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Abstract

Improving the performance of lubricant formulations is critical for enhancing the energy efficiency and
durability of machine components. As internal combustion engines are progressively replaced by electric
motors, lubricant formulations must meet new operational demands, such as improved thermal stabil-
ity, electrical compatibility, and reduced environmental impact. Despite these needs, the discovery and
optimisation of lubricant formulations remains largely empirical and dependent on costly trial-and-error
experimentation. This thesis attempts to address these challenges through the development and applica-
tion of computational methods to accelerate the molecular-level characterisation and design of lubricant
base oils, and provide a deeper understanding of the nanoscale behaviour of a prevalent lubricant addi-

tive.

The first part of this thesis focusses on using molecular dynamics (MD) simulations to explore the
mechanochemical decomposition mechanisms of tricresyl phosphate (TCP), a widely used anti-wear

additive, under varying surface chemistries, temperatures, sliding speeds, and shear stresses.

The second part of this thesis explores the use of machine learning (ML) models for the prediction of
hydrocarbon transport properties, assessing the impact of molecular representation, model selection,
and dataset generation using MD simulations. The performance of these ML models is benchmarked
against experimental measurements and MD simulations, and their limitations in generalising to out-of-

distribution data are examined.

Finally, a multi-objective optimisation framework is developed that integrates interpretable ML with
evolutionary algorithms to propose novel base oil molecules with enhanced properties compared to

current industrial lubricant base oils.

The methods and findings presented in this thesis contribute to a deeper molecular-level understanding
of lubricant base oil and additive behaviour, and demonstrate the potential of computational approaches

to guide the design of next-generation high-performance and environmentally-friendly lubricants.
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Chapter 1

Introduction

This chapter provides an introduction to the research project undertaken. The need for new methods of
designing and characterising both known and novel lubricant base oils, and the need for gaining a deeper
understanding of lubricant additive behaviour, is discussed. Research goals are set forth which describe
the overarching aim of the research project. Finally, a breakdown of the thesis structure is provided to

aid the reader.

1.1 Motivation

The development of high-performance lubricant formulations is essential to improve energy efficiency,
particularly in the transportation sector. As internal combustion engine technologies evolve and electric
vehicles become increasingly prevalent, there is a pressing need for next-generation lubricants tailored
to the unique operational requirements of modern powertrains. For electric vehicles, this includes de-
mands for reduced wear, improved thermal stability, stability in environments containing electric fields,
and compatibility with new materials and components.' In parallel, growing awareness of the environ-
mental consequences associated with conventional lubricants has driven a shift toward more sustainable
alternatives to traditional lubricant formulations. There is rising interest in formulations derived from
renewable feedstocks, as well as lubricants that are biodegradable and exhibit low toxicity, all while
maintaining the stringent performance standards expected in industrial and automotive applications.’
Despite this urgent need and industrial relevance, the development of novel lubricants remains a largely
empirical and/or iterative process. Traditional formulation approaches rely heavily on trial-and-error ex-
perimentation, which is both resource-intensive and time-consuming. This presents a major bottleneck

in the discovery and optimisation of improved lubricant formulations.’

Modern lubricants are complex formulations consisting of a blend of at least one base oil, in which
ten or more different additives are typically dissolved.* The primary role of a lubricant is to maintain
adequate viscosity across a wide range of operating temperatures, ensuring consistent and effective lu-
brication under varying system conditions. In addition to viscosity control, additives are included to

perform a variety of critical functions, such as preventing corrosion and enhancing thermal and ox-
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idative stability.”-® However, both base oils and particularly additives are surface active and chemically
reactive.” The interactions between each other® and the confining surfaces” can lead to unpredictable be-
haviours that often negatively impact lubricant performance. Furthermore, there is a lack of consensus
regarding which atomic-scale mechanisms dictate the macroscale performance of lubricant additives,

).10 Hence, there

especially in the case of anti-wear additives such as zinc dialkyldithiophosphate (ZDDP
also a need to build an understanding of the mechanisms that govern the behaviours of these base oils
and additives. Given the complexities of tribological systems and the difficulty in obtaining in-situ
atomic-scale information from inaccessible contacts under extreme temperature, pressure, and shear
conditions, experimental efforts attempting to characterise these mechanisms are limited.!!-'> Hence,
computational modelling across scales is playing an increasingly important role in tribology research.'3:
14 For nanoscale processes, molecular simulations have uncovered several fundamental processes central
to the properties and performance of lubricants.!1%-17 This PhD project seeks to develop computational
molecular design and characterisation techniques to accelerate the development of novel lubricant base

oils and additives.

1.2 Research Goals

The primary goal of this project is to develop computational molecular design and characterisation tech-
niques that lay a foundation for the accelerated development of novel lubricant base oils and additives.
As mentioned above, lubricant formulations are normally composed of a base oil and a plurality of ad-
ditives, with the base oil and additive each presenting different challenges regarding the development
of novel design and characterisation techniques. For example, there are very few publicly available
databases that provide information on important lubricant base oil properties, and even fewer for lubri-
cant additives. With the above in mind, the following specific objectives for this study were proposed in

order to address the overarching goal of the thesis with the constraints of available data:

* Investigate the mechanochemical decomposition of a prevalent lubricant additive across different
surface chemistries, solvent environments, temperatures, and shear conditions to understand how

nanoscale mechanisms influence macroscale tribological behaviour of lubricant additives.

* Evaluate the effectiveness of various ML and MD techniques in predicting key transport properties

of known and novel hydrocarbons suitable for use as lubricant base oils.

» Use interpretable ML approaches to uncover molecular features that influence lubricant behaviour

and support the rational design of next-generation lubricant formulations.

* Develop and apply multi-objective optimisation algorithms to identify base oil molecules with a

desirable balance of performance characteristics.

Understanding how additives decompose under varying stress and temperature environments, and how
they interact with different surfaces, helps identify the conditions under which base oils should en-
hance or suppress these reactions, enabling the design of base oils that support or stabilise additive

behaviour. Computational techniques such as MD or ML offer a scalable route to propose and screen
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large numbers of candidate molecules, while interpretable ML reveals the molecular features that influ-
ence performance, helping to close the gap between predictive accuracy and chemical insight. Finally,
multi-objective optimisation algorithms integrate these models and insights to guide the discovery of
base oils with desirable combinations of properties. Together, these elements form a coherent workflow:
mechanistic understanding grounds predictive modelling, modelling enables large-scale exploration, and
optimisation transforms insight into actionable molecular design. This enables a more rational and effi-

cient path to next-generation lubricant formulations.

1.3 Layout of Thesis

This thesis is organised into an initial chapter, where the relevant literature is reviewed, subsequent
results chapters, where the modelling techniques are applied and the results analysed, and a closing

chapter, where the main findings of the project are summarised and conclusions are drawn.

In Chapter 2, the computational modelling techniques and relevant theory used in this study are pre-
sented. This includes an overview of lubricants and the properties critical to their performance, as well
as a discussion of evolutionary algorithms, ML, and MD, with a focus on their application to the design

and characterisation of base oils and additives.

In Chapter 3, the effects of surface chemistry on the mechanochemical decomposition of TCP is explored
using MD simulations. The influence of different ferrous surface chemistries on the decomposition

mechanisms and tribofilm formation is analysed in detail.

In Chapter 4, the mechanochemical decomposition of TCP under varying shear stresses and temperatures
is investigated, where the relationship between sliding speed, bond elongation, and TCP decomposition

18 examined

In Chapter 5, a range of ML methods and molecular representation combinations are evaluated to de-
termine the most performant combination for predicting hydrocarbon transport properties. The perfor-
mance of the best model/representation pair is subsequently compared to MD simulations using different
force fields. The feasibility of using datasets generated from MD to train ML regression models is also
assessed. Finally, the limitations of these ML models are explored by evaluating their performance on

molecules that lie outside the distribution of the training data.

In Chapter 6, multi-objective optimisation techniques are employed to identify base oil molecules with
desirable properties. ML and evolutionary algorithms are used to predict and interpret the influence of

molecular structure on macroscopic lubricant base oil properties.

Concluding remarks and suggestions for future work based on the work of the previous chapters are

presented in Chapter 7.
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Chapter 2

Literature Review

This chapter provides a brief overview of some of the fundamental tribology principles relevant to this
study, and introduces the computational techniques employed in this thesis. Initially, this chapter in-
troduces the importance of computational molecular modelling in lubricant design and tribology. Next,
a discussion of the formulation of modern lubricants, including the roles of base oils and additives in
complex tribological systems is given. Following this, an introduction to MD techniques commonly
used to simulate tribological systems is provided, including both reactive and non-reactive force-fields.
This chapter then presents an overview of evolutionary algorithms and ML approaches for molecular
candidate generation and property prediction. Finally, different molecular representations and data pre-

processing techniques used in ML workflows are reviewed.

2.1 The Importance of Molecular Modelling and ML in Lubricant De-
sign and Tribology

Improving the performance and sustainability of lubricated systems is critical for reducing global energy
consumption and greenhouse gas emissions.'® Tribological contacts are estimated to account for 23% of
global energy consumption, with 20% lost to friction and a further 3% due to wear-related component
replacement.'® Emissions from the transport sector alone accounted for 27% of the total GHG emissions
in the UK in 2019, representing the largest sector contribution, where passenger car and taxi emissions
accounted for 55% of the UK’s transport sector emissions.?? In the transportation sector worldwide,
internal combustion engine (ICE) vehicles consume approximately 200 billion litres of fuel annually to
overcome friction.'® Holmberg et al. estimated that by employing novel tribological practices, friction
losses in passenger cars could be reduced by 18% in the next ten years, with reductions of up to 61%
achievable in the next 15 to 25 years, which in turn could yield worldwide savings of 174 billion euros,

117 billion litres of fuel, and 290 million tonnes of CO, emissions.?!

There is broad consensus within the automotive industry that electric vehicles (EVs) will dominate new

passenger car sales within the next two decades.?” This transition is being actively supported by govern-
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ment legislation, such as the UK’s commitment to end the sale of new petrol and diesel vehicles by 2030,
with a subsequent ban on hybrid vehicles that include internal combustion engines by 2035.2* However,
the shift to electric vehicles introduces new challenges in lubricant formulation. Lubricants for EV drive
units must perform under a wide range of operating conditions. They must protect gears and bearings
under high-torque, low-speed scenarios while also minimising churning losses during high-speed, low-
torque operation, requiring fluids that balance both high and low viscosity properties.'-?* Additionally,
in many modern EVs, a single fluid is used for both gearbox lubrication and e-motor cooling, imposing
further requirements, such as high specific heat capacity and compatibility with copper components.?>
While conventional hydrocarbon-based lubricants may still offer strong surface protection, they often

fall short of meeting the full spectrum of performance needs in electric vehicle applications.

Given the complexity of tribological systems, where chemically reactive surfaces, formulated lubri-
cants, and operating conditions interact, in situ experimental investigations represent a considerable
challenge.'!-!> Molecular modelling offers a powerful means of investigating tribochemical mechanisms
at the atomic scale.’>>'%!7 Tools such as MD simulations have already been employed to investigate
the behaviour of electric fields, additive chemistry and base oil chemistry at this scale.?®?7-? Further-
more, ML has become a staple for both the property prediction and molecular generation of known
and novel tribofluids.?”-30-31:32 As the need for energy-efficient and sustainable tribofluids continues to
grow, molecular modelling will continue to provide a critical foundation for the rational development of

next-generation lubricants.

2.2 Background on Lubrication/Tribology

2.2.1 Lubrication Regimes and Important Lubricant Properties
Lubrication Regimes

Lubricants are used to reduce friction and wear between surfaces in relative motion by creating a pro-
tective film that separates them.** This film can reduce or prevent asperity contact between the sliding
surfaces resulting in lowered resistance to motion, reducing heat generation and surface damage. The
reduction in friction caused by effective lubrication enhances the reliability and efficiency of mechanical

systems> and reduces the risk of component failure.

A widely used model to describe friction in lubricated contacts is the Stribeck curve, which relates the
coefficient of friction to the Hersey number, defined as H = %, where 1) is the dynamic viscosity, v is the
sliding velocity, and P is the applied load per unit length.® The Stribeck curve (illustrated by Fig. 2.1)
describes the relationship between the coefficient of friction and the Hersey number, identifying four
primary lubrication regimes: boundary, mixed, elastohydrodynamic (EHL), and hydrodynamic lubrica-
tion. In the boundary regime, the lubricant film is too thin to completely separate the surfaces, so friction
is governed primarily by surface interactions (e.g., asperity contact).’’ The mixed regime represents a
transition phase where partial surface contact occurs alongside some fluid film separation.*® In the EHL
regime, the pressure is high enough to elastically deform the contacting surfaces and generate a thin but

continuous fluid film, significantly reducing friction.?* Finally, in the hydrodynamic regime, a full fluid
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Figure 2.1: Stribeck Curve showing different lubrication regimes. Reproduced from ’Tribology: friction

and wear of engineering materials’ >3

film separates the surfaces entirely, and friction arises from the internal shearing of the lubricant.*’

Components with tribological contacts found in automotive vehicles such as gears and valve trains op-
erate under mixed and boundary lubrication due to fluctuating loads and speeds.**> Meanwhile, aviation
systems featuring tribological contacts such as turbines and gearboxes are designed to maintain stable
EHL or hydrodynamic lubrication to ensure reliable operation under extreme temperature and pressure
conditions.*! Electric vehicles (EVs) present entirely novel lubrication challenges due to the range of
speeds that e-motors may operate at, as well as their frequent start-stop operation, meaning EV drive
units often operate across boundary, mixed, and EHL lubrication regimes. Additionally, the absence
of combustion reduces oil temperatures, affecting viscosity and the ability to maintain hydrodynamic

films.!-2

Important Lubricant Properties

As discussed above, a well-formulated lubricant must optimise a combination of physical and chemical
properties to ensure reliable performance across a range of operating conditions. Viscosity, the most
fundamental property, quantifies a fluid’s resistance to flow and is typically measured in centistokes
(cSt) using capillary or rotational viscometers.*> For automotive applications, typical kinematic viscosity

43,44

values at 100°C range between 5 and 15 cSt, while in aerospace applications, lower viscosities (e.g.,

3-8 cSt) may be preferred for low-temperature flow and fuel economy.*> A higher VI indicates that the
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oil experiences less viscosity change over a given temperature range, which is crucial for maintaining
effective lubrication during both cold starts and high-temperature operation. Synthetic oils typically

exhibit VI values above 140, with high-performance oils often exceeding 160.4%47

Density affects energy losses through churning and impacts fuel economy with automotive lubricants
typically falling within a density range of 840—1000 kg/m3.#%-49-39 Thermal conductivity governs the
ability of the lubricant to transfer heat away from contact zones. Higher values are beneficial for thermal
regulation in high-speed gear systems and e-motor cooling, with typical values for automotive oils falling
within the range of 0.13-0.16 W/m-K.>! Heat capacity reflects the ability of the lubricant to absorb
thermal energy without a large temperature rise where values between 1.8-2.3 kJ/kg-K are desirable to

support effective cooling for automotive applications.?

Pressure stability, or high-pressure viscosity behaviour, ensures that the lubricant maintains a sufficient
film thickness under extreme load. Seal compatibility characterises the chemical interaction between
the lubricant and sealing materials ensuring that seals do not degrade, swell, or shrink. This is evaluated
through standardised soak and tensile tests such as ASTM D471.%3 Lubricants must also balance oxi-
dation stability, volatility, and additive solubility, especially in high-temperature/pressure applications

seen in aviation, where long service life and resistance to breakdown are critical.*’

Optimising all of
these properties is essential for ensuring performance, durability, and energy efficiency across all lubri-
cation regimes. To this end, automotive and aerospace lubricants are complex chemical formulations
primarily composed of a base oil, typically making up 75-95% of the total volume, in which a suite
of performance-enhancing additives is dissolved, where the remaining 5-25% consists of a carefully

balanced additive package to improve property deficiencies in the base oils.>*>

2.2.2 Base Oils

Base oils serve as the foundation of lubricant formulations and play a critical role in determining lubri-
cant performance. Their primary function is to provide the correct viscosity for film formation while
offering stability under mechanical, thermal, and oxidative stress. Base oils are broadly classified into
mineral and synthetic groups based on their method of production.’® Mineral base oils, derived from
crude oil through refining processes such as solvent extraction, hydrocracking, and dewaxing, contain a
mixture of paraffins (alkanes), naphthenes (cycloalkanes), and aromatics. While affordable and widely
available, mineral oils have limited oxidative stability and volatility control compared to synthetics, and

their performance can vary depending on the refining process and crude source.*’

Synthetic base oils, produced via chemical synthesis or advanced processing of natural gas or crude
oil fractions, can be tailored for enhanced performance characteristics. Global synthetic lubricant pro-
duction is 3.5 million tons annually, representing around 11% of the total market, while semi-synthetic
lubricants account for a further 2.1 million tons.”” Among the most common synthetic base oils are
alkanes, such as polyalphaolefins (PAOs) and gas-to-liquid (GTL) fluids. PAOs are made by oligomeris-
ing alpha-olefins, resulting in branched, saturated hydrocarbons with excellent low-temperature fluidity,
high VI, and oxidation resistance. However, their low polarity can hinder additive solubility, meaining

they often require blending with more polar fluids.*’ GTL base oils, derived from natural gas using the

22



Fischer—Tropsch process, offer similarly low volatility and thermal stability but share PAO’s solvency

limitations due to their highly linear, non-polar molecular structure.*’

Alkylated aromatics, alkylated naphthalenes, alkylated cycloalkanes, and alkylated cycloalkenes are all
synthetic hydrocarbons tailored to improve solvency, polarity, and oxidative stability. Alkylated aro-
matics, often used in compressor and refrigeration oils, exhibit good additive compatibility and ther-
mal resistance.*’ Alkylated naphthalenes offer excellent hydrolytic and oxidative stability, making them
suitable for high-temperature gear and turbine oils, although they tend to be more expensive and less
biodegradable than PAOs.*” Alkylated cycloalkanes and cycloalkenes provide improved lubricity and
low-temperature performance but may exhibit moderate volatility depending on molecular weight and
structure.’® Alkenes, such as terminal olefins, are generally not used directly as base oils due to their
chemical reactivity and poor stability, so they are mostly used as intermediates in synthetic base stock

production (e.g., 1-decene trimer for PAO production).>”

Synthetic oxygenates, including esters, aromatic esters, polyglycols, and ethers, introduce polar func-
tional groups that significantly enhance lubricant properties. Esters, formed by reacting acids and alco-
hols, offer excellent lubricity, biodegradability, and thermal stability, and are widely used in aviation,
biodegradable lubricants, and racing oils.*’ However, they are more prone to hydrolysis in the presence
of moisture.” Aromatic esters provide even greater thermal and oxidative stability, suitable for turbine
oils and jet engine lubricants, but can be more expensive. Polyglycols, which can be water-soluble or
oil-soluble depending on their structure, provide high VI, low pour points, and fire resistance, making
them ideal for hydraulic fluids and compressors. However, their poor compatibility with some seal ma-
terials and additives prevent their use in certain applications. Ethers offer outstanding low-temperature
performance and oxidative stability, but are typically limited to niche applications due to their cost and

synthetic complexity.*’

Organohalogens such as perfluoropolyethers (PFPEs) represent a class of synthetic base oils that have
garnered attention in the automotive sector for their exceptional chemical inertness, thermal stability, and
resistance to degradation under extreme operating conditions. They are also non-flammable and exhibit
strong oil- and water-repellent characteristics. For automotive lubrication purposes, PFPEs have been
explored for use in engine oils, hydraulic fluids, and specialised greases where conventional hydrocar-
bons may degrade or fail, such as in high-temperature zones, electrified powertrains, and sealed bearing
systems.®! However, despite their functional advantages, PFPEs remain limited to niche automotive uses

due to their high cost and incompatibility with certain elastomers and additive chemistries.>

Each of these base oil classes has distinct structural features that influence their viscosity behaviour,
thermal stability, oxidation resistance, additive compatibility, and environmental impact. Their selection
must be carefully matched to the operating conditions and performance requirements of the lubricant
application, and as will be discussed later in this thesis, their molecular structure plays a central role in

friction and wear behaviour at the nanoscale.
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2.2.3 Additives

Additives can constitute up to 25% of a lubricant’s volume and are included to enhance performance and
meet specific regulatory or OEM requirements. Anti-foam additives reduce bubble formation and foam
stability caused by surfactant-based additives, with high molecular weight silicone polymers commonly
used for this role.®® Antioxidants delay oxidative degradation of the base oil by neutralising reactive
oxygen species, where common examples include aromatic amines, phenols, sulphur compounds, and
organo-molybdenum compounds.®* Corrosion inhibitors protect metal surfaces from oxidative and cor-
rosive attack by adsorbing onto them, with typical examples including amine succinates, alkaline metal
sulfonates, and benzotriazole.%> Detergents prevent the formation of carbon-based deposits on engine
surfaces at high temperatures. They are typically amphiphilic surfactants that form reverse micelles to
neutralise acidic by-products.%® Dispersants maintain the suspension of solid impurities within the lubri-
cant, preventing sludge formation. They are also surfactant-like molecules, with succinimides being the
most widely used.®® Friction modifiers reduce friction under boundary lubrication by forming protective
surface layers. Inorganic examples like molybdenum dithiocarbamate form MoS, films, while organic
friction modifiers such as fatty acids, esters, and amines adsorb to surfaces to form monolayers.” Viscos-
ity index improvers (VII) are high molecular weight polymers, such as polyalkyl-methacrylate (PMA)
and olefin copolymers, that increase oil viscosity at high temperatures to ensure stable lubrication.
Pour point depressants lower the minimum temperature at which a base oil can flow by disrupting wax

crystal formation, with low molecular weight PMA often used for this purpose.®®

Anti-Wear Additives

Anti-wear additives, the primary additive type of interest to this thesis, protect mechanical components
operating under high pressure and high-sliding speed conditions typical of internal combustion engines,
electric drive units, and aerospace turbines.®” The most widely used anti-wear additive in automotive
lubricants is ZDDP, which has been in use since the 1940s due to its proven ability to form protective
phosphate-based tribofilms on metal surfaces.!’ These films, typically 50-200 nm thick, are formed
rapidly under rubbing conditions and consist largely of zinc and iron polyphosphates, which act as
a barrier to wear while avoiding corrosive iron oxide formation.!” ZDDP also offers antioxidant and
corrosion-inhibiting functions, though its phosphorus and sulphur content contributes to deactivation
and fouling of after-treatment systems such as diesel particulate filters.® To meet modern emissions
regulations, low-SAPS (sulphated ash, phosphorus, sulphur) formulations are increasingly used, neces-

sitating the development of alternative anti-wear chemistries. ¢’

Ashless organophosphates, such as TCP, are employed in aerospace turbine oils due to their excellent
thermal stability, and ability to form iron phosphate tribofilms.®® Such phosphates can form films under
sliding contacts that provide effective wear protection at high temperatures.®® Organoboron compounds,
metal-free thiophosphates, and functionalised phosphites, have all been investigated as potential replace-
ments that offer comparable anti-wear performance while being more environmentally friendly.”” In re-
cent years, ionic liquids have also gained considerable attention as potential multifunctional lubricant
additives.”!
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2.2.4 Surfaces

The nature of the surfaces in tribological contacts plays a critical role in determining the friction, wear,
and lubrication behaviour within the system as surface chemistry, topography, and wettability all affect
the way two surfaces interact under load and relative motion. These interfacial properties govern the
formation and stability of boundary films, the degree of adhesion between sliding surfaces, and any
chemical interactions that may occur. Understanding and controlling surface characteristics is therefore

fundamental to optimising tribological performance in challenging environments.

Ferrous Surfaces

Iron and iron oxides are of significant interest in tribological research due to their prevalence in engi-
neering systems, such as in steel components that operate within oxidative or corrosive environments.
The Fe(110) surface, one of the most stable crystallographic planes of body-centred cubic (bcc) iron,
is frequently used as a model substrate in computational studies.”>”? Its atomic arrangement and sur-
face reactivity make it a relevant system for investigating adhesion, chemical reactivity, and tribofilm
formation. Under operating conditions involving exposure to air, water vapour, or lubricants, such iron
surfaces readily oxidise, forming oxide layers that subsequently alter surface properties. These oxide
films can either protect the underlying metal or contribute to wear, depending on their composition,

structure, and interaction with the environment.”*

Hematite (a-Fe,O3) and magnetite (FesO4) are among the most commonly encountered oxides that
form on iron and steel. They have both been identified in the wear track of tribology experiments.”>:
76 These surfaces exhibit distinct structural and electronic characteristics’’ that may influence their me-
chanical and chemical performance during sliding. Hematite, being harder, often contributes to increased
friction,”® whereas magnetite, with its mixed-valence structure and higher conductivity,”’ may facilitate
charge transfer and accelerate tribochemical reactions. Both oxides exhibit anisotropic surface energies
and terminations,”’ making their behaviour highly dependent on crystallographic orientation and envi-
ronmental factors such as humidity, pH, and the presence of other chemical species in their respective

environments like lubricants or wear debris.

Iron carbide (Fe;C, cementite) is an intermetallic compound that plays a critical role in determining
the mechanical and tribological properties of carbon steels and cast irons. Cementite is chemically
stable and exhibits high hardness, making it an important part of wear-resistant materials. Its crystal
structure is orthorhombic, with iron atoms occupying interstitial positions around carbon, resulting in
a relatively brittle material that resists plastic deformation but may be prone to cracking under high
contact stress.”” Fe3C contributes to abrasive wear resistance and can affect surface friction depending
on its distribution and orientation. 80 It is less reactive than iron oxides in ambient environments, but
under extreme conditions, such as high temperature or sliding-induced flash heating, it can undergo
chemical interactions that influence tribofilm formation. The high mechanical strength and low reactivity
of cementite has led to its use in cutting tools, bearings, and high-strength steels where both load-bearing

capacity and wear resistance are required.”’
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DLC

One effective strategy for tailoring surface behaviour is the application of engineered coatings. Among
these, diamond-like carbon (DLC) coatings have emerged as a widely adopted solution for reducing
friction and improving wear resistance in demanding applications.®!"*? DLC is an amorphous form of
carbon that combines some of the desirable properties of both diamond and graphite, including high
hardness, chemical inertness, and low friction. DLC is used as a coating for various automotive compo-
nents such as piston rings, fuel injectors and valve lifters.®? Its tribological properties are closely linked
to factors such as the ratio of sp? to sp? hybridised carbon atoms, the degree of surface hydrogenation,
the presence of dopants, and chemical interactions with other species in its operating environment. These
atomic-scale features influence surface energy, polarity, and reactivity, which in turn affect how DLC
interacts with its environment during sliding.?>-%% In humid or aqueous conditions, for instance, the ad-
sorption of water molecules can significantly modify the tribological response. Hydrophobic DLC films
often exhibit lower adhesion and friction at low relative humidity,®> whereas hydrophilic DLC surfaces
display lower adhesion and friction under high humidity due to enhanced boundary film formation.3
The wettability of DLC surfaces is therefore a critical parameter, and it can be tuned by altering the

surface chemistry, including through doping with elements that increase surface polarity or energy.’’

2.2.5 Mechanochemistry Theory
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Figure 2.2: The activation barrier for a reaction a) in the absence of an external applied force and b) under

the influence of an applied external force. Reproduced from ’Stress-augmented thermal activation:

Tribology feels the force’ 88

Mechanochemistry refers to chemical reactions that are accelerated by mechanical forces such as stress,
strain, or shear.3%-89 At tribological interfaces, such forces can significantly alter reaction pathways by
lowering activation energy barriers (as illustrated by Fig. 2.2). Such reactions are known as stress-
augmented thermal activated (SATA) processes.®® This behaviour is described by the so-called Bell
model,”® which modifies the classical Arrhenius rate equation to account for mechanical stress.®® When
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a force f is applied along a reaction coordinate, the reaction rate becomes:

2.1)

k = Aexp <_E“_fo)

kpT

where A is the pre-exponential factor, E, is the activation energy, Ax is the displacement along the

reaction coordinate, kp is the Boltzmann constant, and T is the temperature.

In the case of applied shear stress 7, the equation takes the form:

(2.2)

E,— 1A
k = Aexp <_“Tv>

kgT

where AV is the activation volume, quantifying how shear reduces the energy barrier.®® Similar equations
have been developed by Evans and Polanyi,”! Eyring,””> and others” to include the effects of applied
stress on thermally activated processes. This theoretical framework is very useful for understanding
mechanochemically-driven reactions, such as the formation of protective tribofilms in lubricants.®® The
same SATA framework is also useful for studying many other tribological processes, including lubricant
rheology, dry friction, boundary lubrication, and nanoscale wear.”* The SATA approach has already has
already been employed in combination with both experimental and computational studies to provide

insights into the formation of antiwear tribofilms.?’-%>-

2.3 Molecular Dynamics

2.3.1 The Need for MD

Surface experimental surface analysis techniques such as atomic force microscopy (AFM), Auger elec-
tron spectroscopy (AES), X-ray photoelectron spectroscopy (XPS), time-of-flight secondary ion mass
spectrometry (ToF-SIMS) and transmission electron microscopy (TEM) are widely employed in tribol-
ogy to investigate surface composition, morphology, and chemical transformations.®”-%8-9%:190 Similarly,
specialist equipment such as the ball-on-disc mini traction machines (MTMs) are widely used in tribol-
ogy to measure friction and wear under controlled loads, speeds, and temperatures.'?!

While these techniques provide valuable insights, they are limited in their ability to access the con-
fined interfaces where tribochemical reactions often occur. Many spectroscopic methods rely on photon
or electron probes that cannot penetrate beyond the outermost atomic layers, making it challenging to
study reactions taking place within confined, sliding interfaces.'!*!*> Even advanced in-situ techniques
face obstacles such as limited spatial or chemical resolution, restrictions to vacuum environments or
non-representative contact geometries.'%? As a result, our molecular-level understanding of tribochemi-
cal phenomena remains incomplete, and the development of new lubricants, additives or coatings often
proceeds through empirical or trial-and-error approaches. MD simulations offer a powerful comple-
mentary tool by enabling direct observation of atomic-scale interactions and chemical events under

well-controlled sliding conditions, even at interfaces that remain experimentally inaccessible.'>
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2.3.2 Different Types of MD Simulation

There are several types of MD simulation, each tailored to specific physical conditions or modelling
goals. In classical MD, atoms are treated as point particles interacting through predefined force fields,
making it computationally efficient for relatively large systems of up to millions of atoms or up to mi-
crosecond timescales.'? Reactive MD, using forcefields such as ReaxFF, allows for the making and
breaking of chemical bonds, making it suitable for studying chemical processes like oxidation, decom-
position, or tribofilm formation,' although it can be at least 20 times more computationally expensive
than non-reactive MD. %105 With ab initio MD (AIMD), interatomic forces are derived from quantum
mechanical calculations, enabling high-fidelity simulations of electronic structure.!” Various types of
AIMD have been used to study tribochemical processes.'%%107:108:199 However, such simulations are

104

orders of magnitude more computationally expensive than ReaxFF simulations. ™ A relatively recent

addition that bridges the cost and accuracy of AIMD and ReaxFF are machine learning potentials.'!°

111,112,113

Although these have been applied to some systems in tribology, they are still in their infancy

compared to the aforementioned methods.

A further distinction is made between equilibrium molecular dynamics (EMD) and non-equilibrium
molecular dynamics (NEMD). EMD focuses on time-averaged properties under equilibrium conditions,

such as diffusion coefficients, viscosity, and radial distribution functions,''*

using techniques like the
Green-Kubo formalism.!'>-11® In contrast, NEMD introduces external gradients (e.g., shear, tempera-
ture, or pressure) to probe transport processes or response behaviour directly.!!” For lubricant research,
EMD is well-suited for studying bulk fluid properties, while NEMD is essential for simulating shear-
thinning behaviour, interfacial slip, and stress-dependent properties that are critical for understanding
performance under relevant operating conditions.!> One key limitation of NEMD simulations is that
strong fields are required in order to obtain a sufficient signal-to-noise ratio over the available simula-
tion time. In tribology simulations, this manifests as high shear rates or sliding velocities compared to
experiments.'> Methods such as the transient-time correlation function (TTCF) technique allow exper-
imental shear rates and sliding velocities to be directly simulated, although thus far this has only been
applied to relatively simple systems.!'®:11° This thesis briefly explores the theory behind classical and
reactive MD simulations and the reader is directed to ’Ab initio molecular dynamics: basic theory and

advanced methods’'?° for further information on AIMD methods.

Integrators

MD simulates the time evolution of atomic or molecular systems by numerically integrating Newton’s
equations of motion. One of the most commonly used integration algorithms is the velocity-Verlet
method, which updates both positions and velocities at each timestep. It is favoured for its simplic-
ity, good energy conservation properties, and its simple integration with several thermostat and baro-
stat algorithms.'?!-122 The velocity-Verlet algorithm suitable for systems with uniformly fast dynamics
where a single, fixed timestep can adequately resolve all relevant motions. A less computationally-
intensive alternative is the reversible reference system propagator algorithm (RESPA), which uses a

multiple timestep integration approach that partitions forces into fast and slow components. By allowing
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shorter timesteps for rapidly changing forces (e.g., bond stretching, angle bending) and longer timesteps
for slowly evolving interactions (e.g., electrostatics, van der Waals interactions), RESPA enables more

time-efficient simulations of complex systems without significantly compromising accuracy.'??

Energy Minimisation, Ensembles, Thermostats and Barostats

MD simulations are conducted within thermodynamic ensembles each representing different physical
conditions (e.g., constant temperature, pressure, volume, etc.). Each ensemble constrains a specific set of
variables and is used depending on the physical situation being modelled. To conduct simulations within
these ensembles, MD employs coupling mechanisms known as thermostats and barostats to regulate

temperature and pressure, respectively.

Thermostats maintain the kinetic energy of a system thereby maintaining a target temperature, enabling
simulations in ensembles such as the canonical ensemble (NVT) or the isothermal-isobaric ensemble
(NPT). The Nosé—Hoover thermostat achieves temperature control by extending the system’s Hamil-
tonian (the total energy function that governs the time evolution of the system’s state) to include an
additional degree of freedom representing a heat reservoir.'?*123 It has been widely used in the NEMD
simulations of lubricants under periodic boundary conditions.'>-'?® However, in confined systems, such
as the thin fluid films trapped between solid slabs investigated in this study, direct application of this

thermostat to the fluid can artificially suppress physical phenomena like shear-induced heating. '’

The Langevin thermostat applies stochastic forces and frictional damping to mimic collisions with an
imaginary heat bath, effectively removing excess energy in a more localised manner.!?%:1?° This makes
it better suited for thermostatting simulations via the confining walls of a confined NEMD simulation,
where it allows thermal gradients to form naturally in the fluid region without disturbing the underlying
frictional dynamics.'?? Each thermostat thus presents trade-offs between statistical fidelity, numerical
stability, and physical realism, and their use must be tailored to the geometry and objective of the simu-

lation.

Barostats, such as the Nosé—Hoover and Berendsen methods, enable pressure control in MD simulations
by dynamically adjusting the volume of the simulation box in response to internal pressure fluctuations,
thereby maintaining constant pressure and allowing sampling of the NPT ensemble.!?>-!2%:13! In bulk
simulations of lubricants, the Nosé—Hoover barostat is commonly used to regulate the system volume
in a manner consistent with extended Hamiltonian dynamics, enabling realistic density and phase be-
haviour. The Berendsen barostat regulates system pressure by continuously scaling the simulation box
vectors and atomic coordinates to relax the pressure toward a reference value, following a first-order
kinetic equation with a defined time constant. While the Berendsen barostat efficiently equilibrates
pressure and stabilises the system, it artificially suppresses natural volume fluctuations, meaning it does

not rigorously sample the NPT ensemble.'3?

In confined systems where fluids or additives are trapped between rigid slabs representing surfaces, pres-
sure is more appropriately controlled by applying a constant normal force to the confining walls. This

method more accurately represents mechanical loading conditions and avoids the unphysical artifacts
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that can arise from fixing slab separations.'*? In this approach, the system is first energy-minimised with
a larger initial gap between the slabs, and the normal force is applied only after minimisation. Because
this sudden application of force can induce excessive oscillations in the slab separation, damping terms
are often introduced to stabilise the system’s response.'3*> Hence, as with thermostatting, the choice of
barostatting strategy depends on the geometry and intended physical representation of the simulated

system.

In the microcanonical ensemble (NVE), energy is conserved and no thermostat or barostat is applied.
This ensemble is good for studying fundamental dynamical properties such as thermal conductivity,
where the natural fluctuation and propagation of energy should remain undisturbed by external controls.! !4
The NVT ensemble maintains constant temperature using thermostats and is commonly used for equilib-
rium simulations where accurate control of thermal conditions is required, such as in the calculation of
transport properties like shear and bulk viscosity through Green—Kubo relations.!'* The NPT ensemble
also includes pressure control via barostats, allowing the simulation box to fluctuate in volume. This
ensemble is especially well-suited for studying systems mimicking experimental conditions where both

temperature and pressure are held constant, and is useful for calculating equilibrium density.'%>-114

To accurately compute transport properties such as self-diffusivity and viscosity in liquid systems, Mag-
inn et al.!'* state that the NVE ensemble should be preferred NVT or NPT ensembles, as thermostats
and barostats can artificially alter system dynamics and skew results. However, because properties are
typically desired at specific temperatures and pressures, a sequence of ensemble simulations often used:
first equilibrate density using NPT at desired temperature and pressure, then fix volume in NVT to match
the average density from the NPT run, then finally perform production run in NVE using the configu-
ration from the end of the NVT run.!'* While NVE remains best practice, NVT can yield statistically
equivalent results for viscosity and diffusivity when using properly tuned velocity-scaling thermostats
such as Berendsen, stochastic rescaling, or Nosé—Hoover with weak to moderate coupling.'3*!33 In con-
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trast, thermostats that randomise velocities, like the Andersen barostat'® or strongly coupled Langevin

methods, significantly distort transport properties and should be avoided.''*

2.3.3 Forece fields

In MD simulations, force fields are essential for approximating the potential energy surface of a molec-
ular system without explicitly solving its electronic structure. Atoms, atom groups, or entire molecules
are treated as classical particles, and their interactions are described using mathematical functions with
tunable parameters. The customisability of these parameters provides the flexibility required to char-
acterise a wide range of chemical systems. Force field parameters are derived from experimental data
(Class I) or quantum mechanical calculations (Class II), optimised to reproduce the structural and dy-
namic behaviour of representative systems. Class I forcefields have been shown to outperform Class II
forcefields for the prediction of alkane properties.'>” Machine learning (ML) force fields attempt to learn
the statistical relation between chemical structure and potential energy without relying on a preconceived

notion of fixed chemical bonds or knowledge about the relevant interactions.'3®

Depending on the level of resolution required, different levels of force field complexity can be employed.
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All-atom (AA) force fields represent every atom explicitly, including hydrogen atoms, and offer detail
that is useful for capturing intramolecular interactions. United-atom (UA) force fields simplify the model
by grouping non-polar hydrogens with their parent carbon atoms, which reduces computational cost
while retaining accuracy.'?° Coarse-grained (CG) force fields abstract collections of atoms into single
interaction sites or *beads’, enabling the simulation of even larger systems or longer timescales.'*’ The
choice of force field resolution represents a balance between computational efficiency and chemical
accuracy, and should be guided by the specific goals of the simulation. In the section below, we briefly

review non-reactive (classical), reactive force fields, and ML force fields.

Classical Force fields

Classical force fields represent the total potential energy of a molecular system as the sum of bonded
and non-bonded contributions. Bonded terms model interactions between atoms connected by covalent
bonds, including bond stretching, angle bending, and torsional rotation. Non-bonded terms describe in-

teractions between atoms that are not directly bonded, such as van der Waals and electrostatic forces.'#!

The general form of a classical force field can be written as:'*?

o= Y %kb(r—ro)z—k y %ka(e —0)?+ Y VE 1+cos(np— &)+ Y [Via(r) + Vooutoms(r)
bonds angles torsions non-bonded
where k; is the bond force constant, r is the bond length, and rq is the equilibrium bond length. &, is
the angle force constant, 0 is the bond angle, and 6 is the equilibrium bond angle. V,, is the torsional
barrier height, ¢ is the dihedral angle, n is the periodicity of the torsional potential (the number of energy
minima in a full 360° rotation around the dihedral angle, and 0 is the phase offset (the angular position
of the minimum). The final term includes the non-bonded interactions. The van der Waals contribution
is usually described by the Lennard-Jones potential and the electrostatic contribution described by the

Coulomb potential. The Lennard-Jones potential can be written as:'*?

12 6
oij oij

Vii(rij) = 4¢ij [(ﬂ) - <ru> ]
tj tj

where r;; is the distance between atoms i and j, €; is the depth of the potential well (representing the
strength of the interaction), and o;; is the distance at which the inter-atom potential is zero. In practice,
non-bonded interactions such as the Lennard-Jones potential are typically computed only within a fixed
cut-off distance (commonly around 14A).'%° Beyond this cut-off, the interaction energy is assumed to

be negligible, significantly reducing computational cost without substantially affecting the accuracy of

bulk properties in many systems.'?> The Coulomb potential can be written as:'*
qiq;
Vi rij) =
Coulomb( l]) 471'80"1‘]‘

where g; and ¢ are the partial charges on atoms i and j, r;; is the distance between them, and &, is the
relative permittivity. As Coulombic interactions decay slowly with distance, their accurate computation

requires long-range solvers. Methods such as Ewald summation'*> and its more efficient variant, the
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particle—particle particle—mesh (PPPM) algorithm'#%, are used to handle electrostatic interactions across

periodic boundary conditions with manageable computational cost.

Popular classical force fields such as AMBER,'” CHARMM,'*® and OPLS'#’ use this general frame-
work. Class II force fields such as COMPASS'>? and PCFF'>! include additional cross-terms to capture
coupling effects between bonds, angles, and torsions. These cross-terms account for interactions such as
bond-bond, bond—angle, angle—angle, bond—torsion, and angle—torsion coupling, as well as out-of-plane
bending. By incorporating these terms, Class II force fields offer improved accuracy for condensed-
phase simulations conformational flexibility, though this comes at the cost of increased computational

expense.'>?

Reactive Forcefields

Reactive force fields enable the simulation of systems undergoing chemical reactions by dynamically
updating bond connectivity during MD simulations. Unlike classical force fields, which do not account
for bond formation or dissociation, reactive force fields use bond-order-based approaches to model
chemically reactive processes, bridging the gap between classical molecular mechanics and quantum
mechanical (QM) methods. 33154

Among the available reactive potentials, ReaxFF (Reactive Force Field) is one of the most widely used
due to its general applicability across elements and phases.'>* It was developed to approximate quantum
mechanical accuracy at a fraction of the computational cost, making it especially useful for simulating
chemically reactive systems under nonequilibrium conditions at scales larger than those accessible using
QM methods.'>* The total energy of a system simulated using ReaxFF is expressed as a sum of several

components: '
Esystem = Ebond + Eover + Eangle + Etors + Evaw + Ecoulomb + Especiﬁc

Here, Epong is a continuous bond energy function derived from interatomic distances and bond orders.
Eqver penalises over-coordination, ensuring chemically reasonable valency. Eyygle and Eyos model an-
gular and torsional strain respectively. Eygw and Ecouomb represent non-bonded van der Waals and
electrostatic interactions, calculated between all atoms irrespective of connectivity. Egpecific includes

terms for lone pairs, hydrogen bonding, conjugation, and other system-specific corrections.

A central concept in ReaxFF is the use of a continuous bond order, which determines the strength and
existence of a bond between two atoms based on their interatomic distance. The bond order between

atoms i and j, denoted BOj;, is typically given by:
BO;j = BO}; + BOJ; + BO["
Each term corresponds to contributions from sigma, pi, and double-pi bonding, respectively. These are
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modelled as exponential functions of the interatomic distance r;;, for example:

Pbo2
ro

BOS, = exp {pbol () }
I’,‘j

where ry is the bond distance at unit bond order, and pp,1, ppo2 are fitted parameters. The bond order de-
creases smoothly as atoms move apart, allowing simulations to realistically account for bond formation
and breaking. As charge distribution is dynamic in reactive systems, ReaxFF employs the charge equi-

d 156

libration (Qeq) metho which updates atomic charges at each timestep by minimising the system’s

electrostatic energy subject to charge conservation. This enables ReaxFF to capture polarisation effects

and long-range charge transfer without resorting to quantum calculations. >

ReaxFF can model atomic systems across the solid, liquid and gas phases with the same formalism,
allowing simulations of phase transitions or mixed-phase interfaces. However, the accuracy of ReaxFF
simulations depends heavily on the quality of the QM data used for the parametrisation, typically us-
ing density functional theory. These parameters are system-specific and their development is time-
consuming and computationally intensive.'>* Despite these challenges, ReaxFF parameter sets have

been developed for a range of lubricant and additive molecules, including alkanes and alcohols, >’
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phos-
phoric acids,!® phosphate esters,'>” and organo-sulphur compounds.'®? Using such force fields, systems
at the nanoscale can be subjected to compression and shear in a similar manner to conventional confined
tribological simulations, while tracking the resulting chemical reactions over timescales on the order of

nanoseconds.©

ML force fields

ML force fields are generated by training models on high-quality reference data, such as energies and
atomic forces computed from ab initio methods'3® While this approach is relatively new, some studies
have attempted to generate such force-fields for lubricant-like molecules, such as the study by Hajibabaei
et al., who created an ML force field for alkane and polyene hydrocarbons between Cg and Cgy.'¢!
ML force fields have also been used for tribochemical NEMD simulations of gallate esters!''!-!!3 and
hypercin, a precursor of carbon-based tribofilms.!!? Unlike conventional potentials, ML force fields
do not require a predefined functional form or bonding topology, allowing them to flexibly capture
complex, reactive chemical behaviour. Their main advantage is the ability to approach quantum chemical
accuracy while maintaining computational efficiency comparable to classical force fields. However, their
performance depends strongly on the diversity and quality of the training data, meaning they may fail to

generalise reliably outside the domain covered by the reference set.'3®

2.4 Genetic Algorithms

Genetic algorithms (GAs) are population-based stochastic optimisation techniques inspired by the prin-
ciples of natural selection and evolution.'®> They operate by evolving a population of candidate solu-
tions over successive generations through genetic operators such as selection, crossover, and mutation.

At each generation, individuals are evaluated according to a fitness function that quantifies their per-
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formance with respect to a given objective. The most promising candidates are selected to generate
offspring, allowing the population to converge toward optimal or near-optimal solutions. GAs are able
to effectively explore large, complex, and non-convex search spaces where gradient information is un-
available or unreliable. They have been widely applied to problems in molecular design, drug discovery,
materials screening, and several other fields, where traditional exhaustive search methods are computa-

tionally prohibitive. 163,164,165,166,167,168

The design of lubricant base oils involves the simultaneous optimisation of multiple, often conflicting
objectives such as viscosity, thermal conductivity, biodegradability, and synthetic feasibility. This inher-
ently represents a multi-objective optimisation problem (MOOP), where the goal is to identify candidates

that achieve the best possible trade-offs between target properties.

The general form of a MOOP can be expressed as: '

Maximise f(x) = [f1(X), f2(X),..., fn(X)]
where xec 2

(2.3)

Here, x denotes the vector of variables that define a lubricant candidate such as molecular descriptors,
topological features, or formulation parameters. The vector-valued objective function f{x) consists of m
scalar objectives, each corresponding to a target property or performance criterion. Additional prefer-
ences or limitations may be handled by explicit inequality and equality constraints, penalised objective

terms or post-algorithm filtering of solutions.'””

MOOPs can be addressed either by transforming them into a single-objective, such as through the
weighted sum method, to yield a single optimal solution,'”! or by approximating the Pareto front: the
set of non-dominated solutions where improving one objective necessitates the compromise of at least

one other objective.!’?

24.1 Non-dominated Sorting Genetic Algorithm II

Given M objectives and a population of N individuals (candidate solutions), NSGA-II proceeds by iden-
tifying non-dominated solutions, promoting both convergence to the Pareto front and diversity among
solutions. NSGA-II is designed to solve problems of the form defined in Eq. (2.3), using evolutionary

operators and a non-dominated sorting procedure to approximate the Pareto front.!”?

A solution a is said to dominate another solution b (denoted a < b) if:
Vie{l,...,M}, fi(a)<fi(b) and 3je{l,...,M} suchthat fj(a) < f;(b)

That is, a is no worse than b in all objectives and strictly better in at least one.'”* NSGA-II involves
three main steps: non-dominated sorting, crowding distance calculation, and elitist selection. First,
the population is sorted into Pareto fronts .%,.%,,..., where each front contains individuals that are
non-dominated with respect to one another. The first Pareto front .%] consists of the best trade-off

solutions, those for which no other individual in the population performs better across all objectives.
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These represent the Pareto-optimal set, forming the approximation of the Pareto front for that set of
objectives. Subsequent fronts .%,,.%3, ... are formed by removing the current non-dominated solutions

and repeating the process. Each front is ranked according to dominance such that:

where .%#| dominates all individuals in .%,, and so on. This hierarchy guides the selection process in

evolutionary algorithms, favouring solutions closer to the true Pareto front .#.

Next, a crowding distance d; is assigned to each solution within a Pareto front to promote and preserve
diversity among solutions. This metric estimates how isolated or crowded a solution is relative to its
neighbours in the domain of potential solutions (the objective space), helping ensure that the search
explores a wide range of trade-offs rather than clustering around a small region of solutions. For each

objective j, the crowding distance of an individual i is computed as:'”>

M pitl _ il

j=1Jj J
where M is the total number of objectives, f;“ and fj’:_l are the objective values of the neighbouring
solutions adjacent to individual i when the population is sorted by objective j, and f7*** and f7™" are
the maximum and minimum values of objective j within the current front. By summing the normalised
differences across all objectives, d; provides a scalar estimate of how ’spread out’ a solution is compared
to its neighbours. Individuals are then selected based on Pareto rank and crowding distance. The next
generation is filled by iteratively adding individuals from the lowest-rank fronts, breaking ties using the
crowding distance, with the total number of candidates passed to the next generation defined by the
elitism parameter (a proportion of the total generation size).!’® Prior to evaluation, all objective values
are often normalised to ensure comparability across different scales, supporting both the sorting and

hypervolume calculation processes.!”’

The hypervolume (HV) metric is a widely used indicator for evaluating the quality of a set of non-
dominated solutions in multi-objective optimisation.!’®:17 It quantifies both convergence (closeness
to the true Pareto front) and diversity (spread across the front) in a single scalar value. Specifically,
hypervolume measures the portion of the objective space that is dominated by the Pareto front and

bounded by a user-defined reference point r:

HV(Pr)=A (U [fl-,r])

f,cP

where P is a set of non-dominated solutions, with each f; being a point in the objective space, [f,
r] represents the hyper-rectangle formed between solution f; and the reference point r, and A denotes
the Lebesgue measure, a generalisation of length (1D), area (2D), volume (3D), and so on, to higher

dimensions.!30
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A larger hypervolume indicates that the solutions collectively dominate a greater portion of the objective
space, implying better performance and coverage of the Pareto front.'®! To ensure meaningful compar-
ison, objective values should be normalised to all fall in the range [0, 1], where the reference point r is
chosen such that it lies worse than the worst expected value in each objective (e.g., r = [1.1, 1.1, ...]
for normalised problems). In theory, hypervolume is also monotonic, meaning that adding a new non-
dominated solution will never decrease the HV value, as it can only increase or remain unchanged.'®? In
practice, this behaviour may not hold when using NSGA-II for multi-objective optimisation, especially
in molecular design tasks. The algorithm may struggle to maintain population diversity or may converge
prematurely, resulting in the selection of solutions that do not meaningfully expand the Pareto front. '3
As a result, hypervolume may stagnate or even decrease across generations, but this behaviour can be

mitigated by the appropriate choice of hyperparamters.

2.4.2 Weighted Sum Genetic Algorithms

Weighted Sum Genetic Algorithms (WSGA) address multi-objective optimisation by converting mul-
tiple objectives into a single composite objective through a linear weighted combination.'®* Given M
objectives and a population of N individuals (candidate solutions), WSGA optimises a scalarised objec-

tive function of the form:!#>

M
Minimise (or Maximise): F(x) = Z wifi(X),
i=1

where x € £ are the decision variables, f;(x) are the individual objective functions, and w; > 0 are
user-defined weights satisfying Y22, w; = 1. The scalarised function F(x) defines a single-objective
optimisation problem that can be solved using standard GA operators such as selection, crossover, and
mutation. The choice of weights w; directly controls the trade-offs between objectives where larger
weights place more emphasis on optimising the corresponding property. By varying the weight vector
w across runs, it is possible to sample different regions of the Pareto front as a single run of WSGA
targets only a single combination of objectives. Considering the weighted sum formulation assumes

linear trade-offs, it can struggle to find non-convex regions of the Pareto front. 3

Selection pressure in WSGA is guided entirely by the scalarised function F'(x), and the evolutionary op-
erators aim to minimise (or maximise) this value across generations. After initialisation, individuals are
evaluated based on their composite fitness, and standard GA procedures (e.g., tournament selection,'®’
roulette wheel selection!®®) are employed to choose parents for reproduction. Offspring are generated via
crossover and mutation, inheriting and evolving characteristics of their parents, and the next generation
is formed by selecting the best candidates based on the scalarised function value. Elitism is incorporated
by preserving a subset of the best-performing individuals across generations. While relatively simple
to implement, the relicance of WSGA on fixed weights requires careful selection to balance competing
objectives appropriately, and no explicit mechanisms exist within the framework to promote diversity
across solutions as in Pareto-based methods.'®> Methods such as niching allows for some incorporation
of diversity in WSGA implementations.'®” Nonetheless, WSGA provides a computationally efficient

and interpretable method for multi-objective optimisation tasks and is especially appropriate where the
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approximate relative importance of objectives is known or can be reasonably assumed.

2.5 Artificial Intelligence for Molecular Generation and Molecular Prop-
erty Prediction

In the drug-like compound chemical space, it has been estimated that there are between 10> and 10%°

potentially synthesizable molecules, while only around 10% have been synthesized.'*® While tribological
fluids may reside in a slightly different chemical domain, it is easily recognised that there are several
undiscovered lubricant molecules, with the immense combinatorial space making exhaustive experimen-
tal exploration infeasible. ML models can learn complex structure-property relationships from experi-
mental data or from data generated by computational methods such as MD. Once trained, these models
can rapidly predict the performance of new compounds, prioritize high-potential candidates, propose
novel molecular structures or formulations, and guide synthesis or simulation efforts, especially when
compared to MD simulations, which are often orders of magnitude slower.!°! The following section
reviews modern ML methods for molecular property prediction and candidate generation, training, and

data processing techniques required to achieve optimal performance.

2.5.1 AI and ML for Molecular Candidate Generation/Screening

Various ML methods have been used to propose new molecules for further evaluation and potential syn-
thesis. Architectures such as (graph) variational autoencoders (VAEs), generative adversarial networks
(GANSs), Monte Carlo tree search (MCTS), recurrent neural networks (RNNs), and transformers have
been employed to generate lubricant-like molecules. For example, Kajita et al.”’ produced a MCTS
algorithm used in conjunction with rapid MD simulations based on the Einstein-Helfand'°> method to
generate lubricant molecules optimised for dynamic and kinematic viscosity. They generated 55,000
candidate molecules, from which one molecule was chosen for synthesis, which was found to perform
better than currently available oils, although there was a variation of almost 20% between the predicted
and actual values for dynamic viscosity index, density, and kinematic viscosity. Zhou et al.’> employed a
GAN trained with reinforcement learning to automatically generate new lubrication oil molecules with
desired properties (viscosity, pour point and flash-point), coupled with an artificial neural network (NN)
trained on a dataset of 67 esters to predict the properties of newly generated molecules. Liu et al.'*3 used
a database of 9,252 hydrocarbon molecules to train a VAE and MLP to simultaneously propose over 11
million novel hydrocarbon molecules and predict their fuel-related physicochemical properties based on
a Simplified Molecular Input Line Entry System (SMILES) representation using the group contribution
method.

For general-purpose molecule generation, Christofidellis et al.'**

proposed a multi-domain, multi-task
transformer model trained on 26k molecule-description pairs from the ChEBI-20 dataset (initially pre-
sented by Edwards et al.'®?) allowing users to generate suggested molecular structures with desired

196

properties in SMILES string format based on text prompts.'** More recently, Pirnay et al.!”® presented a

graph-based molecular design method that combines transformers with reinforcement learning, to enable
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the sequential construction of chemically valid molecules while supporting structural constraints, when
starting from existing structures. They found that this approach outperforms existing approaches on
benchmark drug and solvent design tasks.'’® Meanwhile, Yue. et al.'”” evaluated six generative models
for polymer design, showing that CharRNN, REINVENT,'*® and GraphINVENT'®” perform best when
trained on real polymer data, while REINVENT excels with hypothetical polyimide datasets. When
combined with reinforcement learning for optimising glass transition temperature (T,), all three models
showed strong performance, with CharRNN notably generating more novel polymers and REINVENT
producing the most favorable distribution of high T, candidates, albeit with fewer unique and valid

structures. 197

An alternative approach to directly generating new candidates is to train models to evaluate molecules
based on desired properties, to then screen large pre-existing molecular databases for optimal candidates.
This approach was taken by Zhou et al., who combined MD simulations with ML models to screen the
PoLyInfo,”%’ PI1M,?°! and Polyimides datasets for polymers, optimising for VI, thickening efficiency
and synthetic accessibility score.’> This study also leveraged recursive feature elimination (RFE) to
identify 12 optimised features to train models to predict viscosity of mixtures containing the screened
viscosity improvers. Similarly, Huang et al. screened the PoLyInfo anf PI1M datasets for polymers
optimised for thermal conductivity, by training random forest models on optimised topological features

and molecular descriptors, optimising the descriptors with random sequential feature selection.?"?

Rule-based approaches offer an alternative strategy for molecular candidate generation, relying on meth-
ods such as predefined chemical transformation rules, substructure libraries, or heuristic algorithms (e.g.,
GAs) that encode expert knowledge or physical principles to construct chemically valid and synthetically

accessible molecules.?’* For example, combinatorial fragment assembly,?** 205

retrosynthetic templates,
and graph-rewriting rules’*® have been successfully used to explore targeted regions of chemical space.
Unlike many ML-based methods, which require large and diverse datasets for effective training, rule-
based approaches can function with limited data and offer greater interpretability and control over the
design process.”’” This makes them valuable in highly specialised domains, such as lubricant design,
where high-quality data may be scarce and synthetic feasibility is critical. Furthermore, rule-based
methods can be tailored to include domain-specific constraints, such as enforcing or limiting the pres-
ence of desirable or undesirable functional groups. However, ML candidate generation methods still
offer the advantages of being able to uncover non-obvious relationships in data that are difficult to en-
code as explicit rules. Furthermore, ML approaches reduce the risk of excessively biasing the candidate
generation process with user-defined constraints, which can limit exploration and potentially exclude

high-performing molecules that fall outside conventional chemical intuition.'"!

2.5.2 ML for Property Prediction

ML methods are widely applied in computational chemistry and materials science to predict the prop-
erties of molecules and formulations, which generally requires the supervised learning approach, where
training data is labelled prior to being passed to a model.>”® These methods are used for both regression

tasks, such as predicting viscosity or solubility, and classification tasks, such as determining whether a
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compound is biodegradable or not. Several studies have already incorporated moderm ML techniques
for the prediction of the wear rate, wear volume and coefficient .2%8:20° For example, Echavarri Otero
et al. used an artificial neural network (ANN) to predict the friction coefficient of PAO-6 under differ-
ent thermal elastohydrodynamic lubrication regimes, achieving an average error of 2% (maximum error
10%) when compared to results measured from mini-traction-machine (MTM) experiments.210 Panwar
et al. developed Gaussian process regression-based models to predict the temperature-dependent den-
sity and dynamic viscosity of 305 hydrocarbons, with the best models predicting density and dynamic
viscosity with coefficient of determination (R?) values of 99.6% and 97.7% respectively.®' Studies have
also used ML to predict properties of mixtures. Bilodeau et al. developed a graph-based neural network
architecture to predict the viscosity of binary liquid mixtures as a function of composition and temper-
ature, with the model predicting viscosity with a mean absolute error of 0.043 and a root mean square

error of 0.080 in log cP units.*"

ML approaches can be grouped into classical and deep learning methods.?!! Classical models typi-
cally rely on manually engineered features and use algorithms such as linear regression, support vector

214 and gradient boosting.?'> These models are

machines (SVM),?!? decision trees,?'? random forests,
generally shallow, containing only a few ’layers’ of computation, meaning that these model process
input data through a limited number of sequential transformations, typically involving only one or two
steps between input and output, without hierarchical feature extraction.”'® These techniques are often
effective on small or moderately sized datasets and offer a level of interpretability, however, they may
not capture complex non-linear relationships in high-dimensional data.”!” Whereas, deep learning mod-
els are characterised by architectures with multiple layers of non-linear transformations that allow the

218

model to automatically learn feature representations from data.>'® Examples include MLPs,?'® convolu-

tional neural networks (CNNs),?!” transformers,??’ and graph neural networks (GNNs)>?! and they are

particularly effective for large and complex datasets.?”

The use of ML for property prediction provides significant advantages as these models can reduce the
need for costly and time-consuming experiments or simulations as they can make fast predictions for
large numbers of candidates. They also have the ability to identify relationships between input features
and target properties, which can support discovery efforts.’>> However, ML models also have limitations.
Their performance depends heavily on the quality and diversity of the training data, where small or
biased datasets can lead to overfitting and hence, unreliable predictions. In addition, deep learning
models are often difficult to interpret, which can be a drawback in domains that require interpretablity.”>>
Despite these challenges, ML has become an essential tool for data-driven property prediction and plays
an increasing role in both screening and candidate design. The following section provides a background

for 3 of the most relevant ML algorithms used in this study.

Multi-Layer Perceptron

Multi-layer perceptrons (MLP) have been widely employed as methods for predictive chemistry.?>*-225-

226 By emulating the learning processes of the human brain, they can predict the properties of existing

and potential lubricant formulations. The rising popularity of neural networks, driven by growing recog-
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nition of their predictive power, has led to a wide range of architectures combining various structural
elements and training techniques. Most networks follow a common architecture comprising an input
layer, one or more hidden layers, and an output layer. Each layer consists of nodes (neurons), with
the input layer receiving and preprocessing training data, the hidden layers performing transformations,
and the output layer presenting predictions. The hidden layers carry out the bulk of computation using
a process known as forward propagation.”?” Each neuron in a hidden layer computes a weighted sum
of its inputs, adds a bias term, and applies a non-linear activation function. This operation determines
the strength of the signal passed to the next layer. Mathematically, in a single hidden-layer network is
formulated as:
h=c(Wx+bD), §=0¢W>h+b?),

where x is the input vector, W(), W) are weight matrices, b(),b(®) are bias vectors, and 6(-),¢(-)
are activation functions. This formulation describes a simple feedforward neural network with a single
hidden layer. The input x is first linearly transformed using the weights and biases of the first layer,
followed by the application of a non-linear activation function o, which yields the hidden layer output
h. This intermediate representation is passed through another transformation and a second activation

function ¢, producing the final prediction §.

Activation functions introduce non-linearity into the network, enabling it to model complex, high-
dimensional relationships that would be difficult to capture with only linear operations. This non-
linearity is especially important in domains like molecular property prediction, where many input fea-
tures interact to influence target properties. Common choices for activation functions include the sig-
moid, hyperbolic tangent (tanh), and Rectified Linear Unit (ReLU).?*®22? The choice of activation func-
tion significantly impacts network performance, where an effective activation function maintains sen-
sitivity to variations in input values and supports efficient gradient propagation during training. Each
function determines whether and to what extent a neuron is activated based on the weighted input it
receives, which directly shapes the flow of information through the network and contributes to the final

prediction, by determining whether the neuron should be activated.?*’

Neural networks are trained by adjusting their parameters (weights and biases) to minimise a loss func-
tion that measures the difference between predicted and actual outputs. This process begins with pseudo-
randomly generated parameters. The choice of initialisation has been shown to significantly affect the
convergence and final performance of the model, as poor initial values may lead to vanishing or explod-
ing gradients. To combat this, Xavier initialisation has become a widely adopted standard for balancing
variance across layers and promoting stable training, by setting the initial weights based on the num-
ber of input and output units in each layer, helping to maintain the scale of gradients throughout the
network.”}! The initialised parameters are then iteratively refined using some form of gradient descent
optimisation, such as stochastic gradient descent (SGD) or Adam.?3>:?33 These algorithms adjust the
model’s weights by computing the gradient of the loss function with respect to each parameter and up-
dating the parameters in the direction that reduces the error. While SGD updates weights based on small
batches of data to improve efficiency, Adam incorporates adaptive learning rates and momentum terms

to accelerate convergence and handle noisy gradients.”>* The gradients are calculated through backprop-
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agation, where the chain rule is used to determine how much each parameter contributes to the overall
error.”® The learning rate determines how much the weights and biases are adjusted in each iteration. If
the learning rate is too low, training is slow, whereas if it is too high, the model may fail to converge or

become unstable. Proper tuning of the learning rate is important to ensure effective optimisation.

The loss function used during training depends on the type of task. For regression tasks, such as predict-
ing continuous properties of lubricant formulations, common loss functions include mean error, (root)
mean squared error, and mean absolute error. For classification tasks such as determining whether a
formulation meets toxicity or biodegradability criteria, cross-entropy loss is commonly used, where this
measure compares the predicted probability distribution for each cost with the true class labels.>*® The
neural networks architecture allows easy adaptation to different data types and problem scales, and they
serve as foundational benchmarks for evaluating more advanced deep learning architectures. As such,
even relatively simple feedforward networks are frequently used to establish baseline performance in

property prediction pipelines before exploring more specialised or task-specific models.?*’

XGBoost

XGBoost (Extreme Gradient Boosting) is a powerful and scalable ML algorithm widely used for regres-
sion and classification tasks in cheminformatics.?3’-238:23%:240 It is based on gradient-boosted decision
trees, where an ensemble of weak learners is trained sequentially. Each new tree aims to correct the
errors of the previous ensemble by minimising an overall objective function that combines a loss term

and a regularisation penalty.”*!

The objective function at iteration ¢ is given by:

=

2(0)= Y1603 + ¥ Q6.

k=1

Il
—
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i

binary classification) measuring the discrepancy between the true value y; and the predicted value ¥

) is a differentiable convex loss function (e.g., MSE for regression, logistic loss?*? for
()

i

where [(y;,y

and Q(f;) is a regularisation term penalising model complexity. The regularisation term is defined as:

1
QUf) =T + 54w,

where T is the number of leaves in the tree f;, and w is the vector of leaf weights. To efficiently optimise
this objective, XGBoost employs a second-order Taylor expansion of the loss function around the current

predictions. For a given training instance i, this expansion is:
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where g; = is the first-order gradient and h; = is the second-order derivative (Hessian)
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of the loss function. System-level optimisations such as parallelisation, sparsity-aware algorithms, and
regularised tree pruning contribute to its high computational efficiency.’*! Parallelisation accelerates
training by distributing the construction of decision trees across multiple CPU cores. Sparsity-aware
algorithms efficiently handle missing or zero-valued features by learning default directions for sparse
entries. Regularised tree pruning helps prevent overfitting by removing splits that do not improve the
model’s objective function beyond a specified threshold. These features make XGBoost distinctly ef-
fective for structured data tasks, including property prediction and molecular classification based on

molecular descriptors.

Transformers

1 220

The transformer architecture introduced by Vaswani et a was originally developed for processing se-

quential data, in an attempt to overcome the vanishing gradient problem present when training recurrent
neural networks.’*? Tt uses a self-attention mechanism to compute pairwise dependency values between

all input tokens, enabling efficient modelling of both short-range and long-range interactions.

The scaled dot-product attention is defined as:

Vi

where Q, K, and V are the query, key, and value matrices derived from the input embeddings, and dj

KT
Attention(Q, K, V') = softmax <Q> v,

is the dimensionality of the keys. Multiple self-attention heads are run in parallel and concatenated to

form multi-head attention:
MultiHead(Q, K,V) = Concat(head , ..., head,)W?,

where each head is computed as head; = Attention(QWiQ,KWiK , VWI.V), and WiQ, WiK , WZ.V , WO are train-
able parameter matrices of the transformer. Positional encodings are added to the input to preserve
sequence order information, and the outputs are passed through residual connections (concatenation of
input and output to preserve flow of gradients during backpropagation), layer normalisation, and posi-

tional feedforward layers, forming the building blocks of transformer encoder layers.

Transformer architectures have proven highly effective for modelling molecular sequences such as
SMILES or SELFIES, where chemically related substructures may be far apart in token space.’**-2%
Given an input sequence X = {xj,x2,...,x,}, the self-attention mechanism dynamically computes the
contextual relevance between every pair of tokens. This enables the model to capture structural and
functional relationships that are not necessarily reflected by the order of tokens in the input. Transform-
ers are not limited to sequence representations; they can also be applied to molecular fingerprints or
descriptor vectors. In these cases, the fixed-length input is reshaped or projected into a sequence-like

form, allowing the model to learn complex and non-linear interactions between features.>*¢

An interesting property of transformer models is their ability to support transfer learning, where models

initially trained on large datasets can subsequently be fine-tuned using smaller, task-specific datasets.
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In the chemical domain, such a process would start with pretraining on large chemical datasets us-
ing self-supervised learning objectives such as masked language modeling, followed by the pretrained
model being fine-tuned on a smaller dataset such as predicting molecular properties in a specific chem-
ical domain. Such an approach has already been taken to create foundational models in chemistry
such as MolBert,%*” Chemformer,?*® and ChemBerta,?*° with each of these models subsequently be-
ing finetuned in later studies for downstream tasks such as predicting properties like toxicity, solubility
and retrosynthesis pathways.!%4+239:231.252 Several techniques have been developed to enable efficient
transfer-learning approaches, including freezing earlier layers of the network, using adapter modules
with fewer trainable parameters, and applying layer-wise learning rate decay.”*>>* Such methods aim
to retain general chemical knowledge from pretraining while learning task-specific patterns, making
transformers especially valuable for molecular property prediction in where data in specific chemical

domains is limited.

2.5.3 Data Processing For ML

Data preprocessing is a critical step in developing accurate and reliable ML models for molecular prop-
erty prediction. It ensures that input features are properly structured, relevant, and scaled for the learning
algorithms. Effective data preprocessing can improve model performance, reduce overfitting, and en-
hance interpretability. The following section explores data processing techniques relevant to this study,
including dimensionality reduction methods such as PCA and UMAP, SMARTS-based substructure
matching and RFE.

Dimensionality Reduction Techniques

Dimensionality reduction techniques, such as UMAP,?> t-SNE>® and PCA?%’ are often used in chem-
informatics to reduce noise, and enable efficient visualisation and analysis of large dataset.”>® These
methods have been used to identify underlying patterns in high-dimensional feature spaces, such as
those formed by molecular descriptors or fingerprints, and can support classification, similarity analysis,

and model training,.3?-29-260,261

UMAP (Uniform Manifold Approximation and Projection) is a non-linear dimensionality reduction
method that is based on principles from manifold learning and topological data analysis. It begins by
constructing a weighted graph (e.g., by using k-means clustering) that captures the local neighbourhood
relationships between data points in the high-dimensional space. UMAP then learns a low-dimensional
representation by optimising an objective function that preserves the structure of the original graph. This
objective minimises the cross-entropy between the high-dimensional graph and its low-dimensional em-

bedding, resulting in a projection that retains both local and global data structure.>

Principal component analysis (PCA) is a linear transformation technique that identifies the directions
of maximum variance in the data and projects the data onto a lower-dimensional space along those
directions. It is especially effective when the input features are continuous and highly correlated, which
is often the case with physicochemical molecular descriptors.?> PCA works by identifying the directions

in the data that show the most variation and then reorienting the data along those directions. These
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directions, or principal components, represent new axes that capture the most important patterns in
the data. By selecting only the top few components that account for the majority of the variation, PCA
reduces the number of features while retaining as much useful information as possible. The original data
is then re-expressed in terms of these selected components, resulting in a simplified, lower-dimensional

version of the dataset.?>’

Unlike supervised dimensionality reduction techniques such as Partial Least Squares (PLS), PCA and
UMAP does not incorporate information from the target variable during dimensionality reduction.>’
This makes dimensionality reduction practical in situations where target labels are noisy, partially miss-
ing, or entirely unavailable. Its unsupervised nature allows it to identify the dominant patterns in the
input feature space without relying on outcome-specific associations, which may vary across datasets
or experimental conditions. As a result, such techniques may be less likely to overfit to correlations
present in the training data that do not represent real-world trends, and may generalise better to out-of-
distribution samples. In practice, this means these methods could potentially serve as a robust prepro-
cessing method in molecular property prediction tasks where label quality is inconsistent or where the
goal is to develop models that transfer across different domains or molecular classes. This hypothesis is

tested in Section 5.3.5.

Recursive Feature Elimination

RFE is a feature selection technique that iteratively removes the least important features based on a
model’s weight or importance ranking.”®3 RFE begins by training a base estimator, such as a linear model
or support vector machine, on the full set of features and ranking them based on their contribution to the
prediction, where the contribution of each feature is calculated during model training as the weight of
that feature which minimises a predefined loss function. The absolute value is used to reflect the strength
of a feature’s influence on the prediction, regardless of whether it increases or decreases the output. After
each iteration, the algorithm removes a specified number of the least important features and retrains the
model on the remaining subset. This process continues recursively until the desired number of features
k is reached. By evaluating model performance (e.g., cross-validation score) at each iteration, RFE aims
to identify the minimal subset of features that yields optimal generalisation.”®* RFE has been applied
to a plethora of use cases involving high-dimensional data, ranging from cheminformatics and medical

applications, to cybersecurity and urban planning.3%:263,266,267

SMARTS Substructure Matching

Identifying specific chemical substructures within molecules is essential for tasks such as molecular
classification, prediction, and filtering based on molecular functional groups.”®® SMARTS (SMiles AR-
bitrary Target Specification) is a powerful language for specifying molecular substructures using a rich
syntax that extends the SMILES representation.”®® Substructure matching with SMARTS involves pars-
ing the SMARTS pattern into a query graph, where atoms and bonds are labelled with expressions that
define element types, hybridizations, charges, aromaticity, and connectivity. Given a target molecule

(represented as a molecular graph with nodes for atoms and edges for bonds), a graph isomorphism
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search is performed to determine whether a subgraph of the molecule satisfies the constraints of the
SMARTS query.?’? Atom and bond queries can include recursive patterns, logical operators (e.g., AND,
OR, NOT), and ring membership constraints. For example, the SMARTS pattern [C;R3] matches a

carbon atom in a 3-membered ring.

2.6 Summary

The state-of-the-art regarding the systems relevant to this thesis has been presented and open problems
in their research identified. The development of energy-efficient, environmentally-friendly lubricants
remains constrained by limited understanding of molecular-scale mechanisms and the slow, empirical
nature of formulation. Molecular dynamics has emerged as a powerful tool for probing friction, wear,
and tribochemical reactivity at relevant length and time scales, yet its accuracy is limited by the quality
of the underlying force fields. Recent developments in reactive force fields, particularly ReaxFF param-
eterised using DFT data, have enabled MD simulations of anti-wear additives like TCP, providing new

insights into tribofilm formation.

Surface effects remain a key area of interest. The chemistry and topology of ferrous and DLC surfaces
govern interfacial interactions, yet their dynamic behaviour in the presence of additives and solvents is
not well understood. Modelling these interactions accurately requires integration of mechanochemical
theory with surface-specific models, particularly under shear. While DLC coatings have demonstrated
excellent friction and wear performance, their interactions with polar additives and water remain prob-
lematic. Surface functionalisation through doping offers a pathway to tune these properties, and recent

DFT studies have begun to elucidate the mechanisms responsible for their behaviour.

Progress has been made in using artificial intelligence to guide lubricant design. ML models trained
on simulation or experimental data can predict critical fluid properties such as viscosity, thermal con-
ductivity, and density, reducing reliance on costly experimental work. These models, when combined
with generative methods and optimisation algorithms, enable efficient screening of vast chemical spaces.
However, challenges remain in accurately representing molecular structures and generalising models to

out-of-distribution candidates.

A combined approach using reactive MD, ML, and genetic algorithms is increasingly viable for rational
lubricant design. A molecular-level understanding of lubricant—surface—additive interactions, grounded
in accurate simulation and data-driven prediction, will enable the development of next-generation lubri-

cants with improved performance and sustainability.
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Chapter 3

Effects of Surface Chemistry on the
Mechanochemical Decomposition of
Tricresyl Phosphate

This chapter presents a study of the mechanochemical decomposition of tricresyl phosphate (TCP), a
widely used lubricant additive, under nanoscale confinement using nonequilibrium molecular dynam-
ics (NEMD) simulations with the ReaxFF force field. A systematic investigation is carried out across a
range of surface chemistries, solvent environments, temperatures, and normal stress conditions to under-
stand the molecular processes that influence additive performance. This chapter provides a foundation
for linking nanoscale decomposition mechanisms to macroscale tribological behaviour, supporting the

development of more effective lubricant formulations.

3.1 Introduction

The work described in this Chapter has previously been published in Ref.?’!.

Mechanochemistry describes a wide range of phenomena where mechanical force influences chemical
reactivity.”’?> This includes reactions in ball mills, where energy is transferred from moving balls to the
reactants during collisions of the balls with each other and the jar walls.?’> Mechanochemical reactions
can be performed without solvents or heating, which can provide considerable environmental bene-
fits over conventional routes.”’* The choice of ball and jar materials are known to be affect reactivity

76 emphasizing the important

for a range of processes, such as cocrystallisation’’> and cycloaddition,’
role of the solid material. In some cases, the milling balls themselves are the catalyst of the reaction,
which is known at direct mechanocatalysis.?’’ Another example and particularly high-value application
of mechanochemistry is lubricant additives that reduce wear in tribological contacts.>’® The most pop-
ular antiwear additive for automotive lubricants, zinc dialkyldithiophosphate (ZDDP), forms protective

tribofilms on rubbing surfaces through mechanochemical processes.”-%%-27%
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The tribofilm growth of ZDDP is strongly dependent on the nature of the rubbing surfaces.” Surfaces

with a high elastic modulus, such as tungsten carbide,?’”

require lower loads to form tribofilms than
steel,’® due to higher contact stresses. In experiments using aluminium-silicon alloys, thicker ZDDP
tribofilms form on the silicon phase than the aluminium matrix, which is also due to the higher elastic
modulus and thus stress.”®" As well as the mechanical properties of the rubbing surfaces, the surface
energy can also affect ZDDP adsorption and tribofilm growth.?8! ZDDP forms thicker tribofilms on
surfaces to which it readily adsorbs, such as steel, silicon nitride, and tungsten carbide surfaces, than
on those where minimal adsorption occurs, such as diamond-like carbon (DLC) and silicon carbide.?8?
Ion-implanting alloying elements into steel can affect ZDDP tribofilm growth, nickel promotes tribofilm
formation, molybdenum and chromium slows growth, while vanadium and tungsten have no significant
effect.”®3 ZDDP forms thicker tribofilms on aluminium-magnesium alloys than on either of the pure
metals due to the stronger adsorption of the ZDDP molecules on the alloy.'” A recent study revealed
how the interplay of mechanical and chemical factors determine the tribological behaviour of ZDDP on
DLC, with hydrogen-free coatings of moderate elastic modulus being most wear-resistant, while still
allowing ultralow friction.'”® Surface chemistry can also affect other mechanochemical processes in-
side rubbing contacts. For example, the rate of a-pinene tribopolymerisation is higher on palladium,
copper oxide, nickel oxide, and chromium oxide than gold, silicon oxide, aluminium oxide, and DLC
surfaces.”®* Moreover, the a-pinene tribopolymerisation rate is higher on bare silica surfaces than hy-
droxylated silica.’® These observations can be explained by the fact that mechanochemical processes
are accelerated when the confined molecules chemisorb to one?®® or both!” sliding surfaces, since the
shear stress applied through the sliding surfaces results in more strain within the strongly adsorbed

molecules.

Phosphate esters lubricant additives have numerous industrial applications due to their stability, partic-
ularly in the presence of oxygen.?®” Their versatility in structure including the ability to incorporate a
variety of substituent groups has led to their application as lubricant additives to improve the antiwear,
boundary lubrication, antioxidant, anti-corrosion, anti-foaming, and metal deactivation performance.®®
Phosphate esters come in various forms, including aromatic, alkyl, thiophosphates, and metal-containing
esters, and are readily accessible for commercial use.%® One of the most popular of these additives is tri-
cresyl phosphate (TCP), which has been widely employed in aviation lubricants for gas turbine engines
for several decades.’®® The molecular structure of TCP is shown in Figure 3.1. Like ZDDP, TCP is an
effective antiwear additive for steel contacts.”8*>*" An additional benefit of TCP for aviation lubricants
is that the tribofilms it forms on metal surfaces slow the degradation of synthetic neopentyl polyol ester

base stocks.?!

It was initially suggested that the ability of TCP to reduce wear on steel surfaces originated from pol-
ishing of the surfaces through the formation of iron phosphide.?®® However, later studies have shown
that the major component of the tribofilms formed from TCP on steel was iron phosphate, which acted
as a protective layer, rather than polishing the surfaces.??>23:2%* Tt has also been shown that either

295 296,297

organic polyphosphates~ > or iron polyphosphates are eventually formed from TCP inside tribo-

logical contacts, which are ultimately responsible for its antiwear performance on steel surfaces. At
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Figure 3.1: Molecular structure of tri-meta-cresyl phosphate.

high temperatures, TCP molecules form relatively thick (60—100 nm) thermal films on steel surfaces;?*®

however, it forms thinner tribofilms (~ 20 nm) on rubbing surfaces.”’® This is much thinner that the
ZDDP tribofilms that form on rubbing steel surfaces (~ 100 nm).>%"

The thermal decomposition of TCP has been studied on several different substrates. Wheeler and Faut?®
used X-ray photoelectron spectroscopy (XPS) to compare the adsorption and dissociation of TCP on
gold and iron surfaces. On both substrates, adsorption saturated at about one monolayer, but adsorption
was slower on gold than on iron.”” TCP underwent non-dissociative adsorption on gold and desorbed
upon heating, with no TCP left on the surface at 473 K.?” On iron, no desorption occurred upon heat-
ing and additional interactions were observed between the substrate and the tolyl groups on the TCP
molecule.?”® TCP decomposed on iron between 423 K and 473 K with one of the tolyl groups being re-
moved to form iron phosphate.>”® The temperature range for decomposition is close to the temperature
at which TCP significantly reduced the friction of rubbing steel surfaces in tribometer experiments.?*
It has since been shown that the thermal decomposition of TCP on iron surfaces occurs mainly via
P-O bond scission to form methylphenoxy intermediates.’*® When TCP was heated to 800 K on iron,
the methylphenoxy intermediates either desorbed as cresol via hydrogenation or decomposed further to
generate tolyl intermediates.>* Some of these tolyl intermediates desorbed as toluene via hydrogena-
tion, but the majority decomposed resulting in hydrogen and carbon monoxide desorption and carbon

deposition onto the iron surface.’”

The steel surfaces inside tribological contacts are chemically heterogeneous and are covered by multiple
different iron oxides.”’® From experiments conducted at high temperature (750 K), it was suggested
that, due to acid-base reactions, TCP vapor preferentially reacts with iron in higher oxidation states, with
reactivity increasing in the order: Fe < FeO < Fe3zO4 < Fe,03.2%° However, more recent experiments
suggested that reactivity towards TCP increases in the order Fe304 < Fe < Fe;03.3°! In both of these
experimental studies, the iron surfaces will also form oxide layers that react with the TCP, rather than
the native metal.*°! In addition to surface oxides, metal carbides are another important component of

302

bearing steels.””~ A previous study of thermal decomposition found that TCP reactivity increases in the

order: tungsten carbide < molybdenum carbide < chromium carbide < vanadium carbide.?*?

In recent years, experimental studies of TCP adsorption and decomposition have been complemented by
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molecular simulations. For example, Khajeh et al.'>

used molecular dynamics (MD) simulations with
a reactive force field (ReaxFF) to study the adsorption of TCP on hydroxylated amorphous Fe3;04. They
found that, at lower temperatures (< 500 K), chemisorption occurred mostly via Fe-C bond formation
through the tolyl groups. At higher temperatures (600-700 K), a significant amount of Fe-O and O-P
bonding also occurred, indicating chemisorption through the central phosphate group. Ewen et al.’**
compared the chemisorption and dissociation of TCP to trialkyl phosphates on Fe304(001) surfaces.

In agreement with previous experiments,>0?-3%

they found that the triaryl phosphate TCP was much
less reactive compared to the trialkyl phosphates. The MD simulations also showed that, while the
main decomposition mechanism for trialkyl phosphates was C-O bond dissociation, the only bonds
that broke in TCP were P-O bonds.>** For the trialkyl phosphates, Ewen et al.>** also compared the
adsorption and dissociation on Fe304(001) to hydroxylated amorphous Fe3;0,4 and «-Fe surfaces. They
found that the reactivity of the trialkyl phosphates increased in the order: hydroxylated amorphous
Fe304 < Fe304(001) < a-Fe. Ayestardn Latorre et al.”’ studied the mechanochemical decomposition of
trialkyl phosphates between sliding iron surfaces using non-equilibrium molecular dynamics (NEMD)
simulations with ReaxFF. They found that secondary trialkyl phosphates were much more reactive than

%7 in agreement with previous experiments on ZDDP.’® The influence of surface chemistry

primary ones,
on the mechanochemical response of organophosphates is yet to be explored either experimentally or

through NEMD simulations.

In this study, we use NEMD simulations with ReaxFF to compare the mechanochemical decomposition
of TCP molecules confined between different ferrous surfaces over a range of temperatures and pres-
sures. We observe significant differences in the mechanochemical reactivity of TCP on iron, iron oxide,
and iron carbide surfaces. The variations in reactivity can be explained by differences in surface energy

and stiffness, which can be accounted for in theoretical models for mechanochemistry.

3.2 Methodology

3.2.1 System Setup

We used NEMD simulations **7 to compare the mechanochemical reactivity of TCP on three ferrous
surfaces, as shown in Figure 3.2. This is a molecule composed of three cresyl (methylphenyl) groups
linked to a phosphate group. TCP is produced from cresol, which naturally contains a mixture of iso-
mers with the methyl group in the ortho-, meta- and para-positions. The ortho-isomers of TCP are
known to be toxic and modern production methods have reduced the concentration of these to very

308

low levels.””® Therefore, the TCPs used in current aviation lubricants generally contain mixtures of the

meta-isomers and also some para-isomers.>*® The para-isomers were shown to have poorer lubricating

properties compared to mixtures of isomers.???

However, a recent study showed that the para-isomer is
only slightly more reactive than the meta-isomer on ferrous surfaces.*! In this study, we chose to study

pure tri-meta-cresyl phosphate for simplicity; its molecular structure is shown in Figure 3.1.

All the systems were constructed using the Materials and Processes Simulations (MAPS) platform from

Scienomics SARL. The three model surfaces were native iron, cementite, and magnetite. Symmetrical

49



Figure 3.2: Side-view snapshots showing the model systems with TCP molecules confined between
a) a-Fe(110), b) Fe3C(010), and c) Fe304(001)-SCV surfaces. Systems shown after minimisation and
equilibration, but before heating, compression, and shear. Black dashed line shows the simulation box.
Rendered using OVITO.30

contacts were used with the same material for the upper and lower surface. Native iron surfaces were
considered due to the possibility that they are exposed to the additive following removal of surface oxides
in rubbing steel contacts.>” Cementite was chosen as a representative iron carbide surface because

it was identified in previous thermal degradation experiments using TCP.3!”

Magnetite was selected
since previous experiments have shown that it is the major oxide formed on the surface of bearing steel
following tribometer experiments.75 We used an a-Fe(110) for the iron surface,'! Fe3C(010) as the
cementite surface,’'? and Fe304(001) with a subsurface cation vacancy (SCV) reconstruction as the

magnetite surface®'? due to their relatively low surface energies.

Periodic boundary conditions were applied in the x and y directions. Since the materials all had different
lattice constants, it was not possible to create periodic surfaces with exactly the same dimensions. The
a-Fe(110) surfaces had dimensions of x = 4.8, y = 4.8 and z = 1.1 nm. The Fe3C(010) surfaces had
dimensions of x =4.9, y =4.7 and z = 1.05 nm. The Fe304(001) surfaces had dimensions of x =5.0, y =
5.0 and z = 1.1 nm. At the start of the simulations, two of each type of surface were separated by a 3.0

nm in the z-direction. A fixed boundary condition is applied in the z-direction.

96.279.314 we ensured that no direct

To replicate tribometer experiments under full-film EHL conditions,
contact between the sliding ferrous surfaces occurred during the simulations. In most of the NEMD
simulations, 48 TCP molecules were randomly inserted between the surfaces, leading to a fluid film
thickness of approximately 1 nm. Experiments have shown that the molecular area of TCP is around 1.1

nm? at the air-water interface.>'> The molecular area of TCP on ferrous surfaces is likely to be similar
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as on the air-water interface, as shown for other surfactants. Thus, the chosen number of molecules
is representative of the surface coverage expected for one TCP monolayer adsorbed on each of the
two confining surfaces (24 molecules/~25 nm?) While the main application of TCP is as an additive

dissolved in a base oil for aviation lubricants,?8”

it can also be used as a lubricant as a pure substance in
both the liquid phase®** and the vapour phase for high-temperature applications.?'® Due to the significant
additional computational expense of simulating non-reactive base oil molecules, these were excluded
from the majority of our simulations. Although some reactive NEMD simulation studies of lubricant
additive mechanochemistry have simulated the base oil molecules,?!”3!® the vast majority have not.”’:
106,107,319,320 preyious NEMD simulations of sulfur-based additives with ReaxFF have shown that there
were only minor differences when unreactive base oils were included in the simulations.'” To assess
the effect of including base oil molecules in our systems, we performed a subset of simulations that
contained 48 TCP molecules randomly mixed with 48 diisodecyl adipate molecules (DIDA) 2°® between
a-Fe(110) surfaces. This is the same molar ratio used in a previous NEMD simulations of additive-

base oil systems.>!” Although the concentration of TCP used in commercial formulations (1-5%)3>!

)322

and tribometer experiments (< 10% is typically much lower than 50%, this represents a reasonable

compromise between computational efficiency and closeness to real-life applications.

3.2.2 Simulation Details

All the simulations were performed using the Large-scale Atomic/Molecular Massively Parallel Simu-
lator (LAMMPS) open-source software.’>? The velocity Verlet'?! integration scheme was used with a
timestep of 0.25 fs.!> The simulations were conducted in three phases: energy minimisation, equili-
bration, and then simultaneous heating, compression, and shear. The energy minimisation phase was
conducted using the conjugate gradient method. For all the systems and conditions investigated, equili-
bration was performed at an ambient temperature of 300 K for 0.1 ns. During the equilibration phase,
the two ferrous surfaces were brought closer together by applying a low pressure of 10 MPa. The system
was pressurised by applying a constant normal force (z-direction) equally distributed across the topmost
layer of atoms (0.1 nm) in the upper surface, as shown in Figure 3.2a. The lowermost layer of atoms
(0.1 nm) in the bottom surface was kept fixed in the z-direction. The equilibration at 10 MPa ensured
that a realistic liquid density of TCP (1.240.1 g cm~3) was obtained prior to the heating, compression,
and shear phase. Following the equilibration phase, the compression and shear phase of the simulations
were run for 1 ns. Here, a constant sliding velocity of 10 m/s was applied to the outer layer of atoms
in the upper surface in the x-direction, as shown in Figure 3.2a. This is representative of the sliding
velocities found in lubricated components inside gas turbine engines and tribometer experiments with
TCP, which have been performed at sliding velocities as high as 10 m/s.>?! The pressure was increased
to the target value of 1-5 GPa using the same method as during the equilibration. The temperatures
were increased to 400-900 K using a Langevin thermostat with a damping parameter of 25 fs.>?* The
thermostat acted only in the y-direction and on the central layer of atoms (0.2 nm) in the upper and
lower surfaces, as shown in Figure 3.2a. This approach enabled a temperature gradient to develop in the
centre of the TCP film and heat to be dissipated at the surfaces, as would occur experimentally.*?> The

thermostat was sufficiently efficient to ensure that the average system temperature was within 10 K of
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the target value at the chosen sliding velocity. The selected range of temperatures and pressures spans

those expected in applications of TCP such as antiwear additives in gearboxes for gas turbine engines”*

and as vapour-phase lubricants.?!®

The temperature, pressure, and sliding velocity were all increased simultaneously to capture their com-
bined effects on the reaction rate. Some previous NEMD simulations of mechanochemical reactions
with ReaxFF have isolated the effects of temperature, pressure, and sliding by using separate phases of
the simulations.?86-319:326 The number of additive molecules in the NEMD simulations is finite, so sepa-
rating the simulations into different phases (thermalisation, pressurisation, and sliding) means that fewer
molecules are available to react in any subsequent phases. Conversely, in experimental mechanochem-

istry studies,”®-27%-314

additive-containing lubricants are entrained between the sliding surfaces, contin-
uously replenishing the number of additive molecules. Hence, in our NEMD simulations, we elected to

increase the temperature, pressure, and sliding velocity to their target values concurrently.?’

Force Field Details and Validation

We used the bond order-based ReaxFF potential for all of the NEMD simulations. Similar systems con-
sisting of phosphorus-containing additives confined between iron surfaces have previously been studied
with NEMD simulations using first principles methods.!%6-3>7 However, bond order potentials are sev-

eral orders of magnitude cheaper than first principles methods,'**

allowing much larger systems to be
simulated under experimentally-relevant conditions. ReaxFF was originally developed by van Duin et
al.!>> to study hydrocarbon reactivity and has been parameterised to model a wide range of chemical
systems and processes.!>* Of particular relevance to this study, ReaxFF-based NEMD simulations are
now routinely used to study tribochemical reactions.'® The C/H/O/Fe/P ReaxFF parameters used in this
study were developed by Khajeh et al.!>°. The parameters for Fe/O/H were originally developed by
Aryanpour et al. 3?8, Fe/C by Zou et al. 3*°, P/O/C/H by Verlackt et al. 3*°, and C/H/O by Chenoweth
et al. %7 The point charges on the atoms vary dynamically during the simulations and were calculated
using the charge equilibration (QEq) method.'*® Chemical bonding information was output every 1.0
ps, using a bond order cutoff of 0.3 to identify covalent bonds.!>® The combined C/H/O/Fe/P ReaxFF
parameters '°% have been successfully applied to study the thermal and mechanochemical decomposition
of phosphate esters with different alkyl and aryl substituents on several ferrous surfaces.?’-301-304 The
ReaxFF parameters have also been validated against first principles calculations for the non-dissociative
adsorption energy, C-O bond dissociation energy, and P-O bond dissociation energy for trialkyl phos-
phates on a-Fe(110).3* The ReaxFF parameters for Fe/O/H have been shown to accurately reproduce
the experimental lattice constants for o-Fe (within 1 %),3?° Fe3C (within 0.5 %),3*° and Fe30y4 (within
3 %).%*® The ReaxFF parameters have also been shown to perform favourably compared to other many-
body force fields in describing the mechanical properties of o-Fe.??!
modulus is 166 GPa for o-Fe, ** 174 GPa for Fe;C, * and 186 GPa for Fe304(100). *** With the
ReaxFF parameters used here, 159.328.329 the bulk elastic modulus at 300 K is 136 GPa for a-Fe, 33> 148
GPa for Fe3C, 33 and 129 GPa for Fe30y. 3¢ Thus, at 300 K, the experimental bulk elastic modulus is

underpredicted by 18 % for a-Fe, 15 % for Fe;C, and 31 % for Fe304. Since previous density functional

At 300 K, the experimental elastic

theory (DFT) calculations have highlighted the importance of contact stiffness to mechanochemical pro-
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cesses, 37 we also calculated the elastic properties of thin single slabs of the three materials used in the

NEMD simulations. For this calculation, the lowermost layer of atoms in each slab of material was fixed
in the z-direction, while a constant normal force was applied the topmost layer of atoms to compress the
system to 2 GPa. The temperature was varied between 300-900 K using the same thermostat as ap-
plied in the NEMD simulations. The corresponding elastic constant (C33) was calculated from the strain
fluctuations at constant normal stress.>*® The elastic constant results for the thin slabs are shown in Ta-
ble A.1 . For the a-Fe(110) slabs, the elastic constant C33 decreases from 206 GPa at 300 K to 196 GPa
at 900 K. The elastic constant C33 also decreases with increasing temperature for the FezC(010) (from
200 GPa to 181 GPa) and Fez04(001) (from 220 GPa to 196 GPa) slabs. The higher stiffness of thin
solid slabs compared to bulk solids was also observed in previous MD simulations and was attributed to
geometrical confinement.?3° The decreasing stiffness with increasing temperature is also consistent with

previous experiments. 33

3.3 Results and Discussion

3.3.1 Base Oil Effects on TCP Decomposition

The primary application of TCP is as an antiwear additive for aviation lubricants where it is dissolved
in a base 0il.?®” Thus, to ensure that not simulating the base oil molecules did not significantly affect
the mechanochemical decomposition mechanism, we performed a subset of simulations containing 50%
TCP and 50% DIDA molecules. Despite some bonding of DIDA molecules to the surfaces, negligible
decomposition of the ester base o0il occurs during the simulations (<2 molecules). Previous experiments
have suggested that ester base oil decomposition may become significant when it is heated for several
hours with a stainless steel coupon at temperatures above about 600 K.>*> However, this process is
much slower than TCP decomposition, which occurred experimentally at much lower temperatures.>>>
The mechanochemical decomposition mechanism of TCP is also unaffected by the presence of base
oil molecules. This observation is consistent with previous NEMD simulations of, which showed that
the addition of dodecane base oil molecules did not affect the mechanochemical reaction pathway of

sulfur-based lubricant additives on ferrous surfaces.3!”

For a given normal stress, the shear stress is much lower for the 50% TCP, 50% DIDA system than
the 100% TCP system, as shown in by Fig. A.1. This reduction in shear stress is expected to due the
lubricating effect of the low-friction ester base 0il.>** From previous mechanochemistry experiments of
ZDDP tribofilm growth,”®-27%:341 it is anticipated that the lower shear stress will result in lower reactivity
for the 50% TCP, 50% DIDA than the 100% TCP system.

Figure 3.3a shows the change in the number of intact TCP molecules for 100% TCP at 600 K and 1-5
GPa, while Figure 3.3b shows the same for the 50% TCP, 50% DIDA system. The TCP molecules are
counted as dissociated, i.e., no longer intact, if any bond other than a C-H is broken. The number of TCP
molecules decreases faster for the pure TCP system than the 50% TCP, 50% DIDA system. For both sys-
tems, there is an exponential decay of the number of intact TCP molecules with time, which is indicative

of a first-order reaction.**? For first-order reactions, the reaction rate, r = k[C], where k is the rate constant
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Figure 3.3: Change in the number of intact TCP molecules with time at 600 K and 1-5 GPa for a) 100%
TCP system b) 50% TCP, 50% DIDA system. The dashed lines show the simulation data and the solid
lines are exponential decay fits used to calculate the first-order rate constants, k. ¢) Change in k for TCP
decomposition with shear stress, 7. The data with and without DIDA can be fit using Equation 1 with a
single activation volume (13.6 + 2.6 A3). Inset shows the same data versus In(k).

and [C] is the concentration of reactant. Previous NEMD simulations showed that the mechanochemical
decomposition of trialkyl phosphate decomposition between a-Fe(110) surfaces also followed first-
order kinetics.?’ In mechanochemistry experiments with ZDDP, the rate of tribofilm growth followed ei-

95.96.314 The observation of zero-order kinetics indicates that

ther zero-order or fractional-order kinetics.
the rate-determining step for tribofilm growth involves surface-adsorbed molecules, °® which masks the
underlying first-order kinetics. *** In experiments, the surface-adsorbed additive molecules are continu-
ally replenished from the base oil solution and the bulk concentration does not significantly decrease.”®
On the other hand, there is a finite number of additive molecules in the NEMD simulations, which
means that the decomposition rate inevitably decreases with time as fewer molecules become available

to react.?’

Figure 3.3c shows the change in the decomposition rate constants, k, with shear stress for the 100%
TCP and 50% TCP, 50% DIDA systems. The k values were determined from the exponential decay fits
shown in Figure 3.3a and Figure 3.3b and the shear stress values were taken from Fig. A.1. For all the
systems and conditions shown in Figure 3.3, k increases exponentially with shear stress, suggesting that
TCP decomposition is a stress-augmented thermally activated (SATA) processes. %% The Bell model *°
can be used to describe the kinetics of SATA processes:

3.1

E,—TtAV*
k= A exp <_”T>

kgT

where A is the pre-exponential factor, E, is the activation energy, AV* is the activation volume, and kg is
the Boltzmann constant. AV* is sometimes interpreted as volume change that occurs when the transition
state is formed from the reactants.’** In our simulations, as well as previous experiments of ZDDP

tribofilm growth, 3-96-314 Ay *

is positive, indicating that the volume of the transition state is larger than
the reactants, confirming that the rate-determining step involves bond breaking.**! We use shear stress,
T, in Equation 3.1 rather than normal stress, o. Previous experiments have shown that tribofilm growth
is primarily controlled by shear stress and not the normal stress.’®-27%-3*! Moreover, from Figure 3.3c,

it is clear that the higher shear stress in the 100% TCP system leads to larger k values than for the 50%
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Figure 3.4: Variation in shear stress with changes in normal stress for a) «-Fe(110), b) Fe3C(010), and
¢) Fe304(001) surfaces.

TCP, 50% DIDA systems, even at identical normal stress Fig. A.1. The combined dataset rate constant
versus shear stress data set (100% TCP and 50% TCP, 50% DIDA) can be described with a single fit to
Equation 1 (dashed line in Figure 3.3c), yielding an activation volume of 13.6 + 2.6 A3. This value is
within the uncertainty range of the activation volume calculated for a 100% TCP system under the same
conditions (10.7+6.2 A3). Thus, the reduction in k for the 50% TCP, 50% DIDA system compared to
100% TCP can be fully explained by the decrease in the shear stress, which is due to the lubricating effect
of the low-friction DIDA molecules.”®27-34! There do not seem to be any other interactions between the
DIDA base oil molecules and the iron surface or TCP molecules that further directly reduce the reaction
rate. Therefore, due to the much lower computational expense, we simulate pure TCP systems for the

remainder of this study.

3.3.2 Surface Chemistry Effects on Shear Stress

We compared the change in the shear stress with normal stress for the iron, iron carbide, and iron oxide
systems, as shown in Figure 3.4. The steady-state shear stress was block averaged over the final 0.5
ns of the NEMD simulations. At all the studied temperature and normal stress conditions, the shear
stress is lower for the systems with TCP molecules sheared between iron oxide surfaces than iron and
iron carbide surfaces. For all three surfaces, the shear stress increases linearly with normal stress with a
finite intercept, as predicted by the extended Amontons-Coulomb law: T = o + 1y, where 7 is the shear
stress, 1L is the friction coefficient, 7y is the Derjaguin offset, and o is the normal stress.>* The friction
coefficient and Derjaguin offset for the different systems and temperatures are shown in Table A.2 and
Table A.3 respectively). The friction coefficient, given by the gradient of the linear fits in Figure 3.4, is
similar for all three surfaces. The Derjaguin offset, given by the intercept of the linear fit, is similar for
iron and iron carbide surfaces, but is around 50 % lower for iron oxide. This is likely due to the higher
surface energy and adhesion of TCP molecules on iron and iron carbide compared to iron oxide.®!
Previous DFT calculations suggested that the surface energy of o-Fe(110) (2.3 I m~2)3!! and Fe3C(010)
(2.2 T m?)*'? is much larger than Fe304(001) (1.0J m~2).3*¢ For the iron and iron carbide systems, the
friction coefficient decreases with increasing temperature (Table A.2); in contrast, the Derjaguin offset
increases with increasing temperature (Table A.3). As the temperature increases, the amount of TCP

304

decomposition will also increase,”” which affects the temperature-dependence of the friction coefficient
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Figure 3.5: Number of intact TCP molecules with time at 4 GPa between 400-900 K (top row) and at
600 K between 1-5 GPa (bottom row) for a) &-Fe(110), b) Fe3C(010), and c¢) Fe;04(001) surfaces. The
dashed lines show the simulation data and the solid lines are exponential decay fits used to calculate the
first-order rate constants, k.

and Derjaguin offset. For the iron oxide surfaces, the temperature has a negligible effect on the friction
coefficient and Derjaguin offset, which is probably due to the much lower reactivity of TCP on this
surface. 3** The addition of base oil molecules as well as TCP molecules between the iron surfaces leads
to a large reduction in the Derjaguin offset (7o = 0.79 GPa to 7y = 0.20 GPa), but a negligible change in
the friction coefficient (it = 0.18 tou = 0.17), as shown in Fig. A.1. This observation is in agreement
with previous NEMD simulations of iron surfaces lubricated by monolayers formed from polar lubricant
additive molecules.’’ Consequently, if lubricant molecules were added to the iron carbide and iron

carbide systems, the shear stress conditions would probably be similar for all the surfaces.

3.3.3 Surface Chemistry Effects on TCP Dissociation

Figure 3.5 shows the change in the number of intact TCP molecules with time for @-Fe(110), FesC(010),
and Fe304(001) surfaces at constant normal stress (4 GPa) and varied temperature (400-900 K), and con-
stant temperature (600 K) and varied normal stress (1-5 GPa). Results for other conditions are shown
in Fig. A.3. The exponential decay curves are used to calculate the TCP decomposition rate constant, &,

1.77 investigated the mechanochemical

for each temperature and stress condition. Ayestardn Latorre et a
decomposition of trialkyl phosphates between 300-500 K and 1-4 GPa for a-Fe(110) surfaces. Compar-
ing the current results to this previous study, it is clear that triaryl phosphates such as TCP have much
lower decomposition rate constants than trialkyl phosphates under the same conditions. This observa-

304

tion agrees with previous experimental**?-3% and simulation** studies of the thermal decomposition of

phosphate esters on ferrous surfaces.
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The TCP decomposition rate constants, k, vary significantly depending on the surface chemistry, with
the fastest reactions being observed for the o-Fe(110) systems, followed by Fe3;C(010), and finally
Fe;04(100). This may be due to the differences in surface energies of the three ferrous surfaces, as
discussed in the previous section.!!-312:346 Higher surface energies promote stronger molecular adsorp-
tion **® and thus faster TCP decomposition. Indeed, DFT calculations have shown that adsorption is a

crucial step the decomposition of TCP on iron surfaces.**’

Previous high-temperature (750 K) thermal decomposition experiments suggested that TCP preferen-
tially reacted with iron oxides that were in a higher oxidation state, i.e. Fe < FeO < Fe304 < Fe,05.2%
This contrasts with first principles NEMD simulations of other lubricant additives, such as molybde-
num dithiocarbamates, where native iron surfaces were found to be much more reactive than oxidised
surfaces.’”’ We observe much higher mechanochemical reactivity on the iron surface compared to the
iron oxide surface, which is in agreement with the simulations,??" but not the experiments.””® This is

probably because the iron used surfaces in the experiments??®

301

were also covered by an oxide layer rather

than the native iron surfaces used in the simulations.
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Figure 3.6: Change in the number of Fe-C bonds with simulation time at 600 K between 1-5 GPa for a)
a-Fe(110), b) FezC(010), and c) Fe304(100).

No direct Fe-P bonds formed between the surfaces and TCP molecules in any of the NEMD simulations,
but a large number of new Fe-O bonds form. This observation indicates that iron phosphate, rather than
iron phosphide, is formed on the ferrous surfaces, which is consistent with observations in previous ex-
perimental studies.??>-2%3:2%4 Previous MD simulations investigating the thermal decomposition of TCP
on hydroxylated amorphous Fe304 have shown that the initial step involved Fe-C bonding.!>® Indeed,
DFT investigations have shown that benzene chemisorbs on iron oxide surfaces due to strong interac-
tions between iron cations and the aromatic 7-electrons.*° To investigate this further, we quantified the
change in the number of Fe-C bonds formed at different pressures and temperatures. The Fe-C bonds
present in the FesC(010) surfaces before exposure to TCP are not included in the analysis. Figure 3.6
shows the variation in the number of Fe-C bonds with time for the simulated TCP systems at 600 K
between 1-5 GPa for -Fe(110), FesC(010), and FezO4(100). The number of Fe-C bonds at a given
time increases as Fe304(100) < Fe;C(010) < a-Fe(110), which is the same order observed for the rate
constants of TCP decomposition on the three surfaces. We also see a clear trend of an increase in the
number of Fe-C bonds, and therefore chemisorption of TCP, with an increase in pressure for all three

surfaces. The increased bonding of the TCP carbon atoms on a-Fe(110) compared to Fe;C(010) and
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Fe304(100) can be visualised in the number density profiles, as shown by Fig. A.2. The carbon peaks
from the TCP molecules show increased overlap with the iron peaks for a-Fe(110) compared to the

other surfaces.
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Figure 3.7: Variation in In(k) for TCP decomposition with the change in the number of Fe-C bonds
from 0-1 ns for a) a-Fe(110), b) Fe3C(010), and c) Fe304(100).

Figure 3.7 shows the relationship between the number of Fe-C bonds formed and the TCP decompo-
sition rate constant. There is a logarithmic increase in the TCP decomposition rate constant with the
number of Fe-C bonds formed for all three surfaces. This implies that increased chemisorption of the
molecules leads to faster dissociation.’®! Indeed, previous experiments have shown that ZDDP forms

thicker tribofilms on surfaces to which it more strongly adsorbs.?3

3.3.4 TCP Decomposition Mechanisms
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Figure 3.8: Change in the number of P-O and C-O bonds with sliding time at 500 K and 3 GPa for the a)
a-Fe(110), b) FezC(010), and c¢) Fe304(001) systems. Solid lines show the change in the total number
of bonds compared to TCP, dashed lines show bond formation and dotted lines show bond cleavage.

Figure 3.8 shows the change in the total number of C-O and P-O bonds with sliding time for an inter-
mediate temperature (500 K) and pressure (3 GPa). For the Fe304(001) surfaces, bonds formed with
surface oxygen atoms are included in the analysis. The red lines represent the total change in the number
of bonds P-O bonds compared to the initial TCP molecules, the blue lines show the contribution from P-
O bonds in TCP that are broken, and purple lines show new bonds that are formed. A negligible number
of new C-O bonds form in the simulations and the total change is shown by the solid green lines. For all
the surfaces, P-O cleavage precedes C-O cleavage and, by the end of the simulations, approximately five

times as many P-O bonds were broken than C-O bonds, suggesting that P-O cleavage is the dominant
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decomposition mechanism. These observation are consistent with previous MD simulations**!-3%* and

300 of the thermal decomposition of TCP. Conversely, in previous NEMD simulations of

experiments
trialkyl phosphates confined between a-Fe(110) surfaces, the C-O bonds broke first and approximately
twice as many C-O bonds were broken than P-O bonds.?” The decomposition mechanism is therefore
affected by the much stronger C-O bonds in triaryl phosphates compared to those in trialkyl phosphates.
Moreover, unlike triaryl phosphates, some alkyl intermediates formed by C-O cleavage in trialkyl phos-
phates, such as butyl chains, can readily undergo -hydride elimination reactions on ferrous surfaces to
produce gaseous olefins.>*’ In Figure 3.8, the number of C-O and P-O bonds broken for the a-Fe(110)

and Fe3C(010) surfaces is similar, but fewer bonds are broken for the Fe304(001) surfaces.

More P-O bonds are formed than are broken in the TCP molecules, leading to an overall increase in
the number of P-O bonds, as shown by the solid red lines in Figure 3.8. This is due to the formation
of P-O-P linkages between the phosphorus atoms, resulting in polyphosphate chain growth.??®-?°7 This
process occurs mainly through nucleophilic substitution reactions, whereby P-O-R bonds in TCP (where

R is a cresyl group) are replaced by P-O-P bonds.?’

The total increase in the number of P-O bonds at the end of the 1 ns simulation is similar (40-50 bonds)
for the a-Fe(110), Fe3C(010), and Fe304(001) surfaces. This is because both the P-O cleavage (blue
dotted lines) and P-O formation (purple dotted lines) reactions are accelerated by the more reactive
surfaces (a-Fe(110)), as shown by the steeper lines in Figure 3.8. The total number of P-O bonds at the

end of the simulation is also not sensitive to the temperature and pressure, as shown by Fig. A.4.%

For the Fe304(001) surface, nucleophilic attack from the surface oxygen atoms could increase the rate

of P-O dissociation in the TCP molecules.?**

The variation in the number of P-Oy,, s bonds formed
between phosphorus atoms in the TCP molecules and oxygen atoms in the Fe304(001) surface is shown
Fig. A.5. At low temperature and pressure, the number of P-Oy,,r bonds formed is much lower than
the total number of P-O bonds formed (Figure 3.8), suggesting that this process plays a negligible role
in the nucleophilic substitution reactions. However, at high temperature and pressure, the number of
P-Oy,, s bonds increases, such that it they represent a significant proportion (>10 %) of the total P-O
bonds formed. Overall, surface oxygen atoms do not seem to promote the decomposition of TCP on

ferrous surfaces, as was suggested from previous experiments.?%®

3.3.5 Surface Chemistry Effects on Polyphosphate Growth

Figure 3.9 shows the number of phosphate-containing oligomers, toluene, and cresol molecules formed
from TCP at 500 K and 3 GPa on the three surfaces. On iron and iron carbide, the primary product of
TCP decomposition is cresol, formed directly from P-O bond cleavage. Some toluene is also formed
on these surfaces via C-O cleavage, but this occurs only after the formation of cresol. The number of
oligomers formed is similar for all three surfaces. On iron oxide, phosphate-containing oligomers are

the major product rather than cresol, due to the reduced rate of P-O cleavage reactions (Figure 3.8).

The length of the polyphosphate chains in tribofilms is important to their antiwear performance. >>! Fig-

ure 3.10 shows the change in the number of polyphosphate chains (dimers, trimers, tetramers, and >
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Figure 3.9: Comparison of oligomer, toluene, and cresol quantities at 500 K and 3 GPa for the a) o-
Fe(110), b) Fe3C(010), and c) Fe304(001) systems.

pentamers) with sliding time for the three studied systems. In all cases, the total number of polyphos-
phate fragments increases at short times before asymptoting towards a steady-state value of ~10. For
Fe3;C(010) and Fez04(001), the majority of TCP molecules form dimers, but longer chains, up to oc-
tomers, form in some cases. In general, longer polyphosphate chains are formed on the a-Fe(110) sur-
faces than FezC(010) and particularly Fe304(001) surfaces. For ¢-Fe(110), a similar number of dimers
and trimers form, with some of the chains growing up to octamers. The relatively short polyphosphate
chains formed in our NEMD simulations are consistent with the average chain length of approximately
2.5 monomers found in tribometer experiments with ZDDP. 3! Much longer chains (up to 40 linked
monomers) were formed in previous NEMD simulations with ReaxFF of phosphoric acid confined be-
tween sliding silica surfaces at very high temperature (1400 K).'>® The longer chains formed in these
previous simulations could be due to the higher reactivity of phosphoric acid compared to TCP and the

lack of iron atoms to catalyse the depolymerisation (P-O dissociation) reactions.

The difference in the polyphosphate chain length between the three surfaces is much more subtle than
the change in TCP decomposition rates. This is probably because iron atoms or ions, which are most
readily available in ¢-Fe(110), accelerate the depolymerisation of the polyphosphate chains by P-O
bond cleavage. 3! Similarly, the polyphosphate chain length does not vary significantly over the wide
range of temperatures and pressures studied in the NEMD simulations, as shown by Fig. A.6. This is
because both the polymerisation (P-O formation) and depolymerisation (P-O dissociation) reactions are

accelerated by a similar amount due to increased temperature and shear stress, as shown by Fig. A.4.
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3.3.6 Rate Analysis
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Figure 3.11: Shear stress dependence of the TCP decomposition rate at different temperatures for a)
a-Fe(110), b) Fe3C(010), and c¢) Fez04(100) systems. Insets show the same data with a logarithmic
y-axis.

Figure 3.11 shows the dependence of the TCP decomposition rate constant on shear stress for iron,
iron carbide, and iron oxide surfaces. The Bell model *° (Equation 1) accurately describes the rate of
TCP decomposition with temperature and shear stress on the three surfaces, as shown by Fig. A.7. The
activation volume, AV*, is calculated from the 2D fits of the rate versus shear stress data to Equation 1
shown in the insets of Figure 3.11. With this 2D fitting method, AV* is found to increase monotonically
with temperature from 4.9 + 1.7 A3 at 400 K to 17.5 + 8.4 A3 at 900 K for TCP between the a-Fe(110)
surfaces. In all cases, the activation volume is positive, which suggests that the rate determining step
involves bond cleavage.>** This observation is consistent with previous experiments of tribofilm growth
from antiwear additives.**! For the Fe3C(010) surfaces, AV* also increases with temperature from 6.6
+3.7 A3 400 K to 15.3 + 2.4 A3 at 900 K, while for the Fe304(100) surfaces, AV* increases from 8.3
+4.5 A3 at 400 K to 12.8 + 6.6 A3 at 900 K. The calculated AV* values are all consistent with the
dimensions of single bonds. The molecular volume of TCP is approximately 500 A3, meaning that the
activation volumes for TCP on the three surfaces range between 1 and 4 % of the molecular volume. This
percentage range is is consistent with previous NEMD simulations using trialkyl phosphates (4 %), %/
while experiments using ZDDPs with different alkyl substituent showed somewhat larger percentages
(7-17 %). 314

Based on the 2D fits to Equation 1 shown in Figure 3.11, the activation volume is highly temperature-
dependent, but there are no clear differences between the three surfaces due to the relatively large un-
certainties. Previous experimental studies of mechanochemical tribofilm growth have treated the activa-
tion volume as a temperature-independent reaction constant; however, these studies considered a much
smaller temperature range than the present study.”>-%-27%-314.341 Ty our recent NEMD study of trialkyl
phophate mechanochemical decomposition, we also observed that the the activation volume increased
with increasing temperature.”’ This was partially explained through a reduction in the elastic modulus
of the at-Fe(110) slabs.?” A recent DFT study suggested that the contribution of the elastic deformation
of the surrounding bulk to the activation volume of mechanochemical reactions can be significant and,
in some cases, dominant.*3” The elastic modulus of all three surfaces decreases with increasing temper-
ature (Table A.1). Since the activation volume is inversely proportional to the contact stiffness,>?’ it is
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expected that higher temperatures will lead to lower activation energies, as observed in Figure 3.11 and
Table A.4. However, the increase in the activation volume (up to 350 %) is much larger than the decrease
in the stiffness of the surfaces (up to 10 %) between 400-900 K. Thus, other factors, such as a decrease
in stiffness of the confined TCP molecules and its decomposition products, must also contribute to the

increased activation volume at higher temperature.

The activation energy, E,, is calculated from the slope of the 2D fits of Equation 1 to the rate versus
inverse temperature data illustrated by Fig. A.8. For TCP decomposition between the o-Fe(110) sur-
faces, E, increases with pressure from 20.6 £ 5.5 kJ/mol at 1 GPa to 24.0 = 6.5 kJ/mol at 5 GPa. For
the Fe3C(010) surfaces, E, also increases from 19.7 + 6.1 kJ/mol at 1 GPa to 24.3 + 7.5 kJ/mol at 5
GPa. For the Fe304(100) surfaces, E, again increases from 10.2 + 7.2 kJ/mol at 1 GPa to 19.5 £ 3.63
kJ/mol at 5 GPa. A previous experimental study suggested that the thermal activation energy for TCP
decomposition on stainless steel is approximately 60 kJ/mol.>%> Thus, the activation energy values are

305

considerably underpredicted in our simulations compared to experiments,’”> which is probably due to

the chromium-rich oxide layer formed on the surface of stainless steel in experiments.>>?> Chromium ox-

297.298.353 45 was used in our NEMD

ide is known to be much less reactive towards TCP than iron oxide,
simulations. Thus, the chromium oxide surface formed on stainless steel is expected to reduce the acti-
vation energy by a smaller amount than the iron oxides formed on conventional bearing steel.”>-’® From
in-situ tribometer experiments, the activation energy for TCP decomposition on an iron substrate was
estimated as 6.3 kJ/mol,>>* which is somewhat lower than our simulation results. This can be explained
through the fact that the effect of shear stress on reducing the activation energy, as shown in Equation
1, was not considered in their calculations. As a result, the activation energy they calculated will be

under-predicted.

The pre-exponential factor, A, is calculated from the intercept of the fits of Equation 1 to the rate versus
inverse temperature data shown by Fig. A.8. This is often expressed as A = Zp, where Z is the frequency
or collision factor, and p is the steric factor. The steric factor represents the fraction of successful
collisions and is usually less than unity.91 For TCP molecules between the a-Fe(110) surfaces, In(A)
increases with pressure from 25.4 + 3.2 at 1 GPa and to 28.1 + 3.86 at 5 GPa. For the Fe;C(010)
surfaces, In(A) increases from 25.4 + 3.6 at 1 GPa to 27.8 £ 4.7 at 5 GPa, while it increases from 22.6 +
4.5 t0 25.6 £ 2.1 for the Fe304(100) surfaces. The low-pressure values are in very good agreement with
previous estimates of the pre-exponential factor for the thermal decomposition of TCP on stainless steel

at atmospheric pressure, In(A) = 22.7.3%3

Figure 3.12 shows the variation of In(A) with E, from the 2D fits to the rate versus temperature data.
The concurrent increase in E, with In(A), which is known as the kinetic compensation effect, is of-
ten observed in heterogeneously catalysed processes.>*® Previous studies using ReaxFF to study the
mechanochemical behaviours of trialkyl phosphates have also observed such an effect.’’ The presence
of a compensation effect suggests that the changes in these parameters may have a mathematical rather

than physical origin and does not necessarily indicate any changes to the reaction pathway.>>
Experimental pre-exponential factors for surface reactions typically vary from 10'°-10'® s=1. 35 Some
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Figure 3.12: Kinetic compensation effect between the activation energy and pre-exponential factor for
Iron, Iron Carbide, and Iron Oxide

previous mechanochemistry studies *> have used a constant pre-exponential factor of 10'® s~! to deter-
mine the activation energy. If a constant pre-exponential factor of 10'3 s™! (In(A) = 30) is used for all
three surfaces (horizontal red dashed line in Figure 3.12, the activation energies of TCP decomposition
for the three surfaces from the 2D fits increase in the order a-Fe(110) ~ Fe3C(010) < Fe304(001). Thus,
the more reactive surfaces towards TCP give lower activation energies, which is consistent with previous

experiments of a-pinene tribopolymerisation.?3*

3.3.7 3D Shear Stress-Temperature-Rate Constant Fits

(a) Iron (b) Iron Carbide (¢) Iron Oxide

Ure (k) 400 ®

Figure 3.13: 3D fits of TCP decomposition rate as a function of temperature and shear stress for a)
a-Fe(110), b) Fe;C(010) and c¢) Fez04(100) surfaces. The surfaces were fitted with the nonlinear least

squares method.
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Surface E, (kJ/mol) | In(A) s~ 1) | AV* (A3)
a-Fe(110) || 21.3+2.8 27.0£2.0 | 12.3%3.3

Fe;C(010) || 22.1+2.6 26.2+1.7 | 10.2+2.6

Fe304(100) || 11.2+1.7 243+1.8 | 8.1+44

Table 3.1: Calculated values of the activation energy, E,, natural logarithm of the pre-exponential factor,
In(A), and activation volume, AV*, for TCP between «-Fe(110), FezC(010) and Fe3;04(100) surfaces
from the 3D fits to Equation 1. The parameter ranges represent the 95 % confidence intervals from the
3D fits.

To investigate the combined influence of temperature and stress on reactivity, the decomposition rate data
was also plotted as a 3D surface and fitted to Equation 1. This approach provided significantly reduced
uncertainties in the activation volume, activation energy, and pre-exponential factor compared to 2D
fits in our previous NEMD study of trialkyl phosphate mechanochemistry.?” The 3D fits for o-Fe(110),
Fe3C(010) and Fe304(100) are presented in Figure 3.13a), b), and ¢), respectively. To avoid biasing the
3D fits towards the higher decomposition rate constants, fits In(k), rather than k were employed, as shown
by Fig. A12.27 Using the 3D surfaces, we calculated AV*, E,, and A values across the entire range of
temperatures and pressures studied, as shown in Table 3.1. Unlike the 2D plots, the 3D fitting method
does not capture the changes in the Bell model parameters with temperature and pressure. However,
compared to the 2D fits, the 3D fits led to reduced uncertainties in all three parameters in Equation 1,?
as shown by Fig. A.9, Fig. A.10, and Fig. A.11). The 3D fits suggest that the activation energy increases
in the order: Fe304(100) < Fe3C(010) ~ a-Fe(110), which is opposite to that expected from the relative
reactivity of the surfaces. The smaller energy barrier for the less reactive oxide surfaces may be due to
the availability of oxygen atoms to promote P-O dissociation through nucleophilic substitution reactions
at the phosphorus atoms. On the other hand, the pre-exponential factor is also much smaller for the
iron oxide surface, suggesting that the fraction of successful collisions is also much lower. This may be
due to the decreased availability of iron atoms at the surface, which are essential to promoting the P-O
dissociation reactions. The AV* values increase in the order: Fe;04(100) < Fe;C(010) < a-Fe(110), sug-
gesting that the more reactive surfaces lead to an increased shear stress dependence of the reactivity. The
larger activation volume for o-Fe(110) than Fe;C(010) and particularly FezO4(100) could be because the
more reactive surfaces anchor the TCP molecules, leading to more efficient transmission of shear stress
applied through the surfaces to strain within the molecules. Similar suggestions have been made from
previous NEMD simulations in other systems, which have shown accelerated mechanochemical reaction

286 or bOtth7

when molecules are anchored to one sliding surfaces. Our observation of higher AV* val-
ues on more reactive surfaces contrasts with previous experiments ¢.-pinene tribopolymerisation, which
showed that surfaces that promoted o-pinene chemisorption (e.g. copper oxide) gave smaller activation
volumes than the ones only capable of physisorption (e.g. silicon oxide).?®* This discrepancy may be
because the experiments studied bond-forming mechanochemical reactions, rather than bond-breaking
as in the current simulations. The reaction yield was higher on the more reactive surfaces, implying that
the accelerated reactivity for the more reactive surfaces seen in the experiments was mostly due to a

) 284

reduction in activation energy (although this was not quantified Another factor contributing to the

difference in activation volumes between the three surfaces could be the contact stiffness.?”-337 In our
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NEMD simulations, at a given temperature, the stiffness of the three surfaces is quite similar (within 10
%), as shown by.Table A.1 At most temperatures, the contact stiffness increases in the order Fe;C(010)
< a-Fe(110) < Fez04(100). Since the activation volume is expected to be inversely proportional to the
contact stiffness,?3” the increased stiffness of the Fe304(100) surface may also contribute to its smaller
activation volume compared to the other two surfaces. However, we expect that the differences in con-
tact stiffness play a secondary role compared to the molecular adsorption strength in determining the

variation in activation volume between the three surfaces.

3.4 Conclusions

We have studied the mechanochemical decomposition of TCP molecules confined between atomically-
smooth iron, iron carbide, and iron oxide surfaces using NEMD simulations with ReaxFF. The iron
surfaces are more effective in promoting TCP decomposition compared to iron carbide and particularly
iron oxide surfaces, which correlates with the increase in Fe-C bonding between the molecules and
the surface, as well as the surface energy. Once the molecules are adsorbed, decomposition of TCP
proceeds through P-O bond dissociation for all of the surfaces to form cresol molecules. In some cases,
a subsequent C-O bond dissociation within the cresol molecule leads to the formation of toluene. The
rate of TCP decomposition increases exponentially with temperature and shear stress, indicating that
this is a SATA process.

We show that the presence of DIDA base oil molecules does not affect the decomposition mechanism,
but reduces the shear stress and thus the TCP decomposition rate. The change in the TCP decomposition
rate constants with shear stress for the systems with and without DIDA can be described with a single
fit to the Bell model with the same activation volume. This observation justifies the use of base oil-
free NEMD simulations for the subsequent wide parameter study. As well as TCP decomposition, we
also investigate the early stages of polyphosphate growth. Despite the fact that P-O bond formation is
accelerated on the more reactive surfaces (iron), the rate of P-O bond cleavage is also increased by a

similar amount, meaning that the total number of P-O bonds is comparable between the three surfaces.

The polyphosphate chain length is also similar between the surfaces, with a skew in the distribution to
higher chain lengths (up to octomers) for the more reactive iron surfaces. 3D fits to the Bell model lead
to activation energies and pre-exponential factors both increasing in the order: Fe304(100) < FezC(010)
~ o-Fe(110). This implies that, although the energy barrier is smaller for the less reactive oxide sur-
faces, the fraction of successful collisions is also much lower. This trend may be due to the decreased

availability of iron atoms on the surface, which are essential to promoting the decomposition reactions.

The activation energies and pre-exponential factors calculated from the NEMD simulations are within
the experimental range reported for iron and stainless steel (chromium oxide) surfaces. The activation
volume from the 3D fits increases in the order: FezO4(100) < FezC(010) < a-Fe(110), which suggests
that higher surface energy causes the TCP molecules to be anchored to the surface, leading to more effi-
cient transmission of shear stress mechanical energy. An additional contribution to the larger activation

energy for o-Fe(110) surfaces could be the lower contact stiffness. We have shown that surface chem-
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istry plays a central role in the mechanochemical decomposition of an industrially-important additive
for aviation lubricants. The differences between the three ferrous surfaces can be rationalised through

parameters from the Bell model.

The findings presented in this chapter advance the core research aim by elucidating atomic-scale mech-
anisms of additive decomposition under realistic tribological conditions. These insights lay the ground-
work for predictive modelling of additive behaviour and offer guidance for the rational design of next-

generation lubricant formulations.
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Chapter 4

Effect of Sliding Velocity on the
Decomposition of Tricresyl Phosphate

In this chapter, we use nonequilibrium molecular dynamics (NEMD) simulations with ReaxFF to inves-
tigate the mechanochemical decomposition of tricresyl phosphate (TCP) under nanoscale confinement
between ferrous surfaces and diamond-like-carbon (DLC) surfaces, expanding on the studies of Chapter
3 by further isolating the effects of sliding speed and shear stress on TCP decomposition. Sliding speed
and temperature are systematically varied to examine how molecular mechanisms of additive breakdown
and tribofilm formation are influenced by sliding speeds and shear conditions. This study addresses the
research objective of connecting nanoscale mechanochemical behaviour to the macroscopic performance

of lubricant additives in real-world tribological applications.

4.1 Introduction

The commercial aviation industry was responsible for approximately 1.5% of global CO, emissions, or
425 Mt COse in 2022.337 The aviation industry is also responsible responsible for considerable amounts
of non-CO, warming.>>® For example, jets that release condensates/vapour trails at high altitudes con-
tribute to global warming, while the release of NO, in the upper atmosphere results in greater amounts
of ozone, resulting in extra warming effects.>>® As a result, it has been estimated that the aviation sector
is actually responsible for 4.9% of anthropogenic warming.’®® As long as aviation is powered by com-
bustion, these effects will continue to contribute, although some studies have pointed towards the use of
synthetic fuels as a means to at least reduce condensate trails.>®! Hence, the development of strategies to
mitigate emissions from the industry remains of significant commercial interest.’> Decarbonising avi-
ation poses a uniquely difficult challenge as aircrafts require high energy density for long-range travel,
a requirement which current battery technology fails to satisfy adequately.’®> Weight reduction and
tribological performance enhancement, leading to improved fuel efficiency energy loss reduction, are

alternative approaches that can be used to reduce emissions in this sector.

Extensive research and development in the aerospace field has focused on the weight reduction of
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aerospace components such as airframes, landing gear, turbine blades, bearings and gears.*** For ex-
ample, 60NiTi alloy, with its high hardness, compressive strength, low density and lower elastic modu-
lus compared to standard materials, has seen its deployment in hydraulic rods, bearing, and connecting
spline systems,363-366.367.368.369 However, the versatility of the 60NiTi alloy possesses poor wear re-
sistance properties in dry and boundary lubrication conditions, limiting its suitability for many of the
extreme conditions present in aviation.>’%-37! Applying coatings to the alloy has been shown to improve
alloy performance in this regards and this approach has been widely used in the aerospace industry for
improving other properties such as corrosion protection, oxidation resistance and water-proofing.3’:373
To this end, polymer-based coatings, such as deposited polydopamine (PDA) and polytetrafluoroethy-
lene (PTFE), have been investigated as solutions. Miller et al.>’* found that in dry/boundary lubrication
conditions, a 1.5 ym thick PDA/PTFE coating yielded an 85% reduction the coefficient of friction be-
tween 60NiTi alloy and SizN4. While the COF of the 60NiTi alloy can be effectively reduced by the
polymer-based coatings, the adhesion strength of such polymer coatings are poor, meaning that the
coating can easily be worn away with shear stress.>”> Choudhury et al.’”® found that adding 0.25 wt%
of graphite particles to PDA/PTFE coatings improved the adhesion strength between the coating and
60NiTi alloy, which increased the coating durability.

An effective alternative for such alloys is the Diamond-Like Carbon (DLC) coating, which has also
has high hardness, excellent chemical inertness, and excellent tribological performances.3’’-378.379.380
Specifically, hydrogenated-DLC has been investigated by multiple studies as it possesses excellent COF
properties, coupled with favourable wear resistance in both vacuum and atmospheric environments. 54381
Sharma et al. reported that DLC coatings exhibit low COF values in both dry and boundary lubrication
regimes.*®? Erdemir et al. conducted friction and wear tests using steel ball-steel disc and sapphire
ball-sapphire disc pairs in inert gas conditions (dry nitrogen and argon), finding that higher hydrogen
content of the inert gas environment resulted in lower COF, regardless of the substrate.*®3 Lugo et al.
also found that the COF of H-DLC coatings in vacuum decreases with an increase in hydrogen content,
suggesting that the hydrogen atoms in H-DLC coatings can passivate unbound c-bonds on the contact
surface of the coating, thereby preventing the formation of covalent bonds between opposing friction
interfaces.384:383-386 Dalibén, Wang, Amanov demonstrated that depositing DLC coatings on AISI 316L
stainless steel, NiTi alloy, and Ti-6Al1-4V alloy, respectively, significantly improves their friction and
wear performance.’87:388:389 A oreater understanding of the mechanisms that provide DLC coatings
with favourable properties will help to design aviation tribological contacts with improved performance.
Molecular dynamics simulations have already been employed with this in mind. For example, Wu

et 31.390’391

investigated the tribological performance of nanocomposite DLC coatings (with WS, and
WOj3 nanoparticles; WCS) using 2D MD simulations with the Lennard-Jones potential. The simulations
suggested that the formation of surface tribolayers, dominated by graphitic carbon, tungsten trioxide and
tungsten disulphide contribute significantly to the low friction properties of these coatings.?**-3°! Lan et
al. investigated amorphous DLC- SiDLC contacts with a Tersoff potential, finding that a transfer film
forms between these surfaces during rubbing where increased silicon content can yield modest reduction

in friction force.392
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Lubricating oils used in aviation are subjected to relatively extreme operating conditions such as high
temperatures (up to 550°C in wheel bearings),?3-3** high pressures (exceeding 3GPa),?*> and substantial

396 performance of traditional lubricant base oils and additives can be diminished in

radiation exposure.
such conditions, increasing wear and friction and ultimately leading to premature system failure.>*® As
discussed in Section 2.2.3 and Section 3.1, anti-wear additives can be used to prevent this. Considering
the known properties of anti-wear additives and DLC coatings as discussed above, a natural question
then arises: would the combination of the two yield even better tribological performance? TCP and its

287 gince its introduction in the 1940s.2%8 QOver

derivatives have been ubiquitous in aviation lubricants
the last decade, several studies have highlighted the central role of mechanochemistry in the growth of
tribofilms formed from the anti-wear additive zinc dialkyldithiophosphate (ZDDP).?>-%%:279 TCP plays a
similar role to ZDDP in automotive lubricants,'? forming a protective tribofilm that prevents metal-metal
contact to reduce wear, ensuring safety and reliability.”8” The reader is referred to Chapter 3 for a deeper

discussion of the mechanisms that govern the utility of TCP as an anti-wear additive.

In most jet aircraft, filtered recycled cabin air is mixed with heated and compressed bleed air extracted
from the jet engine to supply the cabin air.**’ Thus, contamination can occur if turbine oil, hydraulic

fluid, or other substances leak into the bleed air system.?*®

Furthermore, aircraft hydraulic reservoir
vents are sometimes connected to cabin air ventilation systems, potentially allowing for hydraulic oil
aerosols to enter cabin air.**” Turbine and hydraulic oils normally comprise a mineral or synthetic base
oil containing organophosphate additives such as TCP or butyl phosphates, which are included to en-

hance anti-wear, anti-corrosion, flame retardant, and high-pressure properties.*”’

Passengers and crew
are exposed to measurable levels of triaryl phosphates such as TCP approximately 23% of monitored
flights.*0 Furthermore, elevated exposure levels may occur in the event of engine seal wear or failure,
facilitating greater quantities of lubricant-based contaminants entering cabin air. Symptoms of aerotoxic
syndrome linked to such exposures include severe cognitive impairment, which poses flight safety risks
when aircrew are significantly affected.*’! Taking the above into account, it is imperative that less toxic

alternatives to TCP are found.?*°

To address this issue, several recent studies have investigated the use of alternative additives such as
ionic liquids with base oils in conjunction with DLC coatings.*>#03:4%% Another study by Zhou et al.*?>
investigated the wear properties in DLC-Steel contacts, looking at how these properties varied in the
presence of ZDDP vs ionic liquids with and without phosphate anions. Reciprocating steel balls were
used against DLC-coated flat surfaces in lubricated environments and the study observed significantly
higher wear on the steel counterface when phosphate additives were present, despite DLC’s usual wear-
reducing properties. This increased wear was not observed in systems with non-carbon coatings or
phosphate-free additives, suggesting a carbon-catalyzed tribochemical mechanism with the phosphate
group. AES, XPS, and TEM analysis revealed greater porosity in the tribofilms on the formed on steel

surface in the DLC-phosphate systems. Zhou et al.**>

proposed that the excessive wear observed is due
to the catalytic role of carbon in the DLC coating, which accelerates tribochemical reactions between
phosphate additives and the steel ball surface causing material removal. Interestingly, this study found

that higher concentrations of phosphate anions present in the additive led to greater amounts of ball
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wear, and that phosphate containing additives without these anion groups, but featuring a carboxylate
anion and a phosphonium cation did not produce increased wear as seen in the systems with the other

two additives.*02-406

To our knowledge, the behaviour of TCP between DLC coatings and ferrous surfaces has not been stud-
ied via MD simulation. Experimental studies have examined the performance of TCP in steel contacts
under various conditions,*?7-408:409 put no work has investigated its behaviour in the presence of DLC.
Furthermore, the effect of shear stress on the tribochemical behaviour of TCP remains poorly under-
stood, particularly in the context of DLC-coated contacts. Variations in shear stress can influence the
rate and pathways of TCP decomposition and film formation,?’!-#!? but this relationship has not been
systematically studied through experiments or simulations for DLC-ferrous surface contacts. MD sim-
ulations provide a way to examine the chemical processes that occur under different sliding conditions,
including decomposition and film formation. This study uses NEMD simulations with the ReaxFF force-
field to analyse the mechanochemical response of TCP at DLC-ferrous surface interfaces under different
temperatures and sliding speed-induced shear stresses. These simulations will help identify the condi-
tions that influence TCP reactivity and its tribofilm formation pathways, which is critical for the design

of future, less toxic anti-wear additives for the aviation industry.

4.2 Methodology

4.2.1 DLC System Setup

; 0,,=2-10GPa
———————————————— b B oy [

0.1 nm

Figure 4.1: Side-view snapshots showing the model systems with TCP molecules confined between a)
a-Fe(110) and b) ¢-Fe;03(0001) surfaces. Systems shown after minimisation and equilibration, but
before heating, compression, and shear. Black dashed line shows the simulation box. Rendered using
OVITO.3%°

Fig. 4.1 shows side-view snapshots showing the model systems with TCP molecules confined between
a) a-Fe(110) and b) a-Fe,03(0001) surfaces. A total of 90 TCP molecules were confined between
the DLC and ferrous surfaces resulting in average surface separation distances of approximately 18 A

To generate an amorphous DLC block, the following procedure was used with ReaxFF. Starting from
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a regular carbon block structure made using LAMMPS,*?? the system was first minimized using the
conjugate gradient algorithm. Following minimization, the system was equilibrated at 300 K and 10
MPa to simulate thermal equilibrium conditions. The block was then heated to 8000 K under the NVT
ensemble in 150 ps using a timestep of 0.25 fs. This ensured that the structure transitioned into a fully
molten state promoting the breakdown of crystalline order. The system was then cooled from 8000 K to
300 K in the NVT ensemble in 150 ps. Afterwards, the system was annealed at 300 K for 400 ps under
NVT conditions to allow the amorphous structure to stabilise without external pressure fluctuations.
This process has been used by several studies to create amorphous DLC blocks for MD simulations.*!!
412,413,414 The dimensions of the final DLC were approximately 50.28 A in the x-direction, 43.25 A
in the y-direction, and 29.99 A in the z-direction. The Fe, O3 and a-Fe(110) slabs were matched to
have the same x and y dimensions as the DLC block, with a thickness of 10.6 A and 11 A respectively.
After the amorphisation process, a passivation step was applied to the DLC surface. A layer of H,O
molecules was introduced to the non-passivated DLC surface to reactively terminate under-coordinated
carbon atoms. The passivation process was carried out using ReaxFF in LAMMPS under PBCs in the
x and y directions, with a fixed boundary in z. The system was equilibrated at 300 K with Langevin
thermostats applied near the top of the surface. Unreacted H or O atoms or H,O molecules that did not
bond with the DLC surface during equilibration were removed prior to the production stage. Similar

processes have been used to passivate DLC surfaces in other molecular dynamics studies.*!>

4.2.2 Simulation Details

All the simulations were performed using the LAMMPS.?>* Simulations where performed with PBCs

in the x and y directions, with a fixed boundary in z. The velocity Verlet'?!

integration scheme was used
with a timestep of 0.25 fs.!>° The simulations were conducted in three phases: energy minimisation,
equilibration, and then simultaneous heating, compression, and shear. The energy minimisation phase
was conducted using the conjugate gradient method. During the equilibration phase, the two surfaces
were brought closer together by applying a low pressure of 10 MPa. The system was pressurised by
applying a constant normal force in the z-dimension equally distributed across the topmost layer of
atoms (0.1 nm) in the upper surface, as shown in Fig. 4.1a. The lowermost layer of atoms (0.1 nm) in the
bottom surface was kept fixed in the z-direction. Equilibration at 10 MPa ensured that a realistic liquid

density of TCP (1.24:0.1 g cm~>) was obtained prior to the heating, compression, and shear phase.*'°

Following the equilibration phase, the compression and shear phase of the simulations were run for 1
ns. For the DLC systems, constant sliding velocities of 1, 2.5, 5, 10, 20, 30 and 50 m/s were applied to
the outer layer of atoms in the upper surface in the x-direction, as shown in Fig. 4.1a. These velocities
were selected to span a broad range of sliding speed conditions relevant to tribological contacts found in
aviation applications, such as those in turbine engines, gear systems, and bearings, where local sliding
speeds can vary widely depending on operating conditions and component geometry. For example,
sliding speeds in gas turbine engine components typically range from a few metres per second up to 100
m/s in turbine engines, as they have to operate at rotational speeds of between 15,000-60,000 rpm.*!”
From a computational perspective, this range allows for investigation of the tribochemical response of

TCP under different shear rates while remaining within the limits of simulation accuracy achievable
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using ReaxFF in NEMD simulations.

The pressure was increased to 5 GPa using the same method as during the equilibration. The temper-
atures studied varied from 300-600 K in 100 K intervals using a Langevin thermostat with a damping
parameter of 25 fs.3?* The thermostat acted only in the y-direction and on the central layer of atoms
(0.2 nm) in the upper and lower surfaces, as shown in Figure 4.1a. This approach enabled a temperature
gradient to develop in the centre of the TCP film and heat to be dissipated at the surfaces, as would occur
experimentally.’?> The thermostat ensured that the average system temperature was within a maximum
35 K of the target value at the highest sliding velocity. The selected range of temperatures and pressures
spans those expected in applications of TCP such as anti-wear additives in gearboxes for gas turbine

2 316

engines””” and as vapour-phase lubricants.

The temperature, pressure, and sliding velocity were all increased simultaneously to capture their com-
bined effects on the reaction rate. Some previous NEMD simulations of mechanochemical reactions
with ReaxFF have isolated the effects of temperature, pressure, and sliding by using separate phases of
the simulations.?86-319:326 The number of additive molecules in the NEMD simulations is finite, so sepa-
rating the simulations into different phases (thermalisation, pressurisation, and sliding) means that fewer
molecules are available to react in any subsequent phases. Conversely, in experimental mechanochem-

istry studies,”®-27%-314

additive-containing lubricants are entrained between the sliding surfaces, contin-
uously replenishing the number of additive molecules. Hence, for these NEMD simulations, we elected

to increase the temperature, pressure, and sliding velocity to their target values concurrently.?’

4.2.3 Force Field Details and Validation

We used the bond order-based ReaxFF potential for all of the NEMD simulations. The C/H/O/Fe/P
ReaxFF parameters used in this study were developed by Khajeh et al.'">” The parameters for Fe/O/H
were originally developed by Aryanpour et al.’?%, Fe/C by Zou et al.>*°, P/O/C/H by Verlackt et al.*,
and C/H/O by Chenoweth et al.">’ The point charges on the atoms vary dynamically during the simu-
lations and were calculated using the charge equilibration (QEq) method.'>® Chemical bonding infor-
mation was output every 1.0 ps, using a bond order cutoff of 0.3 to identify covalent bonds.'>® The
combined C/H/O/Fe/P ReaxFF parameters '>° have been successfully applied to study the thermal and
mechanochemical decomposition of phosphate esters with different alkyl and aryl substituents on several
ferrous surfaces.?6-27-271,301,304 The ReaxFF parameters have also been validated against first principles
calculations for the non-dissociative adsorption energy, C-O bond dissociation energy, and P-O bond
dissociation energy for trialkyl phosphates on o-Fe(110).3% The ReaxFF parameters for Fe/O/H have

been shown to accurately reproduce the experimental lattice constants for a-Fe (within 1 %).3%

4.2.4 Bond Length Analysis

To identify molecular events such as bonding to surfaces and inter-molecular reactions during reactive
molecular dynamics simulations, a Python-based method was developed to parse and analyse LAMMPS
ReaxFF input and output files. Similar analysis has been performed in previous NEMD simulations with

ReaxFE.*!8 Atom identities, atom types, and Cartesian coordinates were extracted from the LAMMPS
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input data files, while atomic connectivity was obtained from ReaxFF bond order output files. This
data was used to construct a molecular graph in which atoms are represented as nodes and bonds as
edges. Each subgraph corresponds to a molecule, molecular fragment, or surface structure. Each node
stores the atom’s ID, element, Cartesian coordinates, and a unique label generated from its local bonding
environment. Unique labels were assigned by hashing the atom’s nearest-neighbour signature, allowing
chemically distinct atoms of the same element to be differentiated, such as oxygen atoms in hydroxyl
and phosphate groups. Bond lengths were assigned to each edge by calculating the Euclidean distance
between bonded atoms, accounting for PBCs in the x and y-directions using the box dimensions parsed
from the simulation input. Filtering operations were applied to exclude atoms or structures based on
atom type or size, enabling targeted analysis such as the removal of hydrogen or bulk substrate atoms

from the results.

For multi-timestep simulations, bonded atom pairs were extracted at each timestep from ReaxFF bond
files, and atomic coordinates were obtained from the corresponding LAMMPS trajectory files. This
data was stored as dictionaries mapping atom IDs to Cartesian positions, knowing that atom identities
remained fixed throughout the simulation. As atom types in the ReaxFF bond files and LAMMPS dump
files may differ, atom types were cross-referenced against the original LAMMPS data file to maintain
consistency across all sources. At each timestep, molecular subgraphs were reconstructed using the
updated atom types, coordinates, and bond connectivity. Bond lengths were recalculated from atomic
positions using Euclidean distances, accounting for PBCs. Unique atom labels were extended as new
bonding environments appeared, including those involving surface interactions. Subgraphs were com-
pared to those from the previous timestep to identify bond-breaking and bond-forming events. Subgraph
membership for each atom was retained across timesteps, enabling the tracking of molecular identity
through reactions or fragmentation. A conditional depth-first search (DFS) was implemented to capture
extended interactions such as bonding between molecules and surfaces. This method expanded each
molecular subgraph by tracing connected atoms, with optional constraints to halt traversal at specified
node attributes, allowing targeted analysis of reactive structures. Bond length evolution was tracked over
time for each bond type identified through neighbour signatures. These values were stored and used to

analyse structural dynamics and reaction pathways throughout the simulation.

4.3 Results and Discussion

4.3.1 Nature of TCP Dissociation at Different Sliding Velocities

0 m/s 1m/s | 2.5m/s Sm/s | 10m/s | 20m/s | 30m/s | 50 m/s
Model
Exponential -0.1425 | -0.2779 | 0.4715 | 0.9182 | 0.9848 | 0.9745 | 0.9916 | 0.9918
First-Order -0.0884 | -0.0427 | 0.5109 | 0.9486 | 0.9926 | 0.9562 | 0.9839 | 0.6015
Second-Order | 0.4182 | 0.5500 | 0.9219 | 0.9006 | 0.8034 | 0.5778 | 0.3637 | 0.7747
Zero-Order -0.8737 | -1.1129 | -0.6147 | 0.2949 | 0.4951 | -0.5282 | -0.6688 | -2.1633

Table 4.1: R? values for the different fitting methods at 500 K, 5 GPa for DLC-Fe; O3 across the investi-
gated sliding speeds.
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Figure 4.2: Plots of different fitting methods used to determine the rate constant for the DLC-Fe,03
system at 1 m/s, 5 GPa, R? for each fit shown in the legend.

To quantify the rate constant of TCP dissociation under different sliding velocities, temperatures, and
pressures, four kinetic models were fitted to the amount of TCP molecules remaining intact over time
during the MD simulations: zero-order, first-order, second-order, and exponential decay. As the concen-
tration at the start of the production run can be counted directly, fits were constrained to start from the
initial known concentration. These rate constants were used to estimate decomposition rate constants

for subsequent analysis using the Bell and Arrhenius formulations.””

The zero-order model assumes a constant (linear) rate of decomposition, independent of the number of

remaining TCP molecules. The form of the zero-order model is given by:*!°

[A](1) = [A]o — kt, (4.1)

where [A](¢) is the number of intact TCP molecules at time 7, [A]o is the initial number, and & is the

rate constant. Previous experiments investigating the performance of ZDDP have suggested that the
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rate of tribofilm growth followed either zero-order or fractional-order kinetics.”>-6-314:420 Ag discussed
in the previous chapter, the observation of zero-order kinetics indicates that the rate-determining step
for tribofilm growth involves surface-adsorbed molecules,”® which masks the underlying first-order
kinetics.>** As the supply of TCP is finite in our simulations, the reaction cannot follow zero-order
kinetics indefinitely, unlike experimental conditions where a constant supply of the additive may be
entrained into the contact. This means that a change in kinetics should be expected as the number of

available reactant molecules and surface reactive sites decreases.

A first-order reaction proceeds at a rate that is directly proportional to the concentration of the reactant.

The form of the first-order rate law is given by:**!

In[A](t) = In[A]o — kt, 4.2)

where [A](¢) is the number of intact TCP molecules at time 7, [A]y is the initial number, and k is the
rate constant. First-order reactions are characterised by a constant half-life, independent of the initial
concentration, which reflects an exponential loss of reactant over time, which is likely given the finite
amount of TCP molecules available to react in our systems.?’” The exponential model is mathematically
equivalent to the first-order model but avoids linearisation, directly fitting to the intact TCP population
using:*??

[4](r) = [Aloexp(—kt). 4.3)

This form describes exponential decay, which arises when the rate of change is proportional to the
current quantity. In confined systems such as TCP between sliding surfaces, this behaviour indicates that
each molecule decomposes with a constant probability per unit time, independent of other molecules.
As such, good agreement with exponential or first-order models would suggest that TCP dissociation
under shear occurs predominantly through independent, thermally or mechanically activated events (e.g.,
SATA processes).

Second-order kinetics describe reactions where the decomposition rate depends on the square of the reac-
tant concentration or the product of two reactant concentrations. In its simplest form, for a unimolecular

second-order process, the fitting equation is:*>

1 1
T = —— +kt “4.4)
[Al(6) Ao -
where [A](¢) is the number of intact TCP molecules at time #, [A]y is the initial quantity, and k is the
second-order rate constant, with units of M~ s~! (M = mol/litre). In this model, the rate increases with
the square of the reactant concentration, so that a higher initial concentration leads to a faster rate of
decomposition. This form of kinetics typically arises in reactions involving bimolecular interactions or

cooperative processes such as surface-catalysed reactions involving two adsorbed species.*?*

As shown by Table 4.1, the best performing fitting method depends on the sliding velocity, and hence
shear stress applied to the system (Fig. 4.3 for variation in shear stress with sliding speed). At lower

speeds (0-2.5 m/s), the second-order model yields the highest R? values, suggesting that TCP decom-
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position under less shear is dominated by cooperative mechanisms between reactant species. In other
words, the good agreement with the second-order kinetics model would suggest that decomposition oc-
curs through collisions between TCP molecules or requires activation involving pairs of TCP molecules
or molecule—surface interactions.*>* However, as the sliding velocity increases and shear-driven dis-
sociation becomes dominant, the system transitions away from second-order kinetics, as observed in
the decreasing R> values for this model at higher velocities. At intermediate speeds (5-10 m/s), both
first-order and exponential fits perform well, indicating decomposition progresses more uniformly and
is increasingly dominated by single-molecule reactions. At the highest speeds (20-50 m/s), the exponen-
tial model consistently outperforms the others, implying that under strong shear, the reaction follows a
first-order decay with a constant probability of bond breaking. Such trends have also been seen in other
similar experimental and MD simulations.?’-88:271:410 Thjs trend was observed across all temperatures
studied and was consistent for both DLC-Fe, O3 and DLC—0-Fe systems, suggesting that shear stress is

the dominant factor governing the decomposition kinetics across different surface chemistries.

The Bell model” and its extensions are commonly used to describe force-dependent reaction kinetics in
systems where an applied mechanical force lowers the activation barrier.3® This framework is typically
applied to unimolecular events such as bond cleavage, where the reaction rate can be expressed as an
exponential function of the applied force. While the classical Bell model assumes a rigid energy barrier
and a constant activation volume, recent extensions have introduced second-order effects to account for
the force-induced deformation of the potential energy surface.*>> This extended-Bell model includes a
quadratic dependence of the activation energy on force or stress, as shown in Eq. (4.5), where E, (F)
is the force-dependent activation energy, Ey is the zero-force activation energy, F is the applied force,
Ax* is the activation length, and y; and xr are the curvatures of the initial and transition state potentials,

respectively.
2

F
Eu(F) = Eg— FAX* + 5 (X1 —xr) 4.5)

191

This approach is analogous to treatments in the Evans—Polanyi model”! and Marcus theory,*?® where the

energy landscapes are expanded as parabolas. In such models, the activation barrier is not only lowered

t,*27 in which the transition state shifts toward

by force but also reshaped, leading to the Hammond effec
the reactant state under increasing stress. This can be visualised as a compression of the x-axis in
Fig. 2.2. Calculation of y; and 7 would require techniques such as ab initio or DFT simulations, which
is beyond the scope of this study. The first-order Bell model (Eq. (2.2)) can still be applied to describe
systems such as ours which seemingly displaying second-order kinetics under low shear stresses. This
approximation is valid under several conditions: (i) the reaction is rate-limited by a unimolecular step,
such as the bond cleavage or surface adsorption of a single molecule; (ii) the applied force acts primarily
on a single species and aligns with the reaction coordinate; (iii) the deformation of the potential energy
surface under force is small such that higher-order corrections to the barrier shape are negligible, and (iv)
the reaction appears pseudo-first-order, for example when the surface acts as a constant, non-depleting
reactive partner.”> However, at higher applied forces, or in cases where changes in the curvature of the
energy landscape become significant, the extended-Bell model provides a more accurate description by

incorporating second-order effects.”>
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As discussed in Chapter 3, the primary TCP dissociation mechanism observed in those systems was
based on the adsorption of TCP to a surface followed by P-O bond cleavage where decomposition
also increased with temperature and system shear stress, satisfying requirement (i). Furthermore, we
also discussed that experimental studies of similar systems observed zero-order kinetics indicating that
the rate-determining step for tribofilm growth involves surface-adsorbed molecules,”® which masks the
underlying first-order kinetics,>** suggesting that requirement (iv) is most likely the case in our systems.
No works seem to have investigated changes in the potential energy surface of TCP under different
stresses, however, a study by Liu et al. showed that applied shear stress leads to conformational changes
in PFPE lubricant molecules confined and sheared between ferrous surfaces, increasing their potential
energy due to bond deformation.*”® They applied a constant velocity of 100 m/s and applied normal loads
up to 2 GPa, observing changes of up to 75 eV in the potential energy increment between applied normal
loads of 300 MPa and 1000 MPa. The shear stresses in these systems were not reported so we cannot
know how large a difference in shear stress there was between these conditions, however, these findings
do seem to suggest that application of even small shear stresses to a system like ours would cause a non-
negligible change in the PES, violating requirement (iii). Further work could calculate of the potential
energy surface without and without applied stress (e.g., via DFT) to remove ambiguity. Finally, for
requirement (ii) to be fully satisfied in our case, the applied shear stress needs to predominantly act on
a single species (i.e., a single bond type) aligned to the direction of applied stress.*?” In other words,
we should see bond stretching of P-O bonds primarily in the x-axis of our systems; this is investigated

below.

4.3.2 Sliding Velocity Effects on Shear Stress
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Figure 4.3: Average variation in shear stress over time for different sliding speeds for (a) DLC-Fe,03
and (b) DLC-a-Fe(110).

Fig. 4.3 shows the average evolution of shear stress at different sliding speeds for the DLC-Fe, O3 and
DLC-a-Fe(110) systems, at 5 GPa, across the different temperatures (300 K - 600 K), where the shaded
region shows 1-0 variation across temperatures. Shear stress in the system is calculated by measuring
the total lateral force acting on the fixed bottom surface in the direction of sliding, where force is divided
by the surface area to obtain the shear stress. At 0 m/s, although the system is subject to a purely com-

pressive load in the z-direction, non-zero shear stress values are still observed. This stress anisotropy is
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expected for uniaxial compression under applied normal stress.*** The periodic boundaries allow lateral
translation of the system, so transient shear stresses can develop without an imposed shear deformation.
Additionally, we compute the absolute magnitude of the shear stress, meaning that instantaneous fluctu-
ations in both positive and negative directions are treated equally. As a result, the average shear stress

over time may be closer to zero than appears in the plot.

As illustrated by Fig. 4.3, the shear stress increases with sliding time, before plateauing towards a
constant value. Faster sliding velocities take less time to reach a non-equilibrium steady state. In-
creased sliding speeds result in increased steady state shear stresses, as expected for boundary-lubricated
systems.**! Above approximately 20 m/s, there is a saturation in the shear stress. The observed satura-
tion likely indicates the onset of a dynamic equilibrium at the sliding interface, where further increases
in sliding velocity do not lead to proportional rises in resistance. This is probably because the molecules
at the surface have reorganised into a more energetically favourable configuration with less resistance to
sliding. This behaviour aligns with findings the study by Heyes et al.**> who used molecular dynamics
simulations to show that simple liquids under large shear rates exhibit structural layering aligned with
the shear direction. Such rearrangement facilitates flow by reducing shear viscosity, thereby allowing

the system to accommodate increasing deformation without significant rises in internal stress.*>>

For the iron systems, a modest reduction in shear stress is observed at higher velocities (30 and 50 m/s)
as the simulations progress. One plausible explanation is the enhanced formation of tribofilms at these
speeds on the iron surface, a process that could be accelerated more by the reactive &-Fe(110) surface
(Fig. 3.10) than the for iron oxide. This is discussed in more detail in for these systems in Section 4.3.4).
Shear thinning behaviour under higher strain rates caused by the higher sliding speeds may also con-
tribute to reduced shear stress at these conditions.*>3 The magnitude of shear stress also differs between
iron and iron oxide surfaces at comparable speeds, with consistently higher values observed on iron.
This behaviour is most likely attributed to the stronger adhesion of TCP molecules on iron than iron
oxide due to its higher surface energy and chemical reactivity. This is reflected by the higher Derjaguin

offsets shown by the bare iron surfaces compared to iron oxide surfaces (Table A.3).%8!

4.3.3 Sliding Speed Effects on TCP Dissociation

Fig. 4.4 shows a comparison of TCP dissociation at 5 GPa at different temperatures for the a) DLC-o-
Fe(110) and b) DLC-Fe, 03 systems at 10 m/s, using an exponential fitting function (Eq. (4.3)). Fig. B.2
and Fig. B.3 show the TCP dissociation curves using exponential fits at 5 GPa for the different tem-
peratures and sliding speeds investigated for the DLC-o-Fe(110) and DLC-Fe,O3 systems respectively.
As shown by Fig. 4.4, there is slightly greater TCP dissociation in the DLC-a-Fe(110) systems than
the DLC-Fe, O3 systems across all sliding speeds, although this difference is not as pronounced as the
difference in dissociation between the a-Fe(110) and the Fe;O4 surfaces observed in Section 3.3.2. As
discussed in Section 3.3.2, the difference in TCP dissociation between the different systems is most
likely due to the higher surface energy and adhesion strength of TCP molecules on iron compared to
iron oxide. This is demonstrated by Fig. 4.3, where the shear stresses are higher at all speeds in the
DLC-a-Fe(110) systems. DFT studies have found that the surface energy of o-Fe,O3(0001) to be be-
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Figure 4.4: Comparison of TCP molecule decomposition at 5 GPa at different temperatures for a) DLC-
a-Fe(110) and b) DLC-Fe,O3 at 10 m/s.

tween 1.78 and 2.4 J m~2,%3*435 much closer to reported surface energy values of the «-Fe(110) (also
2.4 T m~2), 3! potentially explaining why dissociation rates are more similar at comparable conditions

for these two surfaces.
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Figure 4.5: Comparison of TCP molecule decomposition at 5 GPa at different sliding speeds for a)
DLC-a-Fe(110) and b) DLC-Fe;03.

As shown by Fig. B.6, there is noticeable TCP dissociation when there is no sliding speed applied
to the top surface (negligible shear stress). This behaviour could be attributed to a couple of different
factors. The presence of normal load may increase the local pressure at the interfaces, which may induce
mechanical deformation and expose reactive surface sites to catalyse the dissociation of TCP. This effect
is closely linked to the contact stiffness of the materials involved, which depends on their elastic moduli
(as discussed in Section 3.3.6). Stiffer interfaces such as those in the studied systems can exhibit contact
stiffness high enough that there is localised stress transmission to the molecules.**® This concentrated
stress can stretch molecular bonds as shown by Fig. 4.8 and Fig. B.5, and lower the activation energy
required for dissociation by promoting bond cleavage. Nevertheless, the rates of dissociation under

normal stress only are lower than those where shear stress is applied.
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Temperature o-Fe (AY) o-Fe, 03 (A3)
300 K 6.492 +3.88 | 4.540 £ 2.50
400 K 7.197 £3.30 | 4.697 £ 2.61
500 K 8.607 £2.75 | 6.432 +2.53
600 K 9.889 £3.56 | 7.331 £2.71

Table 4.2: Activation Volumes for a-Fe and a-Fe,O3 systems at different temperatures at 10 m/s, cal-
culated from simulations performed at temperatures ranging from 300 K to 600 K in 100 K intervals,
under varying normal pressures (2-10 GPa with 2 GPa intervals).

To calculate activation energies and pre-exponential factors using Eq. (2.2), an appropriate activation
volume is required. As discussed in Section 3.3.6, to calculate the relevant activation volume for each
sliding speed, we would need to perform simulations for a range of pressures at each of the studied
temperatures for each sliding speed. The computational expense of these simulations makes such an
approach impractical. Hence, we selected a single sliding speed (10 m/s) as a reference condition and
performed simulations at multiple temperatures ranging from 300 K to 600 K, under varying normal
pressures (2-10 GPa with 2 GPa intervals). For this speed, the average shear stress across the tempera-
ture range was used to represent the mechanical load, which, as shown by Fig. 4.3, remains in the same
order of magnitude across all temperatures for all the sliding speeds in both systems. Activation volumes
were then calculated at each temperature based on the temperature-dependent dissociation rate constants
and the average shear stress. The resulting activation volumes were subsequently used to calculate acti-
vation energies and pre-exponential prefactors across the range of studied sliding speeds at the relevant
temperatures. Given that the molecular-scale deformation and bond-breaking mechanisms of TCP are
affected by local stresses rather than global shear stress (see Section 4.3.4 for more discussion), we pos-
tulate that the extracted activation volume remains valid for systems with comparable stress magnitudes.
The alternative of using an average temperature to calculate a single activation volume from the different

sliding speeds would overlook the non-linear dependence of the reaction rates on temperature.

Table 4.2 show the calculated activation volumes. The activation volumes are slightly higher for the
DLC-a-Fe systems compared to the o-Fe,O3 systems, and are roughly comparable to those of the o-Fe
values from Chapter 3 (Table A.4). The activation volume has been shown to span several orders of mag-
nitude across different studies, ranging from about 0.2 A3 to 53 A3 for tribofilm growth of ZDDP.*20-437
This variation does not seem to result from differences in measurement scales or molecular species.?’:
438 The AV* can depend on the direction of sliding in relation to the crystallographic orientation of the
surface, %% hence, for the same molecule, AV* can vary based on the reactivity of the substrate. There
are several interpretations of AV* including relating it to the size of atoms, ions, or bonds.’%-441:442 Other

studies which have found larger values of AV* relate it to molecular size,?:+*8

such as the product of
the area of a molecule and the distance over which force is applied.”’”® Another view, often used in con-
junction with molecular dynamics simulations, connects AV* to the change in volume or bond length of
molecules as they deform from their thermal equilibrium shape.?83-286:443 Taking the latter interpreta-
tion, the positive sign of the measured activation volumes suggests that the dissociation mechanisms in

these systems are shear-driven rather than compression-driven.>** Furthermore, the increase in magni-
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tude of these values with temperature suggest that higher temperature aids the TCP dissociation process.
Whereas the higher activation volumes for the o-Fe compared to the -Fe, O3 implies that stronger ad-
hesion on iron promotes greater molecular deformation during TCP dissociation, leading to increased

bond stretching or molecular volume expansion in the transition state.
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Figure 4.6: Comparison of Arrhenius and Bell model activation energies across the studied sliding
speeds for a) &x-Fe and b) a-Fe, O3 systems. Fit of the logarithm of the activation energy to the sliding
speeds used in this study, extrapolated to order of magnitude of sliding speeds used in experiments for
¢) a-Fe and d) a-Fe, O3 systems.

Fig. 4.6a and Fig. 4.6b shows a comparison of Arrhenius and Bell model activation energies for the o-
Fe(110) and Fe,O3 systems, while Appendix B shows the calculated Arrhenius activation energies for
each speed, and pre-exponential factor values. Appendix B shows the average Bell activation energies
for each speed for both systems. The Arrhenius activation energy is calculated from the slope of the 2D
fits to the natural logarithm of the rate constants versus the inverse of temperature while pre-exponential
factors are taken from the y-intercepts of these slopes, as illustrated by Fig. 4.5.*** To calculate the
Bell activation energies, we use the measured shear stresses for each system in Eq. (2.1) rather than
the normal stress. For TCP decomposition in the DLC-o-Fe(110) system, Arrhenius E, decreases with
increasing sliding speed (and hence shear stress) from 13.2 to 1.54 kJ/mol, while Arrhenius E, decreases

from 13.66 to 5.23 kJ/mol in the DLC-a-Fe,O3 systems. Average Bell E, decreases with increasing
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sliding speed from 12.74 to 0.76 kJ/mol in the DLC--Fe(110) system, while average Bell E, decreases
from 13.26 to 4.43 kJ/mol in the DLC--Fe, O3 systems, providing further evidence that, as sliding
speed increases, shear stress becomes the dominant driver of reaction. The lower activation energies
observed for the DLC-a-Fe(110) systems compared to those calculated for the a-Fe(110) at a similar
condition (24.3 kJ/mol at 10 m/s) systems in Chapter 3 may be attributed to a higher concentration
of TCP molecules at the interface. Increased molecular concentration enhances surface coverage and
the likelihood of reactive configurations, facilitating decomposition and therefore lowering the apparent
activation energy. However, the use of 90 TCP molecules in the DLC-a-Fe(110) systems, compared to
only 48 in the -Fe(110) systems, may also result in improved statistical sampling. Thus, the reduced

activation energies may reflect better sampling rather than intrinsic differences in system reactivity.

As sliding speed increases, we postulate that the rate at which mechanical forces are applied to molecu-
lar bonds rises, resulting in a higher frequency of activation attempts. In other words, at higher sliding
speeds, the contact covers a greater sliding distance over the same time period leading to more oppor-
tunities for the relevant bonds to be cleaved due to the applied shear stress component. This interpre-

tation is supported by a recent study conducted by Rana et al.**

which extended the Evans-Polanyi
perturbation theory’! to quantify how normal and shear stresses influence tribochemical reaction rates
at sliding interfaces. The authors investigated the shear-induced decomposition of ethyl thiolate species
adsorbed on a Cu(100) single crystal surface using AFM under ultra-high vacuum conditions, finding
that the y-intercept of a linear fit of the dissociation rate constant of the thiolate species across differ-
ent shear stresses is higher than the dissociation rate constant from thermal decomposition only.**> In
other words, applied shear stress still lowers the activation energy even in the absence of an applied
normal force. Their results demonstrate that the effective activation energy under shear is not solely
governed by mechanical loading but also by changes in the intrinsic kinetics, resulting in an asymptotic
rate constant that increases with sliding speed. This also aligns with the observed trends in the pre-
exponential factors, where both systems have a general trend of increasing with sliding speed, and are
generally comparable in magnitude between the two ferrous surfaces. Furthermore, increased thermal
agitation at the sliding interface contributes to an enhanced reaction rate. This thermal agitation arises
from frictional heating generated by the relative motion between the non-bonded TCP molecules and the
ferrous surface, resulting in localised temperature increases that help overcome activation energy barri-
ers. Indeed, at the lowest sliding speed, we see maximum increases in temperature of 2% from the target
temperature, compared to 6% at the highest sliding speed. The greater reduction in activation energy for
TCP decomposition on ¢-Fe compared to Fe,O3 with increasing sliding speed suggests higher stress
sensitivity for this surface. This again could be attributed to stronger adhesion and surface reactivity of
a-Fe, which leads to stronger molecular bonding to the -Fe surface, facilitating more effective stress

transfer to reactive bonds, lowering the energy barrier more significantly than on a-Fe;03.27!

A previous experimental study suggested that the thermal activation energy for TCP decomposition
on stainless steel is approximately 60 kJ/mol.**> This is close to the value obtained for our systems
when extrapolated to experimentally-accessible sliding velocities (40-60 kJ/mol). In-situ ball-on-disc
experiments conducted at 25 °C and 60 °C with a load of 14 N at a sliding speed of 5x10~> m/s, estimated
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the activation energy for TCP decomposition on an iron substrate as 6.3 kJ/mol.?>* The ball was made
from aluminium and the disk made from germanium and coated with a 20 mm thick iron layer.’>*
Using Hertzian contact theory,**® with estimated values for the elastic modulus and Poisson ratios for

447,448

aluminium and iron, we estimate that the normal load present in this system is approximately 0.7

GPa, while the estimated maximum shear stress 1s 0.22 GPa.

Comparison of NEMD results to experimental data remains challenging due to the significant differences
in spatial and temporal scales between simulations and experiments.'®28 To facilitate direct comparison
between experimental activation energy calculated by Sasaki et al.*>* and our simulations, we perform a
fit of the logarithm of the activation energy to the sliding speed, as illustrated by Fig. 4.6c and Fig. 4.6d
for the a-Fe(110) and Fe,O3 systems respectively. At the relevant speed (5x107> m/s), this extrapola-
tion predicts an activation energy of approximately 50 kJ/mol for the DLC-a-Fe(110) and 37.5 kJ/mol
for the DLC-Fe, O3 systems. While the extrapolated value for the DLC--Fe(110) shows a near 10-fold
over-prediction compared to the reported experimental values, the experimental prediction is only based
on two temperatures, meaning that there could be a considerable amount of uncertainty in the reported
value. Furthermore, the chemical inertness of the DLC surface may reduce the amount of TCP dissocia-
tion compared to the aluminium-iron interface in the experiments, causing the higher activation energies.
Second-order effects can may explain why linear extrapolation of measured reaction rates/activation en-
ergies to the nearer zero-stress limit fails to reproduce the experimentally observed activation energy
of the reaction.'® However, such extrapolations require large assumptions and introduce significant un-
certainty in estimating the near zero-stress rate, such as in our case where we extrapolate across five
orders of magnitude in sliding velocity. Therefore, it is often difficult to definitively determine whether

second-order effects are present.'6

4.3.4 Sliding Speed Effects on Polyphosphate Formation and TCP Bond Lengths
Polyphosphate Growth

Fig. 4.7 shows the time-dependent evolution of polyphosphate chain length at selected sliding speeds at
5 GPa for the DLC-Fe, O3 systems, while Fig. B.4 shows the same for the DLC--Fe(110) systems. As
shown in the figures, both systems exhibit an increase in the number and length of formed polyphosphate
chains with increasing sliding speed. For example, at 1 m/s in the DLC-oa-Fe(110) system, no pentamers
(polyphosphate chains with at least 5 P atoms present) are formed, whereas as many as 9 pentamers (or
polyphosphate chains of even greater length) are formed in the 50 m/s simulations. At lower speeds,
polyphosphates comprising 2-3 monomers are most prevalent, similar to a previous study finding that
tribofilms formed by ZDPP possess an average chain length of 2.5 phosphate groups.*! It should noted
that TCP forms thinner tribofilms than ZDDP and takes longer to grow.?’’ However, at higher speeds
(>20 m/s), for both surfaces, polyphosphates with 5 or more P atoms start to become more prevalent, with
polyphosphates containing up to 18 P atoms forming at the highest speed in the DLC-o-Fe(110) system.
The formation of longer polyphosphate chains at higher sliding speeds suggests that the increased shear
stress at higher sliding speeds, and the associated greater dissociation of the TCP molecules, results in

a higher concentration of reactive fragments that can participate in tribofilm formation. Additionally,
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Figure 4.7: Time evolution of polyphosphate formation at 500 K and 5GPa, for various sliding speeds
for DLC-Fe, O3 system.

the higher sliding speeds may facilitate greater mobility and transport of these reactive species within
the system, enabling the formation of longer polyphosphate chains. This is supported by the observed
increase in polyphosphate chain length in both the DLC-Fe;O3 and DLC—a-Fe(110) systems, despite

the relatively small increases in measured shear stresses at speeds above 10 m/s (Fig. 4.3).

Similar to the observed polyphosphate film formation trends observed in Chapter 3, most sliding speed

conditions show a consistent pattern in which the total number of polyphosphate chains stabilises be-
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tween 18 and 25. However, at the highest sliding speeds, the number of polyphosphate chains present
in the later stages of the simulation counterintuitively decreases, such as at the 50 m/s condition for
the DLC-a-Fe(110) system, where the total number of polyphosphates drops below 15. This behaviour
suggests that the formation of polyphosphate films in these simulations could be constrained by the
finite supply of TCP molecules available for reaction rather than by any inherent chemical limitation
on chain growth. Notably, the DLC—¢-Fe(110) system consistently forms longer polyphosphate chains
more quickly than the DLC-Fe,;O3 systems at comparable sliding speeds. This quicker formation of
longer polyphosphate chains in the DLC—¢-Fe(110) systems can be attributed to the greater chemical
reactivity of the o-Fe(110) surface, where iron atoms are more readily available to catalyse tribofilm
formation.”8”-#* These results are consistent with previous studies which have shown that ferrous sur-
faces promote the formation of iron-containing phosphate or polyphosphate films, while such films do
not form as freely on inert substrates such as SiC or Si3Ny, highlighting the essential catalytic role of

the metal surface.*0-41

TCP Bond Length Distributions

Two primary mechanisms have been proposed to explain the dissociation of TCP and the subsequent
formation of anti-wear tribofilms.?8”-34 In the first mechanism, the anti-wear performance is attributed
to the generation of phosphoric acid following the cleavage of the C-O bonds connecting the phos-
phate core to the aryl (tolyl) groups, resulting in the formation of iron phosphate films.?*3-?>3 Several
variations of this mechanism have been proposed. In one case, the tolyl groups adsorb onto the iron
surface before being released as toluene, leaving reactive phosphate species behind. In another, the tolyl
groups are removed directly without surface adsorption. A third variation suggests that hydrogen atoms
released during toluene formation remain on the surface. Finally, some pathways propose that the aryl
groups are retained entirely, resulting in a phosphate precursor still fully substituted with tolyl groups.>*’
The second mechanism involves thermal decomposition through the cleavage of P-O bonds within the
phosphate core of TCP. This pathway results in the formation of methylphenoxy intermediates and the
subsequent release of cresol. One variant proposes that cresol is released sequentially after each P-O
bond is broken, while another suggests that all P-O bonds cleave first, followed by a collective release
of the cresol groups.??®-3% In both cases, the phosphorus and oxygen residues facilitate the growth of
a protective phosphate layer on the surface. For both mechanisms, the cleavage of either the C-O or
P-O bonds is preceded by bond elongation as this stretching weakens the bond and lowers the activa-

tion energy required for dissociation,*>>

making these bonds more reactive, thus serving as a key initial
step in the decomposition of TCP.*>* To investigate the effect of applied stress on bond elongation, we
measure the variation in bond length of the P-O single bonds, C-O single bonds, and P-O double bonds
across the studied sliding speeds and at different normal pressures. The bond length distributions from

the equilibration phase (at 300 K and 10 MPa normal load) are also included as a benchmark.

Fig. 4.8 shows a box plot comparison of bond length distributions across all the TCP molecules as a
function of sliding speed for the DLC-Fe, O3 and DLC-x-Fe(110) systems for the P-O single bonds,
C-O single bonds, and P-O double bonds at 500 K and 5 GPa normal load. Fig. B.5 shows a box plot
comparison of the same bond distributions as a function of different normal pressures at 500 K and a

85



3.0 3.0
2 8 : : Mean 2 8 o @ T Mean
< 2.6 PR o Length (4) 2.6 e Length (4)
£24) ., =u% g240 § s =
0221 4 19114 [S )8 B 2 18854
CIC) mm 19594 CIC) mm 19404
2.0 8 == 20144 2.0 == 20414
218 ) =i sl .
16/ : =oot 816 E |z
1.4{ ° ' 1.4 '
1.2 1.2
N.Q 0 9 Q9 O O O O N QO 0 © Q9 O O O O
Speed (m/s) Speed (m/s)
(a) Single P-O Bonds DLC-Fe; 03 (b) Single P-O Bonds DLC-«-Fe(110)
3.0 5 3.0 5 o 3
5 ° ° 8 8
2.8 7 § @ Mean 2.8 i ! § g g g Mean
o 2.6 Rt Length )  oF 2.6 5 ® | Length )
£ 24 o S g4 ° i e e
o 5394 o ® ° ° 5624
222 D 222 e g g s o s
2.0 = 15374 2.0 s $ = 15714
218 HZom| Tisbr bt =
Sioptiididid ZB Seddl Ll
1.44 ° 0 ¢ 1.41 8
8
1.2 1.2
N ,0 9 90 O O O NO,0 9 O O O O
Q, Q‘ \' r\,. (,). '\9. ’19‘ ,))Q‘ (,)Q Q/ Q‘ \' r\,. (,). '\9. ’19‘ O)Q‘ <°Q
Speed (m/s) Speed (m/s)
¢c) C- onds -Fe, 03 - onds -a-Fe
(c) C-O Bonds DLC-Fe, O (d) C-O Bonds DLC-a-Fe(110)
3.0 3.0
2.8 2.8 o
Mean Mean
< 2.6 i Length (4) < 2.6 Length (4)
£24 S g4 =
o 7344 [=)] 6644
222§ j S 2220 =
— 20 18624 — 20 ; mm 18914
218 =i Eis =
m 16 i mm 21174 m 16 i : Z mm 21224
21104 pe 3 21574
1.4 1.4
1.2 1.2
N0 .0 9 Q9 O O O O N0 .0 H$ O O O O O
Speed (m/s) Speed (m/s)
(e) Double P-O Bonds DLC-Fe, 03 (f) Double P-O Bonds DLC-x-Fe(110)

Figure 4.8: Comparison of bond length distributions as a function of sliding speed between DLC-Fe, 03
and DLC-a-Fe(110) systems for selected bond types. Mean length shown by green diamonds.

constant sliding speed of 10 m/s. These bond length values are calculated by taking the average length
of the relevant bond(s) from each TCP molecule 50 ps before that bond is permanently cleaved (i.e.,
remains broken for greater than 50 ps after the initial break is detected), or if the relevant bond(s) do
not break during the production run, the average length of the relevant bond(s) 50 ps before the end
of the production run.*'® The average bond lengths of the P-O single bonds, C-O single bonds, and
P-O double in the equilibrium phase for both systems are approximately 1.74 A, 1.55 A and 1.55 A

86



respectively. Previous experiments have estimated C-O bond length to generally be 1.43 A,** but can
be expected to be in the region of 1.50 A for C-O bonds in organophosphates like TCP.*>* Other studies
have observed a bond length of 1.52 A for P-O double bonds and 1.66 A for P-O single bonds.*37-43
Thus, while the average bond lengths for the C-O single bonds and P-O double bonds are consistent with
literature, the average lengths of the P-O single bonds seem to be overestimated. As these bond lengths
are measured at 500 K, and it is known that elevated temperatures lead to greater bond lengths as the
amplitude of atomic vibration at the equilibrium position increases,*’ this overestimation could be due
to the elevated temperatures in the simulations compared to the temperatures that these experimental

bond lengths are reported for.

As shown by Fig. 4.8, we observe significant increases in average bond lengths for both the P-O single
and double bonds increase with increasing sliding speed, in both the DLC-Fe; O3 and DLC-a-Fe(110)
systems, while the average bond-lengths of the C-O single bonds stay relatively unchanged. Notably,
at O m/s (5 GPa normal load) there is an increase in the average bond length of the P-O single and
double bonds compared to the equilibrium condition, counterintuitively suggesting that the application
of compressive force alone can cause some bond stretching. However, as shown by Fig. B.5, varying the
normal load does not lead to a significant increase in average bond lengths even at normal pressures of 10
GPa. There is some stretching of individual P-O single bonds in both systems in the absence of applied
sliding, likely due to localised effects such as molecular reorientation due to uneven stress distributions
in the bulk. The greater elongation of P-O bonds compared to C—O bonds provides further evidence
that TCP dissociation is primarily driven by P-O bond cleavage, consistent with our prior study.?’! The
observed larger elongation in P-O bonds compared to C—O bonds can be attributed to differences in bond
energy, orbital overlap, and delocalisation. Previous studies have found that the P-O single bond has an
average bond energy of 335 kJ/mol, the P-O double bond an energy of 544 kJ/mol, and the C-O single
bond an energy of 358 kJ/mol.*%:43%:460 Although the P-O double bond is the strongest among them,
several factors make P-O bonds in the phosphate group susceptible to elongation. One major factor is the
orbital-size mismatch as phosphorus possesses diffuse 3p orbitals, while oxygen possesses compact 2p
orbitals, resulting in poor overlap and a bond that is more polarisable and flexible.*¢!-*%> In contrast, the
C-O bond benefits from 2p-2p overlap and is therefore less polarisable and more resistant to elongation,
despite only a modest difference in bond energy compared to the P-O single bond. Additionally, in
phosphate esters like TCP, the electronic structure is best described as a resonance hybrid involving
delocalisation of 7-electrons over multiple oxygen atoms, implying that no P-O bond is purely double

or purely single.*%3

As a result, partial double-bond character is distributed across all P-O bonds, and
this delocalisation allows even the formally strongest P-O double bond to stretch significantly under
thermal or mechanical stress. In ReaxFF simulations, where one P-O bond is explicitly designated as a
double bond, it is important to recognise that this assignment is an approximation of a more complex
electronic structure. Elongation of this labelled double bond is therefore not inconsistent with its higher

bond energy.
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4.4 Conclusions

We have investigated the mechanochemical decomposition of TCP molecules confined between DLC-¢:-
Fe(110) and DLC-Fe;0s3 interfaces using NEMD simulations with ReaxFF. The decomposition kinetics
were quantified across a wide range of sliding speeds and temperatures under a constant normal pressure
of 5 GPa. Four kinetic models were applied to the MD data, revealing that TCP decomposition transi-
tions from second-order to first-order/exponential behaviour with increasing sliding speed, indicating a
shift from cooperative to unimolecular shear-driven mechanisms. Exponential fits best described high-

speed dissociation, suggesting a stochastic process governed by constant bond-breaking probability.

Shear stress was found to increase with sliding speed until saturation above 20 m/s, consistent with in-
terfacial reorganisation. Activation volumes extracted from pressure-dependent simulations at 10 m/s
revealed temperature-dependent increases and were consistently higher for o-Fe(110), implying more
effective stress transfer on this more reactive surface. Rate constants derived from the simulations en-
abled estimation of Bell and Arrhenius parameters. The Bell activation energies decreased with increas-
ing sliding speed, confirming shear-assisted thermal activation (SATA) as the dominant mechanism.
The extrapolated activation energies were comparable to those reported experimentally for iron-based

surfaces under low shear conditions.

Polyphosphate chain growth was more extensive and rapid on «-Fe(110) surfaces compared to ¢¢-Fe; O3,
with chain lengths reaching up to 18 P atoms at 50 m/s, likely driven by increased molecular fragmen-
tation and enhanced mobility of reactive intermediates at high speeds. Bond-length analysis revealed
that P-O bonds experienced greater elongation under shear than C—O bonds, consistent with preferential
P-O bond cleavage in TCP dissociation. These trends were more pronounced on iron due to stronger

adsorption and surface interaction.

Overall, the simulations show that TCP decomposition is strongly dependent on shear stress, with sur-
face chemistry influencing both kinetics and tribofilm formation. The results further underscore the
relevance of surface reactivity for tribofilm growth and highlight the importance of shear-induced ef-

fects in mechanochemical additive performance.

Similar to the findings of Chapter 3, these results support the overall research goal by further developing
our understanding of the stress-based mechanisms of additive decomposition across realistic tribolog-
ical conditions, again providing a foundation for future predictive modelling of additive behaviour in

different industrially-relevant environments.
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Chapter 5

A Comparison of Molecular Dynamics
and Machine Learning Techniques for The
Prediction of Lubricant Transport
Properties

In this chapter, the effectiveness of machine learning (ML) and molecular dynamics (MD) approaches
for predicting key transport properties of hydrocarbons relevant to lubricant base oil design is assessed.
Different ML models and molecular representations are benchmarked, and their predictions compared to
MD simulations using a range of force fields, with the aim of identifying reliable and efficient methods
for estimating properties such as viscosity, density, and thermal conductivity. ML model generalisation
to novel chemical structures outside the training distribution is evaluated, and the limitations of using
MD-generated data to train ML models is explored. This work contributes to the broader goal of enabling
data-driven design and screening of new base oil candidates for advanced lubricant formulations. The
insights are agnostic of chemistry, meaning the methods and insights of this study could also be applied

to the characterisation of lubricant additives, such as those studied in Chapters 3 & 4.

5.1 Introduction

The accurate prediction of the thermophysical properties of hydrocarbons such as the density, viscosity,
and thermal conductivity are important for a wide range of industries, including oil and gas, chemicals,
and pharmaceuticals.***4% Here, the lack of reliable data is one of the largest stumbling blocks in ratio-
nal molecular, formulation, and process design.?%-#64:465:46 Eor example, lubricants are required to ad-
here to strict viscosity limits across a wide temperature range,*®” however, for the hydrocarbon molecules
of relevance to automotive and aerospace applications (C10-Csp), 08 viscosity-temperature data is still
lacking. Viscosity data are available for many normal alkanes up to ~Cj4, but data availability for

branched alkanes, cyclic hydrocarbons, aromatics, alkylated saturated cyclic hydrocarbons, and alky-
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lated aromatics is much more sparse.**” It is often possible to interpolate between missing entries with
calculated predictions using a reliable equation of state, such as the perturbed chain-statistical associat-
ing fluid theory (PC-SAFT).*’? Several other predictive models are available for pure hydrocarbons,*’!
with the most promising being group contribution and particularly entropy scaling methods.*’>#”* Quan-
titative structure-property relationship (QSPR) models*’4:473-476:477.478 have also been identified that are
capable of predicting the viscosity of organic liquids. The main problem with all of these methods is
their low transferability, with predictive performance being poor outside the molecules and conditions
for which experimental data are available.*’® Thus, they are not always suitable for extrapolation beyond

the experimentally gathered dataset to new molecules or conditions.

Over the last few decades, MD simulations have been established as a useful tool for predicting thermo-
physical properties and generating datasets.*3":#81:482 Unlike the modelling methods above, MD simu-
lations can be used to accurately predict the properties of any organic liquid, provided that the molec-
ular structure is known and a suitable force field is available.*3%43* MD simulations are now routinely
used to calculate the shear viscosity of single-component, '93-139:485.486 hinary mixtures,*87,488,489,490,491
and multi-component**?-493:4% hydrocarbon fluids with high accuracy over a wide range of conditions.
In most cases, however, these simulations have been restricted to small molecules, typically linear or
branched alkanes, due to several limiting factors. Accurate MD simulations are computationally in-
tensive, requiring long simulation times and significant computational resources to produce statistically
reliable results, as simulating large, flexible, or highly cyclic molecules introduces further complexity
due to slow conformational sampling and increased system size.*>> The accuracy of MD predictions
also depends heavily on the quality of the force field used, which must be carefully parameterised for

the specific class of molecules under study, limiting generalisability.**®

In recent years, machine learning has also emerged as a useful to tool with which to predict the thermo-
physical properties of pure organic liquids and their mixtures.**’ Accurate viscosity prediction has been

achieved using ML models, such as neural-networks for single-component,*8-49%,500,501,502,503,504 1;_

nary mixtures,’® and multicomponent>”

organic liquids. ML methods have also successfully been used
to predict the viscosity of ionic liquids®®® and deep eutectic solvents.”” As with QSPR models, ML
model accuracy remains at the mercy of accurate training data availability, with small, sparse or noisy
datasets all having adverse effects on model accuracy.??> Multitask learning offers a potential solution to
data scarcity by leveraging shared information across related property prediction tasks.””® Some studies
have combined MD and ML by using dynamic descriptors from the MD simulations to improve ML
predictions.?!-?40 MD has also been used to generate datasets to train ML models.’*’->!? Both MD>!!
and ML>!? been considered for this purpose for a long time, but only recent advances in hardware and

software have made this type of study feasible.

As with QSPR and MD methods, ML methods also struggle to generalise beyond the domain of the
training set. Recent studies have began benchmarking models on their OOD performance in differ-
ent chemical domains®'? and proposing methods to improve OOD performance, such as synthetic data
generation.’'* For example, Omee et al.’'> evaluated multiple GNN models on structure-based OOD

516 r

materials property prediction tasks taken from the MatBench suite of benchmarking datasets, e-
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vealing that no single model achieved consistent state-of-the-art performance across all datasets or OOD
scenarios.’'> Other studies have made attempts to classify inputs to deep learning models as OOD or not,
in order to determine how much confidence should be placed in ML model outputs.>'7->!® Hendrycks and

1519

Gimpel>"” proposed a method of detecting classification errors and OOD inputs using softmax predic-

tion probabilities, showing that while softmax outputs are imperfect indicators of model confidence, they
can still effectively distinguish between correct and incorrect or in- and out-of-distribution examples.>!”
Even with more attention being paid to this problem, model OOD generalisation and characterisation
remains an open problem, and there is currently no consensus on reliable strategies to assess or improve

model performance when extrapolating to new molecules.

The choice of ML algorithm also plays a significant role in determining model accuracy and gener-
alisability. Several benchmarking studies have assessed the performance of ML models for molecular
property prediction.’'® While some benchmark studies have found that message passing neural networks
(MPNNSs) achieve state-of-the-art performance on property regression tasks for datasets such as QM9

and lipophilicity?40-320

, other studies report that descriptor-based models such as support vector ma-
chines (SVMs) and XGBoost?*’ often outperform graph neural networks for certain molecular property
prediction tasks. Notwithstanding the lack of consensus regarding the preferred property prediction ar-

321,522 and do not

chitecture, these benchmark datasets are more geared towards drug-like compounds
contain many lubricant-like hydrocarbons, which typically feature larger, more flexible aliphatic chains
and are likely governed by different structure-property relationships. To our knowledge, no studies have
benchmarked a range of ML algorithms for the prediction of lubricant-like hydrocarbons of industrial

interest in the contexts of OOD performance, sparse experimental data and simulation-derived datasets.

The choice of molecular representation has a direct impact on model performance and reliability. An
effective molecular representation should correlate strongly with at least one target property and be
capable of distinguishing between isomers. It should reflect local structural features of the molecule
and be constructed in a way that is simple, interpretable, and independent of experimental measure-
ments. Furthermore, good representations should also be non-redundant, meaning they do not encode
trivial relationships with other descriptors, and should be easy to compute from the molecular struc-
ture. In addition, they should vary smoothly when small changes are made to the molecular structure,
allowing models to capture continuous structure—property relationships.”>® Additionally, the represen-
tation should have uniqueness (each molecular structure relates to a single representation) and invert-

) 222

ibility (each representation is associated with one single molecule Many studies have employed a

wide range of molecular representations, including molecular fingerprints,>>*
structures,’> 3D molecular graphs,”*? string-based encodings such as SMILES and SELFIES>*? and

physicochemical molecular descriptors?! to train ML models for property prediction. A smaller number

embeddings of molecular

of works directly compare some of the different representation methods on the same dataset to evaluate
how representation choice impacts model performance, highlighting that the ability of ML models to
learn meaningful structure—property relationships is highly dependent on how molecular information is

encoded.?’

In this study, we focus on alkyl cycloalkanes and alkylated aromatic hydrocarbons, as well as model
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alkanes and an ester, that are relevant to the development of fuels and lubricants. Such molecules are im-

326 27 and lubricants.*68->28 We evaluate a range

portant components of automotive fuels,” aviation fuels,
of molecular representations in combination with a variety of ML models to predict key thermophysical
properties at industrially relevant conditions, such as viscosity, density, and thermal conductivity, with
the goal of determining the best ML-algorithm. We compare the performance of the best ML model to
a range of commonly used MD force fields to characterise the predictive accuracy of these respective
methods on unseen molecules within the applicability domain of the models. We also examine the utility
of synthetic data from MD simulations and assess the generalisation performance of the best performing
ML models on OOD prediction tasks. These studies aim to establish practical guidelines for the use of

data-driven methods in the prediction of lubricant-like hydrocarbon transport properties.

5.2 Methodology

5.2.1 Choice of benchmarking molecules
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Dioctyl Sebacate (C,gH5,)
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2-(1-propylheptyl)naphthalene (C,5H,g) heptadecane (Cs,Hs;)

Figure 5.1: Chemical structures of the nine hydrocarbons analysed in this study.

The chemical structures of the nine molecules analysed in this benchmarking study are illustrated in

529.530 and also an

Figure Fig. 5.1. Squalane is frequently used as a model lubricant in experiments
important substance in cosmetics.”>! Similarly, n-hexadecane is frequently used as a model fluid in
tribology studies, both experimentally >*? and for MD simulations .>*3 Furthermore, hexadecane is of-

ten used in stability testing to understand how long-chain hydrocarbons behave under thermal and ox-
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idative stress.”>* Dioctyl sebacate has been used as an lubricant base oil in aerospace and automotive
applications®* and due to its strong additive solubility, has also been used as an adjuvant for mineral
oils or poly-alpha-olefins (PAOs).>¢ Alkylated benzenes such as diphenyl-dodecane have been used as
high performance compressor oils, and due to their excellent pour points and superior solvency for anti-
wear additives and antioxidants, they offer advantages over PAOs and (gas-to-liquid) GTL oils in certain
high-performance applications.’?’ Furthermore, their structure can be tailored to achieve desired viscos-
ity characteristics.’*® Cycloalkanes such as 1-cyclohexylnonane and 13-Cyclohexylpentacosane are of
interest as they are used for jet engine lubricants and automotive transmission fluids, due to their chem-
ical stability, high oxidation resistance and superior shear resistance.>>° Alkylated naphthalenes such as
2-(1-propylheptyl)napthalene offer excellent thermal and oxidative stability, high load-carrying capacity,
and superior additive solvency, making them ideal for use in jet engine oils, high-performance automo-
tive lubricants, industrial gear and compressor oils, and specialty dielectric fluids.’** Collectively, these

molecules include most of the features found in lubricant base oil molecules.

5.2.2 Fluid Transport Property Calculation using Equilibrium Molecular Dynamics
Viscosity

EMD simulations were used to calculate the density, viscosity, and thermal conductivity of the nine
benchmarking molecules. EMD is most effective for fluids with relatively low viscosity, typically less
than 20 mPa.s, although it has been successfully implemented for systems with viscosities approaching
50 mPa.s.!!'# The best practice study by Maginn et al.!'# for computing viscosity with EMD recom-
mends using the Green-Kubo formulation, whereas Hess et al.>*! state that the Einstein relation is more
convenient due to its ability to ignore inaccuracies in long-time correlations by considering integrals

over shorter times. The Green-Kubo formalism for calculating viscosity is given by :!!5-116

V 0o
= kTT/o (Gap (10) Oup (1 +10))1p dt (5.1)

where 1 represents the viscosity, V' is the system volume, kg is the Boltzmann constant, 7" denotes the
temperature, O,p(t) stands for the off-diagonal component of the stress tensor at time ¢ (with & and
B representing the x, y, or z direction in Cartesian coordinates), and (Gyg(t0)Ogp(f + 1)) denoting the

ACEF for the off-diagonal components of the stress tensor.

The Einstein (or Einstein-Helfand!°%) formalism provides an alternative approach for computing shear
viscosity from EMD simulations. Rather than integrating the stress ACF, this approach tracks the mean
square displacement (MSD) of a time-integrated stress tensor, offering robustness against noise of the

long-term ACFE>*! The Einstein relation for shear viscosity is given by:

— fim " 4 /lc (! dt' 2 (5.2)
= M 2kt dr \ | Jo '

where 1 is the viscosity, V is the system volume, kp is the Boltzmann constant, 7" is the temperature,

and o, (t') is the off-diagonal component of the stress tensor at time ¢'.
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Thermal Conductivity

The Green-Kubo formalism is also applicable to the calculation of thermal conductivity k, relying on

the autocorrelation of the off-diagonal components of the bulk heat flux vector J,. This is expressed
ag: 115,116
1

K= W/o (Jq(to) - Jg(t +10))s, dt (5.3)

where K is the thermal conductivity, J, is the heat flux vector, and the angle brackets indicate a time-

origin average of the ACF. Alternatively, thermal conductivity can be computed using the Einstein-

542
. vod /)
K—};%Wdtwﬂq(’)d’ > oY

This method provides a diffusion-like representation of energy transport, where the time derivative of

Helfand approach.'®? The corresponding expression is:

the MSD of the integrated heat flux yields the thermal conductivity.

A study by Zhang et al.’** determined that incorrect viscosity values will always be computed from
trajectories that are too short, regardless of the number of replicates used. Specifically, they found that
viscosity values calculated from trajectories of 500 ps diverged from those calculated from trajectories of
1,2, and 4 ns.>** When studying the shear viscosity of alkanes, Payal et al. were able to compute accurate
values using 20 independent trajectories.’** Hence, to ensure adequate sampling time for each molecule,
each molecule is simulated for 20 independent trajectories of 2 ns. Finite size effects may occur in
small, dense systems as the restricted space limits configurational rearrangements.>*> However, multiple
studies suggest that finite size effects are minimal when calculating viscosity from systems containing

between 125 and 500 molecules,’*3-346

while Daivis and Evans found that shear viscosity exhibits a weak
dependence on system size.’*’ To ensure a large enough system size, for each molecule, a cubic model
with 3D PBCs containing around 15,000 atoms is created with Packmol.>*® To eliminate the likelihood
of unphysical overlapping of molecules, Packmol insertion was conducted at low density, as has been
done in previous benchmarking studies.!% To enable system creation with Packmol and Moltemplate,>*’
3D structures of each candidate molecule were generated from their 2D SMILES representations, using
the Experimental-Torsion Knowledge Distance Geometry (ETKDG) algorithm (version 3).5% Datafiles
are created using Moltemplate.>*’

All MD simulations were performed using LAMMPS.3?3 The following protocol was used in the EMD
simulations as it has been shown to enable successful calculation of lubricant viscosity.?! The velocity-
Verlet algorithm was used with an integration time-step of 1.0 fs.!?! Interactions between unlike atoms
were evaluated using geometric mixing rules, and long range tail corrections to energy and pressure were
included. A cutoff distance of 12A was used for Lennard-Jones interactions. Long range electrostatic
interactions were evaluated using the particle-particle particle-mesh (PPPM) method.'*® Energy mini-
mization of the system was performed using the conjugate gradient method>>! to prevent large forces in
the system at the start of the simulation. Following minimization, the system density was equilibrated at

1.0 atm and the target temperature for 1.0 ns in the NPT ensemble, utilising the Nosé—Hoover thermostat
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Figure 5.2: Time-dependent viscosity traces for Squalane at 313 K and 373 K with the Einstein and
Green-Kubo methods, using the SCIPCFF forcefield.

and barostat'?>-13! with damping coefficients of 100 fs and 1000 fs respectively. The average density
from the last 20 timesteps of this ensemble was taken to be the predicted density of the molecule. Subse-
quently, the simulation box was deformed for 0.5 ns in the NVT ensemble while maintaining a constant
temperature until the fluid density matched the average density from the previous NPT simulations.

Finally, production runs of 2 ns were carried out in the NVT ensemble for each molecule.

Time Decomposition Method

The time decomposition method (TDM)>** was used to improve the reliability of calculated high vis-
cosity values from the EMD simulations. The time evolution of the viscosity, 71(¢), was recorded for
the full duration of simulation production runs in the NVT ensemble. For the calculation of the auto-
correlation function (ACF), a fast Fourier transform (FFT) technique was used.’>? Contributions from
all six independent components of the pressure tensor 0,5 were averaged to determine the viscosity, as

suggested by Maginn et al.!'* The cutoff time 7., for the ACFs, introduced to mitigate long-term noise,
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was determined from the ratio of standard deviation oy () to average final viscosity from the trajectories

with the following criterion:>*?

On

=04
n final

105

matching the criterion used by Schmitt et al.”™, who showed that ratios of 6,/ i, between 0.2 and

0.8 do not materially impact the extracted viscosity values. The bootstrapping method,>*3 with 200
iterations, was used to compute the final viscosity value and its uncertainty via the PyLatt software.>>
In this method, 200 combinations of the 20 simulations were generated randomly, allowing multiple
occurrences of individual simulations. For each combination, an average viscosity 7] (z) was calculated,
and the following function (Eq. 5.5) was fitted to 7} (), where 1. represents the long-term viscosity limit

and B, and 3, are fitting parameters:

Moo [0B1 (1= /P) + (1 —a)Ba (1 —e'/P)]
ofi+(1—a)p

n() (5.5

This method is illustrated for the calculation of viscosity at 313 K and 373 K with the SciPCFF force
field,'>% 13! for both the Einstein and Green-Kubo correlations, by Fig. 5.2. A similar approach was used
to calculate thermal conductivity values.

5.2.3 ML Model Datasets

Experimental vs NIST Viscosity
R?Z (40°C) = 0.936, R2 (100°C) = 0.958
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Figure 5.3: Parity plot of experimental viscosity vs NIST Webbook values. Inset shows zoom in of plot
between 0 and 5 mPa.s.

To construct a robust and diverse dataset for model development and evaluation, we collected data for

density, thermal conductivity, heat capacity, and dynamic viscosity at atmospheric pressure at both 40
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°C and 100 °C for approximately 1,200 unique molecules. As EMD has been successfully implemented

for systems with viscosities between 1 and 50 mPa.s,'!*

which roughly corresponds to the range of vis-
cosities desired for most aerospace and automotive applications, the dataset exclusively of molecules
with viscosities falling within this range and both temperatures.*’ This dataset was compiled by inte-
grating entries from peer-reviewed literature, the Landolt-Bornstein series,”* and the NIST Chemistry
WebBook,>> resulting in a total of over 6,500 experimental data points. To benchmark the performance
of machine learning models trained on viscosity values generated via molecular dynamics simulations
against models trained directly on experimental values, we also used a processed dataset curated from
the work of Kajita et al.,” who used rapid MD simulations in conjunction with the Einstein method to
calculate viscosity values at 40 °C and 100 °C. The dataset from the Kajita study comprises over 45,000

lubricant-like molecules.

Chemical Family Experimental Dataset | Kajita Dataset
Alkanes 160 0
Aromatics 281 30,939
Alkenes 50 461
Naphthalenes 106 0
Cycloalkanes and Cycloalkenes 140 1
Aromatic Esters 92 7,244
Esters and Ethers 359 13,031

Table 5.1: Comparison of molecular family counts between the collated dataset of experimental values
and the Kajita dataset.

Table 5.1 shows a comparison of chemical family counts between the experimental dataset and the MD
simulation-based Kajita dataset.”” The counts for the experimental dataset were done manually. The
counts for the Kajita dataset were estimated using substructure pattern matching and structural property
checks applied to the SMILES representations of molecules. Molecules may belong to more than one
chemical family due to the presence of multiple functional groups. Additionally, some molecules may
not have been classified due to their unique or atypical structures, a common occurrence in molecular

discovery studies where chemical diversity is high.

The NIST WebBook utilises a combination of property estimation methods to interpolate liquid viscos-
ity values from experimental data, including PPDS9 (Physical Property Data Service) and ViscosityL.
correlations, which are based on semi-empirical and theoretical equations of state fitted from exper-
imental values.’>® PPDS9 (or extended Andrade model>>’-33%) offers polynomial and exponential fits
derived from experimental measurements and ViscosityL (another extension of the Andrade model®>)
is a legacy correlation system used in NIST data systems. For liquid density values, the NIST Web-
Book uses the Tait equation.” For liquid thermal conductivity, the TransportPolynomial model was
applied, utilising temperature-dependent polynomial fits to experimental thermal conductivity data. For

heat capacity, a combination of the PolynomialHC,>*® Wilhoit°®! and REFPROP%2-3%3 models are used.

564

From the Landolt-Bornstein series,”®" in cases where values were not provided exactly at 40 °C or

100 °C, cubic spline interpolation using a minimum of three surrounding data points was employed to
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estimate the desired values. Where only kinematic viscosity was reported, it was converted to dynamic

viscosity using the relation:
H=Vv-p

where U is dynamic viscosity, Vv is kinematic viscosity, and p is density. To assess consistency between
data sources, a parity plot was generated from 5% of the viscosity dataset at both temperatures, compar-
ing experimental viscosity values from Landolt-Bornstein to values from the NIST WebBook. Fig. 5.3
shows the parity plot of experimental viscosity and NIST Webbook Values. As shown by Fig. 5.3, the
resulting coefficient of determination (R?) was 0.936 for 40 °C data and 0.958 for 100 °C data, demon-
strating that the NIST property relations yield values that are in excellent agreement with high-quality
experimental sources. Other studies have benchmarked the accuracy of the NIST WebBook for den-
sity and thermal conductivity for a simple liquid, finding that the data has good agreement with the
literature.”®> Viscosity and heat capacity values were normalised using the natural logarithm to improve

regression performance during ML training.

5.2.4 Molecular Representations

B. PCA Embeddings
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Figure 5.4: Different molecular representations used to train ML models in this study, implemented for
example molecule Butyrophenone.

In this study, we compare the most commonly used molecular representations on our experimental

dataset to see which representation allows ML models to perform best on transport property predic-
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tion tasks. Figure 5.4 shows the different molecular representations used to train ML models in this

study.

Molecular Fingerprints

Molecular fingerprints are normally presented in the form of a 2D binary string, where each value in
the string represents a Boolean indicator of the presence or absence of a structural feature or substruc-
ture within the molecule. Each bit position corresponds to a predefined chemical fragment, such as a
functional group, ring system, or atom environment, depending on the fingerprinting scheme. Com-
mon schemes for generating such fingerprints include MACCS keys, ®® which consist of 166 predefined
structural keys, and the PubChem fingerprint, which encodes 881 substructures based on the PubChem

subgraph definitions.”%’

Another widely used and generally more performant method is the extended-
connectivity fingerprint (ECFP), a famous example being the Morgan fingerprint.”*® ECFPs are gen-
erated by iteratively hashing atom-centered circular neighbourhoods up to a specified radius, encoding
local substructures based on atomic properties and their connectivity to produce a fixed-length binary or

count vector that captures molecular topology.

ECFPs have been shown to outperform other fingerprint types in molecular property prediction tasks and
also enable ML interpretability through feature attribution methods such as SHAP%° A previous study
has investigated the optimal parameters for generating ECFPs in the context of molecular similarity
assessment,”’? but to our knowledge, no work has focused on optimizing ECFP generation specifically
for property prediction of hydrocarbons using ML models. Hence, this study assesses a range of ECFP
generation parameters to determine which allows ML models to perform best on regression tasks. In
this study, ECFP fingerprints are generated using the Morgan Fingerprint generator implemented in
RDKit.”"!

Dimensionality Reduced Embeddings

Dimensionality-reduced embeddings have emerged as a powerful approach for representing molecu-
lar structures, offering a compact and information-rich alternative to high-dimensional descriptors or
fingerprints.’’> These methods reduce noise and redundancy in the data, often improving model perfor-
mance and training efficiency by focusing on the most informative components.>’> Although PCA is
commonly used in regression workflows, UMAP’s non-linear dimensionality reduction may offer ad-
vantages when feature—target relationships are inherently nonlinear, as is often the case in molecular
property prediction. Furthermore, the number of embedding dimensions retained can significantly im-
pact model performance, as overly aggressive dimensionality reduction may discard relevant information

while insufficient reduction may retain noise.

Therefore, we investigate the effect of the number of embedding dimensions on model accuracy to iden-
tify an optimal balance between dimensionality and predictive performance. Both PCA and UMAP
embeddings are used to train ML models to determine which embedding method is better for ML prop-
erty prediction. The embeddings were generated using the scikit-learn and UMAP-learn libraries in

Python, based on molecular descriptors computed from SMILES strings of the molecules in the dataset.
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Prior to applying the dimensionality reduction techniques, the descriptors were scaled using z-score

normalisation.

Generating Molecular Graphs

Molecular graphs encode information about molecules by representing atoms as nodes and the bonds
between them as edges. Nodes can be characterised by atom-level features such as atomic number, while
the edges can incorporate bond-related characteristics such as bond type. Table 5.2 shows the features

used to create molecular graphs in this study.

Feature Name Description
atomic_number Atomic number of the atom
degree Number of directly bonded neighbours
valence Valence of the atom
formal_charge Formal charge assigned to the atom
aromatic Boolean flag indicating aromaticity
mmff94_partial_charge Partial atomic charge from MMFF94
hybridization Hybridization state (e.g., sp> = 3)
total_num_h Total number of hydrogens bonded to the atom
in_ring Boolean flag for whether atom is in a ring
chiral_tag Chiral tag indicating stereochemistry
electronegativity Pauling electronegativity value
num_neighbour_C Number of directly bonded carbon atoms
num_neighbour_O Number of directly bonded oxygen atoms
bond_length Euclidean distance between bonded atoms
is_conjugated Boolean flag for bond conjugation
bond_type Type of bond (e.g., single = 1)
bond_order Order of the bond (e.g., single = 1)
bond_stereo Bond stereochemistry code
rotatable Boolean flag for rotatable bond
is_in_ring Boolean flag for ring membership

Table 5.2: Features included in 3D Molecular Graphs

Character Embeddings for SMILES and SELFIES

SMILES strings are a molecular representation scheme in which information about a molecule is en-
coded into a sequence of ASCII characters. SMILES strings are not inherently unique due to the ambi-
guity in choosing the starting atom for string generation, meaning that a molecule with N non-hydrogen
atoms can have at least N equivalent SMILES strings. To address this, Canonical SMILES were in-
troduced, which apply a deterministic set of rules to produce a unique representation per molecule.”’?
While this solves the problem of uniqueness, studies such as that by Arus-Pous et al.'?® have shown that
ML models trained on canonical SMILES may overfit to the syntactic regularities of the format rather
than learning the underlying chemical structure. Despite this limitation, SMILES remains a widely
used representation due to its simplicity, ease of preprocessing, and compatibility with sequence-based

models like CNNs, and Transformers. To overcome some of the structural limitations of SMILES,
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the SELFIES (Self-Referencing Embedded Strings) representation was proposed.>’* SELFIES ensures
100% syntactic validity by design, meaning that any arbitrary sequence of SELFIES tokens corresponds

to a chemically valid molecule, a property not guaranteed in SMILES.

In this study, both Canonical SMILES and SELFIES are explored as input representations for molecular
property prediction, allowing us to evaluate how the choice of string encoding impacts model perfor-
mance and generalisation. SMILES and SELFIES strings are converted into token embeddings before
being used to train the ML models. SMILES strings in this study were generated from IUPAC names
using an online TUPAC-to-SMILES converter.’’> SELFIES strings were generated from SMILES strings
using the SELFIES API from the associated publication.’’*

Generating Molecular Descriptors

Molecular descriptors are numerical representations that capture specific chemical, physical, topologi-
cal, or structural properties of molecules, and are widely used as input features in ML. models for prop-
erty prediction. These descriptors can encode both 2D and 3D information, ranging from simple counts
of atom types and functional groups to more complex geometric, electronic, and quantum-chemical

properties.’’!+376

In this study, we generated molecular descriptors for our experimental dataset using a combination of
the Mordred and RDKit Python libraries.”’® Together, these tools yielded a total of 891 descriptors
per molecule after filtering out invalid or missing entries and removing categorical data. Molecular
descriptors were selectively scaled depending on the requirements of the ML model. Specifically, we
applied feature scaling in the form of z-score normalisation to the models sensitive to the magnitude
of input values (SVMs and kNNs) to ensure that all descriptors contributed comparably to distance-
based or kernel-based computations. We did not scale the descriptors for the random forest (RF) and
XGBoost models, as normalisation methods may negatively impact training by distorting the natural
spacing and distribution of feature values, which can obscure chemically meaningful thresholds. This
transformation can suppress rare but significant features, reducing the model’s ability to retain important

structure-property relationships for predicting OOD molecule properties.

5.2.5 ML Model Training

In this study, we evaluate a range of models using the collated dataset to identify the most suitable
algorithm for property prediction. The model-representation combinations evaluated in this study are
shown in Table 5.3. The classic ML models including random forests, k-nearest neighbour, and SVMs
are implemented using the scikit-learn package in Python. The graph-based models, message passing
neural networks (MPNN5s) and graph attention networks (GATs), are implemented with the PyTorch Ge-
ometric library. The deep learning models, CNNs, MLPs, transformers, and the finetuned ChemBERTa
model where trained using the Tensorflow and Pytorch libraries. XGBoost models were trained using
the XGBoost python library.>*! To ensure fair comparison and optimal performance, a grid search was
performed across a range of model-specific hyperparameters for each model. Grid search was chosen

over Bayesian optimisation as it computationally feasible due to the relatively small size of the exper-

101



Model SMILES | Descriptors | Fingerprints | Graphs | SELFIES | Embeddings
k-NN v v v
MLP v v v v
XGBoost v v v
SVM v v v
Transformer v v v
MPNN v

Random Forest v v
GAT v

CNN v v

ChemBERTa v v

Table 5.3: Molecular representation - ML model combinations investigated in this study.

imental dataset. Models were trained using 5-fold cross validation, with a dataset train-validation-test
split of 80:10:10.

Support Vector Machines

SVMs are widely used ML models suitable for both classification and regression tasks.’’” They are
effective in high-dimensional spaces and can handle both linear and non-linear relationships through
the use of kernel functions. The core principle of a SVM is to identify a decision boundary (hyper-
plane) that maximises the margin between data points of different classes in a classification problem.
With support vector regression, the goal is to find a function that fits the data with as small a devia-
tion as possible within a specified margin.’’® Grid search was conducted across the following range of
hyperparameters: regularisation parameter C € {0.01,0.1,1,3,5,10}, epsilon-insensitive loss parameter

€ € {0.001,0.01,0.1,0.2}, and kernel types {linear, polynomial, radial basis function (RBF), sigmoid}.

XGBoost

For an overview of the theory behind the XGBoost architecture, please refer to Section 2.5.2. Grid search
was conducted across the following range of hyperparameters: number of estimators n_estimators &
{100,200,300, 500, 1000, 2000,5000}, learning rate 1r € {0.01,0.05,0.1,0.2,0.5}, maximum tree depth
max_depth € {3,4,5,6,10,20,50,100}, minimum child weight min_child_weight € {1,2,3,4,5,6},
and sampling ratios for both rows subsample € [0.7, 1.0] and columns colsample_bytree €0.7,0.8,0.9,1.0.

Random Forest

Random Forest is a widely used ensemble learning method based on aggregating the predictions of
multiple decision trees to improve model accuracy and robustness.’’® Unlike a single decision tree,
which is prone to overfitting and sensitive to noise, Random Forests reduce variance by training each
tree on a bootstrap sample of the data and introducing randomness in the feature selection process
at each split. This approach leads to improved generalisation and stability across a wide range of

prediction tasks, making it a strong baseline for both regression and classification problems.?'* Grid
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search was conducted across the following range of hyperparameters: number of trees n_estimators €
{100,200,300,500, 1000}, maximum tree depth max_depth € {None, 10, 30,50, 100,300,500}, mini-
mum number of samples required to split a node min_samples_split € {2,5,10,15}, minimum num-
ber of samples required to be a leaf node min_samples_leaf € {1,2,4,6,8}, and maximum number of

features considered for splitting max_features € {’sqrt’,’log2’ }.

MLP

For an overview of the theory behind the MLP architecture, please refer to Section 2.5.2. Grid search was
conducted across the following range of hyperparameters: optimiser type optimiser € {Adam,RMSProp},
hidden layer dimensionality hidden_dim € {16,32,64,128}, number of hidden layers num_layers €
{1,2,3,4,5}, and batch size batch_size € {8,16,32,64}.

Convolutional Neural Networks

CNNss are a class of deep learning models originally designed for image and spatial data, but have also
been applied to sequential and structured data such as SMILES strings or molecular fingerprints.>%"
CNNss leverage convolutional layers to detect local patterns through sliding filters, enabling the model
to learn hierarchical feature representations that which are useful for capturing spatial or sequential
dependencies.”'® In molecular property prediction, one-dimensional (1-D) CNNs are often applied to
representations such as SMILES or SELFIES, where local substructure patterns are informative for prop-
erty prediction.’®! Grid search was conducted across the following range of hyperparameters: optimiser
type optimiser € {Adam,RMSProp}, hidden layer size hidden_dim € {16,32,64, 128}, number of con-
volutional layers num_layers € {1,2,3,4,5}, number of filters per layer filters € {32,64,128}, and
kernel size kernel_size € {3,5,7}. We also varied the batch size batch_size € {16,32,64,128} to

explore its effect on training stability and generalisation.

Graph Attention Networks

GATs are a type of graph neural network that incorporates attention to weight the importance of neigh-
bouring nodes during message passing. Unlike traditional graph convolutional models, which aggregate
information from neighbours with equal or fixed weights, GAT's learn attention coefficients that allow
the model to focus on the most relevant local substructures for a given prediction task. This makes
them very effective for learning on molecular graphs, where the significance of atomic neighbours may
vary based on chemical context.’®? Grid search was conducted across the following range of hyperpa-
rameters: learning rate 1r € [0.0001,0.01], batch size batch_size € {8,16,32}, activation function
activation € {ReLU,LeakyReLU}, optimiser optimiser € {Adam,RMSProp}, number of hidden units
hidden_dim € {4,8, 16,32}, number of attention heads head_size € {16,32,64, 128}, and number of
layers num_layers € {1,2,3,4,5}.
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Message Passing Neural Networks

MPNNS are a class of graph neural networks designed for learning on molecular graphs. An MPNN
operates on undirected molecular graphs G = (V, E) with node features X, and edge features Ej,,, and
consists of two main phases: a message passing phase and a readout phase. During the message passing
phase, information is propagated across the graph using message functions M, and node update functions
U, to learn intermediate node representations, while the readout phase aggregates these representations
using a readout function R to compute a fixed-length feature vector that models the molecular properties
of interest.”®> MPNNs are well-suited for molecular property prediction tasks, as they can incorporate
both node and edge features to learn chemically meaningful representations, and versions of this archi-
tecture, such as the directed-MPNN, have been shown in literature to provide superior performance to
other deep learning architectures.??-240:320 Grid search was conducted across the following range of hy-
perparameters: learning rate 1r € [0.0001,0.01], batch size batch_size € {8,16,32}, activation func-
tion activation € {ReLU, LeakyReLU}, optimiser optimiser € {Adam,RMSProp}, number of message
passing layers num_layers € {1,2,3,4,5}, and hidden layer size hidden_dim € {16,32,64,128}.

Transformers

For an overview of the theory behind the transformer architecture, please refer to Section 2.5.2. Grid

search was conducted across the following range of hyperparameters: batch_size € {8,16,32}, activation €
{ReLU,LeakyReLU}, optimiser € {Adam,RMSProp}, hidden_dim € {5,10,20,50}, number of trans-
former blocks num_blocks € {1,2,3,4,5}, and self-attention head size head_size € {16,32,64}.

ChemBERTa

ChemBERTa is a transformer-based model built on the ROBERTa architecture and pre-trained on large-
scale chemical language datasets such as SMILES. The ChemBERTa family used in this study was
trained on 77 million canonicalised and shuffled SMILES strings using multi-task regression (MTR),
where the model simultaneously predicts 200 RDKit-computed molecular properties.”>! In this study,
we fine-tuned the 46M parameter version of ChemBERTa on our hydrocarbon dataset using the de-
fault hyperparameter configuration provided in the original implementation.?>! Fine-tuning enables the
model to adapt its internal representations to better reflect the characteristics of the new data, poten-
tially improving both accuracy and generalisation, especially when domain-specific patterns differ from
those seen during pretraining.”®* This transfer learning approach is powerful in chemical domains where
labelled data is limited, but underlying structural relationships can still be captured through learned
embeddings.’** We fine-tuned ChemBERTa using the HuggingFace Trainer API, training separate mod-
els for each molecular property with early stopping and an 80:10:10 train/validation/test split, while

unfreezing all model weights to allow full backpropagation through the pretrained transformer layers.

k-nearest neighbours

The k-nearest neighbours (kNN) algorithm is a simple yet effective non-parametric method used for both

classification and regression tasks. It makes predictions based on the labels or values of the k most sim-
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ilar data points in the training set, as measured by a distance metric in feature space.’® It has been used
for decades for molecular classification and regression tasks.’®%>%7 Grid search was conducted across
the following range of hyperparameters: the number of neighbours n_neighbours € {2,5,7,9,15,21},
weighting scheme weights € {uniform,distance}, distance metric power parameter p € {1,2,3},
and algorithm for neighbour search algorithm € {auto,ball_tree,kd_tree,brute}. We also var-
ied the leaf size leaf_size € {10,20,30,40,50, 100,200,500}, which can influence the efficiency of

the underlying tree-based search algorithms.

5.3 Results and Discussion

5.3.1 Embeddings and Fingerprint Optimisation
Embeddings

Figure 5.5 shows the effect of different embedding methods and dimensionality on XGBoost prediction
of hydrocarbon thermophysical properties. Embedding dimensionalities from 10 to 750 were evaluated
for both PCA and UMAP to assess performance across a broad range of feature compression levels,
using 5-fold cross-validation and an 80:10:10 train:test:validation split. This range aimed to explore the
tradeoff of maintaining the diversity and distribution of chemical and physical characteristics represented
by the molecular descriptors within the dataset, and minimising the risk of overfitting due to redundant
or noisy features. A prior study found that as few as 12 RFE-optimised (and PCA validated) molecular
descriptors were sufficient to accurately predict the viscosity of binary mixtures with an R? of 0.98

and a mean-squared error of 1.5.3?

As shown by Figure 5.5, there is some variance in the optimal
embedding dimensionality across different properties and temperatures, but overall, PCA embeddings
consistently outperformed UMAP across most properties and dimensionalities. This variance suggests
that the minimum number of descriptors required to optimise performance is strongly dependent on
the property. However, this variation in the best performing dimensionality for each property never
exceeded 100 dimensions, suggesting that there may be redundancy in the predictive power in around
85% of molecular descriptors for these properties. We also observe that RMSE values were notably
higher for for heat capacity and viscosity, even though these values were normalised. This may reflect

greater non-linearity in the relationship between molecular structure and these properties.

PCA’s linear assumption with dimensionality reduction by identifying axes of maximal global variance
can create a strong synergy with models like XGBoost, which, while not linear themselves, rely on
axis aligned splits and benefit from input features that expose monotonic relationships with the target
variable.”®® The linear transformations produced by PCA often enhance the signal in dominant variance
directions, most likely making the resulting embeddings more compatible for tree-based models. UMAP
is designed to preserve local neighbourhood structure and optimise manifold (lower-dimensional space)
topology for visualisation or clustering tasks, rather than to maintain global variance.?>> This can result
in embeddings that obscure relationships between features and target variables, reducing compatibility

with tree-based model models.

To investigate whether the superior performance of PCA is due to synergistic effects with XGBoost,
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Figure 5.5: Effect of different embedding methods and dimensionality on XGBoost prediction of hy-
drocarbon thermophysical properties. Best method-dimension combination for each combination shown
in legend. Error bars show 1 standard deviation from mean from 5-fold cross validation.

an MLP was trained with the same range of embeddings. As with the XGBoost models, most of the
properties were best predicted with embeddings sizes of 100 dimensions or less, with the exception
of viscosity at the two temperatures which needed much greater dimensionality to maximise the pre-
dictive performance of the MLP. Interestingly, while PCA often outperforms UMAP when used with
tree-based models like XGBoost, we find that UMAP embeddings yield superior performance when
used with MLPs, for 6 of the 8 properties (Figure C.1). This may be because MLPs can recover the
non-linear patterns embedded in the locally structured manifolds UMAP creates, compensating for the
global distortions introduced by UMAP and making it a more compatible embedding method for MLPs

and other deep models, especially as it is likely that the true structure—property relationships are non-
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linear and high-dimensional. Despite this, we observed that overall cross-validation RMSE values were

consistently lower for XGBoost compared to MLP across all embeddings and properties, suggesting that

XGBoost remains more robust for embedding-based molecular representations.

Property PCA XGBoost | PCA MLP | UMAP XGBoost | UMAP MLP
Density 100°C 0.046 (25) 0.090 (750) 0.062 (500) 0.067 (100)
Density 40°C 0.046 (25) 0.086 (750) 0.064 (500) 0.067 (25)
Log Heat Capacity 100°C 0.053 (10) 0.365 (10) 0.094 (350) 0.145 (10)
Log Heat Capacity 40°C 0.060 (50) 0.471 (200) 0.093 (200) 0.165 (50)
Log Viscosity 100°C 0.361 (50) 0.398 (350) 0.374 (750) 0.497 (10)
Log Viscosity 40°C 0.449 (50) 0.468 (350) 0.505 (750) 0.631 (10)
Thermal Conductivity 100°C 0.010 (25) 0.028 (750) 0.011 (200) 0.016 (50)
Thermal Conductivity 40°C 0.010 (100) 0.035 (500) 0.012 (200) 0.016 (100)

Table 5.4: Best performing validation RMSE and corresponding embedding dimension for each prop-
erty using PCA and UMAP embeddings with XGBoost and MLP models. Values are shown as RMSE
(dimension), and the lowest RMSE per property is bolded.

Table 5.4 summarises the best-performing embedding dimension and validation RMSE for each property
for the best performing model trained during cross-validation, for the XGBoost and MLP models and the
two dimensionality reduction methods. There is a drop in the validation RMSE scores compared to the
average cross-validation scores for the XGboost and MLP models suggesting some degree of overfitting.
That aside, the XGBoost models trained with PCA embeddings consistently outperformed the other three
combinations. We also note that many more dimensions are required to maximise performance of models
trained on the UMAP embeddings compared to the PCA embeddings for the XGBoost models, and vice
versa for the MLP models, further highlighting the incompatibility of certain dimensionality reduction
techniques with certain model types. However, the use of UMAP emeddings did not consistently lead to
significantly improved prediction performance by the MLP models compared to the models trained on
PCA embeddings. Based on these findings, in the full benchmarking studies, we use PCA embeddings
of 100 dimensions for all of the models.

Fingerprints

We evaluated how ECFP generation influences molecular property prediction using ML. We generated
binary Morgan fingerprints for each molecule across a range of fingerprint radii (1-10) and bit sizes
(256 to0 4096). Varying bit sizes from 256 to 4096 allowed us to investigate how bit density and collision
frequency frequency scale with fingerprint size, which becomes increasingly relevant in large molecules
where many substructures must be uniquely encoded. XGBoost and MLP models, were trained to
predict the eight properties using an 80:10:10 train/validation/test split, again with calculation of 5-fold
cross-validation RMSE and validation RMSE.

Table 5.5 shows the best performing ECFP configurations for each property for the trained MLP and
XGboost models. We observed that as fingerprint radius and bit size increased, the bit collision rate
also tended to rise. This is expected as larger radii capture more extended atom environments, which

introduces greater substructure diversity. Despite this rise in collisions, both XGBoost and MLP models
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Figure 5.6: Validation RMSE surface plots for XGBoost across bit size and radius for (a) Viscosity and
(b) Thermal Conductivity at 40°C.

Model Property Bits | Radius | Cross Val. RMSE | Test RMSE | Bit Collisions
MLP Density 100°C 1024 1 0.0662 0.0459 112
XGBoost | Density 100°C 4096 2 0.0575 0.0411 697
MLP Density 40°C 2048 1 0.0645 0.0509 108
XGBoost | Density 40°C 4096 2 0.0588 0.0426 697
MLP Heat Cap. 100°C | 2048 3 0.3144 0.2875 108
XGBoost | Heat Cap. 100°C | 1024 7 0.1707 0.1547 1024
MLP Heat Cap. 40°C | 4096 3 0.3048 0.2886 102
XGBoost | Heat Cap. 40°C | 1024 9 0.1541 0.1585 512
MLP T. Cond. 100°C | 4096 4 0.0165 0.0141 2513
XGBoost | T. Cond. 100°C | 4096 4 0.0149 0.0120 2513
MLP T. Cond. 40°C 2048 4 0.0180 0.0146 122
XGBoost | T. Cond. 40°C 4096 4 0.0157 0.0128 2513
MLP Viscosity 100°C | 1024 9 0.4752 0.4480 1024
XGBoost | Viscosity 100°C | 1024 9 0.4767 0.4075 512
MLP Viscosity 40°C 1024 9 0.6301 0.6563 1024
XGBoost | Viscosity 40°C 2048 9 0.6528 0.6639 2046

Table 5.5: Best performing ECFP configurations by model and property.

exhibited improved predictive performance with higher bit sizes, regardless of the radius. This counter-
intuitive effect could be explained by the fact that higher radii encode larger, and hence more diverse and
informative, chemical substructures that are better suited for distinguishing molecular properties. At the
same time, increasing the bit size reduces the probability of collision per bit by expanding the hashing

space, which mitigates the downside of larger radii.

As shown by Table 5.5, the XGBoost models again outperform all of the MLP models. We find that the
optimal fingerprint configuration varies by property, most likely because different molecular properties
are influenced by different structural features and interaction patterns, as illustrated by Fig. 5.6. Thermal

conductivity and density are often governed by local atomic environments such as atomic packing and

108



short-range intermolecular forces, which can be more effectively captured by fingerprints with smaller
radii.*’” However, heat capacity and viscosity depend more heavily on global molecular features, such as
overall molecular size, shape, branching, and flexibility, which influence the distribution of vibrational
modes or resistance to flow.*” These more complex are better represented by larger radii fingerprints that

encode extended substructures and longer-range connectivity.

XGBoost: Hashed vs. Unhashed
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Figure 5.7: Comparison of hashed vs. unhashed fingerprint performance for the best-performing hashed
configurations, retrained with unhashed fingerprints at the same radius. The top bar chart displays
XGBoost results, and the bottom bar chart shows MLP results. Each bar group indicates the test RMSE
for the hashed (left bar) and unhashed (right bar) fingerprints.

Hashed ECFP fingerprints limit interpretability due to bit collisions, which prevent direct tracing of
model predictions to specific chemical features. To address this, unhashed Morgan fingerprints were
used with a fixed radius, avoiding compression of substructure identifiers into a fixed-length bit vector.
This approach eliminates bit collisions and ensures that each substructure retains a unique representation

in the feature space.

Unhashed fingerprints present the tradeoff of potentially leading to very high-dimensional and sparse
feature spaces, especially for large or diverse molecular datasets, increasing memory consumption
and degrading performance. However, as shown in Fig. 5.7, models trained on unhashed fingerprints
achieved comparable or better performance on the test set than those trained on hashed fingerprints.

This improvement is likely arises to the complete removal of collisions, allowing the model to treat each
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chemical environment as a distinct input and more effectively learn structure—property relationships,
compensating for any sparsity in the representation. Based on these results, unhashed fingerprints with a
radius of 8 were used in all benchmarking studies to improve the prediction of complex properties such

as heat capacity and viscosity.

5.3.2 Best Representations for ML and best ML Performance

Table C.1 shows the test RMSE values for all the different ML models across molecular properties, when
trained with different molecular representations as well as an overall rank of model performance com-
pared to others. To calculate rank, RMSE values are first transformed via z-score normalisation and then
inverted so that better performance (i.e., lower RMSE) corresponds to higher normalised performance.
All predicted property performances are thus scaled to a [0, 1] range, allowing direct comparison. We
then compute rank by averaging each model’s normalised scores, with higher averages indicating better

performance.

XGBoost and RF models, when used with molecular descriptors, consistently performed well across

237.589 which also found tree-based models to

all transport properties. This aligns with previous studies,
be reliable across datasets. These methods handle non-linear relationships and high-dimensional fea-
tures effectively, making them suitable for the diverse information captured by molecular descriptors.
Tree-based models are also less sensitive to data scales, irregular patterns in the target function and un-
informative features.”® XGBoost performed particularly well for predicting viscosity and heat capacity,
likely due to the strong dependence of these properties on the types of features encoded by molecular
descriptors. When comparing overall predictive performance across all properties for different represen-
tations, the trend for XGBoost performance is: descriptors > embeddings > fingerprints. This may be
explained by the fact that while descriptors and embeddings can incorporate both structural and physic-
ochemical information, fingerprints are purely structural, lacking explicit encoding of global molecular

properties, which may limit their expressiveness for predicting more complex properties.

In contrast to the strong performance of tree-based models, the SVM and KNN models showed compar-
atively poor results when using molecular descriptors, even though inputs were scaled pre-training. This

may be due to the high dimensionality and redundancy often present in descriptor sets, which can de-

grade the performance of distance based models like KNN and SVM models (the curse of dimensionality).

Although SVMs have shown strong results in other regression and classification benchmark studies,>*’

their success often depends on careful feature selection, which may not generalise well to prediction
tasks such as transport property prediction. The underlying structure—property relationships in the col-
lated dataset most likely form a complex, non-linear landscape with overlapping and interdependent
effects, which may challenge SVMs’ ability to construct effective decision boundaries, even with tuned
parameters. Interestingly, SVM models perform significantly better when paired with learned molec-
ular embeddings rather than traditional descriptors, likely stemming from the fact that the constructed
embeddings used had significantly fewer dimensions, suggesting that the more compressed nature of

embeddings provides a more suitable input representation for SVMs.

The GAT and MPNNs models, which relied on 2D molecular graph representations consistently per-
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formed worse compared to other model-representation combinations. This result is surprising, given the
theoretical advantages of 3D structural information in modeling molecular properties, and that previ-
ous studies have found that graph ML methods trained on similar molecular graphs have shown strong
performance.*-3>" One potential reason for this discrepancy is that graph-based models typically re-

quire larger datasets to learn effectively,””?

meaning that the datasets used in this study may not be large
enough for graph based models to learn effectively. Another potential reason could be the method of gen-
eration of the input graphs used to train these models. While the combination of ETKDG and MMFF94
minimisation provides a fast and reasonable estimation of molecular geometry, these methods may not
always capture the most energetically favourable conformeations, especially for flexible molecules or
properties that are strongly dependent on molecular conformation. As a result, the graph-based models
trained based on bond lengths and partial charges calculated in this way may be limited in their ability
to fully represent the true spatial and electronic environments that govern complex transport properties.
Creating base conformers through more chemically robust methods, such as density functional theory

(DFT) could yield improvements.

The GAT models outperformed the MPNN when considering overall performance, suggesting archi-
tecture differences may have contributed to the performance gap. GAT uses attention mechanisms to
dynamically weight the contributions of neighbouring nodes during message passing, which may allow
it to identify relevant substructures and improve robustness to noise.’”> MPNNSs, which tend to aggre-
gate messages more uniformly across neighbours unless guided by carefully engineered features.>>
The GAT’s attention mechanism most likely enabled more effective information weighting from neigh-
bouring nodes, allowing the model to focus on the most relevant features when predicting properties,
contributing to its superior performance compared to MPNNs. It is also possible that GAT’s architec-
ture was more robust across the tested hyperparameter space, while the MPNN may have required more

careful tuning to reach its full potential.

Among the deep learning models evaluated, the transformer models using the PCA molecular embed-
dings achieved the best overall performance, and performed near comparably to the top-performing
tree-based descriptor models. Transformers with precomputed embedding-based inputs likely outper-
formed MLPs and CNNs due to their ability to model long-range dependencies with its attention mech-
anism. It is surprising that a relatively small transformer model with fixed-length molecular embed-
dings outperformed ChemBERTa, a large pretrained transformer designed specifically for chemistry-
related tasks, when paired with both SMILES strings and embeddings, especially given the success
of transformer-based large language models in natural language processing when pretrained on mas-

sive datasets.””*

However, the performance gap may stem the fact that ChemBERTa was pretrained on
SMILES strings, which while convenient, does not fully capture the spatial, electronic, or topological
features of molecules that give them their properties. This suggests the SMILES format lacks suf-
ficient structural information such that even a powerful pretrained model may struggle to generalise
effectively. Another contributing factor could be a distributional mismatch between ChemBERTa’s pre-
training corpus and the downstream task dataset. The molecules seen during pretraining were mainly

drug-like molecules,”!>%7 differing substantially in both structure and property distribution from the
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molecules in the hydrocarbon dataset. Moreover, our finetuning approach may have inadvertently re-
duced ChemBERTa’s effectiveness, as we allowed all model weights to be updated during training,
potentially overwriting useful pretrained features, especially if the finetuning dataset was small. In such
cases, techniques like LoRA (Low-Rank Adaptation) could be more effective. LoRA freezes the main
weights of the model and introduces small, trainable matrices that adapt the model to the downstream

task without overwriting its core knowledge, often leading to better generalisation in finetuning tasks.>>*

This approach has already been shown to be effective with protein large-language models.””>
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Figure 5.8: Parity plot comparing actual vs. predicted values for viscosity across three models: Trans-
former, XGBoost with molecular descriptors, and XGBoost with fingerprints. Marker shapes denote
temperature (circles for 100°C and squares for 40°C).

Models trained on character-level embeddings of string-based molecular representations such as SMILES
and SELFIES more often than not underperformed relative to models using molecular descriptors or
PCA embeddings. Interestingly, the same model architectures trained on SMILES inputs often slightly
outperformed their counterparts trained on SELFIES, despite the theoretical advantages of SELFIES in

112



guaranteeing valid molecular strings. This performance gap may stem from fundamental differences
in how SMILES and SELFIES encode molecular structure. While SMILES strings are not guaranteed
to produce valid molecules when randomly generated or mutated,>’> SMILES tends to preserve certain
local structural patterns, such as rings, branches, or functional groups, in a way that maintains some
degree of chemical locality. That is, substructures that are adjacent in chemical space are often close
together in the SMILES string. This implicit locality may help deep models models learn chemically

meaningful sub-patterns even from character-level data.

SELFIES strings, however, were designed to always decode to valid molecules regardless of the string
structure.’’* While this robustness is highly beneficial in generative tasks, the encoding process tends
to disrupt local chemical continuity. SELFIES tokens represent abstract chemical building blocks and
may rearrange or distance related substructures within the sequence. As a result, two neighbouring sub-
structures might appear far apart in the SELFIES representation, making it harder for models, especially
those relying on convolutional or recurrent architectures, to learn useful patterns based on token prox-
imity. This is best highlighted by the large difference in rank between the best performing CNN model
trained on SMILES strings, and the best performing CNN model trained on SELFIES strings. Moreover,
the additional abstraction in SELFIES results in longer sequences with more complex token vocabular-
ies, which may increase the difficulty of learning effective embeddings, especially with limited data or

smaller models.

To further analyse the performance of the top three models, parity plots were generated to visualise the
performance of these models on the test set. Fig. 5.8 shows a parity plot for viscosity predictions at
40°C and 100°C for the top three performing models, while Fig. C.2 shows parity plots for predictions
of the other properties at the two temperatures. Across the evaluated properties, the R> values gener-
ally indicate stronger predictive performance at 100°C compared to 40°C, though this trend varies by
property. For heat capacity, all models perform exceptionally well at both temperatures, with XGBoost
using descriptors achieving nearly perfect R values (> 0.99), probably reflecting the lower variability
of this property. Density shows notably lower R* values, especially for the transformer model which
may be due to effects structure has on molecule density that embeddings fail to capture. Interestingly,
fingerprint-based XGBoost models performed slightly better for density, suggesting that structures play
a greater role in determining this property. For thermal conductivity and viscosity, moderate to high R?
values are observed across models, with the descriptor-based model again outperforming others. In both
cases, predictions at 100°C tend to have slightly higher R? values, potentially due to reduced property
variance at higher temperatures. These trends highlight how both temperature and feature representation

impact regression accuracy across different thermophysical properties.

Multitask learning enables models to share representations across related tasks, potentially improving
generalisation, reducing overfitting, and enabling knowledge transfer between tasks with limited data.>*
Multiple studies have shown that multitask deep learning models can outperform single-task deep learn-
ing models on certain problems.’’-3° While models such as XGBoost cannot be readily adapted for
multitask regression as they are inherently designed to optimise a single output target per tree, and lack

a shared representation mechanism across tasks, deep learning models such as transformers are read-
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Train Method Density Heat Capacity | Thermal Conductivity | Viscosity
Multitask 40°C 0.106 (—0.895) | 0.136 (0.829) | 0.121 (—16.360) 0.326 (0.881)
Multitask 100°C | 0.093 (—0.442) | 0.099 (0.906) | 0.059 (—3.763) 0.302 (0.823)
Single-task 40°C | 0.045 (0.26) 0.055 (0.94) 0.017 (0.63) 0.319 (0.78)
Single-task 100°C | 0.045 (—0.02) | 0.055 (0.93) 0.017 (0.64) 0.275 (0.74)

Table 5.6: RMSE and R? (in italics) of multitask transformer model for each property and temperature.

ily adaptable to this approach. To investigate whether a multi-task approach could improve predictive

accuracy, we trained a transformer model to predict the 8 properties so far analysed in this study.

As shown by Table 5.6, we observed that the multitask model did not outperform any of the single-task
models using the same transformer architecture. A potential reason for this could be that the use of
identical molecular structures as inputs across tasks may limit the diversity of the learning signal and
reduce the benefits of shared representations. Since each task involves predicting a different property
of the same structure, the model may struggle to specialise internal representations for each property,
leading to task interference.’”®3° This may be further exacerbated by task conflict, where gradients
from different property predictions push the model in competing directions, or by the differences in
task complexity, which we can see is quite large considering the different R? values across the different

properties.

5.3.3 A Comparison of ML and MD Techniques for the Prediction of Hydrocarbon
Thermophysical Properties

MD simulations using popular force fields such as LOPLS and COMPASS have been shown to accu-

rately predict the thermophysical properties of linear alkanes'* branched alkanes'?, and esters.®"

However, fewer studies have investigated the accuracy of such forcefields for saturated and unsatu-
rated cyclic molecules of sizes relevant to lubricant base oils. For example, a study by Kondratyuk
et al. studied the efficacy of EMD methods at predicting the density and viscosity of mixtures of 1-
methylnaphthalene and methylcyclohexane at 323K for a range of pressures, finding that this approach
had good agreement with experimental values up to 100 MPa.*®® However, molecules of this size (< Cy)
are unlikely to be able to serve as useful lubricant base oils. As demonstrated by the previous sections,
ML approaches can provide accurate predictions of the thermophysical properties of a wide range of
lubricant-like molecules, when trained on an appropriate dataset. Determining whether MD simulations
or ML models offer greater predictive accuracy is important in the context of high-throughput molecular
screening, where large numbers of candidate molecules must be evaluated in a short period of time.
ML models can generate property estimates much more quickly than MD, but their utility depends on

whether they can match or exceed the reliability of such physics-based simulations.

To determine which approach possesses better predictive accuracy, we conducted EMD simulations on
nine lubricant molecules to assess the predictive performance of four all-atom force fields (LOPLS, !4
601,602 COMPASS, > AMBER,*** and SciPCFF!>%-!3!), comparing these outputs to the predictions

made by the best performing XGBoost models trained in the previous section for thermal conductvity,
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Figure 5.9: Mean absolute percent deviation of simulation predictions from experimental values for den-
sity (0p), viscosity (0m) via both Green—Kubo (GK) and Einstein formalisms, and thermal conductivity
(6x) via GK and Einstein.

viscosity and density. These nine molecules were chosen due to their industrial relevance (see Sec-
tion 5.2.1), and to ensure no data leakage, these molecules were removed from the datasets used to train
the XGBoost models. Experimental values for the test molecules were taken from a combination of
the NIST WebBook, the Landolt-Bornstein series, and values available in literature.!3%-334:535.562.604,
605.606 parameters for the LOPLS simulations were taken from Jorgensen et al.'*. Price et al.?%7, Sui
et al.®*!, and Pluhackova et al.°®*> The LOPLS systems were parameterised using the MAPS platform
from Scienomics SARL. The SciPCFF""-1>! and AMBER95%% systems were also parameterised using
the MAPS platform from Scienomics SARL. The COMPASS ' systems were parameterised using the
LUNAR suite of tools by Kemppainen et al.®%® For each simulation, we calculated density, thermal con-
ductivity, and viscosity using the Green—Kubo and Einstein formalisms (detailed in Section 5.2.2) and
compared the resulting predictions with both experimental measurements and predictions from the XG-
Boost models. Uncertainties for the XGBoost models were taken as the RMSE values from prediction

on the test sets during training (see Table C.1).

Figure 5.9 shows the mean absolute percentage deviation from the experimental values for each predic-

tion method (for both temperatures), calculated as:

1 N

i=1

Xipred _ Xiexp

XXP

1

x 100%,

where X denotes the property of interest (density p, viscosity 7, or thermal conductivity k), and N is the
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total number of predictions made. Fig. C.3a, Fig. C.3b and Fig. C.4 show experimental values against
MD predictions (from both Green—Kubo and Einstein formalisms) and the XGBoost models for density,
thermal conductivity and viscosity respectively, while Table C.4, while Table C.5 and Table C.6 show
the property predictions for each of the molecules by each prediction method. As shown by Fig. 5.9,
the XGBoost models significantly outperform the MD predictions for all of the properties, with absolute
differences of 0.8%, 8.4% and 20.1% lower mean deviations than the next best MD approaches for
density, viscosity and thermal conductivity respectively. The SciPCFF yields the predictions with the
lowest mean deviation from the experimental values out of all the MD forcefields for density and thermal
conductivity when using the the GK formalism. The LOPLS force field combined with the Einstein
formalism performs best out of all the MD approaches for the prediction of viscosity, although there
is not much difference between LOPLS and SCIPCFF when using either the Green-Kubo or Einstein
formalisms. A recent extension, known as OPLS/2020,°° with updated parameters for unsaturated
hydrocarbons, alcohols, and ethers could potentially improve performance further. However, unlike
LOPLS, the changes made in this parameterisation were not specifically for long chain lubricant-like

molecules.

There is no significant trend of the Green-Kubo and Einstein methods outperforming each other, in
agreement with previous studies showing that these methods provide similar estimates for viscosity.' '+
610 Furthermore, there seems to be no pronounced trend of over- or underestimation by the MD methods
for thermal conductivity or viscosity; however, MD often under-predicted the density values (Fig. C.3a).
This could be an artefact of the NVT ensemble used to estimate the viscosity values. That notwithstand-
ing, all MD forcefields seemed capable of providing density estimated with mean deviations no larger
than 6% on average. A similar study investigating the performance of LOPLS and COMPASS for pre-
dicting the density of linear and branched alkanes reported average deviations of 0.8% when predicting
density using COMPASS, and average deviations of 1.4% for LOPLS.!% This study also reported also
reported average deviations of 14.1% when predicting viscosity using COMPASS, and average devia-

tions of 38.4% when using LOPLS.!?

The relatively poor performance of all the forcefields compared to the XGboost models may be because
the prediction of these properties using EMD simulations is more difficult for cyclic hydrocarbons than
for linear and branched alkanes, due to differences in molecular structure and conformational flexibility.
The ring structures in these systems introduces a wider range of intramolecular interactions and alters
packing behaviour in the liquid phase.®!!-%'> Many common used force fields are parameterised for lin-
ear and branched alkanes and may not capture the structural and electronic features of cyclic compounds.
As a result, simulations involving cyclic hydrocarbons may require force field refinement or reparam-
eterisation to achieve more accurate predictions.®'® Despite these limitations, MD simulations are still
very useful for scenarios where the system of interest lies outside the chemical or thermodynamic do-
main covered by the training dataset of the ML, such as predictions at a wider range of pressures and

temperatures.
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5.3.4 MD versus Experimental Dataset Model Performance

It is well known that the current availability of high-quality, large-scale experimental datasets in the field
of tribology is insufficient to fully harness the potential of ML for property prediction.®'* Experimen-
tal data acquisition remains expensive, time-consuming, and often biased toward pre-existing, easily
synthesisable compounds. In attempts to overcome this issue, recent research efforts have explored the
generation of synthetic datasets via MD simulations, with some studies demonstrating the feasibility of
using MD-derived data to augment experimental datasets, or serve as stand-alone training data for prop-
erty prediction tasks.3!-3%:240:615 Nevertheless, questions remain regarding the fidelity of MD-generated

data and its utility in training ML models that generalise well to real-world test cases.

In our study, we investigated whether varying the amount of MD-generated data has a tangible effect on
the performance of ML models, as measured by their root mean square error (RMSE) on a test set. To

this end, we used the publicly available dataset from the study by Kajita et al.>’

, which comprises MD
simulations for approximately 48,000 small organic molecules in a similar region of chemical space to
the experimental dataset used to train the ML models in the previous sections. The scale and homo-
geneity of this dataset allows it to serve as an ideal benchmark to evaluate whether increased volume of
synthetic data can compensate for the potential inaccuracies inherent in MD simulations. We trained the
top three model-representation combinations with increasing fractions of the Kajita MD dataset, using
an 80:10:10 train:test:validation split. For example, models trained on 10% of the total dataset would be
trained on approximately 3840 molecules, with a test set of 480 molecules, but validated on the same
4800 molecules as all other models. These MD-trained models were then evaluated on the same test set
as the models in Section 5.3.2. As shown by Table 5.7, the MD-trained ML models across all training
set sizes present substantially worse RMSE and R? values on the test set than the best performing mod-
els trained on the experimental dataset (Table C.1). Nevertheless, the performance of the model on the

validation set is sensitive to the size of the dataset used to the train said model.

Property | Temp | Model Validation RMSE Test RMSE

Density | 40°C | Descriptor | 0.009 [0.86] (0%) (1%) 0.065 [0.29] (+16.1%) (10%)
Density | 40°C | Fingerprints | 0.017 [0.82] (+20.1%) (50%) | 0.067 [0.24] (+10.0%) (100%)
Density | 40°C | Transformer | 0.014 [0.88] (+77.7%) (50%) | 0.086 [-0.24] (+21.3%) (30%)
Density | 100°C | Descriptor | 0.011 [0.91] (0%) (1%) 0.066 [0.28] (+25.7%) (10%)
Density | 100°C | Fingerprints | 0.018 [0.82] (+26.8%) (50%) | 0.073 [0.11] (+20.7%) (20%)
Density | 100°C | Transformer | 0.014 [0.90] (+87.4%) (50%) | 0.099 [-0.64] (+39.0%) (20%)
Viscosity | 40°C | Descriptor | 0.067 [0.98] (+52.8%) (100%) | 0.650 [0.53] (+1.1%) (100%)
Viscosity | 40°C | Fingerprints | 0.189 [0.87] (+47.7%) (100%) | 0.865 [0.16] (+10.8%) (20%)
Viscosity | 40°C | Transformer | 0.061 [0.99] (+64.8%) (100%) | 1.255 [-0.77] (+5.1%) (20%)
Viscosity | 100°C | Descriptor | 0.044 [0.99] (+54.1%) (100%) | 0.478 [0.56] (+2.6%) (10%)
Viscosity | 100°C | Fingerprints | 0.148 [0.86] (+52.5%) (100%) | 0.667 [0.14] (+10.3%) (10%)
Viscosity | 100°C | Transformer | 0.037 [0.99] (+54.4%) (100%) | 0.938 [-0.71] (+1.9%) (10%)

Table 5.7: Best performing RMSE for each property and temperature. Non-bracketed numbers are best
RMSE values; square brackets denote R?; parentheses denote percentage improvement from 1% use of
the training set if any; angle brackets denote the training split at which this performance was achieved.
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Figure 5.10: Effect on training dataset size on prediction of viscosity and density at 40°C and 100°C.
Each colored line corresponds to a specific model-representation combination, and “X” markers indicate
the training percentage with the best RMSE.

As Fig. 5.10 shows, increasing the size of training set almost always reduces RMSE for every model-representation
combination when evaluated on both the MD-validation dataset and the experimental test set. Most mod-
els performed best when trained on 50% of the Kajita dataset when predicting density and 100% of the
Kajita dataset when predicting viscosity, suggesting that beyond a certain point there are diminishing
returns when training with more data for density prediction. A potential reason for this is that, as the
training set grows, small measurement errors in density compound until they exceed a noise threshold,
at which point this accumulated error acts like random noise and begins to degrade the model’s ability to
learn accurate relationships. The exception is for XGboost models trained on descriptors on the valida-
tion set to predict density, achieving its best RMSE (0.009 and 0.011 for 40°C and 100°C respectively)
at just 1% of the training set, with additional training examples degrading its performance on the MD
validation set. This trend does not translate to the performance of the model on the experimental test set,
where this model performs best when trained on 10% of the Kajita dataset. This suggests the training

on the very small set led to overfitting that falsely inflated the model accuracy.
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When evaluated on the test set, there was more variation in the optimal amount of the Kajita dataset to
maximise predictive performance, although most models performed best using 10-20% of the dataset.
Percentage increases from the 1% dataset baseline were less pronounced for the experimental set than
on the MD validation set, suggesting that the increase in training dataset size did not strongly correlate
to improved performance on the test set. The transformer architectures trained on PCA embeddings
consistently deliver far larger percentage improvements as more training examples are added, gaining
up to 87% RMSE reduction, whereas the XGBoost-based descriptor and fingerprint models improved
more modestly. This reflects the reliance of the transformer on an abundance of examples to learn dis-
tributed feature interactions, and shows that with limited data, it is more likely to overfit, as is possibly
the case with other deep learning models evaluated in earlier sections of this study. XGBoost models sat-
urate earlier, extracting most of their predictive power from relatively few samples and yielding smaller

incremental benefits from additional training points.

More generally, the lack of significant effect on test set performance across different training dataset
sizes suggests that scale alone does not guarantee improved predictive performance when the data orig-
inates from synthetic simulations. One contributing factor to this relatively poor performance could be
that, despite its size, the Kajita dataset does not feature some of the functional groups present in some of
the molecules in the test set. As shown by Table 5.1, the Kajita dataset does not feature any alkanes, cy-
cloalkanes, alkenes or napthalenes, most likely a result of the use and/or parameterisation of the MCTS
algorithm used to generate the population. The MCTS algorithm in the Kajita study was parameterised
to optimise the upper confidence bound to maximise DVI, resulting in the algorithm failing to survey
a sufficiently broad range of compounds, underscoring the need for a selection strategy that actively

explores a more diverse span of the chemical space.’

Another reason for the performance discrepancy could be down to the specific force field employed,
"TEAM_MS’, used in the Kajita study. This force field is not open-source, but has been validated on
common organic molecules, polymers, drug-like molecules, zeolites, ionic liquids and metal oxides.®'®
The poor performance of the MD-trained ML models in this case suggests that this force field parameter-
isation may not sufficiently capture the relevant intermolecular interactions or molecular conformations
for accurate prediction of transport properties outside of the training set distribution. Classical force
fields are parameterised using empirical or ab initio data for a limited set of molecular systems and may

not generalise well for prediction of larger or chemically diverse molecules.®!”-6!8

To estimate liquid viscosity, the Kajita study?® employed the shoving model, which describes flow as
the result of molecules escaping their local cages by pushing against neighbours.®'® By combining
this model with transition-state theory and a modification accounting for boiling point (van Velzen’s

model),5%°

an Arrhenius equation is derived for viscosity predictions using drastically short MD sim-
ulations and SMILES-based boiling point estimates.%>! While computationally efficient, this approach
may compromise the accuracy of the MD simulations, especially for properties like viscosity which are
sensitive to long-timescale molecular behaviour. For instance, viscosity and diffusion coefficients are
highly dependent on the dynamic behaviour of molecules over extended simulation timeframes, where, if

these are truncated prematurely, the property estimates may be unreliable.!'* Of course, a more accurate
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dataset might be obtained through full-length MD simulations with more sophisticated force fields (e.g.,
polarisable or machine-learned potentials);3!'> however, the computational cost associated with such
an undertaking would be prohibitive for datasets on the scale of tens of thousands of molecules. There-
fore, while MD data generation remains a promising avenue, it cannot yet serve as a complete substitute

for experimental data in training ML models without considerable methodological improvements.

5.3.5 Out Of Distribution (OOD) Prediction

It is well-known that ML models yield unreliable property predictions for molecules that lie outside
the chemical domain of their training sets.’'>-%2> This limitation is problematic for molecular discovery
pipelines, where generated compounds frequently occupy regions of chemical space not sampled during
model training, leading to large and unquantified prediction errors. Experimental measurements for
such molecules are scarce, which impedes evaluation of model generalisation. Furthermore, certain
molecular representations are inherently unsuited to OOD property prediction. For example, fingerprint-
based models will not be able to extrapolate reliably because they have only encoded substructures seen
during training, meaning any novel fragments will not activate bits, leading to meaningless predictions.
Tokenisations and embeddings based solely on string-based representations such as SMILES will not be
able to generalise as they rely on short and long term sequential relationships that will be distorted by

out of distribution atoms and functional groups.

Molecular descriptors, on the other hand, provide features which, by design, vary smoothly with sub-
tle structural modifications, characterise properties that are relatively independent of chemistry (e.g.,
molecular volume), and span a broad range of chemistries, making this representation much more suit-
able for OOD prediction.5?* This has been demonstrated in the drug-discovery domain by Tossou et al,
who demonstrated that OOD prediction is a covariate shift problem (where there is a difference in test
and dataset distributions).%>* Based on this characterisation, they showed performance degradation when
predicting on OOD molecules is much more dependent on representation than choice of model. They
also showed that RDKit-based descriptors perform better than other representations on in-distribution
test sets, and minimise performance degradation on OOD property prediction compared to other repre-

sentations (fingerprints, molecular graphs, embeddings).®?*

However, descriptor sets can be high-dimensional and correlated, which risks overfitting and singular
covariance estimates for smaller datasets unless carefully regularised. Moreover, many descriptors rely
on empirical or quantum-chemical calculations calibrated on familiar chemistries, so completely novel
structures may fall outside their calibrated ranges, leading to extrapolation errors. Beyond this, defining
and quantifying out-of-distribution (OOD) status is itself challenging. Previous studies have leveraged

Tanimoto similarity on fingerprints®> 624

or Euclidean distance in descriptor or cluster-based spaces.
However, when using fingerprints, novel compounds trigger zero or near-zero similarity scores, pro-
viding no useful gradient for extrapolation, while Euclidean distance in descriptor space may become

dominated by a few high-variance axes.

With these limitations in mind, to quantify OOD error in our XGBoost-descriptor models, we assembled

a small test set of tribofluids comprising atom types and viscosity ranges absent from the experimen-
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tal training dataset (Table C.2 and Table C.3). We measure OOD status via Mahalanobis distance in
descriptor space, which mitigates varying descriptor scales by normalising each feature and ensuring
the covariance matrix captures inter-feature correlations rather than just magnitudes (as with Euclidean

distance).®?® Mahalanobis distance is calculated by:

Du(x) = /(x— )= (x— ).

where x is the descriptor vector of the query molecule, p is the training-set mean vector, and X is the

covariance matrix of the training descriptors. We flag any molecule for which

Dj(x) > X§,0.975,

where p is the number of retained descriptors. In other words, we mark a molecule as an outlier if
it is unusually *far’ in terms of descriptor distribution from the rest of the data. Specifically, if this
descriptor distance is further away from the centre of the distribution of the training set than 97.5% of
molecules in the set, it is flagged as OOD. As Mahalanobis distance assumes a multivariate-Gaussian
descriptor distribution and requires an accurate covariance matrix, we apply recursive feature elimination
(RFE), with 5-fold cross validation, to remove redundant or noisy descriptors in an attempt to improve

performance.

Viscosity: RMSE vs. % Features Retained
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Figure 5.11: Out-of-distribution and test RMSE for log viscosity as a function of the percentage of re-
tained features for both temperatures. The best-performing models for each RMSE type are highlighted.

As shown by Fig. 5.11, the optimal number of features to retain varies greatly depending on the temper-
ature and whether test or OOD RMSE is the primary performance metric. However, across most of the
feature retention range (above 10%, or around 90 features), the RMSE values remain relatively stable.

This suggests that the majority of descriptors used to predict viscosity on molecules similar to that in the
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Figure 5.12: Average rank of OOD and test RMSE across different feature retention levels for 40°C
and 100°C. Lower rank indicates better performance. The lowest rank shows the optimal feature subset
balancing both generalisation and internal accuracy.

experimental dataset provide redundant information, such that removing a moderate number of features
does not degrade model performance. A notable drop in both test and OOD performance is observed
when fewer than 10% of features are retained, suggesting that at this extreme, critical descriptors likely

begin to be excluded, leading to information loss and underfitting.

The optimal tradeoff between feature number and generalisation is achieved when retaining between
75% and 85% (between 660 and 760) of the features, as shown by Fig. 5.12. Fig. 5.11 makes it clear to
see how OOD prediction performance is much worse than in-distrubution performance with a 100-200%

increase in RMSE for both temperatures.

To investigate the causes of this significant drop-off in performance, we decomposed predictive perfor-
mance via a parity plot showing the R> and RMSE performance of the models across molecules with
higher viscosities and different atom types. As shown by Fig. 5.13, there is a large discrepancy between
both the R? and RMSE values for the high viscosity and different atom groups for at both tempera-
tures. The significantly worse performance of these models when predicting the viscosity at 40°C of
high-viscosity molecules (RMSE=1.15, R?=-5.98), compared to molecules with different atom types
(RMSE=0.88, R?>=0.40), suggests that the trained model is more sensitive to the range of target values
it sees during training than to OOD features. Upon visual inspection of the parity plot, it is clear that
the trained model exclusively underestimates viscosity values for high-viscosity molecules. This indi-
cates that extrapolation beyond the target variable domain may be more challenging for the model than
generalising across chemical structure. At 100°C, the model achieves a lower RMSE for high-viscosity
molecules (0.54) than for the different atom group (0.71), but the corresponding R? value is much worse

(~1.54 compared to 0.32). This suggests the model may be consistently biased or fails to capture vari-
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Parity Plot by Test Property and Temperature
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Figure 5.13: Combined parity plot showing predicted vs. actual log viscosity values for OOD molecules
across two temperatures (40°C and 100°C). Marker shape distinguishes temperature (squares for 40°C,
circles for 100°C), while color indicates test property category. Each model is trained using the optimal
stable features from recursive feature elimination (RFE). RMSE and R? values reflect prediction perfor-
mance for each temperature-specific model on its respective OOD subset.

ance within the high-viscosity subgroup, leading to large penalties in the R? score despite seemingly
small prediction errors. In other words, this model performs well on this dataset in terms of RMSE as

there is lower variance in the test set at this temperature.

Fig. 5.14 shows how absolute error varies with Mahalanobis distance. As shown by Fig. 5.14, 38 of
the 40 OOD molecules are correctly identified as OOD using this distance metric. When stratifying the
OOD molecules by category, a clear distinction emerges between high-viscosity molecules and those
containing atom types absent from the training set. The high-viscosity molecules exhibit substantially
lower Mahalanobis distances despite being harder to predict, while molecules with different atoms are
effectively flagged with greater confidence as OOD by the Mahalanobis metric. This implies that Ma-
halanobis distance is more sensitive to shifts in feature distributions tied to atomic composition than to
shifts in the distribution of the target variable. In other words, descriptors related to atom type dominate
the covariance structure, leading to low Mahalanobis distances for high-viscosity molecules that share

similar molecular stuctures with the training set, despite their extreme property values.

Counterintuitively, the results reveal no strong positive correlation between Mahalanobis distance and
absolute prediction error. This suggests that molecules deemed further from the training distribution in
descriptor space are not necessarily harder for the model to predict accurately. A reason for this could be

that the prediction error is driven by the relationship between molecular structure and property in ways
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Prediction Error vs Mahalanobis Distance
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Figure 5.14: Relationship between Mahalanobis distance and absolute prediction error for the OOD
dataset when predicting log viscosity at 40°C and 100°C. Molecules are color-coded by test property
and flagged as OOD using a 97.5% Mahalanobis distance threshold. A Pearson correlation coefficient
is included in the legend to assess association between Mahalanobis distance and absolute error.

that do not align linearly with descriptor variance. It must be noted that these findings may be influenced
by the limited size of both the training and OOD datasets, which can lead to unreliable estimates of the
feature covariance matrix, reduced descriptor coverage of chemical space, and potentially unstable Ma-
halanobis distance measurements that do not generalise well across under-represented molecular types.
In practice, the molecular descriptors used in our study most likely do not conform to a multivariate
Gaussian distribution, limiting the reliability of Mahalanobis distance alone. To improve robustness of
OOD detection and quantification, future studies could pair Mahalanobis distance with a non-parametric
kNN approach, where the average Euclidean distance from each query molecule to its k-nearest neigh-
bours in a standardized (normalised) descriptor space is constructed from the training set. Molecules

exhibiting mean distances exceeding a chosen threshold could then be defined as OOD.%%*

5.4 Conclusions

In this study, a range of ML methods and molecular representation combinations are evaluated to de-
termine the most performant combination for predicting hydrocarbon transport properties. The perfor-
mance of the best model-representation pair were compared to MD simulations using different force
fields. The feasibility of using datasets generated from MD to train ML regression models was also

assessed. Finally, the limitations of these ML models were explored by evaluating their performance on
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molecules that lie outside the distribution of the training data.

Our evaluation of embedding and fingerprinting strategies highlights the importance of representa-
tion—-model compatibility in molecular property prediction. PCA-based embeddings outperformed UMAP
when used with tree-based models like XGBoost, likely due to their alignment with axis-aligned split
strategies and their emphasis on global variance. UMAP embeddings proved more effective for MLPs in
most cases, indicating their utility in capturing nonlinear, locally structured manifolds that deep learn-
ing models can exploit. Nevertheless, XGBoost models consistently outperformed MLPs across both
embedding types, confirming their robustness across representation spaces. Similarly, fingerprinting
experiments revealed that hashed ECFP performance improves with larger radii and bit sizes despite
increased bit collisions, with XGBoost models again outperforming MLPs. Transitioning to unhashed
fingerprints eliminated collision-induced ambiguity, further improving model performance and inter-
pretability. These findings support the use of PCA-reduced descriptors and unhashed extended finger-
prints for robust, interpretable, and generalisable ML models in the context of hydrocarbon transport

property prediction.

Our benchmarking study confirms that tree-based ensemble models consistently deliver optimal predic-
tive accuracy across a range of thermophysical properties when paired with molecular descriptors. The
observed trends in the study emphasize the importance of representation—-model synergy: descriptors
excel for viscosity and heat capacity, whereas fingerprints perform better for properties more reliant on
structure, such as density. Multitask learning did not surpass single-task performance, likely due to task
interference and the overlapping molecular input space. These findings highlight that optimal predictive
performance of chemical properties arises from a combination of robust feature engineering, carefully

selected model architectures, and domain-informed design choices tailored to specific property types.

We compared the accuracy of ML and MD approaches for predicting the thermophysical properties
of hydrocarbons. While MD simulations using commonly used force fields such as LOPLS, COM-
PASS, AMBER, and SCIPCFF were able to produce reasonable estimates for density, viscosity, and
thermal conductivity, the XGBoost models consistently outperformed them in terms of predictive ac-
curacy across all three properties. This performance gap was particularly pronounced for viscosity
and thermal conductivity, where the ML models achieved significantly lower mean absolute percent-
age deviations from experimental values. The poorer performance of MD methods on these benchmark
molecules is likely due to the presence of cyclic and substituted ring structures, which are more difficult
to simulate accurately using standard force fields that have been predominantly parameterised for linear

and branched hydrocarbons.

Our comparisons between MD-based and experimental datasets highlight the limitations of relying on
large-scale MD-generated datasets for ML model training in molecular property prediction tasks. The
inferior performance of models trained on MD data, despite its scale, suggests that careful attention must
be paid to force field selection, molecular diversity, and simulation protocols. These results highlight
the importance of high-quality experimental datasets and motivate the development of hybrid approaches

that combine experimental data with carefully curated synthetic data for optimal model performance.
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Our studies on the OOD performance of the best performing models demonstrates that molecular descriptor-
based models face substantial limitations when extrapolating to novel chemical spaces. Mahalanobis
distance fails to correlate strongly with absolute prediction error, suggesting that structural dissimilar-
ity does not always equate to predictive difficulty. These results show that prediction errors are more
sensitive to shifts in the target property distribution (e.g., high-viscosity compounds) than to atom-type

dissimilarity.

This study lays the foundation for leveraging ML methods in combination with MD for the multi-

objective optimisation of lubricant base-oils.
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Chapter 6

Evolutionary Algorithms and Explainable
Machine Learning for the Multi-Objective
Optimisation of Lubricant Base Oils

In this chapter, a computational framework that combines interpretable ML and evolutionary multi-
objective optimisation to support the design of next generation lubricant base oils is presented, building
on the insights gained from the work of Chapter 5 regarding the best ways of leveraging ML for thermo-
physical property prediction. By leveraging experimental data and domain informed constraints, we ex-
plore how molecular structure influences key performance properties and use this understanding to guide
the generation of high performing candidate molecules. The framework addresses both interpretability
and optimisation, aligning with the broader goals of uncovering structure—property relationships and

identifying base oils with optimal tradeoffs across competing design objectives.

6.1 Introduction

Historically, the design of new molecules and materials has been reliant on human intuition and trial-
and-error approaches. For many important applications, such as synthetic lubricant base oils, only a
relatively small number of molecule types and production processes have so far been utilised. Virtual
screening has emerged as a powerful tool with which to accelerate the laborious process of molecular

design for these types of applications.

The development of high-performance lubricant formulations remains an important part of research in
the pursuit of improved energy efficiency in the automotive sector.®?’ These lubricants play a critical
role in minimising wear and friction between moving parts, directly impacting the energy consumption
and longevity of machinery.!” The fluids used in these applications are complicated mixtures consist-
ing of blends of base fluids and additives designed to perform specific functions. In addition, increasing

concerns about the environmental impact of lubricants, which encompass both their production and their
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subsequent emissions into the environment, have prompted increased demand for the design and produc-
tion of formulations from sustainable feedstocks that offer biodegradability and reduced environmental

toxicity without compromising performance.’

The emergence of electric vehicles requires the development of new lubricant formulations tailored to
their unique requirements.! Effective lubrication of electric vehicle drive units presents unique chal-
lenges in terms of lubricant formulation. An electric vehicle drive unit lubricating fluid is required to
provide adequate protection to gear and bearing surfaces under high-torque, low-speed operating condi-
tions, while minimizing churning losses at high speeds and low torques.®® The former requires a high
viscosity fluid, and the latter a low viscosity one. Furthermore, in most modern electric vehicles the same
fluid is used to lubricate the gearbox and cool the electric motor, which imposes additional requirements
on the fluid of having a high specific heat capacity, suitable thermal conductivity and favourable copper
compatibility.®?® Although existing hydrocarbon-based oils may excel in some of these aspects, such as
offering superior surface protection, they may no longer offer the optimum combination of properties to

adequately satisfy this whole set of requirements.

Until recently, lubricant development has been mostly evolutionary, with empirical testing coupled with
incremental adjustments to existing compounds being the method of choice for the improvement of
overall performance. Such top-down methods are slow and costly, which means that novel techniques
are required to keep up with the pace of technological advancement. To alleviate these drawbacks,
more modern approaches to lubricant design have sought to incorporate various computational methods
to design lubricants and/or predict their properties on the molecular scale.?-2?-393:630.631 The concept
of computed-aided molecular design (CAMD) has been around for decades,%*> however, significant in-
creases in the capability and accessibility of high performance computing, coupled with the development
of novel cheminformatics and artificial intelligence algorithms has seen a surge in attempts to use CAMD

methods to reduce the cost and time requirements of developing improved lubricant formulations.

Force field development and innovation has also played a key role in the widespread adoption of CAMD
techniques. Since the force fields developed by Allinger et al. (MM2%33 MM3,%3* MM4%%) in the latter
stages of the 20th century with a focus on characterising small hydrocarbons, a plethora of all-atom (e.g.,
Drieding,%°® AMBER,'4” UFF,%*” CHARMM, '“® PCFF, 3! OPLS,'* COMPASS,">° REAXFF,>3) united-
atom (e.g., TraPPE,%8 Potoff,%?), and coarse-grained (e.g., MARTINI®**) force fields have been devel-
oped, allowing for the study of increasingly complex systems with MD simulations. It has been shown
that the use of an accurate force field is critical to predicting the properties of long chain molecules such
as those used in lubricants. A study by Ewen et al. comparing various open-source all-atom and united-
atom force fields found that L-OPLS-AA®! produced the most accurate estimates for the viscosity of
hexadecane.'?* A more recent study by Schmitt et al. investigating the accuracy of various force fields
in predicting the thermophysical properties (density, viscosity, diffusivity) of long linear and branched
alkanes (n-decane, n-icosane, n-triacontane) found that COMPASS outperformed L-OPLS-AA in terms
of prediction accuracy for thermal conductivity and viscosity. The study also noted that COMPASS was
only marginally more expensive computationally than L-OPLS-AA and returned predictions that varied

less from experimental data over several runs.'%3
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Developments in equilibrium molecular dynamics (EMD) and non-equilibrium molecular dynamics
(NEMD) techniques have further enabled the ability to predict the physical and chemical properties of
molecules and their interactions at the molecular level. EMD has been used in several studies to predict
important lubricant properties such as viscosity,>*!-641:642.643 thermal conductivity,**+4 diffusivity,54¢-
%47 and pour point.**® The Green-Kubo and Einstein-Helfand methods are two techniques that have been
used extensively for extracting transport properties, such as viscosity, thermal conductivity and diffusiv-
ity from both equilibrium and non-equilibrium MD simulations at different scales®'’ The Green-Kubo
method relates transport coefficients to the time integral of the auto-correlation function (ACF) of a
flux associated with the transport process being predicted.®*® In other words, by analysing the spon-
taneous fluctuations from equilibrium of parameters related to the target transport property. Whereas
the Einstein-Helfand method offers an alternative approach by focusing on the mean squared displace-
ment of particles or energy over time.®" It has been observed that the Einstein method requires shorter
trajectories to achieve the same statistical accuracy as the Green—Kubo formula on the meso scale.®!
EMD and NEMD has already been employed to aid the autonomous molecular design of lubricant
oil molecules. For example, Chew et al. integrated physics-informed descriptors from molecular dy-
namic simulations to enhance the accuracy and interpretability of Graph based ML models to predict

temperature-dependent viscosities of small organic molecules (<Cj5).%*

Despite these advances, it must be noted that MD simulations require significant computational re-
sources to calculate properties such as viscosity, particularly at higher viscosities where the autocor-
relation function converges slowly.’*> In NEMD simulations, the shear rate must be sufficiently low to
achieve the Newtonian regime, often requiring extended simulation durations due to poor signal-to-noise
ratios at low shear rates.'> Furthermore, approaches such as the Green-Kubo method are subject to a
large amount of variability because the plateau region of the Green—Kubo integral is difficult to identify
unambiguously. Hence, as viscosity significantly increases under high pressures, predicting transport
properties at these conditions becomes a complex and computationally demanding challenge.>> Tech-

niques such as the time decomposition method have been employed to address this issue.’*?

Advances in artificial intelligence (Al), specifically ML, along with their successful applications in ad-

jacent fields such as drug discovery,%>

have inspired the tribology research community to adopt these
techniques in their own research and development efforts. While ML offers significant potential for
the computer-aided design of lubricant molecules, several drawbacks limit its practical application. A
primary challenge is the lack of public availability of large, high quality datasets with full accurate lubri-
cant properties across a range of lubricant families.??#64:463.:466 Datasets that are large enough to extract
patterns from using ML often have missing data due to missing measuring equipment for the property in
question or due to human error. Recently, Jeong et al. attempted to rectify this by using a graph-based
imputation method, with a graph convolution network, to impute the missing data points in a lubrication
formulation dataset.®>* The dearth of comprehensive experimental data on lubricant molecules hampers

an ML model’s ability to sufficiently generalise across the vast lubricant chemical space, often leading
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to model overfitting, where the model performs well on training data but poorly on new, unseen data.®>

Furthermore, many ML models employed in cheminformatics also suffer from an inherent lack of inte-
gration with domain-specific knowledge, such as chemical valence rules, which are crucial for accurate
and reliable molecule design. Combined with the fact that many studies have not interpreted the outputs

of these ML architectures in practice,’”

their value as a replacement for traditional methods of lubricant
design and characterisation is diminished. Hence, there is a clear need for methods of lubricant design

and characterisation that address the aforementioned issues.

Genetic algorithms (GA) are a class of optimisation techniques inspired by the principles of natural se-
lection and genetics. Genetic algorithms have shown great promise in various domains for their ability to
search large, complex spaces by iteratively selecting, mutating, and recombining candidates to improve
performance according to defined fitness functions over a series of generations.®%-97 Unlike traditional
optimisation methods, GAs do not require a comprehensive dataset to initiate the search, making them
attractive for applications like lubricant formulation design where empirical data is scarce and/or expen-
sive to obtain. Moreover, GAs offer interpretability through the tracking of a molecule’s ’genealogical’
information, allowing researchers to understand the evolution of candidate molecules over generations
and allowing researchers to retrospectively identify molecule features related to stronger candidate per-
formance. Furthermore, GAs allow for researchers to explicitly define constraints on the generated can-
didates based on knowledge of the problem domain. Most importantly GAs allow for multi-objective
optimization through the combination of the outputs of different fitness functions, allowing researches

to directly compare tradeoffs between different properties of interest.

The idea of using GAs for molecular discovery has been around since the 90s. For example, Venkatasub-
ramanian et al. used a weighted-sum genetic algorithm (WSGA), where molecules were represented as
bit strings, to explore if the approach could identify an optimal target polymer from a constrained search
space according to density, thermal expansion, specific heat capacity and other properties of interest.®>®
They found that even with a theoretical search space of 1.1x10'® candidates, such an approach was still
able to find a candidate that matched the performance of an optimised target. More recent studies have

combined machine learning, molecular dynamics and genetic algorithms to optimise polymer density,®°

to minimise the energy of a polymer-polymer interface,®® to optimise glass transition temperature,®

and to maximise thermal conductivity.®%>

Certain studies have also employed genetic algorithms for optimisation tasks within the field of tribol-
ogy. For example, Li et al. used a genetic algorithm to optimise the hyperparameters of a neural network
trained to predict the friction coefficient and wear rate of nano-TiO, reinforced PA6 composites lubri-
cated with solid lubricants, achieving a correlation index between the predicted and the experimental
values for friction coefficient and wear rate of 0.992 and 0.998 respectively.*®> Bhaumik et al. used a ge-
netic algorithm to optimise biodegradable lubricant formulations comprising vegetable oils base stocks
with different nano-friction modifiers, using a neural network trained to predict a formulation’s coeffi-
cient of friction as the fitness function.®®* Zhang et al. used a genetic algorithm to optimize the shape
of concave surface textures under reciprocating sliding motion for improved friction coefficient, using a

modified average flow Reynolds equation as a fitness function.®®
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Although GAs have been used in several optimisation tasks within the field of tribology, there have been
no studies utilising them in conjunction with ML to directly optimise lubricant base oils. To address gap,
we propose a novel approach that combines GAs with explainable ML for the multi-objective optimisa-
tion of lubricant base oil molecules. This approach incorporates key properties such as viscosity, thermal
conductivity, viscosity index, synthetic complexity and molecule toxicity into the fitness function, with
post-optimisation predictions of biodegradability for the best performing molecules. Through this ap-

proach, we seek to demonstrate the feasibility of genetic algorithms in optimising lubricant molecules.

6.2 Methodology

6.2.1 Genetic Algorithm Implementation
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Figure 6.1: Overview of Genetic Algorithm Process
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Figure 6.1 illustrates the steps followed by genetic algoritms such as NSGA-II. The first step of any
GA involves the initialisation of a population of candidates. Each individual in a population is eval-
uated using one or several fitness functions which assess how well the individual meets the desired
criteria. Based on their fitness scores, the best performing candidates in the population are selected to
be passed on to a subsequent generation unchanged and for combination with other candidates to pro-
duce the remaining candidates for the subsequent generation. The selected *parents’ undergo crossover
operations, exchanging segments of their "genetic information’ to produce offspring with new feature
combinations. To maintain genetic diversity and prevent premature convergence, mutation operations

may be performed on offspring, introducing random changes to offspring. The new generation of can-
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didates, including those from crossover and mutation, replaces the old population, the fitness function
is reapplied to the new generation, and the process repeats. This cycle of fitness evaluation, selection,
crossover, mutation, and replacement continues until a predefined termination condition is met, such as

a set number of generations or other convergence threshold.%%°

Each candidate in a population of a GA needs to be represented computationally in a way that allows
for efficient crossover and mutation. The most common representations for GAs are molecular-based
strings such as SMILES®®” and SELFIES®®® or molecular graphs.®® In this study, canonical SMILES®’3
is used to represent candidates as it provides a concise and unambiguous representation of molecular
structures, allowing for straightforward encoding, mutation, and crossover operations. Additionally, the
widespread adoption of SMILES in cheminformatics allows for the integration with existing chemical

databases and software tools.

Genetic Algorithm Hyperparameters - Population Initialisation, Mutation Rate, Population Size,
Number of Generations, Elitism and Parent Selection

When applying GAs for molecular generation and optimisation, several key hyperparameters can sig-
nificantly influence the quality and diversity of the resulting chemical space. The population size (or
generation size) defines how many molecules are evaluated per generation. The mutation rate controls
how frequently random changes are introduced into candidate molecules. Elitism determines how many
of the top-performing solutions are carried forward unchanged to the next generation. Careful tuning of
these hyperparameters are essential to achieve an effective tradeoff between exploration and exploitation

of the objective space.

A previous study has investigated the effects of the above hyperparamters for a single-objective optimi-
sation problem.®’? However, the findings from this study may not directly translate to multi-objective
optimisation frameworks such as NSGA-II or WSGA. The NSGA-II implementation in this study relies
on Pareto-based ranking and crowding distance calculation, which may be sensitive to different popula-
tion dynamics and selection pressures (e.g., a lack of Pareto-front selection pressure due to population
size being smaller than the number of non-dominated solutions).®”! Similarly, the effectiveness of mu-
tation and elitism rates in WSGA optimisation may depend on the chosen weighting scheme for each
objective and the shape of the underlying Pareto front. Therefore, to identify the most effective configu-
ration, we performed a grid search over relevant hyperparameter ranges for each GA scheme, where the
maximum number of generations is set to 200. For NSGA-II, the hypervolume (HV) indicator is used
to evaluate and compare the quality of generated solutions of the elite in each generation.!”®!7° For the
weighted-sum method, we tracked the average niched score for the elite portion of each generation’s

population.5”?

Parent selection, where candidates from the current population are chosen to produce offspring for the
next generation, is another important component of GAs. A plethora of selection strategies exist for
parent selection including k-way tournament, ' roulette wheel,'®3, stochastic universal sampling,®”? di-
rect ranking (according to fitness score), and random. K-way tournament selection works by randomly

selecting a subset of k individuals from a population and evaluating their fitness, where the fittest in-
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dividual from each subset is chosen as a parent. This is repeated until the desired number of parents,
normally two, is selected. A study reviewing the effect of GA parameters for optimising heterogeneous
catalysts determined that between roulette wheel, ranking, threshold, and tournament selection methods,
three-way tournament selection performed the best.’* These findings were corroborated by a study by

Greenstein et al.®”%

, which found that three-way tournament selection demonstrated the best balance
between coverage of the chemical space and speedup of the GA when compared with other selection
strategies, hence three-way tournament selection is used to select parents for offspring generation in this

study.

There are two widely used strategies for selecting the initial population of candidates: seeding the initial

population with good solutions,®6°

or creating the initial population from a random selection of candi-
dates within the search space.%”> Seeding the initial population with known good solutions may promote
faster convergence towards an optimised solution similar to the initial population, however it may dis-
courage the GA from exploring counter-intuitive candidates with desired properties. To avoid the GA
exploring a limited section of the search space, while still allowing the GA to converge to an optimal
solution quickly, the initial population used for the GA in this study is generated by performing random

mutations to molecules that were part of the dataset used to train machine learning models.

Promoting Population Diversity through Molecular Similarity Calculation

NSGA-II uses crowding distance to promote population diversity by estimating the density of solutions
around a given individual in objective space, favouring those located in sparsely populated regions to
encourage a well-distributed Pareto front. To ensure that each objective contributes equally to this cal-
culation, we normalise all objective values to fall within the range O to 1. Unlike NSGA-II, WSGA
multiple objectives into a single scalar value, which eliminates the ability to explicitly assess solution
spread in objective space, hence, alternative methods are needed to promote diversity and avoid prema-
ture convergence to a narrow region of the Pareto front. To prevent WSGA stagnation and premature
convergence towards a single local minimum as mentioned above, niching is employed, where the for-

mation of sub-populations is encouraged.

There are many methods for implementing niching, including clearing,®’® restricted tournament selection,®
and speciation.®’® However, these methods suffer from excessive sensitivity to parameter selection
and/or a requirement of subjective input, such as in the case of speciation, where sub-populations
(niches) must be defined explicitly. Hence, the fitness sharing method, where the fitness score of can-
didates that are too similar to each other in terms of their molecular structure is adjusted, as proposed
by Goldberg et al.'®? is used in this study. The fitness sharing function adjusted fitness score fi of a
candidate i with original fitness score f; is calculated as:

fi= Ji (6.1)
mi
where m; is calculated as:
N
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where N represents the population size, d;; is a representative value for the contextual "distance’ between
candidate i and candidate j (e.g., molecular structure), and S(d) represents the sharing function, used to

calculate the similarity between two candidates in a generation.

Several methods have been proposed for determining molecular similarity as this is an indispensable
element of cheminformatics, with the majority of these methods based on molecular fingerprints as
inputs.®”” Topological fingerprints,®3” structural keys such as MACCS keys, ®® and circular fingerprints
such as ECFPs, %8 are popular fingerprinting techniques used widely in the literature for this purpose.®®!
Circular fingerprints such as ECFP have been shown to perform consistently and outperform topologi-
cal fingerprints and structural keys in representing the neighbourhood principle, stating that molecules
within the same locality in structural space, have a higher chance of exhibiting similar properties.®
Hence, ECFPs are chosen to encode molecular structures for similarity comparison. A study by Lee et
al.>’® found that unique fingerprints can be generated for 100% of molecules in a dataset with a radius
of 8, hence, a radius of 8 is used in this study to generate molecule ECFPs for molecular similarity cal-
culations. Measures such as the Tanimoto coefficient, Dice coefficient and Cosine coefficient have been
shown to be optimal for fingerprint-based similarity calculations.®®® The Tanimoto coefficient method
is chosen as the sharing function due to its simple implementation, compatibility with molecular fin-
gerprints and directly interpretable output format. The Tanimoto algorithm describes sets A and B as
collections of fingerprint bits from the fingerprints of molecules A and B, respectively. The set AB con-
sists of the bits that are common to both fingerprints. The Tanimoto coefficient ranges from 0, indicating
that the fingerprints share no common bits, to 1, indicating that the fingerprints are exactly the same and
is calculated as: .

T(A,B) = PR — (6.3)
where a is the number of bits set to 1 in the fingerprint of molecule A, b is the number of bits set to 1 in
the fingerprint of molecule B and c is the number of bits set to 1 that are common to both fingerprints A

and B.

Table 6.1 outlines the mutation operations used in the GA, along with the conditions that govern their
application. Certain mutations are restricted to candidates above a certain number of heavy atoms, in
order to prevent uncontrolled growth of molecule size. Conversely, other mutations are only applied to
smaller molecules to encourage exploration of the molecular space in the intermediate molecular size

range.

Mutations

Figure 6.2 shows the crossover protocol used in the offspring generation phase of the GAs. As shown
by Figure 6.2, after two parents are chosen, each of the two parent molecules are fragmented at random
points into two sub-fragments, with the largest sub-fragment from each parent used for combination.
Sub-fragments are combined by creating bonds between two randomly selected atoms on each sub-
fragment. Combined sub-fragments may then be subjected to one of six mutations: Atom Addition,

Atom Removal, Atom Replacement, Bond Replacement, Fragment Addition or Fragment Removal.
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Mutation Conditions
Add Atom Heavy atoms < 40
Remove Atom N/A
Replace Bond N/A
Replace Atom N/A
Add Fragment Heavy atoms < 40
Remove Fragment | Heavy atoms > 40
Replace Candidate | Heavy atoms > 40
Crossover N/A

Table 6.1: Mutation types used in the GA with associated conditions and probabilities.

The atom removal and atom replacement mutations involve choosing an atom to be removed/replaced
at random, where bond order between neighbouring atoms is maintained. With the atom replacement
mutation, a bond in the target molecule is chosen at random and removed, an atom type is chosen at
random from the list of potential atoms, then bonds of a random order are created between the atom(s)
connected to the removed bond. The bond replacement mutation involves a bond in the target molecule
being chosen at random and changed to a different bond type. The fragment addition process involves
choosing a fragment for insertion from a predefined database of molecular fragments, where the cho-
sen fragment has no more than one-third the number of heavy atoms as the target molecule, to prevent
candidate molecules becoming too large too quickly in the GA process. A bond is then created between
randomly chosen atoms on both the initial molecule and the chosen fragment. The database of molecular
fragments used for the fragment addition (and removal) mutation was determined by choosing fragments
present in the molecules of the collated dataset used in Chapter 5. The fragment removal process in-
volves either random fragmentation of a target molecule into 3 sub-fragments, where the two largest
sub-fragments are chosen for recombination by creating a bond between two randomly selected atoms
on each sub-fragment, or removal of a targeted fragment. In addition to the six mutation operations, we
include a ’Replace Candidate’ operator that randomly replaces a non-elite candidate within a population
with a molecule from the collated dataset used in Chapter 5, thereby reintroducing evolutionary paths

originating from known molecules.

The probability that any combination of two sub-fragments undergoes a further mutation is determined
by the mutation rate. Rule-based mutations on SMILES strings offer a simple, interpretable, and chem-
ically valid way to explore chemical space without the need for complex molecular representations or
large datasets. As opposed to operating on canonical SMILES strings, operating directly on graph-based
or 3D representations may require additional computational overhead and chemical validation to ensure
resulting structures are valid molecules. Moreover, while ML-based generative models (e.g., transform-
ers, graph neural networks, diffusion models) can produce novel candidates, they often require large
amounts of curated training data and may lack the interpretability and control needed for targeted chem-
ical modifications. Rule-based SMILES mutations also provide more transparency in the evolutionary
process and allow domain knowledge to be embedded directly into the mutation logic, which can be
advantageous when searching for specific structural features or optimizing molecules for known prop-

erties. The calculation of ECFPs, Tanimoto coefficients and the implementation of molecule crossover
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Figure 6.2: Overview of Molecule Crossover Process.

and mutation are performed using custom Python functions built with RDKit.>”!

6.2.2 Genetic Algorithm Fitness Functions
Viscosity Index

The viscosity index (VI) is a dimensionless number that indicates the change of a lubricant’s viscosity
with temperature, used to quantify the degree to which a lubricant’s viscosity changes as the temperature
changes. A higher viscosity index indicates that the lubricant’s viscosity changes less with temperature
fluctuations, which is desirable in most applications.®®* The most recognised method of calculating VI
is according to the American Society for Testing and Materials (ASTM) D2270 standard.®®> According

to this measure, VI is determined using the following equation:

[_pdooc 5
100 x =2 ¢ >H
Vipgstm = (6.4)
antilog(N)—1 40°C
oooris— +100, mt <H

where:

w _ log(H) — log(n"°)
- 1 100°C
Og(nk )

where, nkT °C is the kinematic viscosity of the target oil at at temperature T, L is the kinematic viscosity

(6.5)

at 40°C of a reference oil with a viscosity index of 0 with the same kinematic viscosity at 100°C as
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the target oil and H is the kinematic viscosity at 40°C of a reference oil with a viscosity index of 100
with the same kinematic viscosity at 100°C as the target oil (all in mm?/s). Reference oil values are
obtained from the ASTM 2270 specification®® and linear interpolation is used to obtain L and H values
when ngovc and/or nklomc is between tabulated reference values. ASTMy; is undefined for molecules
with a kinematic viscosity <2.0 mm?/s, and for low viscosity molecules, this measure is known to
underestimate VI.9%%-:987 Ag a result, the KVI will often be undefined for many important base oils. This
is illustrated by Figure Fig. 6.3, which plots the relationship between KVI and DVI for the oils in the
dataset used to train the XGBoost models. As shown by Fig. 6.3, many paraffins have an undefinded
KVI (molecules with undefined KVI plotted as having a KVI of 0), illustrating the significant limitation

L 29

of this measure. Hence, the Dynamic Viscosity Index (DVI), as proposed by Kajita et a is calculated

for each molecule, using the following equation:

DVI=220—7x 10° (6.6)
where: ( 200C
logo(Nn +1.2 27
S=—1 1 = 6.7
o <loglo(n1°0“0+ 12)/ 18055 ©7

where 17 is the dynamic viscosity at temperature T, related to the kinematic viscosity through 1 =
n/p, where p is the density of the liquid at temperature 7. As shown by Fig. 6.3, DVI still allows for
comparison of molecules that are undefined by the KVI measure.

Comparison of KVI vs DVI
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Figure 6.3: KVI vs DVI values for oils in the NIST experimental dataset.
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Synthetic Complexity

Synthetic complexity is often overlooked as a property of interest in de-novo molecular design studies,
often leading to the design of theoretically promising molecules that are impractical or impossible to syn-
thesize. Synthetic complexity is considered to be broad, intuitive and subjective concept, meaning there
is no widely accepted metric to quantify it.%3® Several studies have attempted to quantify synthetic com-
plexity using various approaches, including deriving scores a small number of expert-selected structural
descriptors,%® deriving scores calculated from automated retro-synthetic analysis,®”” and calculating
scores using fragment or substructure-level contributions, such as the Sythetic Accessibility (SA) score

proposed by Ertl et al.®%!

However, these methods all suffer from a reliance on explicit information about
the entire sequence of reactions required to synthesize the compound, subjective rankings/scores pro-
vided by expert chemists, and/or comparison to a fixed set of purchasable compounds.®®> Furthermore,
the SA score is also limited by its reliance on fragment frequency and structural heuristics, which can
underestimate the feasibility of novel yet synthetically accessible molecules and over-penalise uncom-
mon substructures not well represented in known compound databases.®®! Hence, in this study, synthetic
complexity of generated candidates was evaluated by calculating the SCScore metric proposed by Coley

et al '692 693

using a neural network trained on 12 million reaction pathways from the Reaxys database.
The SCScore metric was chosen as it provides an easily interpreted score, compatibility with canonical
SMILES, applicability to molecules from several domains, and ease/speed of calculation. The SCScore
metric defines synthetic complexity as follows: if a synthetic route from compound A to compound
C involves an intermediate B, then the reaction steps A — B and B — C should both be regarded as
productive steps, which is reflected by an increase in synthetic complexity. SCScore takes the form of
a numerical value linearly scaled to (1,5), with a score of 1 representing a molecule with low synthetic

complexity, and a score of 5 representing the opposite.

Machine Learning Models for the prediction of Density, Viscosity, Heat Capacity and Thermal
Conductivity

To evaluate viscosity, density, thermal conductivity and heat capacity of generated candidates, the best
performing models from Chapter 5 were used. Namely, XGBoost models with molecular descriptors
were trained using the optimised hyperparameters trained during grid search in the previous section. To
improve computational efficiency, RFE was performed to remove noisy and redundant features. Fig. 6.4
shows the effect of RFE on the predictive performance of the trained models. The optimal number of

features as determined by the RFE study were used to predict each property.

Toxicity

Toxic lubricants can have significant environmental and health impacts, leading to potential harm to
humans, wildlife, and ecosystems.5** Additionally, regulatory requirements and sustainability goals ne-
cessitate the development of lubricants that are safe and environmentally friendly.%> Therefore, evalu-
ating and minimizing toxicity is an essential aspect of designing safe lubricants. In this study, candidate

molecule toxicity is predicted using an attention-based multiscale convolutional neural network pro-
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Thermal Conductivity: RMSE vs. % Features Retained
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Figure 6.4: Test RMSE versus percentage of features retained for Thermal Conductivity, Density, and
Log Heat Capacity at 40°C and 100°C. Error bars denote one standard deviation.
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posed by Born et al.®® This model was trained on over 12000 entries from the Tox21 dataset®®’ related
to a molecule’s harmful affects on 12 targets related to hormone and stress response pathways, returning
a score between 0 and 1 for each of the 12 targets, where 1 means toxic and O non-toxic. An average
of each of the 12 target toxicity scores is taken to provide a single representative figure of the overall

toxicity of the molecule.

Biodegradability

Biodegradability is a critical property for lubricants intended for environmentally sensitive applications,
as it ensures that, when released into natural ecosystems, the substances can be broken down by micro-
bial activity, thereby minimizing long-term ecological harm and reducing the risk of bioaccumulation or
persistent pollution.*® One of the most common methods is the OECD 301B test (Modified Sturm Test),
which evaluates the percentage of carbon dioxide evolved as a result of microbial activity over a 28-day
period, where a lubricant is generally classified as readily biodegradable if it achieves at least 60% min-
eralisation within this timeframe. Other commonly used biodegradability tests for lubricants include
ASTM D5864, ISO 14593, and OECD 310.9° As experimental tests for assessing biodegradability are
often time-consuming and costly, several studies have explored the use of machine learning models to
predict or classify molecules as biodegradable or non-biodegradable.*?-7%0.701 To assess candidates for
biodegradability, we train a binary classification XGBoost model on the dataset used in the study by Yin
et al. 7% The dataset contains 1306 not-readily biodegradable and 622 readily biodegradable chemicals.

6.2.3 Saliency Study Techniques

Shapley Additive Explanations (SHAP) provide a framework for interpreting the output of machine
learning models by attributing predictions to individual input features based on cooperative game theory.”?
Its applicable to a wide-range of machine learning models has made it an indispensable tool for under-
standing the predictions made by such models in for a wide range of prediction tasks in tribology.?*":
704,705,706 Given a model f and an input x € R¥ (d is the number of features), the prediction f(x) can be

decomposed into a sum of contributions from each feature:

d
f(X) = ¢0+Z¢i7
i=1

where @ is the expected model output and ¢; represents the marginal contribution of feature i. The
Shapley value for feature i is defined as:
[SI'(d — S| = 1)!

9i = Z ! [fsugn (sugy) — fs(xs)] 5
SC{1dN\{i} '

where S denotes a subset of features excluding i, and fs is the model restricted to the feature subset
S. Beyond attribution to individual features, SHAP analysis can reveal interaction effects, where the
contribution of one feature depends on the value of another. By leveraging TreeSHAP, analysis can also

be extended to compute SHAP interaction values, which decompose the prediction into main effects and
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pairwise interactions:’*?

d d
fE)=00+) ¢iit+)Y Y o,
i=1 i=1j>i
where ¢;; captures the main effect of feature i, and ¢; ; quantifies the interaction between features i and

J. The SHAP interaction value ¢; ; is defined as

|S|!(d —|S|—2)!
(d—1)!

1
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This enables the identification of which features most significantly influence model outputs and also
the exploration of feature interdependencies. A core limitation of traditional SHAP analysis is that it
assumes feature independence when estimating marginal contributions, meaning it may inaccurately at-
tribute importance when features are highly correlated, leading to misleading or unstable explanations
in datasets with strong feature dependencies.””” TreeSHAP partially mitigates this limitation by incor-
porating feature dependencies through the structure of tree-based models, leading to more accurate and
stable explanations.’?® In this work, we apply SHAP and TreeSHAP analysis to XGBoost models trained
on RFE optimized sets of molecular descriptors, and molecular fingerprints. This approach allows us
to systematically investigate which features contribute most significantly to the predicted properties of
interest, as well as to explore how these contributions are modulated by interactions with other structural

or physicochemical features.

6.3 Results and Discussion

6.3.1 SHAP Analysis

To better understand the trained models’ behaviour, we first performed standard SHAP analysis for each
target property, using beeswarm plots generated from our experimental test set, as suggested by a study
suggesting best practices for SHAP studies.”’” Then, we conducted feature dependency analyses focus-
ing on the three most influential SHAP descriptors for each property, along with associated structural
features. This helped us identify three key properties that most strongly drive the variation in the top
SHAP features for the various features. Definitions of all the molecular descriptors shown in the SHAP

plots or mentioned in the text can be found in the Mordred documentation.>’®

Biodegrability

XGBoost classifiers were optimized via grid search across the same hyperparameter space used in the
ML model optimisation studies. The dataset was split using a training:test:validation split of 80:10:10.
Hyperparameter tuning was performed with three-fold cross-validation on the training set, evaluating
models based on using balanced accuracy and Matthews correlation coefficient (MCC)’% on the test set
as in the original study the dataset was obtained from. The best-performing model from this training
process achieved a balanced accuracy of 88.7%, with a Matthews Correlation Coefficient of 0.77. The

best performing model from the study from which this dataset was taken, a Transformer-CNN algo-
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Figure 6.5: Balanced Accuracy and Matthews Correlation Coefficient (MCC) on the test set as a function
of the percentage of features retained after RFE.

rithm, achieved a balanced accuracy of 86.29% and a Matthews correlation coefficient of 0.71, using
a test set size of 25%.7%% It should be noted that our use of a 10% test set may partially contribute to
the observed improvement, although the optimized representation selection and model hyperparameter
tuning are likely the primary factors driving the enhanced performance. In the study by Yin et al, they
trained a random forest model that achieved a balanced accuracy of 85.29% and a Matthews correlation
coefficient of 0.65, suggesting that using a more powerful tree-based method could yield the results that
we are seeing. As shown by Fig. 6.5, performing any amount of RFE consistently worsens performance,
suggesting that the model relies on the full spectrum of molecular descriptors to classify molecules.
Fig. 6.6 shows a beeswarm plot showing the top 20 most influential molecular descriptors in predicting

molecule biodegradability.

As shown by the plot, the XPc-4dv descriptor, which encodes the four-dimensional spatial distribu-
tion of electronegativity-weighted atomic properties reflecting both molecular geometry and electronic
structure, is the most influential feature for predicting biodegradability. Lower XPc-4dv values are as-
sociated with molecules that have more uniform and less polarisable electronic distributions, such as
straight-chain alkanes and simple esters, which the model links to increased biodegradability. Con-
versely, higher XPc-4dv values indicate more complex or spatially clustered electron-rich regions, often
seen in branched, cyclic, or aromatic compounds, which the model associates with reduced biodegrad-

ability, likely due to increased steric hindrance.

The Mor10 descriptor captures how atomic properties (atomic mass, electronegativity, polarisability, and
partial charge) are spatially distributed across the molecule, focusing on interactions between atoms sep-
arated by approximately 10A.57 Lower Mor10 values are associated with linear structures like straight-

chain alkanes, which the model predicts as improving biodegradability, while higher values correspond
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Figure 6.6: Beeswarm plot showing the top 20 most influential molecular descriptors in predicting
molecule biodegradability.

to bulkier, more branched or cyclic molecules that the model associates with reduced biodegradability.

The VSA_EState descriptor combines van der Waals surface area (VSA) contributions with electrotopo-
logical state (EState) indices. Specifically, it quantifies the surface areas of atoms with intermediate elec-
tronic states.”'” A high SHAP importance value for VSA_EState suggests that the spatial distribution and
electronic character of surface-exposed atoms strongly influences biodegradability predictions. Lower
VSA_EState values generally reflect less electronically differentiated surface areas, as seen in molecules
such as n-alkanes, and are often associated with model predictions of higher biodegradability. However,
the model also shows that in some cases, low VSA_EState values correspond to non-biodegradable pre-
dictions, suggesting that low surface differentiation alone does not guarantee biodegradability. Similarly,
while higher VSA_EState values, indicating more electronically complex surfaces, as found in esters or
heteroatom-containing oils, are frequently linked to reduced biodegradability, the presence of reactive
polar groups in esters may sometimes offset this effect, leading to greater biodegradability. Interest-
ingly, a recent study by Dan et al., found that VSA_EState and Xpc-4dv (as well as SMR_VSA1) were
among the top 20 most important features from toxicity prediction, suggesting some crossover between

important features for predicting these properties.’!!

143



For Xpc-4dyv, the features SMR_VSA1, AATSCOv, and Mor10 interact complementarily. The comple-
mentary interactions suggest that when considered together, these features reinforce spatial and elec-
tronic structural patterns that strengthen the model’s prediction related to the role of electronegative
regions in biodegradability. For Morl0, the features Xpc-4dv, Mor30m, and Mor03m interact com-
plementarily. The complementary interactions imply that mass-weighted and geometric descriptors at
multiple spatial scales consistently support the model’s ability to use Mor10-related information for pre-
dicting biodegradability. Based on these findings, our molecular generation should increase the presence
of structures with more uniform electronic distributions and lower spatial complexity such as straight-
chain alkanes, to promote lower XPc-4dv, Mor10, and VSA_EState5 values and maximise biodegrad-
ability. Conversely, structures leading to higher values of these descriptors, including highly branched,
cyclic, or electronically differentiated molecules, should be minimised unless reactive polar groups (such

as esters) are deliberately introduced to improve biodegradability.

Dynamic Viscosity Index

High
AATS1d s
ATS2s . - - o
ATS2m ]
ATSCOdv coddem o e
ATSCOpe I T
ECIndex o 4| e
Xp-2d oo oo .a.'.
AATSC1Z . 4h
ATS1dv el g
%’ ATS2Z - # :g
§ GATS5d SR %
AATS4i ¥ =
ATSCOse et
ATS8p . §-
Avglpc o
ZMIC4 Y |
WPath i
MATS7d REE
GATS2s e
GATS6Z . of

r T T T T T T T d Lo
-10.0-7.5-5.0-2.5 0.0 25 50 7.5 10.0 "
SHAP value

Figure 6.7: Beeswarm plot showing the top 20 most influential molecular descriptors in predicting
molecule DVI.

To better understand the molecular features influencing molecule thermal stability, we trained an XG-
Boost model to predict DVI specifically for the purpose of performing SHAP analysis. As DVI is an
empirical measure derived from viscosity changes with temperature as opposed to a directly measurable
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molecular property, the degree to which a trained model and the resulting SHAP interpretations reflects
true physical behaviour is limited. Nevertheless, this approach provides potentially valuable insights
into structural features that correlate with improved DVI, offering useful guidance for molecular design

and optimization in lubricant applications.

Fig. 6.7 shows a beeswarm plot showing the top 20 most influential molecular descriptors in predicting
molecule DVI. The Autocorrelation of Topological Structure (ATS) family of descriptors, such AATS1d,
ATS2s, ATS2m, ATSCOdv, and ATSCOpe, capture atom-based autocorrelations over molecular topolo-
gies, reflecting how specific atomic properties, such as mass, electronegativity, van der Waals volume,
and polarisability, are distributed across different bond distances within a molecule.”'? These descriptors
measure the degree of local and medium-range uniformity in structural and electronic environments, ei-
ther directly (ATS) or through centered and normalised forms (ATSC). As shown by Fig. 6.7, higher ATS
values, indicating greater consistency and regularity in atomic properties, are generally associated by the
model with increased DVI, while lower ATS values are linked to reduced DVI. A notable exception to
this seems to be the with ATS2m descriptor, which specifically quantifies the topological autocorrela-
tion weighted by atomic mass, at a lag of 2, shows a positive SHAP contribution to DVI prediction at
both low and high values. Low ATS2m values correspond to branched or cyclic hydrocarbon structures,
while higher ATS2m values may correspond to long-chain or heavier molecules. This dual influence
suggests that the model recognises structurally distinct features at both extremes as beneficial. Cyclic
hydrocarbons and straight-chain alkanes typically exhibit higher ATS values due to their symmetric and
repeating structures, while highly branched alkanes and ester-containing molecules tend to have lower
ATS values because of localised variations in mass, polarity, and bonding environments. Molecules with
lower ATS and corresponding DVI values may reflect the presence of atomic heterogeneity, which could

disrupt phonon transfer.

The ECIndex descriptor captures the molecular eccentric connectivity index, which combines informa-
tion about both the topological distance of atoms within its molecular graph (eccentricity) and the degree
of atomic connectivity (number of bonded neighbors), reflecting how extended or compact a molecule’s
structure is based on how far atoms are from each other and how heavily connected they are.”'? Higher
ECIndex values, indicating more linear, flexible, and uniformly connected structures, are associated
with molecules that the model predicts as having higher DVI, while lower ECIndex values, related to
more compact molecular structures are linked to reduced DVI. Molecules such as straight-chain alkanes
or lightly branched hydrocarbons tend to exhibit higher ECIndex values due to their long, open-chain
structures, while cyclic hydrocarbons, highly branched molecules and molecules with ring systems dis-

play lower ECIndex values because of their shorter internal distances and localised connectivity.

These findings are consistent with studies by researchers such as Verdier et al., who suggested that
molecules with long alkyl chains, methyl branching in the centre of the molecule, low aromatic content,
no ethyl branching and no tertiary carbons help to provide lubricants with a high kinematic viscosity in-
dex and low pour points.®®* Similarly, Lynch proposed a ranking of hydrocarbon families based on their
effect on the kinematic viscosity index, in the following order: n-paraffins > lightly branched isoparaffins

> multiply branched isoparaffins ~ mononaphthenes with long side chains ~ monoaromatics with long
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side chains > diaromatics > polyaromatics =~ polycyclic naphthenes with multiple short side chains.”'*

The above results strongly suggest that molecular generation strategies should bias towards long alkyl
chains, moderate central branching, and low aromatic or heteroatomic environments when proposing

new molecules aiming to optimise for high VI performance.
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Figure 6.8: Beeswarm plot showing the top 20 most influential molecular descriptors in predicting
molecule thermal conductivity at 40°C.

Fig. 6.8 shows a beeswarm plot showing the top 20 most influential molecular descriptors in predict-
ing molecule thermal conductivity at 40°C, while Fig. D.1 shows a beeswarm plot showing the top
20 most influential molecular descriptors in predicting molecule thermal conductivity at 100°C. The
GATS1s descriptor captures the Geary autocorrelation of Sanderson electronegativity at a topological
lag of 1, quantifying how much variability exists in the electronic environment between directly bonded
atoms.”!> Higher values of GATS s indicate greater local differences in electronegativity between neigh-
boring atoms, reflecting a more electronically heterogeneous molecular structure. The model associates
higher GATS1s values with lower thermal conductivity, likely because localised electronic asymmetry
can disrupt phonon transport or reduce the efficiency of energy transfer through the molecular structure.
Lower GATS1s values, typical of more electronically uniform molecules such as straight-chain alka-

nes, are associated with higher thermal conductivity, as consistent atomic environments promote better
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vibrational energy propagation across molecular structures.” !

ATS descriptors weighted by Gasteiger partial charge, such as ATSOdv and ATSC2c, quantify how
charge distributions vary across molecular topologies at defined bond distances.”!” Higher AATSCOc
values correspond to greater autocorrelation of partial charges, reflecting structured electronic environ-
ments with spatially non-uniform charge distribution. Molecules with higher values for this descriptor
include alkylated aromatic hydrocarbons and linear esters, where polar functional groups are consis-
tently positioned along the molecular structure. In contrast, linear alkanes exhibit lower AATSCOc
values due to their electronically uniform nature and minimal differences in partial charge across C-C
and C-H bonds. Despite these low values, many linear alkanes show relatively high thermal conductiv-
ity, indicating that AATSCOc does not correlate linearly with this property. TreeSHAP analysis reveals
strong antagonistic interactions between AATSCOc and both VSA_EState and ECIndex. These interac-
tions indicate that when partial charge heterogeneity is combined with geometric irregularity or compact
molecular structure, as seen in highly branched or cyclic compounds, thermal conductivity transfer is
reduced. These findings show that the influence of Gasteiger-weighted ATS descriptors on thermal con-
ductivity depends not only on the magnitude of charge variation but also on how that variation aligns

with the molecule’s geometric and mass distribution.

The SlogP_VSA descriptor captures the total van der Waals surface area of molecular regions classified
by defined ranges of atomic contributions to the octanol-water partition coefficient (logP), linking sur-
face area to molecular hydrophobicity.”'® Higher SlogP_VSA values correspond to larger surface areas
associated with hydrophobic atoms, reflecting longer, low-polarity molecular surfaces. In thermal con-
ductivity prediction, higher values for this descriptor are associated with increased thermal conductivity.
This relationship shows the effect of larger hydrophobic molecules on molecular packing, where more
efficient packing promotes better vibrational energy transfer.”!” Lower SlogP_VSA values are observed
in molecules with more polar or spatially irregular surfaces, including short-chain alcohols, esters with
exposed carbonyl groups, or highly branched polar hydrocarbons. These structures are associated with
reduced thermal conductivity. These results suggest that molecular generation strategies targeting im-
proved thermal conductivity should prioritise structures containing long, linear or lightly branched alkyl

chains, evenly distributed polar functional groups, and minimal ring systems.

Viscosity

Fig. 6.9 shows a beeswarm plot showing the top 20 most influential molecular descriptors in predict-
ing molecule log viscosity at 40°C, while Fig. D.2 shows a beeswarm plot showing the top 20 most
influential molecular descriptors in predicting molecule log viscosity at 100°C. The ATS2m and ATS3m
descriptors are autocorrelation descriptors that encode molecular topology weighted by atomic mass, at
alag of 2 and 3 bonds respectively. These descriptors quantify how mass is distributed across the molec-
ular graph, with higher values reflecting heavy atom mass at specific topological distances. The model
associates higher ATS2m and ATS3m values with increased viscosity, suggesting that molecules with
greater atomic mass spread over longer topological distances, such as branched and cyclic molecules

have higher viscosities. Lower ATS2m and ATS3m values, normally seen in less branched and lighter
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Figure 6.9: Beeswarm plot showing the top 20 most influential molecular descriptors in predicting
molecule log viscosity at 40°C.

molecules, are associated with lower viscosity.

The MWCO03 descriptor represents a molecular walk count, capturing the number of distinct paths of
length three between atom pairs within the molecular graph, reflecting molecular connectivity and com-
plexity and emphasizing branching and cyclic structures at short topological ranges.”?’ The model links
higher MWCO03 values with increased viscosity, indicating that molecules with more branching and
denser connectivity patterns may hinder molecular mobility and increase viscosity. Lower MWCO03

values, often found in linear or lightly branched molecules, are associated with lower viscosity.

The Zagreb2 index is a topological descriptor that measures molecular branching by summing the
squares of the degrees (connectivity) of adjacent atom pairs across a molecule, emphasizing regions of
high atomic connectivity, especially in branched or compact frameworks. The model associates higher
Zagreb? values with higher viscosity, suggesting that densely connected, branched molecules introduce
greater resistance to flow. Conversely, lower Zagreb2 values are indicative of molecules with more lin-
ear, less branched structures, which tend to exhibit lower viscosity. These results suggest that molecular
generation aimed at optimizing viscosity should prioritize structures with lower structural complexity,

such as linear or lightly branched molecules.
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Figure 6.10: Beeswarm plot showing the top 20 most influential molecular descriptors in predicting
molecule log heat capacity at 40°C.

Fig. 6.10 shows a beeswarm plot showing the top 20 most influential molecular descriptors in predict-
ing molecule log viscosity at 40°C, while Fig. D.3 shows a beeswarm plot showing the top 20 most
influential molecular descriptors in predicting molecule log viscosity at 100°C. The Kappal descrip-
tor (first order kappa shape index) quantifies molecular branching and shape based on the connectivity
of atoms within a molecule.”?! In the model, higher Kappal values are associated with increased heat
capacity, indicating that the presence of branching or cyclic functional groups increase heat capacity.
This may be due to the fact that branched molecules often introduce additional vibrational modes or
spatial configurations that influence heat retention or distribution characteristics. Conversely, lower
Kappal values, typical of linear molecules, have lower heat capaciies, suggesting reduced capacity for
such structures to store or modulate thermal energy. The ATSOpe and ATSOse descriptors are 0-lag
2D-autocorrelation measures weighted by atomic electronegativity (pe) and Sanderson electronegativ-
ity (se), respectively.”?? Higher ATSOpe and ATSOse values are associated with higher heat capacity
by the model, likely because electronegative atoms, such as oxygen, introduce additional vibrational
modes through polar bonds and electron-withdrawing groups.”>”> These modes store thermal energy

more efficiently, increasing the molecule’s ability to absorb heat. Lower values of these descriptors,
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typical of nonpolar hydrocarbons or structures lacking polar functional groups, correspond to lower heat
722

capacity.
The Vabc descriptor quantifies the van der Waals volume of a molecule by summing the volume contri-
butions of individual atoms based on their van der Waals radii.”>* The model links higher van der Waals
volumes to higher heat capacity, implying that molecules with larger atomic mass, often due to heavier
atoms or branching, possess higher heat capacities, while molecules with lower van der Waals volumes,

typically smaller or more compact molecules, exhibit lower heat capacities.

The VMcGowan descriptor estimates molecular volume based on group contributions, reflecting molec-
ular bulk and atomic packing regardless of molecular geometry.’?* Higher VMcGowan values are linked
to higher heat capacity. Smaller VMcGowan values, typical of compact molecules with low molecular
weight, correlate with lower heat capacity, likely because such molecules have fewer vibrational modes.
These results suggest that molecular generation aimed at optimizing heat capacity should prioritize struc-
tures containing electronegative atoms and polar functional groups, which contribute additional vibra-
tional modes via polar bonds. Furthermore, designing molecules for enhanced thermal energy storage

should focus on maximizing molecular volume while maintaining structural flexibility.

6.3.2 Other Design Considerations and Constraints for Molecular Generation

The SHAP analysis presented in the previous section highlights the conflicting nature of the molecular
properties being optimized, revealing that structural features beneficial for one property may adversely
affect another. For example, analysis highlighted that smaller, linear alkane molecules work best for
minimising viscosity, however, larger linear molecules provide advantages for viscosity index. Further-
more, there are several other critical considerations when optimizing lubricant base oils to ensure both
performance and longevity across a wide range of operating conditions. Oxidation stability is essential
for resisting thermal and oxidative degradation over time. Aromatic compounds, including alkylated
aromatics and naphthalenes, generally exhibit greater oxidative stability than paraffins, except when
secondary carbons are directly bonded to the aromatic ring (e.g., methyl groups), which can reduce
stability.”>> In contrast, long-chain and highly branched alkanes show poorer oxidation stability due to
their increased susceptibility to radical initiation.”?%72” Compared to PAOs, dibasic esters, polyol esters,
and polyalkylene glycols (PAG), alkylated naphthalenes have superior thermal and oxidative stability
without additional antioxidants.”?8:729-730 Djelectric constant affects a lubricant’s insulating behaviour,
which is especially important in electrically active environments such as those present in electric ve-
hicles. Esters and ethers exhibit the highest dielectric constants followed by aromatic esters, while
non-polar hydrocarbons such as alkanes and cycloalkanes show significantly lower dielectric values.”3!
Additive compatibility ensures that functional additives, such as anti-wear agents, dispersants, or an-
tioxidants, are effective within the base oil. Esters and ethers offer the highest compatibility due to their
polar functional groups, which promote solubility and interaction with a broad range of additives. Aro-
matic esters and alkylated napthalenes also perform well, balancing polarity and hydrophobicity, while
non-polar hydrocarbons like alkanes and cycloalkanes show relatively poor additive compatibility, often

requiring additives.*’
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Polycyclic aromatic hydrocarbons (PAHs) are known to be toxic’??> and PAHs with four or more rings
have been shown to be carcinogenic.”>* PAHs are emitted into the environment via the degradation of
lubricating oils and, as a study by Worton et al. determined, as primary organic aerosol emissions.>>
Suitable lubricants tend to be derived from C16—C70 hydrocarbons with branched chains as branch-
ing leads to lower pour points, meaning oils with low pour points are suitable for low temperature
applications.”>* Branched paraffins demonstrate similar viscosities to their non-branched counterparts,
indicating that branching alone does not significantly alter viscosity. Whereas cycloparaffins with two
or more fused rings, exhibit higher viscosities compared to n-paraffins (saturated hydrocarbon chains) of
the same carbon number. The introduction of single aromatic rings into the hydrocarbon structure does
not markedly change viscosity, however, the presence of multiple aromatic rings (3 or more) leads to
a substantial increase in viscosity.”'* Additionally, the de-aromatization of multi-aromatic compounds
results in a further rise in viscosity.*” Non-aromatic hydrocarbons generally have better thermal conduc-
tivity compared to aromatic hydrocarbons as the ring structures of aromatic hydrocarbons limit the ease
with which heat can be conducted. However, naphtenic hydrocarbons (e.g., cycloalkanes), are common
in low temperature applications (below -30°C) for hydraulics and low temperature greases due to their

superior pour points.*’

Incorporating all of this information into the design process could easily overly constrain the search, re-
producing already known molecules. Hence, there is a need to strike a careful balance between driving
optimization and maintaining diversity, ensuring that the discovery process does not become confined
to a narrow, non-novel region of the explorable chemical space. Therefore, to take all of these de-
sign considerations into account these without unduly biasing the generation process, some constraints
were applied to the types of molecules that could be generated. Proposed candidates were limited to a
maximum of 50 heavy atoms, limiting the likelihood of excessively high viscosities, which the trained
models will struggle to accurately predict. Additionally, branched molecules were prioritized to re-
duce the likelihood of waxing at low temperatures by biasing the atom addition, fragment addition and
fragment removal mutations to create bonds at non-terminal atoms. Similarly, the inclusion of rings
and ester groups were encouraged to help promote better oxidation stability and dielectric constants.
Proposed candidates were limited to a maximum of two aromatic rings to strike a balance between
providing sufficient thermal and oxidative stability while maintaining low viscosity and thermal conduc-
tivity. Candidates with triple bonds were excluded due to their high energy state and elevated reactivity,
which contribute to catalytic degradation processes in lubricants.”>* Rings with 3/4 members experience
larger angle and torsional strain, rendering them more reactive and less stable while larger rings (7+
members) often exhibit increased conformational flexibility, leading to challenges in physical property
control and synthetic accessibility.*>-"3> Hence, only five and six-membered rings were allowed during
molecular generation due to their optimal balance of stability and flexibility. SMARTS strings were
used for substructure filtering as they allow for the precise description of molecular patterns, including

atomic properties, connectivity, and bonding configurations.
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Figure 6.11: Evolution of the average niched score over generations for WSGA configurations across
three repeats. The plot highlights the top 3 best-performing hyperparameter combinations with coloured
lines and shaded standard deviation regions, with the performance of other hyperparamater combinations
shown by grey lines.

6.3.3 Genetic Algorithm Hyperparameter Selection

Greenstein et al. studied the effects of varying GA hyperparameters on model performance on single-
objective optimisation tasks, and how these hyperparameters affected a GA’s ability to identify a known
optimal solution in a chemical space.®”® They explored population sizes ranging from 16 to 96 can-
didates, observing that most configurations were able to identify the optimal solution. However, they
showed larger populations consistently resulted in broader exploration of the target chemical space.
Greenstein et al. also examined elitism rates between 5% and 80%, concluding that a rate of approx-
imately 50% yielded the best performance in terms of GA speedup, chemical space coverage, and the
ability to identify a known optimal solution from multiple candidates.®”® The same study investigated
mutation rates from 1% to 90% in 10% increments, finding that a mutation rate around 40% provided
an effective balance, encouraging sufficient diversity while still enabling local exploration of promising
regions in the chemical space. To evaluate whether these parameters translate to MOOPs, we conducted
a grid search over the following hyperparameters for both WSGA and NSGA-II, broadly matching the
ranges explored in the Greenstein study: the number of elite individuals was varied across the set 5,
10, 15, 20, 25, the mutation rate was tested at 0.0, 0.3, 0.5, 0.7, 0.85, 0.95, and the generation size was
explored at 20, 30, 50, 75, 100. Three repeats were conducted for each parameter combination to ac-
count for the stochastic nature of these algorithms. For both algorithms, the top 5 molecules from each
generation were used for hypervolume and niched score calculations to ensure that generation size did

not artificially boost or negate these metrics.
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WSGA

Fig. 6.11 shows the evolution of the average niched score over generations for the tested WSGA config-
urations across the three repeats, with the top 5 performing hyperparameter combinations highlighted.
Larger generation sizes often yield better-performing elite populations, as they enable more extensive
sampling of the search space, increasing the likelihood of discovering high-quality solutions and main-
taining diversity across generations. Moderate mutation rates, typically between 30% and 50%, help
maintain structural diversity in the population while still allowing for the local refinement of high-
performing candidates, thereby balancing exploration of new regions in the search space with exploita-
tion of known promising areas without overwhelming the population with unproductive variations. Mod-
erate levels of elitism, strike a balance between preserving strong candidates and allowing sufficient
room for exploration through new individuals. This helps avoid premature convergence to suboptimal
regions of the objective space.”*® The best-performing WSGA combinations in our experiments, muta-
tion rates of 50% with 15 elites and a generation size of 100; 50% with 10 elites and a generation size

of 100; and 30% with 20 elites and a generation size of 50, reflecting this balance.

While these trends are generally consistent with the findings of Greenstein et al., who also observed
benefits from larger population sizes and moderate mutation rates, our optimal configurations involved
lower elitism rates (10-20%) compared to their optimal 50% rate. This difference likely stems from the
nature of the weighted sum framework. As multiple objectives are combined into a single scalar fitness
value, the algorithm may converge prematurely to local optima that reflect specific weightings, espe-
cially if population diversity is not maintained. Lower elitism rates help mitigate this risk by allowing a
larger fraction of the population to be replaced in each generation, increasing opportunities for novel in-
dividuals to enter the population and explore under-represented regions of the weighted objective space.
The majority of hyperparameter combinations exhibited a plateau in performance after approximately
50 generations, with only the best-performing configurations continuing to show incremental improve-
ments beyond this point. The averaged niched scores occasionally showed temporary declines, likely
due to the introduction of diverse or exploratory candidates, followed by subsequent increases as the

population adapted to incorporate beneficial traits of these new candidates.

NSGA-II

Fig. 6.12 shows the best hypervolumes achieved by each hyperparameter set used to run the NSGA-II
algorithm. In our plot, we exclude the first ten generations for each run to remove noise caused by ini-
tialisation, focussing on the meaningful progression of hypervolume over time. As shown by Fig. 6.12,
the highest mutation rates and generation sizes coupled with the smallest elitism rates yield better hy-
pervolume performance. In many cases, the highest hypervolumes are achieved relatively early in the
optimisation process. This suggests that the search quickly identifies diverse solutions, but struggles to

refine or improve upon them in later generations.

One reason for this behaviour is that NSGA-II differs fundamentally from scalarisation methods such as
WSGA. NSGA-II promotes non-dominated diversity rather than targeting a single composite objective,
which can lead to stagnation in high-dimensional settings if the front quickly becomes saturated with
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Figure 6.12: Best hypervolume achieved by each hyperparameter set used to run the NSGA-II algo-
rithm, plotted against the generation at which that hypervolume was achieved. The 5 hyperparemeter
sets that achieved the best hypervolumes are highlighted. Error bars indicate the standard deviation of
hypervolume at that generation.

non-dominated solutions. This highlights the limitations of crowding distance method in its ability to
distinguish between favourable and suboptimal molecules, as it relies solely on objective space spread
and does not account for the absolute quality or relevance of individual solutions. In other words, a
larger hypervolume does not always imply better quality solutions. In higher-dimensional problems
such as ours, it becomes increasingly unlikely for one solution to completely dominate another. As a
result, the Pareto front tends to grow in size, while the proportion of truly elite individuals diminishes.
This reduces the effectiveness of metrics like crowding distance for evaluating solution quality. When
the number of objectives increases, the expected number of non-dominated solutions can be estimated
theoretically under the assumption of uniform sampling in objective space. One such estimate is given

by:
(InN)*—1

Pareto front size ~ m,

where N is the population size and k is the number of objectives.”3” For example, with N = 100 and

k = 6, the estimated size of the Pareto front is,

(In100)>  (4.605)° _ 18
500 120 7

indicating that approximately 18% of the population is expected to lie on the first front. This suggests
that while the front does grow with dimensionality, it does not necessarily dominate the entire popu-

lation. In our case, an observed Pareto front size of 18% still represents a substantial portion of the
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population and may reduce selection pressure, leading to stagnation in optimisation performance.’3®

Fig. D.4 shows the top 20 molecules by crowding distance from best hyperparemeter combination using
NSGA-II optimisation, while Table D.1 shows their molecular properties. As shown by Fig. D.4 and
Table D.1, while these molecules represent the most diverse subset of molecules that are not dominated
by any other solution, several of these solutions do not possess properties that would make them suitable
as lubricant base oils. For example, while molecule 2 has a predicted viscosity at 40°C of 99.7 mPa.s,
much higher than would be found in automotive lubricants, while molecule 3 has a thermal conductiv-
ity 0.08 W/m-K, much lower than the typical value range of 0.13-0.16 W/m-K.>! These observations
suggest that WSGA may be more suitable for this optimisation task, as it enables finer control of the

tradeoffs of these conflicting objectives.

6.3.4 Best Performing Candidates from WSGA Runs

Using the optimised hyperparameters discovered from grid search in Section 6.3.3, we performed six
runs of the WSGA algorithm. Five of these runs favoured individual properties: viscosity, thermal con-
ductivity, heat capacity, toxicity, and DVI, by giving each property a weighting three times larger than
all of the other properties in the weighted sum equation (Section 2.4.2). The sixth run applied an even
weighting across all objectives. Each individual run spanned 200 generations, meaning approximately
102,600 unique molecules were screened. From each run, we selected the five best performing molecules
based on their final niched score, resulting in a final group of thirty candidates from different parts of
the relevant chemical space. The properties of these candidates were compared against five reference
molecules widely used as either benchmarking fluids or as automotive base oils: PAO 4, hexadecane,
diisodecyl adipate, squalane, and dioctyl sebacate. As biodegradability is a categorical property, it was
not included in the WSGA optimisation process. Future studies can directly integrate biodegradability
as a selection criteria in the WSGA pipeline, e.g., only admitting biodegradable molecules to a popu-
lation. Fig. 6.13 illustrates the 30 molecules selected from the six independent runs as well as which
run they were taken from and their predicted biodegradability. As predicted biodegradability was not
applied directly as a selection criteria during optimisation, many of the top performing molecules are not
biodegradable. Table D.2 shows how the top performers perform against each other and the reference
molecules, by averaging their ranking across viscosity, thermal conductivity, heat capacity, SCScore,
toxicity, and DVI. As shown by Table D.2 and Fig. 6.13, the best performing molecules broadly came
from optimising for lower viscosity and lower toxicity, with 8 of 10 of the best overall performing

molecules coming from these runs.

Molecule 27 exhibited the lowest viscosities of the candidates generated by the WSGA runs at both 40°C
and 100°C. Molecule 25 and molecule 19 have predicted viscosities that would make them less effective
as automotive lubricants, maybe due to the presence of extensive branching and cyclic structures that
increase internal resistance to flow. However, thermal conductivity is highest in molecule 25 which has
a plurality of polar groups and two aromatic rings, both of which support vibrational energy transfer via
improved molecular packing. Molecule 6, which shows the lowest thermal conductivity values of the
generated molecules, and contains relatively more branching which would likely interfere with efficient

energy propagation across the molecular structure. Molecules 26 and 3 achieve the highest values for
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Molecule 1 Molecule 2 Molecule 3 Molecule 4 Molecule 5
Toxicity Toxicity Toxicity Toxicity Toxicity
Biodegradable: No Biodegradable: No Biodegradable: No Biodegradable: No Biodegradable: No
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Figure 6.13: Grid of top 30 molecules from WSGA runs, showing the target property from which that
molecules was taken, as well as its biodegradability prediction.
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heat capacity. Their molecules feature long hydrocarbon chains/polar functional groups that contribute
to greater thermal energy storage. Molecule 19 exhibits the highest dynamic viscosity index among
all candidates. Its structure contains a long hydrocarbon chain with moderate branching and a fused
ring functional group, which together contribute to a uniform distribution of mass and allowing it to
maintain viscosity stability across a broad temperature range. The lowest toxicity values are observed
in molecule 1, molecule 16, and molecule 6. These molecules contain saturated hydrocarbon chains
with no aromatic rings or reactive heteroatoms. SCScore values are high for several top-performing
molecules with molecule 15 and molecule 22 showing the lowest scores, which are still higher than all of
the reference molecules, indicating greater synthetic complexity compared to the reference molecules.
However, it should be borne in mind that like the SAScore, the SCScore will be biased to molecule
reaction pathways present in its training dataset, meaning it could overestimate how difficult it is to

synthesise molecules outside of its training distribution.

Overall, the highest-ranking molecules across all properties contain linear or lightly branched alkyl
chains, minimal aromatic content, and a limited number of polar groups. These features support op-
timal viscosity, thermal stability, and toxicity while maintaining feasible synthetic complexity. These
results emphasise the intrinsic conflict in simultaneously optimising all target properties. Molecule 19
demonstrates this clearly, achieving the highest dynamic viscosity index while ranking among the lowest
across the other evaluated metrics. This highlights the challenge of designing molecules that perform

well across multiple dimensions without compromising specific objectives.

All of the reference molecules are outperformed by the best WSGA candidates when considering per-
formance across all of the metrics. Hexadecane and squalane show low viscosity and moderate thermal
conductivity, reflecting their simple hydrocarbon structures. However, both exhibit relatively low heat
capacity and low dynamic viscosity index, indicating limited thermal stability and narrower operat-
ing temperature ranges. Dioctyl sebacate and diisodecyl adipate achieve relatively low viscosities and
moderately high thermal conductivities, but their heat capacity and DVI values remain below those of
the highest-ranking generated molecules. PAO 4, while exhibiting good viscosity, demonstrates lower

thermal conductivity and a less favourable toxicity score compared to several generated candidates.

The best-performing WSGA molecules achieve higher scores across a broader range of properties, in-
cluding heat capacity and DVI, while maintaining comparable or better performance in viscosity and
toxicity. Furthermore, the implemented constraints, while not directly captured in the comparative anal-
ysis, are expected to provide solutions with improved properties in other performance requirements such
as enhanced oxidation resistance and additive compatibility, relative to the reference base oils. All of
the generated candidates, fall within the applicability domain of the XGBoost models determined by
Mahalanobis distance. This confirms that model predictions are reliable for the chemical space explored
in this study. Overall, these results show that multi-objective molecular generation is capable of pro-
ducing candidates that surpass conventional base oils in multiple performance metrics, while retaining

structural features that remain within the bounds of synthetic feasibility.
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6.4 Conclusions

This work presents an integrated framework for the multi-objective optimisation of lubricant base oils,
combining evolutionary algorithms, machine learning models, and domain-specific design constraints.
We show that WSGAs, when paired with predictive ML models trained on experimental property data,
are capable of generating candidate molecules that outperform reference base oils across multiple per-

formance criteria.

The use of SHAP analysis across multiple target properties facilitated insights into the molecular func-
tional groups associated with desirable performance. Across biodegradability, thermal conductivity,
viscosity, DVI and heat capacity, we identified relationships between structural descriptors and prop-
erty predictions. These insights informed the design of constraints in the molecular generation process,

biasing candidate exploration towards more favourable regions of the search space.

Our evaluation of hyperparameter configurations highlights that larger generation sizes, moderate muta-
tion rates, and lower elitism rates improve multi-objective optimisation performance for both scalarised
and Pareto-based approaches. These hyperparameters help maintain population diversity and enable
exploration of high-performing regions of chemical space. Our comparison of NSGA-II and WSGA
shows that NSGA-II, while effective at promoting non-dominated diversity, often struggles to main-
tain selection pressure in high-dimensional objective spaces. This is due to the increasing size of the
Pareto front relative to the population, which reduces the effectiveness of crowding distance and leads to
the retention of suboptimal solutions. WSGA provides finer control over tradeoffs between conflicting

objectives, enabling the generation of molecules with more desirable property combinations.

The generated candidates demonstrate favourable DVI, thermal properties, and toxicity relative to ref-
erence fluids, while adhering to synthetic feasibility constraints. This work establishes a scalable and
interpretable approach for multi-objective molecular design of lubricant base oils. By integrating sensi-
ble molecular constraints, model-driven insights, and optimisation strategies tailored to the demands of
lubricant formulation, the framework presented here offers a practical tool for advancing the design of

next-generation base oils.
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Chapter 7

Conclusions, Limitations and Further
Work

In this chapter, the main conclusions drawn from each study are summarised. A discussion of how each
chapter addressed the relevant research objectives is provided. The limitations of the methodologies
used and findings presented in each study are elucidated. Finally, work that could be done to extend

each project further is discussed.

7.1 Chapter 3

Conclusions

In this chapter, we studied the mechanochemical decomposition of TCP molecules confined between

atomically-smooth iron, iron carbide, and iron oxide surfaces using NEMD simulations with ReaxFF.

TCP decomposes more readily on iron surfaces compared to iron carbide and especially iron oxide,
consistent with increased Fe-C bonding and higher surface energy. Adsorption is followed by P-O bond

dissociation to yield cresol on all surfaces, with occasional subsequent C-O cleavage producing toluene.

The decomposition rate increases exponentially with temperature and shear stress, indicating a SATA
mechanism. While DIDA base oil molecules do not alter the decomposition pathway, they reduce shear
stress and thus lower the decomposition rate. Both systems, with and without DIDA, can be described

by a single Bell model fit, supporting the use of base oil-free NEMD simulations for broader studies.

Polyphosphate growth initiates concurrently, with comparable P-O bond counts across surfaces due to
offsetting rates of formation and cleavage. Chain lengths are similar overall, with iron surfaces exhibiting

a skew toward longer chains.

3D Bell model fits show activation energy and pre-exponential factors increasing in the order: Fe304(100)
< Fe3C(010) =~ a-Fe(110). This trend reflects reduced reactivity and fewer accessible iron atoms on ox-

ide surfaces, leading to lower reaction probabilities despite smaller barriers. Activation volumes follow
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the same order, implying that higher surface energy enhances stress transmission by anchoring TCP more
strongly. Lower contact stiffness may further contribute to the higher activation energy on a-Fe(110).
Overall, surface chemistry governs the mechanochemical decomposition of TCP, with observed trends

rationalised via Bell model parameters.

These findings directly address the overarching research objective by revealing how surface chemistry,
temperature, and shear stress govern the mechanochemical decomposition of TCP at the nanoscale,
thereby shaping its macroscopic tribological behaviour. The sensitivity of TCP reactivity to the type
of ferrous surface underscores the importance of tailoring surface composition in tribological contacts
to optimise additive performance. Additionally, the observed influence of base oil (DIDA) on stress
transmission, despite its negligible effect on the underlying decomposition mechanism, highlights the
need to consider how lubricant formulations modulate mechanical energy delivery to additives under
load. This suggests that base oils act not only as solvents, but also as mediators of mechanical energy
transfer. As such, their selection should consider both chemical compatibility and their influence on

stress distribution at the molecular level.

Limitations and Further Work

While the findings of this study provide valuable insights into the effects of surface on the decompo-
sition mechanisms of TCP, there are some limitations to this study that should be considered. Firstly,
the simulations were performed on idealised, atomically smooth surfaces that do not reflect the topo-
graphical and chemical heterogeneity present in real tribological contacts, meaning that the effects of
surface roughness on TCP have been neglected by these studies. In addition, the concentration of TCP
molecules in the simulated base oil systems (= 36%), were much higher than those found in commer-

cial formulations (1-10%),54-5

which may lead to overestimated dissociation rates and correspondingly
lower activation energies. Furthermore, the simulations were limited to one nanosecond, which may be
insufficient to capture slower tribochemical processes such as phosphate cross-linking or long-term film
restructuring. Finally, the small number of TCP molecules present in these simulations may restrict the
diversity of observed decomposition mechanisms and may limit the observation of longer polyphosphate

films.

Future work should aim to bridge the remaining gaps between simulation and experiment. Experiments
using chemically well-defined surfaces, such as iron oxides grown on atomically-smooth silicon wafers,
would allow for more direct comparison with simulation results and provide validation of mechanistic
predictions. Incorporating surface roughness and microstructural features into the NEMD simulations
would enhance their realism and may uncover additional decomposition pathways or tribofilm forma-
tion mechanisms. For example, NEMD simulations of stearic acid on iron surfaces have shown that
surfaces with greater levels of nanoscale RMS roughness slightly alter the efficacy of organic friction
modifiers.”>® A similar approach for anti-wear additives could determine the efficacy of such additives
in conditions closer to that experienced in real-world operating conditions. The integration of multiscale
modelling approaches could extend simulation timescales and reveal longer-term tribochemical phenom-

ena. For example, a recent study by Ntioudis et al. coupled NEMD with kinetic Monte Carlo methods, to
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model the thermal decomposition of TCP and subsequent tribofilm growth.”*” Simulating systems with
multiple additives and base oils at realistic concentrations would improve the relevance to practical lu-
bricant formulations, though this will necessitate significantly larger simulation cells and computational
resources. Finally, DFT and NEB calculations could be employed to refine activation energy estimates
and provide a more detailed understanding of individual reaction steps involved in additive decomposi-
tion under applied shear stress. Similar approaches have already been taken to characterise the energies
involved in different thermal decomposition pathways of meta- and para- TCP molecules exposed to

ferrous surfaces.30!-349

7.2 Chapter 4

Conclusions

In this chapter, we investigated the mechanochemical decomposition of TCP molecules confined be-
tween DLC-¢-Fe(110) and DLC-Fe,;0O3 interfaces using NEMD simulations with ReaxFF, expanding

on the studies of Chapter 3 by further isolating the effects of shear stress on TCP decomposition.

A transition from second-order to first-order kinetics with increasing speed indicated a shift from coop-
erative to unimolecular, shear-driven decomposition. At high speeds, exponential fits described the data

well, suggesting stochastic bond dissociation.

Shear stress increased with speed before saturating above 20 m/s. Activation volumes were higher on -
Fe(110) and increased with temperature, reflecting more effective stress transfer. Bell activation energies
decreased with speed, confirming SATA as the dominant mechanism. Extrapolated values agreed with

experimental data for iron surfaces.

Polyphosphate growth was more extensive on o-Fe(110), with chains reaching 18 phosphorus atoms
at 50m/s. P-O bonds elongated more under shear than C-O bonds, consistent with preferential P-O

cleavage. These effects were enhanced by stronger adhesion on iron.

Overall, TCP decomposition is governed by shear stress and surface chemistry, which together control

reaction kinetics and tribofilm formation under tribological conditions.

These results directly support the objectives of the thesis by revealing how sliding speed, temperature,
and shear conditions influence the mechanochemical decomposition of a lubricant additive. The ob-
served dependence of decomposition kinetics and tribofilm formation on sliding speed highlights the
critical role of shear stress in controlling additive activation. As shear stress increases with sliding
speed, the likelihood of bond scission events and molecular fragmentation rises, particularly on more
reactive surfaces that effectively aid in transmitting mechanical energy to the additive. While this study
focused on additive-only systems, the findings suggest that lubricant design should account for operating
conditions that dictate shear regimes, such as speed and load. Base oil formulations and surface coat-
ings should be co-optimised to ensure that the generated shear stress under realistic conditions enables

effective additive activation.
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Limitations and Further Work

While this study provides useful insights into the shear-driven decomposition of TCP at DLC-ferrous
surface interfaces, a few limitations constrain the applicability of the findings. Similar to the limitations
of Chapter 3, use of atomically smooth surfaces neglects the influence of surface roughness and topo-
graphical heterogeneity, which are intrinsic to real tribological contacts and likely influence local stress
distribution and reactive site availability. Furthermore, the role of base oil was not explored under vary-
ing shear stress conditions, despite its potential to alter interfacial shear stresses and influence additive
reactivity. Additionally, the activation volume used to calculate other mechanochemical parameters was
calculated at a single sliding speed, meaning any variation in sliding speed that may affect the calcu-
lated Bell activation energies and pre-exponential factors was not fully assessed. The use of a first order
Bell model was justified by empirical fits but not fully validated; ab initio calculations of the curvature
of the potential energy surface would be required to determine whether second order corrections are
necessary. Finally, the relatively small number of TCP molecules may have limited the diversity of the

decomposition mechanisms observed, and constrained the formation of longer polyphosphate films.

Future work should focus on addressing the above limitations. Experimental studies performed across a
broader range of sliding speeds and temperatures than currently available in literature, with comparable
interface chemistry to that used in our simulations, would enable more direct validation of extrapolated
activation parameters and support model calibration. Simulations involving other phosphate esters, such
as alkyl phosphates, and a variety of base oil chemistries would help elucidate how substituent structure
and lubricant composition influence decomposition mechanisms and tribofilm formation under shear.
To improve the accuracy of activation volumes used for Bell model calculations, additional simula-
tions should be conducted at each sliding speed under a range of compressive stresses, allowing for
speed-specific activation volume estimates rather than relying on a single reference condition. Further
validation of the used Bell model formulation should involve calculation of the potential energy surface
curvature using density functional theory, to determine whether the use of the first order model remains
appropriate or if second order corrections are required. Finally, incorporating surface roughness, sur-
face heterogeneity, and increasing the number of TCP molecules in future simulations would improve

simulation fidelity, providing deeper insight into the formation dynamics of TCP tribofilms.

7.3 Chapter 5

Conclusions

In this chapter, the effectiveness of machine learning (ML) and molecular dynamics (MD) approaches
for predicting key transport properties of hydrocarbons relevant to lubricant base oil design was assessed.
Different ML models and molecular representations were benchmarked, and their predictions compared
to MD simulations using a range of force fields, with the aim of identifying reliable and efficient methods
for estimating properties such as viscosity, density, and thermal conductivity. ML model generalisation
to novel chemical structures outside the training distribution was evaluated, and the limitations of using

MD-generated data to train ML. models was explored.
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PCA embeddings outperformed UMAP for tree-based models like XGBoost, while UMAP was more
effective for MLPs. Across all cases, XGBoost models consistently achieved superior accuracy. Fin-
gerprinting experiments showed improved performance with larger-radius, unhashed ECFP descriptors,

supporting their use in interpretable and generalisable property prediction.

Tree-based models paired with descriptors provided optimal accuracy across thermophysical properties,
with fingerprint representations being better-suited for structure-dependent targets like density, while
descriptor representations worked better for viscosity, thermal conductivity and heat capacity. Multitask
learning offered no benefit over single-task models, likely due to task interference. These findings high-
light the importance of aligning molecular representations with model architecture for reliable property

prediction.

ML models outperformed MD simulations in predicting density, viscosity, and thermal conductivity of
hydrocarbons, particularly for complex molecules with cyclic structures. Standard force fields showed
reduced accuracy, especially for viscosity and thermal conductivity, reflecting limitations in their param-

eterisation.

Models trained on MD-generated data underperformed compared to those trained on experimental data,
underscoring the importance of dataset quality. This supports the use of hybrid training strategies that

integrate experimental and curated synthetic data.

Out-of-distribution analysis revealed that descriptor-based models struggle to generalise to novel chem-
ical spaces. Prediction errors correlated more strongly with shifts in target property values than with
structural dissimilarity, indicating a need for caution when applying models beyond their training do-

mains.

These findings directly support the objectives of the thesis by identifying the most effective combina-
tions of ML/MD models and molecular representations for predicting hydrocarbon transport properties
critical to lubricant base oil performance. The strong predictive accuracy of tree based models such as
XGBoost, especially when used with full molecular descriptors, demonstrates their potential for screen-
ing both established and novel hydrocarbon structures. Our results show that ML models trained on
MD-generated datasets underperform compared to those trained on experimental data, underscoring the
importance of force field quality and molecular diversity in simulation-based workflows. Nevertheless,
MD-generated datasets still provide a way to train ML models for property prediction in domains where
data is scarce, such as lubricant additive properties and lubricant mixture properties. Furthermore, the
limited extrapolation performance of descriptor-based models on OOD molecules highlights the need

for caution when applying ML methods to unfamiliar chemical spaces.

Limitations and Further Work

This study benchmarks ML and MD techniques for predicting hydrocarbon transport properties, but

several directions remain open for improvement and expansion.

Although extensive curation was undertaken, the dataset of ~ 1,200 molecules remains small by mod-
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ern ML standards. This relatively small dataset most likely limited the performance of the trained deep
learning models, and constrained the evaluation of generalisation, particularly for out-of-distribution
(OOD) molecules. Expanding datasets to include a broader chemical space and integrating high-quality
experimental and synthetic data will be essential to improve representation learning, support the devel-
opment of large-scale language models for chemistry, and enhance the generalisability and accuracy of
property predictions. The ChemBERTa model underperformed relative to simpler models. Alternative
fine-tuning strategies, such as low-rank adaptation (LoRA), could improve its utility. Better conformer
generation methods such as DFT or force fields optimised for energetics could enhance graph-based
learning. Future work should also explore more chemically informative graph representations and richer

node and edge features.

This work focused exclusively on predicting properties of pure base oils at a narrow range of tem-
peratures at atmospheric pressure. Real-world lubricants are often mixtures of base oils and additives
exposed to a wide range of temperatures and pressures, so future studies should assess both ML and
MD methods for such systems. Using improved parameterisation of MD force fields, particularly for
cyclic and functionalised molecules, would provide a more up-to-date representation of the capabilities
of EMD for transport property prediction. For OOD prediction, improved uncertainty quantification is
needed. Mahalanobis distance is limited by its Gaussian assumptions; combining it with non-parametric
methods such as k-nearest neighbours in normalised descriptor space may yield more robust OOD de-

tection.

7.4 Chapter 6

Conclusions

This work presents an integrated framework for the multi-objective optimisation of lubricant base oils,
combining evolutionary algorithms, machine learning models, and domain-specific design constraints.
We show that WSGAs, when paired with predictive ML models trained on experimental property data,
are capable of generating candidate molecules that outperform reference base oils across multiple per-

formance criteria.

The use of SHAP analysis across multiple target properties facilitated insights into the molecular func-
tional groups associated with desirable performance. Across biodegradability, thermal conductivity,
viscosity, DVI and heat capacity, we identified relationships between structural descriptors and prop-
erty predictions. These insights informed the design of constraints in the molecular generation process,

biasing candidate exploration towards more favourable regions of the search space.

Our evaluation of hyperparameter configurations highlights that larger generation sizes, moderate muta-
tion rates, and lower elitism rates improve multi-objective optimisation performance for both scalarised
and Pareto-based approaches. These hyperparameters help maintain population diversity and enable
exploration of high-performing regions of chemical space. Our comparison of NSGA-II and WSGA
shows that NSGA-II, while effective at promoting non-dominated diversity, often struggles to main-

tain selection pressure in high-dimensional objective spaces. This is due to the increasing size of the
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Pareto front relative to the population, which reduces the effectiveness of crowding distance and leads to
the retention of suboptimal solutions. WSGA provides finer control over tradeoffs between conflicting

objectives, enabling the generation of molecules with more desirable property combinations.

The best generated candidates demonstrate favourable DVI, thermal properties, and toxicity relative
to reference fluids, while remaining synthetically feasible. This work establishes a scalable and inter-

pretable approach for multi-objective molecular design of lubricant base oils.

These findings directly support the stated objectives by integrating interpretable ML with optimisation
techniques to guide the rational design of lubricant base oils. SHAP analysis revealed how specific
molecular features contribute to key properties such as viscosity, thermal conductivity, biodegradability,
and heat capacity, providing actionable insights for molecular design. These insights were used to in-
form chemically sensible constraints in the candidate generation process, helping to focus exploration
on promising areas of chemical space. The application of weighted sum genetic algorithms (WSGA)
in conjunction with predictive ML models led to the discovery of molecules that outperform reference
fluids across multiple objectives, while adhering to synthetic feasibility. Additionally, comparisons be-
tween WSGA and NSGA-II showed that WSGA enables more effective control over tradeoffs in high
dimensional optimisation problems, which is critical for lubricant formulation where multiple properties
must be balanced. This integrated approach demonstrates how interpretable ML and tailored optimisa-
tion strategies can be used together to support the development of advanced lubricant formulations with

improved performance and sustainability.

Limitations and Further Work

This study demonstrates that combining genetic algorithms with explainable machine learning can ef-
fectively support multi-objective molecular optimisation. However, several limitations remain. The pre-
dictive accuracy of the machine learning models depends on the chemical diversity and coverage of the
training dataset. Molecules that fall outside the model’s applicability domain would most likely produce
unreliable property predictions, particularly when they contain wholly novel structural features or under-
represented functional groups. The dataset used in this study does not include lubricant chemistries such
as ionic liquids, polymeric fluids, or molecules containing elements like fluorine, boron, or nitrogen.
These functional groups play important roles in thermal stability, polarity, and additive compatibility.
Including a wider range of chemistries and explicitly modelling additive interactions would help focus

the search space and improve model generalisability.

This study incorporates several important base oil properties that are often overlooked by other de-novo
design pipelines, but other important properties were not explicitly modelled. These include oxidation
stability, electrical properties such as dielectric constant and breakdown voltage, and low temperature
performance indicators such as pour point. Standard molecular descriptors cannot reliably capture these
properties, so predicting them may require physics-based methods such as MD simulations using reac-
tive force fields like ReaxFF. While these approaches can offer better predictions of degradation, additive

reactivity, and transport properties, they are also computationally expensive.
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Genetic algorithms, although interpretable and adaptable, have intrinsic limitations. They may converge
prematurely or explore the search space inefficiently, particularly in high dimensional objective spaces.
Genetic algorithms based on weighted sum scalarisation, such as WSGA, rely on fixed objective weight-
ings. This approach may oversimplify the problem when the tradeoffs between objectives are nonlinear.

Future work could explore alternative optimisation strategies such as particle swarm optimisation,’*!

2

Bayesian optimisation,’*? or reinforcement learning.”*? These alternatives may improve the search effi-

ciency and offer better convergence behaviour.

It is also important to recognise the limitations of SHAP analysis. SHAP values reflect how a model
uses features to make predictions as opposed to representing causal or chemically valid relationships. As
such, interpretations may be biased by feature collinearity, non-linear interactions, or artefacts in model
training. Moreover, reliance on test set predictions for SHAP analysis means that interpretation quality
is contingent on generalisation performance and data representativeness.’”** We have shown in previous
sections that the trained models perform well on predicting properties of unseen molecules within the
training distribution (e.g., Fig. 5.8), however we have also shown that model performance significantly

decreases when predicting on molecules outside of the training distribution (Fig. 5.14).

This study used Mordred and RDKit molecular descriptors, which may not fully capture complex struc-
ture—property relationships. Future work could employ richer and more expressive feature representa-
tions. Graph-based embeddings and quantum chemical descriptors may provide improved model accu-

racy and enable deeper insights into molecular behaviour.

The optimisation framework presented here focuses on single molecule candidates. In practice, com-
mercial lubricants are complex formulations composed of multiple components, including base oils,
viscosity modifiers, antioxidants, and other additives. Extending the optimisation approach to support
multicomponent systems would better reflect the realities of industrial lubricant design. Such a frame-

work could enable the simultaneous optimisation of base oils and additive systems.

Although synthetic complexity scoring was used to avoid impractical candidates, this approach remains
a proxy for true feasibility of synthesis. More accurate assessments would require reaction prediction
models or retrosynthesis tools that consider real-world reaction pathways. Finally, while this study
identifies several promising molecules through computational screening, these molecules must undergo
experimental validation to confirm their true usefulness. Laboratory synthesis, tribological performance
testing, and long-term ageing studies will be necessary to verify that the predicted molecular properties

translate into practical performance under realistic use conditions.
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Figure A.1: Change in shear stress with normal stress for 100% TCP and 50% TCP, 50% DIDA at
600K and 1-5 GPa. Friction coefficient, u = 0.18 (100% TCP), u = 0.17 (50% TCP, 50% DIDA) and
Derjaguin offset, 7o = 0.79 GPa (100% TCP), 19 = 0.20 GPa (50% TCP, 50% DIDA).

(a) Iron (b) Iron Carbide (¢) Iron Oxide
10 10 10
—— Carbon —— Carbon —— Carbon
—— Phosphorous —— Phosphorous —— Phosphorous
8 ron 8 ron 8 Iron
) R R . =g SneREcs 5 et
i i R f R R
o ‘ \ 2 \ 5 N A
- // | /'/ \ LA / \ [ A \
E ‘ 1) E f—H\ ‘ N E] | AV B
[ X N - Y | S \
10 50w B st | I P S
| \J ) \
0 0 0

r “a 2 0 2 4 6 -6 -4 2 0 2 4 6 -6 “a 2 0 2 4 6
Z Coordinate [A] Z Coordinate [A] Z Coordinate [A]

Figure A.2: Number density profiles for the Fe, C, O, and P atoms in the a) a-Fe(110), b) FesC(010),
and c) Fe304(001) systems at 500 K and 3 GPa
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Stiffness (GPa)
Temperature|| 300 K 400 K 500 K 600 K 700 K 800 K 900 K
Iron 206 206 202 200 200 199 196
Iron 200 200 201 198 200 196 181
Carbide
Iron Oxide | 220 216 210 209 206 199 196

Table A.1: Elastic constant (Cs3) values for a-Fe(110), Fe3C(010), and Fe304(001) slabs with ReaxFF.

Friction Coefficient (1)
Temperature || 400 K 500 K 600 K 700 K 800 K 900 K
Iron 0.35 0.22 0.18 0.25 0.17 0.16
Iron Carbide || 0.28 0.31 0.23 0.24 0.19 0.20
Iron Oxide 0.24 0.24 0.23 0.23 0.26 0.27

Table A.2: Friction Coefficient, u, for TCP between a-Fe(110), Fe3C(010), and Fez04(001) surfaces

at different temperatures.

Derjaguin Offset
Temperature || 400 K 500 K 600 K 700 K 800 K 900 K
Iron 0.28 0.72 0.79 0.53 0.75 0.79
Iron Carbide || 0.38 0.31 0.66 0.57 0.73 0.77
Iron Oxide 0.26 0.27 0.31 0.32 0.34 0.34

Table A.3: Derjaguin offset for TCP between a-Fe(110), Fe3C(010), and FezO4(001) surfaces at dif-
ferent temperatures.
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Figure A.3: Variation in TCP dissociation rates for ¢-Fe(110), FezC(010), and Fe304(001) under vari-

ous conditions.
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Figure A.4: Change in the number of P-O and C-O bonds compared to TCP, for a-Fe(110), Fe3;C(010),
and Fe304(001) under various conditions. Solid lines represent total change, dashed lines show bond
formation and dotted lines show bond cleavage.
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Figure A.6: Change in the number of polyphosphate chains with sliding time for a) «-Fe(110), b)
Fe3C(010) and c¢) Fe304(100) systems.
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Figure A.7: Comparison of the logarithm of the reaction rates calculated from the NEMD simulations
and those predicted using Equation 1. RZ = 0.91 for a-Fe(110), R? = 0.88 for Fe3C(010), and R? = 0.87

for

Fe304(001).
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Figure A.8: Arrhenius plots of In(k) versus 1000/T for a) ¢-Fe(110), b) Fe3C(010), and c) Fe304(001)

obtained at different pressures. From Equation 1, the intercept of the lines gives A and gradient gives
E,.
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Figure A.9: Temperature dependence of AV* for a) a-Fe(110), b) Fe;C(010), and c¢) Fe304(001). Blue
points are from the 2D fits, orange are from the 3D fits. Vertical bars indicate 95 % confidence intervals.
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Figure A.10: Pressure dependence of E, for a) a-Fe(110), b) Fe3sC(010), and c¢) FezO4(001). Blue
points are from the 2D fits, orange are from the 3D fits. Vertical bars indicate 95 % confidence intervals.
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Figure A.11: Pressure dependence of In(A) for a) a-Fe(110), b) FezC(010), and c) Fez04(001). Blue
points are from the 2D fits, orange are from the 3D fits. Vertical bars indicate 95 % confidence intervals.

AV* (A%)
400 K 500 K 600 K 700 K 800 K 900 K
Iron 49+1.7 62+42 10.0 £6.2 11.0+1.9 11747 17.4+84
Iron Carbide || 6.8 +4.2 5.5+3.1 103+4.6 83+4.6 128 +4.0 152+23
Iron Oxide 83+45 109 +4.3 120+4.8 126 +3.8 177 +5.6 128 +6.6

Table A.4: AV* for TCP between o-Fe(110), Fe3C(010), and Fe304(001) surfaces.

E, (ki mol 1)
1 GPa 2 GPa 3 GPa 4 GPa 5 GPa
Tron 20.6 £5.5 21.1+6.2 222+5.7 237 +7.1 24.0 £ 6.6
Iron Carbide || 19.7 5.8 20.7 +8.1 215492 23.0+73 243+74
Iron Oxide 104 +7.2 13.2+6.9 14.1+6.8 15.8 6.1 19.4+3.6

Table A.5: E, for TCP between a-Fe(110), Fe;C(010), and Fe304(001) surfaces.

In(A)(s™ 1)
1 GPa 2 GPa 3 GPa 4 GPa 5 GPa
Iron 254 +3.1 26.1+£3.6 265+33 275+43 28.0+3.9

Iron Carbide || 25.4 +3.3 260+£54 26.6 +6.7 274446 27.8+4.7
Iron Oxide 22.6+45 23.7+4.1 245+4.1 25.1+£3.5 25.6+£2.1

Table A.6: In(A) for TCP between a-Fe(110), Fe3C(010), and Fe304(001) surfaces.
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(b) Iron Carbide
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Figure A.12: 3D fits of TCP decomposition In(k) as a function of temperature and shear stress for a)
a-Fe(110), b) Fe3C(010) and c) Fe304(100) surfaces.
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Figure B.1: Plots of different fitting methods used to determine rate constant for the DLC-a-Fe(110)
systems at 1 m s~!, R? for each fit shown in the legend.
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Oms ! [ Ims ! [25ms ' [5ms ! |[10ms ! |[20ms™ [30ms™! | 50ms!
Model
Exponential 0.3753 | 0.6718 0.9735 | 0.9911 0.9889 0.9742 0.9753 0.9762
First-Order 0.3668 | 0.7525 0.9831 | 0.9865 0.9748 0.9531 0.3609 0.1541
Second-Order | 0.5853 | 0.9208 0.9244 | 0.6961 0.5475 0.5464 0.8161 0.7948
Zero-Order 0.0716 | 0.3434 0.7891 | 0.7100 0.3493 -0.3744 | -2.8131 -5.6675

Table B.1: R? values for the different fitting methods at 500 K for DLC-a-Fe(110).

Intact TCP Molecules

%.0 0.2 0.4

0.6 0.8

Time (ns)

1.0

(a) Sliding speed: 1 m/s

Intact TCP Molecules

300 K
400 K

---- 500 K
--- 600 K

%.0 0.2 04 -

0.6 0.8

Time (ns)

1.0

(d) Sliding speed: 20 m/s

Intact TCP Molecules

%.O 0.2

0.4 0.6 0.8

Time (ns)

(b) Sliding speed: 2.5 m/s

Intact TCP Molecules

300 K
400 K

--- 500 K

--- 600 K

%.0 0.2

04 06 08

Time (ns)

1.0

(e) Sliding speed: 30 m/s

Intact TCP Molecules

Intact TCP Molecules

%.O 0.2

0.4 0.6 0.8

Time (ns)

(c) Sliding speed: 5 m/s

---- 500 K
--- 600 K

300 K
400 K

%.0 O.é )

0.4 0.6 0.8

Time (ns)

(f) Sliding speed: 50 m/s

Figure B.2: Comparison of TCP molecule decomposition at 5 GPa at different sliding speeds and tem-
peratures for the DLC-a-Fe(110) model.
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Figure B.3: Comparison of TCP molecule decomposition at 5 GPa at different sliding speeds and tem-

peratures for the DLC-Fe, O3 model.

Speed | DLC-¢-Fe(110) | DLC-t-Fe(110) | DLC-Fe; O3 | DLC-Fe; 03
(m/s) E, (kJ/mol) In(A) (s7 1) E, (kJ/mol) | In(A) (s~ ")
1 13.20 21.35 13.66 23.20
2.5 9.81 21.91 11.35 21.88
5 7.61 22.39 9.67 22.56
10 4.56 22.84 8.75 23.04
20 3.40 22.93 8.20 22.00
30 3.39 23.65 8.16 23.26
50 1.54 23.62 5.23 24.15

Table B.2: Arrhenius activation energies and pre-exponential factors for DLC-¢-Fe(110) and DLC-

Fe203.

Speed | DLC--Fe(110) | DLC-Fe; 03
(m/s) E, (kJ/mol) E, (kJ/mol)
1 12.74 13.26
2.5 9.22 10.71
5 7.09 9.13
10 4.04 8.10
20 3.75 7.52
30 2.60 7.47
50 0.76 4.43

Table B.3: Average Bell activation energies for DLC-o-Fe(110) and DLC-Fe,Os.
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Figure B.4: ime evolution of polyphosphate formation at 500 K and 5GPa, for various sliding speeds for

DLC-o-Fe(110) system.
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Figure B.5: Comparison of bond length distributions as a function of normal pressure between DLC-
Fe,03 and DLC-a-Fe(110) systems for selected bond types.

218



(%] wn
@ @
= =
@) @)
L] L]
© ©
= =
[a (a8
= =
— 300K — 300K
@ 201 400 K @ 20 400 K
1= —--- 500K 1= ~--- 500K
---- 600 K ---- 600 K
Q0 0z o4 o6 o8 10 Q0 0z 04 06 08 1.0
Time (ns) Time (ns)
(a) DLC-a-Fe(110) (b) DLC-Fe, 03

Figure B.6: Comparison of TCP molecule decomposition at 5 GPa at 0 m/s for a) DLC--Fe(110) and
b) DLC—F6203.

219



Appendix C

Supporting information for Chapter 5
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Figure C.1:
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Model Viscosity 40°C Viscosity Density 40°C | Dens. 100°C | T. Cond. 40°C T. Cond. Heat Cap. Heat Cap. |Rank
100°C 100°C 40°C 100°C

XGBoost + Descriptors 0.314 0.272 0.045 0.045 0.009 0.009 0.028 0.028 1
Random Forest + Descriptors 0.339 0.289 0.045 0.045 0.01 0.01 0.03 0.028 2
Transformer + Embeddings 0.319 0.275 0.045 0.045 0.017 0.017 0.055 0.055 3
XGBoost + Embedding 0.375 0.322 0.048 0.047 0.011 0.011 0.052 0.049 4
XGBoost + Fingerprints 0.351 0.388 0.034 0.035 0.009 0.009 0.112 0.113 5
CNN + SMILES 0.382 0.297 0.055 0.055 0.02 0.017 0.063 0.063 6
MLP + Embeddings 0.374 0.318 0.089 0.077 0.014 0.014 0.114 0.084 7
SVM + Embedding 0.346 0.288 0.07 0.068 0.036 0.032 0.1 0.1 8
Transformer + SMILES 0.355 0.326 0.055 0.055 0.02 0.017 0.055 0.071 9
SVM + Fingerprints 0.538 0.417 0.077 0.075 0.033 0.03 0.142 0.141 10
KNN + Descriptors 0.479 0.354 0.063 0.063 0.02 0.017 0.063 0.054 11
Transformer + SELFIES 0.458 0.383 0.055 0.055 0.02 0.024 0.084 0.063 12
ChemBerta + Embedding 0.43 0.327 0.077 0.069 0.029 0.028 0.097 0.121 13
MLP + SMILES 0.483 0.346 0.054 0.054 0.022 0.026 0.077 0.077 14
Random Forest + Embedding 0.544 0.413 0.056 0.055 0.015 0.015 0.15 0.15 15
KNN + Embedding 0.519 0.409 0.06 0.058 0.015 0.014 0.117 0.116 16
MLP + Fingerprints 0.435 0.413 0.122 0.105 0.016 0.0141 0.253 0.22 17
CNN + SELFIES 0.547 0.435 0.055 0.055 0.014 0.014 0.158 0.148 18
MLP + SELFIES 0.5 0.422 0.054 0.054 0.022 0.02 0.383 0.37 19
Random Forest + Fingerprints 0.665 0.505 0.052 0.051 0.015 0.014 0.17 0.171 20
ChemBerta + SMILES 0.356 0.319 0.184 0.1 0.11 0.077 0.479 0.536 21
SVM + Molecular Descriptors 0.854 0.616 0.1 0.095 0.032 0.03 0.315 0.308 22
MPNN + 3D Graph 0.637 0.495 0.055 0.089 0.028 0.026 0.29 0.29 23
GAT + 3D Graph 0.794 0.48 0.077 0.071 0.02 0.02 0.195 0.182 24
KNN + Fingerprints 1.07 0.769 0.089 0.089 0.02 0.017 0.263 0.26 25

Table C.1: Test RMSE values for different ML models across molecular properties. Top 3 performers per property are highlighted. Overall rank is shown in the final column.
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Name Test Property | Viscosity 40°C | Viscosity 100°C | Viscosity Prediction
Tri-Cresyl Phosphate Different Atom 30.8 4.2 ViscosityLL
diheptylamine Different Atom 1.8 0.9 Landolt-Bornstein
triisopentylamine Different Atom 1.7 0.7 Landolt-Bornstein
trihexylamine Different Atom 2.8 1.8 Landolt-Bornstein
triheptylamine Different Atom 4.0 1.3 Landolt-Bornstein
trioctylamine Different Atom 6.0 1.7 Landolt-Bornstein
N-butyldodecanamide Different Atom 26.0 6.7 ViscosityL
N-cyclohexyllinoleamide Different Atom 110.0 22.0 PPDS 9
N,N-dimethyloleamide Different Atom 11.0 3.5 ViscosityLL
N-isobutyl-3,3-dipropylheptanamide Different Atom 41.0 11.0 PPDS 9
N,N-dihexyloctanamide Different Atom 11.0 34 ViscosityL
diisobutyl disulfide Different Atom 1.6 0.8 PPDS 9
octyl disulfide Different Atom 3.6 1.6 ViscosityLL
didecyl disulfide Different Atom 5.5 2.2 ViscosityLL
diphenyl sulfide Different Atom 10.0 2.8 ViscosityL
n-dodecyl sulfide Different Atom 54 2.1 ViscosityLL
1,6-bis(2-ethylhexylthio)hexane Different Atom 14.0 44 ViscosityLL
4,8-dithiadodecane Different Atom 1.9 1.0 PPDS 9
4-thiahenicosane Different Atom 3.6 1.6 ViscosityLL
4-thiahexadecane Different Atom 2.1 1.0 PPDS 9

Table C.2: OOD test data with different atoms present in structures compared to training data.
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Name Test Property | Viscosity 40°C | Viscosity 100°C | Viscosity Prediction
pentaerythritol tetrakis-(2-ethylbutanoate) High Viscosity 61.4 6.5 Landolt-Bornstein
12-benzoyloxy-octadecanoic acid phenyl ester High Viscosity 304.6 294 Landolt-Bornstein
pentaerythritol dihexanoate dicyclohexanecarboxylate High Viscosity 99.9 10.0 Landolt-Bornstein
9,10,12,13-tetrakis-(propionyloxy)-octadecanoic acid methyl ester High Viscosity 72.0 7.7 Landolt-Bornstein
6-(1-butyl-octadecyl)-1,2,3,4-tetrahydro-naphthalene High Viscosity 51.9 7.1 Landolt-Bornstein
dipentaerythritol hexabutanoate High Viscosity 64.0 8.8 Landolt-Bornstein
4-(1-butyl-octadecyl)-bicyclohexyl High Viscosity 76.1 9.0 Landolt-Bornstein
5-biphenyl-4-yl-hexacos-4-ene High Viscosity 66.0 9.0 Landolt-Bornstein
1-naphthalen-2-yl-1,2-dibutyl-eicosane High Viscosity 69.0 8.6 Landolt-Bornstein
ethylene glycol bis-(12-acetoxy-stearate) High Viscosity 84.0 12.0 Landolt-Bornstein
pentanedioic acid bis-(2,2,3,3,4,4,5,5-octafluoropentyl) ester Different Atom 13.5 2.2 Landolt-Bornstein
2,2,4,15,17,17-hexamethyl-7,12-bis-(3,5,5-trimethylhexyl)-octadecane High Viscosity 104.0 8.3 Landolt-Bornstein
propylene glycol bis-(12-acetoxy-stearate) High Viscosity 85.0 12.0 Landolt-Bornstein
trimethylene glycol bis-(12-acetoxy-stearate) High Viscosity 90.0 13.0 Landolt-Bornstein
diethylene glycol bis-(12-acetoxy-stearate) High Viscosity 93.0 13.0 Landolt-Bornstein
7,16-dimethyl-9,11,12,14-tetrahexyl-docosane High Viscosity 80.0 8.0 Landolt-Bornstein
1,10-bis-(naphth-1-yl)-decane High Viscosity 226.0 11.0 Landolt-Bornstein
1,10-bis-(decahydro-naphth-1-yl)-decane High Viscosity 145.0 10.9 Landolt-Bornstein
1-cyclohexyl-4-decahydro-naphth-1-yl-tetradecane High Viscosity 109.0 8.0 Landolt-Bornstein
5-(1-phenethyl-tetradecyl)-1,2,3,4-tetrahydro-naphthalene High Viscosity 63.1 16.4 Landolt-Bornstein

Table C.3: OOD test data with higher viscosities compared to training data.
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Molecule Temp (K) | Exp. LOPLS COMPASS SCIPCFF AMBER ML
13-Cyclohexylpentacosane 313 0.157 | 0.245 £0.043 | 0.139 £0.024 | 0.169 £ 0.030 | 0.168 £ 0.029 | 0.156 £ 0.009
373 0.148 | 0.189 £+ 0.033 | 0.116 £0.020 | 0.126 £+ 0.022 | 0.139 £ 0.024 | 0.145 £ 0.009
1.1 Diphenyl Dodecane 313 0.180 | 0.156 £ 0.027 | 0.101 £0.018 | 0.103 £ 0.018 | 0.133 £ 0.023 | 0.169 £ 0.009
373 0.169 | 0.166 £ 0.029 | 0.102 £0.018 | 0.157 £0.028 | 0.114 £ 0.020 | 0.158 £ 0.009
-cyclohexyl-2-(cyclohexyl methyl) heptadecane 313 0.135 | 0.188 £ 0.033 | 0.201 £ 0.035 | 0.167 £ 0.029 | 0.218 £ 0.038 | 0.137 £ 0.009
373 0.128 | 0.134 £ 0.023 | 0.205 £ 0.036 | 0.137 £0.024 | 0.149 £ 0.026 | 0.131 £ 0.009
1-Cyclohexylnonane 313 0.136 | 0.148 £ 0.026 | 0.249 £0.044 | 0.207 £ 0.036 | 0.154 £ 0.027 | 0.134 £ 0.009
373 0.128 | 0.154 £ 0.027 | 0.068 £ 0.012 | 0.188 £ 0.033 | 0.188 £ 0.033 | 0.125 £ 0.009
2-(1-propylheptyl)naphthalene 313 0.210 | 0.126 £ 0.022 | 0.088 £ 0.015 | 0.136 £ 0.024 | 0.164 £ 0.029 | 0.207 £ 0.009
373 0.199 | 0.184 £ 0.032 | 0.107 £0.019 | 0.097 £0.017 | 0.121 £ 0.021 | 0.194 £ 0.009
2-butyl-3-hexyldecahydro-naphthalene 313 0.125 | 0.217 £0.038 | 0.148 +0.026 | 0.132 £0.023 | 0.138 £ 0.024 | 0.125 £ 0.009
373 0.118 | 0.151 £ 0.026 | 0.192 £0.034 | 0.169 £+ 0.030 | 0.181 £ 0.032 | 0.118 £ 0.009
Dioctyl Sebacate 313 0.183 | 0.148 £ 0.026 | 0.171 £0.030 | 0.178 £ 0.031 | 0.148 £+ 0.026 | 0.179 £ 0.009
373 0.173 | 0.125 £0.022 | 0.148 £ 0.026 | 0.170 £ 0.030 | 0.145 £ 0.025 | 0.168 £ 0.009
Hexadecane 313 0.143 | 0.166 £ 0.029 | 0.164 £ 0.029 | 0.139 £ 0.024 | 0.153 £ 0.027 | 0.145 £ 0.009
373 0.132 | 0.134 £ 0.023 | 0.161 £0.028 | 0.111 £ 0.019 | 0.145 £ 0.025 | 0.134 £ 0.009
Squalane 313 0.123 | 0.128 £ 0.022 | 0.143 £0.025 | 0.139 £ 0.024 | 0.175 £ 0.031 | 0.123 £ 0.009
373 0.115 | 0.127 £0.022 | 0.109 £0.019 | 0.129 £ 0.023 | 0.169 £ 0.030 | 0.117 £ 0.009

Table C.4: MD/ML prediction on test data for thermal conductivity values.
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Molecule Temp (K) | Exp. LOPLS COMPASS SCIPCFF AMBER ML
13-Cyclohexylpentacosane 313 18.650 | 10.140 £ 1.268 | 16.521 £2.065 | 13.318 + 1.665 | 28.258 £ 3.532 | 19.410 £ 1.369
373 3.630 | 2.932+£0.366 | 2.485+0.311 | 3.095+0.387 | 3.874 £0.484 | 3.680 + 1.313
1,1 Diphenyl Dodecane 313 14.500 | 25.693 +3.212 | 6.889 +0.861 | 12.090 £ 1.511 | 7.618 £0.952 | 18.630 + 1.369
’ 373 4.000 | 3.584 +0.448 | 1.975+0.247 | 1.701 £0.213 | 1.869 £0.234 | 3.120 £ 1.313
-cyclohexyl-2-(cyclohexyl methyl) heptadecane 313 29.000 | 24.016 £3.002 | 21.288 £2.661 | 28.678 + 3.585 | 47.364 £ 5.921 | 28.900 £ 1.369
373 8400 | 4279 £0.535 | 3.874+0.484 | 3.527+0.441 | 7.526 £0.941 | 5.690 £ 1.313
1-Cyclohexylnonane 313 2.680 | 3373 £0422 | 2.111 £0.264 | 1.905+0.238 | 1.629 £0.204 | 2.690 + 1.369
373 1.000 | 1.054 £0.132 | 0.712£0.089 | 0.515+0.064 | 0.915+0.114 | 1.020 £ 1.313
2-(1-propylheptyl)naphthalene 313 13.344 | 11.645 £1.456 | 6.586+0.823 | 7.381£0.923 | 5.877 £0.735 | 14.150 £ 1.369
373 2224 | 2.827+£0.353 | 1.390£0.174 | 0.679 £0.085 | 1.884 +0.236 | 2.450 + 1.313
2-butyl-3-hexyldecahydro-naphthalene 313 10.295 | 9.251 £1.156 | 5.596 £ 0.700 | 9.870 4+ 1.234 | 20.226 £ 2.528 | 14.168 + 1.369
373 1.907 | 2.520£0.315 | 1.751 £0.219 | 1408 £0.176 | 2.946 +0.368 | 2.440 £ 1.313
Dioctyl Sebacate 313 14.110 | 18.354 £3.544 | 13.353 £1.669 | 18.827 +3.728 | 13.193 £ 1.649 | 12.760 £ 1.369
373 4362 | 6.2454+0.781 | 4.054 £0.507 | 6.079 £0.760 | 3.329 £0.416 | 3.590 £ 1.313
Hexadecane 313 2200 | 2.135£0.267 | 1.377 £0.172 | 1.957£0.245 | 2.148 £0.269 | 2.310 + 1.369
373 0.900 | 0.777 £0.097 | 0.506 £0.063 | 0.550 £0.069 | 0.790 £ 0.099 | 0.900 + 1.313
Squalane 313 15.060 | 9.443 £1.180 | 3.245 £ 0.406 | 14.486 £ 1.811 | 23.795 £2.974 | 14.960 + 1.369
373 3.120 | 3.224 £0.403 | 4.060 £ 0.507 | 2913 £0.364 | 4.789 £0.599 | 3.130 +1.313

Table C.5: MD/ML prediction on test data for viscosity values.
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Molecule Temp (K) | Experimental LOPLS COMPASS SCIPCFF AMBER ML
13-Cyclohexylpentacosane 313 0.828 0.818 £0.016 | 0.799 £ 0.016 | 0.804 £ 0.016 | 0.790 £ 0.016 | 0.827 &+ 0.045
373 0.794 0.776 £0.016 | 0.764 £ 0.015 | 0.764 £ 0.015 | 0.747 £ 0.015 | 0.795 £+ 0.045
1,1 Diphenyl Dodecane 313 0.916 0.851 £0.017 | 0.881 £0.018 | 0.890 + 0.018 | 0.831 £0.017 | 0.977 £ 0.045
373 0.879 0.745 £ 0.015 | 0.838 £0.017 | 0.848 £0.017 | 0.813 £ 0.016 | 0.915 £+ 0.045
-cyclohexyl-2-(cyclohexyl methyl) heptadecane 313 0.866 0.841 £0.017 | 0.820 £0.016 | 0.828 £ 0.017 | 0.813 £ 0.016 | 0.837 &+ 0.045
373 0.835 0.800 £ 0.016 | 0.781 £0.016 | 0.789 £ 0.016 | 0.774 £ 0.015 | 0.827 £ 0.045
1-Cyclohexylnonane 313 0.805 0.795 £ 0.016 | 0.773 £0.015 | 0.781 £ 0.016 | 0.769 £ 0.015 | 0.804 £ 0.045
373 0.766 0.747 £0.015 | 0.728 £0.015 | 0.735 £ 0.015 | 0.712 £ 0.014 | 0.759 £+ 0.045
2-(1-propylheptyl)naphthalene 313 0914 0.852 £0.017 | 0.882 £0.018 | 0.892 £ 0.018 | 0.866 £ 0.017 | 0.912 £ 0.045
373 0.879 0.809 £ 0.016 | 0.841 £0.017 | 0.850 + 0.017 | 0.814 £ 0.016 | 0.879 £ 0.045
2-butyl-3-hexyldecahydro-naphthalene 313 0.863 0.802 £0.016 | 0.824 £0.016 | 0.837 £ 0.017 | 0.820 £ 0.016 | 0.861 £ 0.045
373 0.827 0.792 £0.016 | 0.780 £ 0.016 | 0.794 £ 0.016 | 0.773 £ 0.015 | 0.824 £+ 0.045
Dioctyl Sebacate 313 0.902 0.891 £0.018 | 0.835 £0.017 | 0.902 £ 0.018 | 0.856 £ 0.017 | 0.945 £ 0.045
373 0.860 0.850 £0.017 | 0.803 £0.016 | 0.861 £ 0.017 | 0.808 £ 0.016 | 0.871 &+ 0.045
Hexadecane 313 0.760 0.752 £0.015 | 0.738 £0.015 | 0.739 £ 0.015 | 0.728 £ 0.015 | 0.760 £ 0.045
373 0.718 0.703 £0.014 | 0.692 £0.014 | 0.694 £ 0.014 | 0.676 £ 0.014 | 0.720 &+ 0.045
Squalane 313 0.796 0.798 £ 0.016 | 0.777 £0.016 | 0.791 £ 0.016 | 0.770 £ 0.015 | 0.794 £ 0.045
373 0.756 0.755 £0.015 | 0.734 £0.015 | 0.750 £ 0.015 | 0.726 £ 0.015 | 0.759 £ 0.045

Table C.6: MD/ML prediction on test data for density values.
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Figure C.3: Comparison of MD and ML predictions against experiments. (a) Density predictions and (b) Thermal-
conductivity predictions (Green—Kubo formalism). Circle markers: 313 K; square markers: 373 K; error bars show
one-sigma uncertainties.
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Figure C.4: Predicted vs. experimental viscosities from molecular-dynamics (Green—Kubo) and machine-learning mod-
els at 313 K (circle markers) and 373 K (square markers). Left: full range; right: zoom into 0—10 mPa.s. Error bars show

one-sigma uncertainties.
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Appendix D

Supporting information for Chapter 6
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Figure D.1: Beeswarm plot showing the top 20 most influential molecular descriptors in predicting molecule thermal
conductivity at 100°C.
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Figure D.3: Beeswarm plot showing the top 20 most influential molecular descriptors in predicting molecule log heat
capacity at 100°C.
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Molecule ID | p (100°C) | p (40°C) | i (40°C) | n (100°C) | k (40°C) | k (100°C) | Cp (40°C) | Cp (100°C) | DVI | Toxicity | SCScore
Molecule I | 0.7683 | 0.8278 | 0.566 0.408 0.1266 | 0.1171 | 184.145 | 219298 | 0.0000 | 0.4689 | 0.4967
Molecule2 | 0.9745 | 09891 | 99.725 | 12.185 | 0.1817 | 0.1707 | 864.808 | 1008.167 | 196.7946 | 0.3760 | 0.8173
Molecule 3 | 0.8129 | 0.8726 | 21.583 4597 0.0834 | 00719 | 636674 | 754571 | 186.9606 | 04515 | 0.5883
Molecule 4 | 1.0111 | 09753 | 33.081 6.828 02212 | 02094 | 763.642 | 890.489 | 195.2466 | 0.9481 | 0.8182
Molecule 5 | 09868 | 09770 | 4.297 1.404 0.1454 | 0.1430 | 365.509 | 423348 | 0.0000 | 0.5100 | 0.6032
Molecule 6 | 0.9728 | 0.9946 | 36.810 7.920 0.1772 | 0.1801 | 874.490 | 1007.114 | 197.8249 | 0.6335 | 0.9998
Molecule 7 | 0.7912 | 08188 | 7.323 1.939 0.1324 | 0.1247 | 581.736 | 675.171 | 79.4155 | 0.0909 | 0.7576
Molecule 8 | 0.7092 | 0.7416 | 0.521 0.280 0.1251 | 0.1197 | 248.002 | 289.769 | 0.0000 | 0.6208 | 0.4649
Molecule 9 | 0.9823 | 1.0199 | 44428 | 11.875 | 02450 | 02330 | 862.761 | 1004328 | 203.4480 | 0.8496 | 0.8015
Molecule 10 | 0.9379 | 0.9556 | 28.403 | 10308 | 02127 | 02096 | 807.198 | 965.669 | 205.2706 | 0.6146 | 0.9489
Molecule 11 | 0.8039 | 0.8577 | 42310 5.839 0.1283 | 0.1273 | 966.805 | 1090.595 | 185.6408 | 0.3326 | 0.6965
Molecule 12 | 0.9876 | 1.0075 | 11.720 2.107 0.1576 | 0.1525 | 221.164 | 253346 | 67.2955 | 0.9165 | 0.3430
Molecule 13 | 0.9028 | 09174 | 3.767 1114 0.1755 | 0.1582 | 244969 | 287368 | 0.0000 | 0.7129 | 0.3882
Molecule 14 | 0.8785 | 0.8962 | 5.353 1.702 0.1545 | 0.1428 | 398.436 | 470428 | 16.6552 | 04433 | 0.6443
Molecule 15 | 0.8847 | 09267 | 1.812 0.683 0.1255 | 0.1161 | 188.440 | 220.728 | 0.0000 | 0.5846 | 0.5407
Molecule 16 | 0.9799 | 09832 | 6.537 1.824 0.1767 | 0.1737 | 534.738 | 581.828 | 49.3669 | 0.6601 | 0.5881
Molecule 17 | 0.9673 | 1.0267 | 6.242 1.775 0.1731 | 0.1587 | 364277 | 425460 | 30.2100 | 0.6213 | 0.4935
Molecule 18 | 0.8386 | 0.8924 | 1.185 0.638 0.1346 | 0.1231 | 236727 | 269316 | 0.0000 | 0.7042 | 0.4753
Molecule 19 | 09112 | 0.9484 | 9510 2.128 0.1526 | 0.1391 | 379.258 | 447.803 | 98.9571 | 0.4967 | 0.5098
Molecule 20 | 0.7565 | 0.8205 | 0.577 0.389 0.1277 | 0.1179 | 292.652 | 327237 | 0.0000 | 0.7021 | 0.5246

Table D.1: Molecular properties of top 20 molecules by crowding distance from best hyperparameter combination using NSGA-II optimisation.




yeC

Molecule ID Rank | p (100°C) | p (40°C) | n (40°C) | n (100°C) | k¥ (40°C) | k¥ (100°C) | Cp 40°C) | Cp (100°C) | DVI | Toxicity | SCScore
Molecule 15 1 0.88 0.91 23.24 5.58 0.193 0.185 957.72 1083.24 190.64 0.17 0.69
Molecule 26 2 0.77 0.80 19.79 4.78 0.177 0.170 958.33 1102.57 186.60 0.11 0.85
Molecule 3 3 0.87 0.95 26.30 6.04 0.170 0.164 964.32 1089.77 191.63 0.10 0.83
Molecule 30 4 0.88 0.96 20.67 4.97 0.188 0.179 857.59 989.10 187.69 0.13 0.77
Molecule 28 5 0.77 0.77 22.25 4.68 0.164 0.160 958.68 1102.13 182.93 0.11 0.86
Molecule 22 6 0.94 0.97 32.69 7.7 0.179 0.174 958.58 1086.23 196.37 0.24 0.67
Molecule 27 6 0.79 0.81 13.98 3.97 0.181 0.175 847.49 987.04 183.77 0.11 0.85
Molecule 2 8 0.93 0.96 30.78 6.22 0.160 0.155 962.43 1090.76 190.27 0.12 0.84
Molecule 29 9 0.95 0.93 32.72 6.54 0.183 0.177 878.67 1023.09 191.12 0.16 0.86
Molecule 1 10 0.76 0.79 30.11 5.39 0.151 0.148 959.78 1099.37 184.39 0.09 0.88
Dioctyl Sebacate 11 0.86 0.90 14.01 3.15 0.183 0.173 655.00 755.00 174.14 0.24 0.44
Molecule 23 12 1.01 1.00 41.60 8.33 0.174 0.174 960.39 1088.23 195.24 0.18 0.90
Molecule 12 13 1.00 1.01 40.16 6.73 0.179 0.177 962.93 1090.19 189.11 0.18 0.98
Molecule 9 13 0.96 0.95 46.83 7.83 0.185 0.176 875.96 1010.32 192.05 0.17 0.83
Molecule 16 15 0.79 0.79 33.59 5.46 0.151 0.148 959.71 1102.22 182.90 0.09 0.88
Molecule 24 15 1.00 0.99 31.43 7.64 0.170 0.169 961.02 1088.01 196.42 0.29 0.90
Molecule 6 17 0.77 0.79 37.43 7.09 0.134 0.135 963.73 1098.33 191.93 0.08 0.86
Diisodecyl Adipate 17 1.01 1.05 13.46 3.49 0.177 0.168 655.00 755.00 172.06 0.19 0.56
Molecule 13 19 0.95 0.94 38.68 7.88 0.168 0.169 877.70 1024.70 194.65 0.14 0.83
Molecule 11 20 0.78 0.82 35.92 5.82 0.156 0.155 963.54 1091.80 184.82 0.15 0.99
Molecule 10 21 0.90 0.93 35.51 6.06 0.167 0.163 899.80 1049.85 186.89 0.20 0.86
Molecule 18 22 0.95 0.97 30.16 8.16 0.170 0.170 878.36 1023.10 198.52 0.28 0.96
Molecule 25 23 0.97 0.97 55.12 9.06 0.199 0.184 861.46 1010.77 194.14 0.20 0.90
Squalane 24 0.76 0.80 15.06 3.12 0.123 0.115 727.00 847.00 166.58 0.07 0.66
Molecule 5 25 0.81 0.85 23.72 4.58 0.158 0.157 858.29 1000.53 180.09 0.14 0.90
Molecule 21 25 0.79 0.82 36.60 6.80 0.144 0.139 963.06 1091.93 190.85 0.16 0.95
Molecule 7 27 0.99 0.95 53.40 8.70 0.184 0.177 869.30 1020.40 193.44 0.32 0.90
Molecule 8 28 0.94 0.94 33.42 7.08 0.156 0.155 878.56 1028.89 193.43 0.18 0.89
Molecule 4 29 0.78 0.78 29.78 4.62 0.143 0.143 845.53 978.85 175.38 0.09 0.84
Molecule 14 30 0.83 0.87 31.75 6.03 0.165 0.161 956.85 1087.23 188.53 0.37 0.97
Molecule 17 31 0.95 0.95 25.73 6.07 0.161 0.154 853.10 1013.35 192.14 0.24 0.93
Hexadecane 32 0.72 0.76 2.20 0.79 0.143 0.132 384.20 444.60 0.00 0.19 0.42
PAO 4 33 0.76 0.80 13.32 3.35 0.145 0.136 772.78 845.56 167.87 0.35 0.58
Molecule 20 34 0.95 0.94 33.36 6.41 0.167 0.168 864.06 1008.71 190.12 0.24 0.94
Molecule 19 35 0.84 0.86 35.86 9.29 0.134 0.137 961.96 1092.01 199.40 0.27 1.00

Table D.2: Ranked properties of top 30 WSGA molecules with gold, silver, and bronze highlighting best performing molecules for that property.
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