 0.052
0.052 -0.910 0.024
0.070 -0.964 0.032
0.084 -1.00 0.057
0.100 -1.01 0.063
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G calculations show no differentiation between any of the salts simulated in this work; this

is because, according to Model G, the ionic free energy depends solely on the size parameter

of the ionic particle (i.e., charged segment). While the calculations of Model G capture the

near-identical simulation data for the different linear oligomeric anions, it fails to capture the

impact of charge shielding present in the branched ionic molecules.

Here, an attempt is made to investigate the charge shielding effect observed in the simulation

data of the branched chain anions (cf. Figure 5.6) by scaling the molecular simulation data

of the monomer (reference) using a factor corresponding to the free volume around the ionic

charge. The assumption is that every uncharged segment that is bonded to the ionic segment

shields it from interacting via the Coulomb potential within a spherical cone that is proportional

to the size of the uncharged segment, as shown in Figure 5.7. This assumption is justified by

the fact that the presence of an uncharged segment bonded to the charged particle sterically

hinders the access of a counterion within the volume occupied by the uncharged segment.

As a consequence, the effective Coulombic force between the bonded charged segment and a

counterion in solution is dampened. The spherical cone, with its vertex at the centre of the

ionic particle and its base at the cut-off radius of the potential, represents the volume around

the ionic particle that is shielded from interacting with the counter ion. Consequently, the

volume available for interaction is calculated as the volume of the sphere with a radius equal to

the potential cut-off radius minus the volume of the cones shielded by the bonded uncharged

segments. The fraction of free (available) volume can thus be calculated for each n-mer ionic

molecule as:

φfree,n =
Vcutoff − nVsh

Vcutoff

, (5.26)

where Vcutoff is the volume of the sphere concentric with the ion and with a radius equal to the

cut-off radius (rc) of the Coulomb potential: Vcutoff = 4πr3c/3, Vsh is the volume of the spherical

conic section shielded from Coulombic interaction due to the bonded uncharged segment and

is calculated as the difference between the larger (r = rc) and smaller (r = σii/2) cones, i.e.,

Vsh = 2π(r3c − (σii/2)
3)[1 − cos (ϕ)]/3. n is the number of uncharged segments bonded to the
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ion, where ϕ = 45° is the cone aperture angle for the tangent segment, i.e., the angle between

the axis of the cone and its rim. A schematic diagram illustrating the calculation of free volume

is shown in Figure 5.7. The fraction of free volume (φfree) is calculated to be approximately:

0.85 for the dimer (n=1) anion; 0.71 for the trimer (n=2) anion; 0.56 for the tetramer (n=3)

anion; and 0.41 for the pentamer (n=4) anion.

Figure 5.7: A 2D representation of the volume around the central charge that is shielded from
Coulombic interactions due to the presence of the uncharged segment. The shielded volume is
the spherical conic section between the surface of the central charge at r = σii/2 and the cut-off
radius r = rc and is defined by the aperture angle ϕ.

The ionic chemical potential (∆µIon
s ) of a salt of stoichiometry MX (e.g., NaCl) is calculated

as the sum of the ionic chemical potentials of the cation (∆µIon
cat) and anion (∆µIon

an ) such that

∆µIon
s = ∆µIon

cat +∆µIon
s . (5.27)

The fraction of free volume (φfree) is used to calculate a scaled ionic chemical potential of

the n-mer anions by taking the monomer anion as the reference, such that:

∆µIon
s,n−mer = ∆µIon

cat + φfree,n∆µIon
an,mono, (5.28)
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where ∆µIon
s,n−mer is the ionic chemical potential of the n-mer salt and ∆µIon

an,mono is the ionic

chemical potential of the reference spherical monomer anion. Note that the scaling factor

(φfree,n) is only applied to the anion and not the cation, since only the former is bonded to

uncharged segments and thus experiences the charge shielding effect.

In Figure 5.8, the simulation data of branched oligomeric anions is illustrated alongside the

scaled data and MSA calculations, using both Model G and Model M. The scaled chemical

potential points are in excellent agreement with data of the pentameric anion (Figure 5.8(d))

and increasingly deviate from the data as the shielding decreases; i.e., as one goes from the

pentameric anion to the dimeric anion. This is likely because at the limit of minimum shielding,

i.e., in the case of the dimeric anion, other counter ions in the solution may contribute to and

increase the total Coulombic energy. Whereas in the limit of maximum shielding, i.e., in the

case of the pentameric anion, the dominant contribution to the Coulombic potential comes from

pairwise interactions. The latter is due to the steric hindrance imposed by the four uncharged

segments bonded to the ion, which makes it harder for other counter ions in the solution to

interact with the ion at the centre of the pentamer.

5.7 Conclusions

In this chapter, mean spherical approximation (MSA) calculations of the ionic chemical poten-

tial are assessed against expanded-ensemble (EE) simulation data of various solutions of salts

made up of ionic chain molecules, with a particular focus on benchmarking the performance of

Models G and M. The study employs a coarse-grained (CG) representation of water that ex-

cludes explicit polar interactions, allowing for an isolated evaluation of the ion–ion interaction.

The systems under investigation comprise both linear and branched ionic oligomers, en-

abling a systematic exploration of the effects of molecular size on ion—ion interactions. Key

variables such as chain length, the size of uncharged segments, and electrostatic shielding are

examined to understand their influence on the ionic chemical potential. The results reveal

notable differences between the two models in capturing these effects.
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(a) (b)

(c) (d)

Figure 5.8: Coulombic contribution to the chemical potential as a function of salt mole fraction
at T ∗ = 0.75, ρ∗ = 0.8, and l∗B = 1.85. Empty symbols denote EETM simulations of salts
in which the anion is a branched oligomer. Filled symbols are chemical potential simulation
data of the monomeric anion scaled by φfree. The reference monomer anion simulation data
are denoted by empty black circles. The black curve denotes MSA calculations using Model
G whereas the dashed curves represent calculations using Model M. (a) Chemical potential of
the dimer-anion salt. (b) Chemical potential of the trimer-anion salt. (c) Chemical potential
of the tetramer-anion salt. (d) Chemical potential of the pentamer-anion salt.
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Model G, in which the calculation of the ionic free energy is based solely on the size of the

ion particle, yields identical results for all the salt solutions considered. This is in agreement

with simulation data for linear oligomeric anions, in which the ion particle experiences the

same amount of shielding regardless of the length of the uncharged chain bonded to it. On the

other hand, Model G fails to capture the influence of the size of the uncharged segment within

the ionic molecule due to its dependence on the size of the ionic particle only. For the same

reason, Model G fails to differentiate between different branched oligomeric ions, which exhibit

different levels of charge shielding.

Model M, in which the calculation of the ionic free energy takes into account the average

size of the ionic molecule, captures the influence of the size of the uncharged chain bonded

to the ion, but incorrectly differentiates between the linear oligomeric ions. Even though

Model M qualitatively captures the change in chemical potential between the different branched

oligomeric anions, it does not take into account the underlying cause, namely charge shielding.

Finally, in an attempt to further explore the effect of charge shielding, a simple yet effective

scaling approach based on the concept of free volume is proposed. The scaled points, based

on the reference monomeric-ion data, provide useful insights into the underlying principle of

charge shielding and a potential direction in future research involving the treatment of the

electrostatic interactions of ionic molecules within primitive-model expressions.
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Conclusions

Amino acids and oligopeptides are biomolecules of great importance in the pharmaceutical

industry, specifically for the development of novel active pharmaceutical ingredients (APIs).

Therefore, there is a high level of demand for thermodynamic models that can produce accurate

solid–liquid solubility predictions for amino acids and oligopeptides across various solvent media

and wide ranges of conditions. This is particularly important due to the scarcity of experimental

data and the sheer number of potential oligopeptides that can be synthesised.

In this thesis, the SAFT-γ Mie group-contribution (GC) approach was used to predict

the solid–liquid solubility of amino acids and oligopeptides in pure and mixed solvents at

the isoelectric point (pI) and under changing pH and across wide temperature ranges. To

achieve that, like and unlike interaction parameters were optimised by adjusting to experimental

data of chemically related systems, demonstrating a high degree of transferability. Chemical

equilibrium equations were solved alongside the solid–liquid equilibrium equation to predict

the speciation of amino acids in multicomponent systems as a function of pH. Despite scatter

in the reported experimental data of solubility, especially in some alcohols and mixed alcohol

+ water solvents, the model overall yields satisfactory predictions of solubility. To assess the

treatment of charge interactions in ionic chain molecules using the SAFT-γ Mie model, a

molecular simulations study was carried out to benchmark the Coulombic interactions between

ions in systems which contain ionic chains.

126



6.1. Summary of thesis achievements 127

6.1 Summary of thesis achievements

1. The Helmholtz free-energy equations used to calculate the thermodynamic properties

of both neutral and charged systems in the SAFT-γ Mie GC approach are provided.

A detailed discussion of the electrostatic contributions to the Helmholtz free energy is

presented, comparing the two possible approaches, Model G and Model M, for resolving

the charge on ionic chain molecules.

2. The SAFT-γ Mie GC framework is applied to the amino acids and oligpeptides of interest.

The groups needed to model the amino-acid and oligopeptide systems are highlighted, and

the needed like and unlike interaction parameters are presented along with calculations

and experimental data of the pure compounds and mixtures included in the optimisation.

3. 11 new interactions are optimised by adjusting to experimental data, including the inter-

actions of the peptide (CONH) group, which is newly added to the SAFT-γ Mie database.

In total, around 11 pure compounds and 43 mixtures are described with great accuracy.

4. The SAFT-γ Mie GC framework is used to predict the solid–liquid solubility of a number

of amino acids and oligopeptides in pure and mixed solvents, across a range of tempera-

tures and under changing pH.

5. The solid–liquid solubility is predicted, at the isoelectric point, for the amino acids glycine,

alanine, valine, and serine in pure water and primary and secondary alcohols. Despite the

variability in the reported experimental solubility data, the model yields fairly accurate

results. The models are then extended to predict, with good accuracy, the solubility

of the aforementioned amino acids in binary water-alcohol solvents without the use of

mixture-dependent interaction parameters. The newly optimised peptide (CONH) group

parameters are used to predict the aqueous solubility of 17 di- and tri-peptides made up

of the amino acids glycine, alanine, leucine, and serine.

6. The solubilities of glycine and alanine are predicted as a function of pH at different tem-

peratures. The chemical-equilibrium equations governing the speciation of the amino
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acids are presented in detail, highlighting the impact of temperature change on pH-

dependent solubility. A system of equations, which consists of the SLE equation, chemical-

equilibrium equations, and material and charge balances, is solved to model the 7-

component system and produce accurate predictions of pH-dependent solubility at dif-

ferent temperatures. The impact of including the activity of water, aW, is discussed by

presenting calculations of aW as a function of pH and temperature.

7. Expanded-ensemble transition matrix (EETM) simulations are conducted to benchmark

the theoretical calculations of the ionic chemical potential (∆µIon
s ) for various model

systems containing ionic chain molecules and zwitterions. The ionic contribution to the

chemical potential of ionic molecules of variable chain length, relative monomeric segment

size, and charge placement is studied. The study focuses on the impact of charge screening

in ionic chain molecules on the chemical potential.

8. A comparison of the two approaches used to resolve charge interactions in ionic molecules

(Model G and Model M), which are discussed in Chapter 3, is presented in comparison

with the EETM simulation results.

9. A simple empirical correlation is proposed in an attempt to explain the effect of charge

screening observed in the simulation results.

6.2 Future research

In the context of obtaining the SAFT-γ Mie model parameters of the relevant groups, mixture

densities were used. To better represent the impact of newly obtained parameters on calcula-

tions of mixture volumetric properties, the use of partial molar volume should be considered.

Such a choice is more suitable because it represents the influence of the cross interaction be-

tween groups while removing the influence of like-group parameters. In the context of predicting

the solid–liquid solubility of amino acids and oligopeptides at the isoelectric point (pI), future

studies should explore the use of charged groups to model the zwitterions. In this work, a de-

cision was made to treat the groups comprising the amino-acid and oligopeptide zwitterions as
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fully neutral. This simplifying assumption, while widely used in literature, does not accurately

encapsulate the physical intermolecular behaviour of zwitterions. The incorporation of explicit

charge interactions might, for example, be the key to capturing the large drop in solubility

that is observed when moving from pure water to pure alcohol solvents. Moreover, to overcome

the challenge of obtaining reliable experimental melting-property data, future efforts should be

invested in estimating the fusion enthalpy and melting temperature from molecular simulations

or density functional theory (DFT) methods. In the case of modelling the thermodynamic

properties of oligopeptide solutions, future studies should investigate the potential presence of

intramolecular hydrogen bonding (IMHB) and its impact on the solid–liquid solubility. Future

studies should extend the SAFT-γ Mie parameters to expand the list of amino acids, oligopep-

tides, and solvents that can be modelled. For example, an interesting area to investigate is the

speciation of polyprotic amino acids and oligopeptides – those containing ionisable side groups

– and the influence those ionisable groups have on the solid–liquid solubility. Other adjacent

areas of research that can be explored include modelling the solubility in multi-solute amino

acid mixtures and the solubility of amino acids and oligopeptides in salt solutions; these are

particularly important for protein drug formulation and stability as well as in the solubility

optimisation of peptide therapeutics.

More broadly, future work should investigate the relative performance of the current model

compared to other predictive and group-contribution methods, such as UNIFAC and COSMO-

RS. Due to the scarcity of reliable data, the use of average absolute deviations may not be

enough to benchmark the performance of such models. Therefore, future effort should be

expended in finding reliable metrics to judge the accuracy and reliability of such methods in

predicting the solubility of amino acids and oligopeptides.

Given that the current study in Chapter 5 only focuses on the ionic contribution to the

Helmholtz free energy, future research should extend the scope of this work to include other

electrostatic contributions that are important in electrolyte thermodynamics. Future research

should benchmark the theoretical calculations of the Born term, accounting for ion–solvent

interactions (solvation), by incorporating a polar model for water in the molecular simulations.
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Appendix A

Details of the electrostatic contributions

to the the Helmholtz free-energy

expression

A.1 Electrostatic contributions to the SAFT-γ Mie Helmholtz

free energy: Model M

We describe here the treatment of ionic molecules when adopting the Molecular Model (M),

as described in Figure 3.1 of the thesis. The derivation, which is largely analogous to that

relating to Model G, follows a similar path beginning with the ion term from the SAFT-γ Mie

free energy (equation 10, reproduced here as equation (A.1)):

Aion

NkBT
=

UMSA

NkBT
+

Γ3

3πρ
, (A.1)

where UMSA is the MSA contribution to the internal energy U , ρ = N/V is the number density

of molecules in the system, V is the system volume, and Γ is the screening length of the

131
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electrostatic forces. Considering spherical ions, UMSA is given by

UMSA

NkBT
= − e2

(4πϵ0)ρkBTD

[︄
Γρ
∑︂
i∈I

(︃
xiZ

2
i

1 + Γσii

)︃
+

π

2∆
ΩP 2

n

]︄
, (A.2)

where I is the set of ionic species in the mixture and

∆ = 1− πρ

6

∑︂
i∈I

xiσ
3
ii, (A.3)

Pn =
ρ

Ω

∑︂
i∈I

xiσiiZi

1 + Γσii

, (A.4)

and

Ω = 1 +
πρ

2∆

∑︂
i∈I

xiσ
3
ii

1 + Γσii

. (A.5)

∆ represents the packing fraction of the ions as a function of the diameters σii (i ∈ I). Pn

and Ω are coupling parameters. The coupling parameter Pn relates to the charge of the ions,

whereas Ω couples to the packing fraction of the ions. Both parameters are functions of the

ionic diameters, as well as the screening length, Γ:

Γ2 =
πe2ρ

(4πϵ0)DkBT

∑︂
i∈I

xiQ
2
i , (A.6)

where the effective charge Qi(Γ) is given by

Qi =
Zi − σ2

iiPn (π/ (2∆))

1 + Γσii

. (A.7)

In adopting Model M one each non-spherical ion onto a single, large sphere of diameter

σ̃MSA,M
eff, ii =

(︄
NG∑︂
k=1

νk,iν
∗
kSkσ

3
kk

)︄1/3

, i ∈ I (A.8)

and σii is replaced by this effective σ̃MSA,M
eff, ii in equations (A.2) to (A.7).

Adopting the Born model, one assumes that a spherical cavity of diameter σBorn
ii is cre-

ated for each ion, i, (independently of any others) in the dielectric medium. This leads to a
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contribution to the Helmholtz free energy given by:

ABorn = − e2

4πϵ0

(︃
1− 1

D

)︃∑︂
i∈I

NiZ
2
i

σBorn
ii

. (A.9)

The Born diameter σ̃Born,M
eff, ii of the single large sphere used to map each non-spherical ion

in model M is given by:

σ̃Born,M
eff, ii =

⎛⎝NG,i∑︂
k=1

νk,iν
∗
kSk

(︁
σBorn
kk

)︁3⎞⎠1/3

, i ∈ I

where NG,i represents the total number of groups making up the ionic molecule of species i,

and νk,i is the number of groups of type k within the ionic molecule.

This larger diameter is then incorporated into the Born free-energy expression:

ABorn,M = − e2

4πϵ0

(︃
1− 1

D

)︃∑︂
i∈I

NiZ
2
i

σ̃Born,M
eff, ii

, (A.10)

or, equivalently (in terms of mole fractions, and dividing through in customary fashion by kBT

to give a dimensionless free energy),

ABorn,M

NkBT
= − e2

4πϵ0kBT

(︃
1− 1

D

)︃∑︂
i∈I

xiZ
2
i

σ̃Born,M
eff, ii

. (A.11)

The Born contribution is thereby reduced by a factor of ∼ σ̃Born,M
eff, ii

σBorn
ii

.

A.2 Expressions for the chemical potential and pressure

due to the ion contribution of Model G

The algebra involved in taking the derivatives of Aion to obtain the chemical potential, µMSA,G
i ,

and pressure, pMSA,G, is cumbersome, comprising multiple applications of the chain rule of

calculus, although the procedure is simplified a little by recognising that the derivatives of
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Aion with respect to Γ are zero (see “Derivatives of the Helmholtz free energy with respect to

screening length Γ”). The chemical potential of component i is thus given by

µion,G
i

kBT
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The individual partial derivatives appearing in equation (A.12) are obtained as follows:

(︃
∂AMSA,G

∂∆

)︃
V,T,Nj ̸=i

= −πΩ

2

(︃
Pn

∆

)︃2

; (A.13)

(︃
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∂Ni

)︃
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=
−π

6V

NG∑︂
k=1;Zk ̸=0
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(︂
σ̃MSA,G

eff, kk

)︂3
; (A.14)

(︃
∂AMSA,G

∂Ω

)︃
V,T,Nj ̸=i

=
πP 2

n

2∆
; (A.15)

(︃
∂Ω

∂Ni

)︃
V,T,Nj ̸=i

=
π

2∆V

NG∑︂
k=1;Zk ̸=0

νk,iZ
2
k(︂

1 + Γσ̃MSA,G
eff, kk
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(1− Ω)

∆

(︃
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∂Ni

)︃
V,T,Nj ̸=i

; (A.16)

(︃
∂AMSA,G
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V,T,Nj ̸=i

=
πΩPn

∆
; (A.17)

(︃
∂Pn
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)︃
V,T,Nj ̸=i

=
1
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k=1;Zk ̸=0
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Ω

(︃
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∂Ni
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V,T,Nj ̸=i

. (A.18)

The pressure is derived from equations 3.15 and 3.16 of the thesis, once again involving multiple

applications of the chain rule. The volume derivatives of ∆, Ω and Pn are first required:

(︃
∂∆

∂V

)︃
T,N

=
π

6V 2

NC∑︂
i=1;Zi ̸=0

NG∑︂
k=1;Zk ̸=0

xiνk,i

(︂
σ̃MSA,G

eff,kk

)︂3
=

1−∆

V
; (A.19)
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(︃
∂Ω
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. (A.21)

For the purposes of the volume derivative, the final term in equation 3.16 of the thesis can be

thought of as a constant × V ΩP 2
n/∆; the relevant derivative is thus obtained via

∂

∂V

(︃
V ΩP 2

n

∆
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ΩP 2

n

∆
+ V
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P 2
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= . . . =
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. (A.22)

One finally obtains

pion,G =

(︃
−∂Aion,G

∂V

)︃
N,T

= −Γ3kBT

3π
− e2

8ϵ0D

(︃
Pn

∆

)︃2

+
UMSA,G

D

(︃
∂D

∂V

)︃
T,N

. (A.23)

A.3 Derivatives of the Helmholtz free energy with respect

to screening length Γ

(This demonstration is adapted from the PhD thesis of Schreckenberg [105].)

Derived thermodynamic properties in the case of the MSA (in the primitive model) are obtained

by taking the derivative of the Helmholtz free energy with respect to the appropriate state
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variable, such as volume, number of components or temperature. Applying the chain rule, the

first derivative with respect to any state variable Ψ is obtained as

∂A

∂Ψ
=

(︃
∂A

∂Ψ

)︃
Γ,∆,Ω,Pn

+

(︃
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+
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+
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Ψ,Γ

(︃
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+

(︃
∂A

∂Pn

)︃
Ψ,Γ

(︃
∂Pn

∂Ψ

)︃
. (A.24)

We provide first the demonstration for the simpler case of Model M. Taking the derivative

with respect to Γ in the second term on the right-hand side of equation (A.24), as applied to

Aion given by equations (A.1) and (A.2) for Model M leads to

∂Aion

∂Γ
= − V e2

4πDϵ0

[︄
1

V

∑︂
i∈I

NiZ
2
i
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(︃
Pn

∂Ω
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V kTΓ2

π
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(A.25)

From equation (A.4) we have

∂Pn

∂Γ
=

−1
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2
iiZi
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, (A.26)

whence

∂Aion

∂Γ
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π
. (A.27)

Equation (A.5) provides
∂Ω

∂Γ
=

−π

2ΩV

∑︂
i∈I

Niσ
4
ii

(1 + Γσii)2
, (A.28)

allowing cancellation of V from the numerator of the prefactor in equation (A.33) and leading
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to

∂Aion
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4πDϵ0
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Recalling equation (A.7) for Qi, the terms in square brackets in equation (A.35) can be recog-

nised as
∑︁

i∈I NiQ
2
i , whereby this expression reduces to

∂Aion

∂Γ
= − e2

4πDϵ0

∑︂
i∈I

NiQ
2
i +

V kTΓ2

π
= 0 . (A.30)

The final equality follows upon substitution for Γ2 using equation (A.6).

In the case of Model G, taking the derivative with respect to Γ in the second term on the

right-hand side of equation (A.24), as applied to Aion given by equations 3.15 and 3.16 of the

thesis leads to

∂Aion

∂Γ
= − V e2

4πDϵ0
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. (A.31)

From equation 3.19 of the thesis we have
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whence
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Equation 3.20 of the thesis provides
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allowing cancellation of V from the numerator of the prefactor in equation (A.33) and leading

to
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Recalling equation 3.22 of the thesis for Qk, the terms in square brackets in equation (A.35)

can be recognised as
∑︁NC

i=1;Zi ̸=0

∑︁NG
k=1;Zk ̸=0 Niνk,iQ

2
k, whereby this expression reduces to

∂Aion

∂Γ
= − e2

4πDϵ0

NC∑︂
i=1;Zi ̸=0

NG∑︂
k=1;Zk ̸=0

Niνk,iQ
2
k +

V kTΓ2

π
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The final equality follows upon substitution for Γ2 using equation 3.21 of the thesis.
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