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Abstract

The aviation sector contributes approximately 4% of global CO2 emissions and remains one
of the most significant industries worldwide. However, reducing emissions from aviation
presents substantial challenges. Electrification is constrained by the low energy density of
current batteries, while the adoption of cryogenic hydrogen is limited by the development of

lightweight storage tanks.

Conversely, significant research efforts have focused on the development and certification
of synthetic fuels derived from renewable feedstocks, commonly referred to as Sustainable
Aviation Fuel (SAF). Although both conventional jet fuels and SAF are generally expected
to maintain their properties over time, exposure to pollutants and thermal stress can result
in oxidation. Oxidation degrades fuel quality, reduces system efficiency, and can even cause

operational failures.

Kinetic modeling has been a key tool for studying oxidation phenomena, but its mechanisms
are typically developed for the gas phase. Extending these models to account for solvent effects

in the liquid phase is particularly challenging, especially for complex mixtures like fuels.

To address these challenges, this thesis employs data-driven modeling techniques to study
oxidation phenomena, including Quantitative Structure-Property Relationships (QSPRs) and
Near-Infrared (NIR) spectroscopy-based modeling. A notable limitation in the literature is
the scarcity of oxidation data for pure hydrocarbons, prompting the development of a new

database in this work.

The Rapid Small-Scale Oxidation Test (RSSOT), also known as the PetroOxy or RapidOxy
test, was employed to measure the Induction Period (IP), a parameter that quantifies the
time required for a sample to react with a given amount of oxygen. This study analyzed 95
hydrocarbons across a temperature range of 40°C to 160°C, identifying reactivity trends based

on molecular features.

Using these trends, a predictive QSPR model for the Induction Period was developed, testing
multiple machine learning algorithms, including Support Vector Machine with a radial basis
function (RBF) kernel, XGBoost Tree, and XGBoost Linear. The resulting semi-quantitative
model serves as a useful tool for screening potential fuel candidates. For NIR spectroscopy-

based modeling of the Induction Period, the study employed Support Vector Machine with an
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RBF kernel. However, this approach yielded a model with low accuracy. Based on the observed
reactivity trends, the limitations of NIR spectroscopy for predicting the Induction Period are
discussed. Finally, this work proposes Nuclear Magnetic Resonance (NMR) spectroscopy as a

more suitable technique for this purpose and presents modeling results based on simulated
NMR data.



Résumé

Le secteur de I’aviation contribue & environ 4% des émissions mondiales de CO2 et demeure
I'une des industries les plus importantes a I’échelle mondiale. Cependant, réduire les émissions
dans ce secteur demeure un défi considérable. En effet, Iélectrification est limitée par la faible
densité énergétique des batteries actuelles, tandis que I’adoption de I’hydrogéne cryogénique
est freinée par le développement de réservoirs de stockage légers. En revanche, des efforts de
recherche significatifs se sont concentrés sur le développement et la certification de carburants
synthétiques issus de matieres premiéres renouvelables, communément appelés carburants

durables d’aviation (SAF, pour Sustainable Aviation Fuels).

Bien que les carburants conventionnels pour avions et les SAF soient généralement supposés
conserver leurs propriétés au fil du temps, leur exposition aux polluants et au stress thermique
peut entrainer une oxydation. L’oxydation dégrade la qualité des carburants, réduit I'efficacité
des systemes et peut méme provoquer des défaillances opérationnelles. La modélisation
cinétique a été un outil clé pour étudier les phénomenes d’oxydation, mais ses mécanismes sont
généralement développés pour la phase gazeuse. Etendre ces modeéles pour tenir compte des
effets du solvant en phase liquide est particulierement difficile, notamment pour des mélanges

complexes comme les carburants.

Pour relever ces défis, cette thése utilise des techniques de modélisation basées sur les
données pour étudier les phénomeénes d’oxydation, notamment les relations quantitatives
structure-propriété (QSPR) et la modélisation basée sur la spectroscopie proche infrarouge
(NIR). Une limitation notable observée dans la littérature est la rareté des données d’oxydation
pour les hydrocarbures purs, ce qui a tout d’abord conduit au développement d’une nouvelle
base de données dans ce travail de thése. Le test d’oxydation rapide a petite échelle (RSSOT),
également connu sous le nom de test PetroOxy ou RapidOxy, a été utilisé pour mesurer la
période d’induction (IP), un parameétre qui quantifie le temps nécessaire pour qu’un échantillon

réagisse avec une quantité donnée d’oxygeéne.

Cette étude a portée sur I’analyse de 95 hydrocarbures sur une plage de température
allant de 40 °C 4 160 °C, identifiant des tendances de réactivité basées sur les caractéristiques
moléculaires. A partir de ces tendances, un modeéle prédictif QSPR pour la période d’induction
a été développé, en testant plusieurs algorithmes d’apprentissage automatique, notamment la

machine a vecteurs de support (SVM) avec un noyau a base radiale (RBF), XGBoost Tree et
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XGBoost Linear. Le modéle semi-quantitatif résultant constitue un outil utile pour le criblage

des candidats potentiels pour les carburants.

Pour la modélisation basée sur la spectroscopie NIR de la période d’induction, I’étude a
utilisé une machine a vecteurs de support avec un noyau RBF. Cependant, cette approche
a donné un modele de faible précision. Sur la base des tendances de réactivité observées,
les limites de la spectroscopie NIR pour prédire la période d’induction sont discutées. Enfin,
ce travail propose la spectroscopie par résonance magnétique nucléaire (RMN) comme une
technique plus appropriée a cette fin et présente des résultats de modélisation basés sur des

données RMN simulées.
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Chapter 1

Introduction

1.1 Context of the study

The aviation sector is one of the most important industries in the world. By 2019, it supported
around 4.1% of the world’s Gross Domestic Product (GDP), transported around 4.5 billion
passengers, 0.5% of international shipment by volume and 35% by value, which represented be-
tween 35 to 40% by value [1-3]. Furthermore, this sector is the fastest-growing transport mode,
and it’s expected to grow on average 4.3% annually for the following 20 years. Consequently,
aviation is responsible for 12% of the transportation industry’s carbon dioxide (CO,) emissions,
while representing 2.1% of all anthropogenic emissions [4]. Besides CO,, the aviation industry
is also responsible for the emission of other gases, such as carbon monoxide (CO), diverse
nitrogen oxides (NO,) and sulfur oxides (SO,), Unburned Hydrocarbons (UHC), and Particulate
Matters (PM) [5]. These gases are air pollutants, also known as Greenhouse Gases (GHG), and

are responsible for climate change.

In 2015, representatives from 196 countries gathered to ratify an agreement to limit the
impact of human activity on the environment. This treaty, known as the Paris Agreement, has
the objective of keeping human-caused global warming under 2 °C, and preferably, under 1.5
°C by the end of the century, compared to pre-industrial levels [6]. In order to set a quantifiable
goal for Greenhouse Gases emissions, the concept of "cumulative carbon budget" was defined.
The cumulative carbon budget represents the amount of CO, that can be emitted to comply
with the Paris Agreement goals. For instance, to reach the goals for the +2 °C scenario, aviation

emissions should stop by 2075, and for the +1.5 °C, it should reach carbon neutrality by 2050
[1].
Current efforts to reduce the environmental impact of this industry include increasing

the efficiency of engines and improving aerodynamics, while future goals aim to develop

hydrogen and electric-powered aircrafts. However, the implementation of these technologies
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as a solution for CO, emissions, faces practical challenges, particularly because 80% of CO,
emissions originate from long-haul flights exceeding 1500 km, distances that are unfeasible to
cover with the current low-energy density batteries. Therefore, advancements in hydrogen fuel
storage, lightweight cryogenic tanks, and high-energy density batteries are crucial [1, 2, 7, 8].

As a result, these technologies are not expected to become commercially viable before 2030.

For these reasons, an alternative technology that can be used to reach the sector’s climate
targets is Sustainable Aviation Fuel (SAF). SAF is a type of aviation fuel produced from
renewable or waste-based resources, such as used cooking oil, agricultural residues, municipal
waste, or algae, rather than fossil-based sources like crude oil. Eleven conversion pathways
are outlined in the ASTM D7566 (Standard Specification for Aviation Turbine Fuel Containing
Synthesized Hydrocarbons) [9], and the ASTM D1655 [10] (Standard Specification for Aviation

Turbine Fuels).

The chemical composition of SAFs differs from that of conventional fossil fuel. For instance,
most SAFs contain minimal or no aromatics, consisting of fewer types of hydrocarbons [11-14].
Thus, SAFs must be blended with fossil jet fuel to ensure compatibility with the existing
infrastructure and meet jet fuel specifications. Nevertheless, the blending process might alter

the hydrocarbon family ratio of a fuel, potentially affecting its properties [15, 16].

One of the most important parameters for both conventional jet fuels and SAFs is their
stability, which is defined as the resistance to degradation processes that can change fuel
properties and form undesirable chemical species [17]. The accumulation of said products can
lead to system failures at different points. For example, the formation of polar compounds,
such as acids, can cause corrosion in engine parts, while the formation of deposits and gums

can lead to clogging of engine fuel lines, filters, and injectors[17].

Different approaches have been used to model autoxidation; for example, several de-
tailed mechanisms for different hydrocarbons have been developed [18-20]. However, these
approaches cannot consider solvent effects in liquid-phase oxidation. Even though some cor-
rections have been [21, 22] used to incorporate the solvent effects, the number of parameters
to be calculated in real fuels with thousands of compounds is computationally unfeasible [23].
An alternative to the current approaches could be using two machine learning-based methods:
chemometrics, and cheminformatics. These methods involve algorithms to find relations be-
tween a property and the chemical signal or molecular structure of compounds and molecules,
respectively. Both approaches have different requirements. For instance, cheminformatic
modeling is usually performed from pure compound data, while chemometrics usually uses

multivariate data, such as spectroscopic signals.
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1.2 Jet fuel

Jet fuel comes from refined kerosene, a petroleum distillate with hydrocarbon chains of C,-
Ci6 and an average boiling point in the range of 150 to 250°C (see table 1.1) [24, 25]. Jet
fuel contains approximately 2000 hydrocarbons [11], which are composed by 80% of linear,
branched, and cyclic alkanes, also called n-paraffins, iso-paraffins and naphthenes, respectively.
The remaining 20% is composed of aromatics, such as alkyl-benzenes, and naphthalenes [24].
Heteroatomic species are also present in jet fuel in lower quantities, approximately 1%. Namely
nitrogen, oxygen, and sulfur-containing species, such as phenols, indoles, carbazoles, amines,

pyridine, anilines, and thiophenes [26-28].

TaBLE 1.1 — Petroleum fractions produced from distillation and their approximate hydrocarbon and

boiling ranges[25].
Petroleum fraction Hydrocarbon range Boiling range (°C).
Light gases C,-C, -90 to 1
Gasoline (light and heavy) C,Cyp -1 to 200
Naphthas (light and heavy) CyCypy -1 to 205
Jet fuel Co-Cyy4 150 to 255
Kerosene Ci1-Cuy 205 to 255
Diesel fuel C11-Cyg 205 to 290
Light gas oil C14-Cis 255 to 315
Heavy gas oil Ci5-Cyg 315 to 425
Wax Ci5-Cs 315 to 500
Lubricating oil >Cys >400
Vacuum gas oil Cy5-Css 425-600
Residuum >Css >600

Jet fuel used for civil aviation purposes can be categorized into four main types, each

tailored to meet specific performance, safety, and environmental standards [29-31]:

+ Jet A: Mainly used in the United States, it has a freezing point of -40 °C and doesn’t
contain a static dissipator additive. However, it is often used interchangeably with Jet
A-1.

+ Jet A-1: The most widely used fuel, it has a flash point minimum of 38 °C and a freezing

point of maximum -47 °C. It contains static dissipater additives.

+ Jet B: A naphtha-kerosene fuel. It is mostly used in cold climates due to its higher

flammability and lower freezing point freezing point (-60 °C).
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« TS-1: Developed to comply with Russian standards, it is considered to be on par with

Jet A-1, with the difference of having a lower freezing point (-57 °C).

On the other hand, military aviation fuel is specially formulated to meet the rigorous
demands of military operations, including extreme environmental conditions, and enhanced
performance requirements. Also, this type of fuel follows the Single-Fuel Concept agreement,
thus it can be used as a replacement of diesel for land vehicles. Military jet fuel is collectively

referred to as Jet Propellant (JP), with the two most important types being [32, 33]:

« JP-5: A high flash point kerosene fuel developed in 1952. Primarily used in aircraft

carriers.

« JP-8: The military equivalent of Jet A-1, primarily used by NATO. It contains several addi-
tives, such as corrosion inhibitors, anti-icing agents, metal deactivators and antioxidants.

It is used as fuel for both aircraft and ground vehicles.

In an effort to decrease the dependence on petroleum and reduce Greenhouse Gases (GHG)
the aviation industry has increasingly turned its attention to renewable synthetic fuels, known
as Sustainable Aviation Fuels (SAFs). The adoption of SAF is seen as a pivotal step toward
achieving the aviation sector’s carbon-neutral growth goals, as outlined by international
organizations such as the International Air Transport Association (IATA) and International
Civil Aviation Organization (ICAO). One of the defining characteristics of SAF is its versatility
in production. It can be synthesized from a wide range of feedstock, including plant-based
materials, waste oils, municipal solid waste, and even carbon captured from the atmosphere
[34]. Because of this diversity, SAF is not a single fuel but rather a broad category encompassing

multiple types of renewable and synthetic aviation fuels.

Depending on the feedstock and conversion processes employed, SAF and other biofuels
can be classified into several categories. These categories reflect the variety of technologies

and raw materials used in their production [35-37].

« First generation: Food-based feedstock, mainly sugars, starches, and oils. Some exam-
ples include soybean oil, palm oil and sugarcane. Their main disadvantage is that their

production can disrupt the food supply chain while affecting the costs of crops.

+ Second generation: Fuel obtained from waste and non-food feedstocks, such as lig-
nocellulosic sources. Some feedstocks include cooking oil, beef tallow, sugarcane and
forestry residues. Their use can lead to higher GHG emissions than fossil fuel when

feedstocks need to be redirected for their production [35].

« Third generation: Algae are used to produce oils and sugars, which are later trans-
formed into jet fuel. The main advantages are that algae have no food value and are

highly renewable; nevertheless, they haven’t been commercially used yet.
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« Fourth generation: Obtained from non-biological resources, such as CO,, renewable
electricity, water, sunlight, and genetically modified microorganisms. Currently, it is the

least mature feedstock.

SAFs are classified as “drop-in” fuels, meaning they can be utilized in existing aircraft fleets
without requiring any engine modifications. However, as previously mentioned, SAFs must
be blended with conventional jet fuel due to their different chemical composition, ensuring
compatibility with aircraft and compliance with the specifications of ASTM D1655. Currently,
11 production pathways have been approved; eight production processes and three pathways
for the co-processing of renewable feedstocks in petroleum refineries. ASTM D1655 [10]
and ASTM D7566 outline the approved production pathways, feedstocks, and blending limits
[9, 10]:

« Hydroprocessed Synthesized Paraffinic Kerosene (SPK): Detailed in ASTM D7566
Annex Al, this fuel is derived from coal, natural gas, or biomass, and can be blended up
to 50% with conventional jet fuel. This fuel is produced using the Fischer-Tropsch (FT)
process. The FT process converts H, and CO, in the presence of an iron or cobalt catalyst,
to a wide range of hydrocarbons. Common products include olefins and paraffins in the
range of diesel and gasoline [38]. FT is composed by approximately 75% n-paraffins and
25% iso-paraffins. This pathway was approved in 2009.

+ Synthesized Paraffinic Kerosene from Hydroprocessed Esters and Fatty Acids
(HEFA SPK): Described in ASTM D7566 Annex A2, it uses feedstocks like vegetable oils,
animal fats, and used cooking oils, with a blending limit of 50%. This pathway consists of a
two-step hydrogenation process, (1) hydrotreatment, which removes oxygen by using H,
in the presence of a catalyst and leads to a paraffinic product, and (2) hydroisomerization,
which converts linear paraffins into iso-paraffins in order to improve the cold flow
properties of the product [39]. The product’s composition depends on the feedstock, but
it is mainly made up by iso-paraffins (=85-90% ), n-paraffins (= 10%) and traces of olefins
and naphthenes (less than 1%). It was approved in 2011.

« Synthesized Iso-paraffins (SIP): According to ASTM D7566 Annex A3, this fuel uses
sugar-based biomass as feedstock and has a maximum blend ratio of 10%. The production
process involves treating the feedstock with genetically engineered microorganisms
to produce S-farnesene, a C5 tetra-olefin. The unsaturations in -farnesene are then
removed through hydrotreatment, resulting in farnesane as the final product. This fuel
is primarily composed of a single compound, with 96-98% farnesane and minor residues

of olefins and naphthenes. It was approved in 2014 [40].

« FT-Synthesized Paraffinic Kerosene plus Aromatics (SPK/A): As per ASTM D7566
Annex A4, this allows for blending up to 50%. Aromatics are intentionally added to
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FT-SPK for its production. The aromatic content of this fuel ranges from 10 to 20%. Its

use was approved in 2015.

Alcohol-To-Jet Synthetic Paraffinic Kerosene (ATJ-SPK): Listed in ASTM D7566
Annex A5, this fuel is produced from ethanol, isobutanol, or isobutene derived from
biomass and supports blends of up to 50%. It is expected that in the future, all C, to Cs
alcohols will be permitted for ATJ-SPK production. The production process consists of
three main steps: (1) dehydration (applicable only for ethanol and isobutanol), which
removes the OH functional group; (2) oligomerization, to increase the chain length of the
olefins produced in the first reaction; and (3) hydrogenation, to remove unsaturations.
This process is then followed by fractionation [41]. Iso-butanol-based ATJ-SPK was
approved in 2016, while ethanol-based ATJ-SPK received approval in 2018. ATJ-SPK
primarily consists of iso-paraffins (approximately 99.8%), specifically dodecane isomers

and 2,2,4,4,6,8,8-heptamethylnonane.

Catalytic Hydrothermolysis Jet (CHJ): Detailed in ASTM D7566 Annex A6, CH]J is
made from vegetable oils, animal fats, or used cooking oils, with a blend limit of 50%.
This fuel is obtained by using the Biofuels Iso-Conversion (BIC) process, which consists
of three steps: (1) catalytic hydrothermolysis for cracking and cyclization of triglyceride
oils, (2) hydroprocessing for olefin saturation and deoxygenation and (3) fractionation

[42]. It was approved in 2020.

Synthesized Paraffinic Kerosene from bio-derived Hydroprocessed Hydrocar-
bons, Esters and Fatty Acids (HC-HEFA SPK): Found in ASTM D7566 Annex A7. This
fuel must be produced from paraffins obtained from hydrogenation and deoxygenation
of bio-derived hydrocarbons, fatty acid esters, free fatty acids. With the recognized bio

source being the Botryococcus braunii species of algae. It has a blending limit of 10%.

Alcohol-To-Jet Synthetic Paraffinic Kerosene with Aromatics (ATJ-SKA): Defined
in ASTM D7566 Annex A8, it utilizes any single C,-Cs alcohol or their combinations.
The production involves two subprocesses: a non-aromatic product, obtained using the
previously described method for ATJ-SPK, and an aromatic product, produced through
dehydration, aromatization, hydrogenation, and fractionation. This fuel can be blended

with conventional jet fuel at ratios of up to 50

Co-hydroprocessing of esters and fatty acids: In ASTM D1655 Annex Al, this
process involves biomass-based feedstocks like vegetable oils, animal fats, and used

cooking oils mixed with petroleum, with a blend limit of 5%.

Co-hydroprocessing of Fischer-Tropsch hydrocarbons: Also in ASTM D1655 An-
nex Al, it involves Fischer-Tropsch hydrocarbons co-processed with petroleum, with

blending restricted to 5%.
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+ Co-processing of HEFA: Listed in ASTM D1655 Annex Al, this fuel uses hydropro-

cessed esters and fatty acids from biomass, allowing for blending up to 10%.

Blending limits are established to minimize the impact of the different chemical composi-
tions of SAFs on the physico-chemical properties of fuel. Compared to conventional fossil fuels,
which contain thousands of compounds, SAFs have simpler compositions. This is illustrated
in table 1.2, where HEFA SPK, ATJ-SPK, and SIP are shown to primarily consist of linear,
branched, and cyclic paraffins, with minimal aromatic content. Each hydrocarbon family plays
a crucial role in determining the overall properties of fuel. For example, aromatics enhance the

thermal stability of fuel and contribute to the swelling of rubber seals in aircraft [43].

TaBLE 1.2 — Chemical composition (wt%) of different types of jet fuel [11, 12, 44, 45].

Jet A-1 JP-8 HEFA SPK AT]J-SPK SIP

n-paraffins 234 26.1 8.5 0.0 0.0
iso-paraffins 27.5 37.5 89.7 99.8 99.5
monocycloparaffins 22.6 194 1.7 0.0 0.4
di- and tricycloparaffins 5.8 3.5 0.0 0.0 0.0
alkylbenzenes 14.5 11.0 0.1 0.0 0.1
cycloaromatics 5.1 1.5 0.0 0.0 0.0
alkylnaphthalenes 1.1 1.1 0.0 0.2 0.0

In extreme cases, the blending process can significantly alter fuel properties, requiring
blending ratios lower than the specified limits. For instance, blending SPK, HEFA SPK, or
SPK/A can influence fuel density or aromatic content, while SIP may affect the viscosity of the

refined fuel [9].

Besides the production pathways approved by the ASTM, other conversion processes are
currently under evaluation. Some of these candidates include Synthesized Aromatic Kerosene
(SAK), Integrated Hydropyrolysis and Hydroconversion (IH2), Single Reactor HEFA (Drop-in
Liquid Sustainable Aviation and Automotive Fuel) (DILSAAF), Pyrolysis of non-recyclable
plastics (ReOIL), Co-processing of pyrolisis ol from used tires (TPO), Methanol-to-Jet (MT]J),
among others [46].

The potential of SAFs to reduce CO, emissions largely depends on the production process
and feedstock. For example, SPK derived from coal or natural gas can result in an actual
increase in emissions compared to fossil fuels, ranging from 10% to 122%. On the other hand,
SPK obtained from salicornia and switchgrass can reduce emissions by 93 and 80% respectively,
while palm, soy and jatropha oil-derived HEFA SPK limit emissions by 50-60 % during their
lifecycle [5]. Thus, the challenge of reducing CO, emissions through the use of SAFs involves
not only the development of technology but also the availability of feedstock. Furthermore, the
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wide adoption of SAFs is severely limited by lengthy approval processes, and high production
costs, with 60 to 75% of the cost attributable to the feedstock alone [24].

1.3 Oxidation stability

As previously noted, the distinct composition of SAFs can influence various fuel properties. Of
particular interest in this study is their impact on oxidation stability, a critical factor in fuel
performance and shelf life. In the context of hydrocarbons, oxidation stability refers to their
ability to resist reactions with oxygen [17]. The oxidation process has been extensively studied
in the literature and is understood to follow a reaction mechanism initiated by the formation
of unstable free radicals through homolytic cleavage of C-H bonds. These free radicals can

subsequently undergo various reactions, such as isomerization, f-scission, and addition of O,.

The study of the oxidation process is of significant interest because the reactions involved
can lead to the formation of undesirable chemical species. These include high molecular
weight polymers and polar compounds, such as alcohols, carboxylic acids, and water. The
accumulation of these species can adversely affect fuel properties, potentially causing engine
corrosion and the formation of deposits. Such deposits can clog fuel lines and filters, while the

increase in fuel viscosity may accelerate pump wear [47].

Fuel degradation can occur at various stages of its life cycle, including storage, use as a
coolant in aircraft systems, or during combustion [48]. This process can occur through one of

the following mechanisms [17]:

« Oxidation or autoxidation
o Thermal oxidation
« Hydrolysis

« Microbial contamination

It is worth noting that this classification is subject to debate, since some authors [13] argue
that autoxidation is part of thermal oxidation. Thus, thermal oxidation can be further classified

into three regimes based on the temperature to which the fuel is exposed:

« Autoxidation: < 350 °C
« Transition: Between 350 and 450 °C
« Pyrolitic: > 450 °C

In this study, we focus on the autoxidation phenomenon, consisting of slow reactions that
occur at near-ambient temperatures, where hydrocarbons interact with dissolved oxygen in
the bulk of the sample [17]. Given the gradual nature of autoxidation, accelerated oxidation
tests have been developed to study this phenomenon in a laboratory setting. Said tests are

performed under high temperatures and pressures to accelerate the rate of reactions.
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The results of accelerated oxidation tests have provided valuable insights into reactivity
trends. When combined with the characterization of oxidation products, these findings have
formed the foundation for the development of reaction mechanisms [49, 50]. In the next
section, we will discuss the various types of reaction mechanisms studied in the field of

chemical kinetics.

1.4 Kinetic modeling

We can consider that a model is a type of “box” that transforms inputs into outputs through
relations [51]. Modeling approaches can be categorized in three types: white, black and gray-
box. White-box modeling, also known as first-principles or analytical modeling, relies on
established relationships and knowledge of internal mechanisms to construct a model [52]. In
contrast, black-box modeling, or data-driven modeling, directly derives relationships between
inputs and outputs from experimental or historical data. This approach is particularly useful
when the system’s behavior is not fully understood, or when dealing with complex systems
that are challenging to analyze using white-box methods [53]. Gray-box modeling bridges
these two approaches by requiring partial knowledge of the system. In this hybrid method,
well-understood components are analyzed using analytical techniques, while data-driven

modeling is applied to less understood aspects [54].

Kinetic modeling, an analytical or white-box approach, is a key method for studying the
dynamics and mechanisms of chemical reactions often used in conjunction with experimental
techniques to provide a comprehensive understanding. Kinetic modeling predicts the rate of
chemical reactions, as well as changes in reactants and products concentrations over time. In
the context of autoxidation, empirical information can be obtained from the results of oxidation

tests.

Chemical kinetics studies how experimental conditions affect the rate of a chemical reaction,
uncovering details about its mechanism and transition states. For this purpose, mathematical
models that describe the relevant factors of a chemical reaction are used. Kinetic modeling
requires identifying a set of reactants and products, along with the chemical reactions that
connect them [55]. However, accounting for all the chemical species and reactions involved
in a process is a complex task. To manage this, model reduction techniques such as quasi-
equilibrium states, limiting steps, and subsystems, are employed to simplify the model’s
complexity [56]. Another approach for model reduction involves grouping chemical reagents
into classes. We now proceed to discuss the various types of kinetic modeling based on different

levels of reagent grouping.
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1.4.1 Global modeling

Global mechanisms are used to represent complex systems as a single chemical species. In
the context of oxidation, a given hydrocarbon or fuel can be denoted as RH, while the ox-
idation mechanism is usually represented by its main stages (initiation, propagation and
termination), and oxidation products are grouped by species, such as alkyl and peroxyl radicals,

hydroperoxides, etc. For instance, the H-abstraction for a generic jet-fuel could be written as:

RH + O, — R’ + HO, (1.1)
Reaction kinetics in this approach are considered to follow the Arrhenius equation [57, 58]:
k= Aexp_%, (1.2)

where:

« k is the kinetic constant,

+ A, the pre-exponential factor,

E,, the activation energy,
* R, the gas constant, and

+ T, the temperature in Kelvin.

In global modeling, these kinetic parameters are calculated by fitting the Arrhenius equation

to experimental data, such as reagent or product concentrations [58, 59].

The main advantage of this approach is that it allows to study complex matrices, such
as conventional and alternative jet fuels [60], diesel and biodiesel [61, 62], vegetable oil [59],
gasoline [58], among others. On the other hand, this type of modeling is limited by its simplicity,
since it doesn’t consider the influence of alternative reactions, and the effects of other chemical

compounds, such as antioxidants and heteroatomic species [63].

1.4.2 Semi-detailed modeling

Semi-detailed modeling builds upon global models by extending the mechanism to account
for interactions with other chemical species. For this purpose, compounds are grouped into
classes called “lumped species”, such as as metals, anti-oxidants, oxygenated species, sulfur-
containing molecules and nitrogenated compounds [64]. Furthermore, this approach includes
additional mechanism pathways, such as secondary oxidation reactions, e.g. hydroperoxide
decomposition into alcohols and other oxygenated species, and chain reaction termination, by
recombination of R" and ROO" radicals. These chemical reactions are detailed in Chapter 2, in

equations (2.5) to (2.7).
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Several semi-detailed mechanisms have been proposed for various hydrocarbons. For
instance, the oxidation of indene and tetralin in the presence of free radical scavengers was
studied by Carlsson and Robb [65]. Garcia-Ochoa et al. [66] modeled the thermal oxidation
of n-octane, incorporating hydroperoxides, ketones, alcohols, and acids into the mechanism.
Similarly, Blaine and Savage [67] developed a 12-reaction mechanism for n-hexadecane autox-
idation, which included hydroperoxides and secondary oxidation products such as ketones,
alcohols, acids, and esters. For aromatic compounds, Hermans et al. [68] and Hoorn et al.
[69] proposed mechanisms for the autoxidation of toluene. Said mechanisms included the

formation of benzaldehyde, benzyl alcohol, and benzoic acid.

Some of the first mechanisms for jet fuel autoxidation and deposition were developed by
Zabarnick [70]. In these studies, the authors investigated the impact of naturally occurring
antioxidant species on the thermal and oxidation stability of jet fuel [63, 70]. Nevertheless,
certain deficiencies in the modeling approach became evident, such as the poor fit for two-
parameter Arrhenius global oxidation reactions and the system’s non-Arrhenius behavior
[71].

In more recent work, the study of Kuprowicz et al. [64] proposed a 18-reaction mechanism
for the prediction of autoxidation and deposition of jet fuels. In their study, the authors con-
sidered chemical species, such as hydrocarbons (R), dissolved oxygen (O,), peroxyl radical
inhibitors or antioxidants (AH), reactive sulfur species (SH) that act as hydroperoxide decom-
posers, and hydroperoxides (ROOH). This mechanism was modified by Sander et al. [48], who
updated the activation energy values for the unimolecular decomposition reaction of peroxy

radicals, RO, and removed some reactions, among other changes.

While semi-detailed mechanisms broaden the scope of global models by incorporating
secondary chemical reactions, the grouping of compounds into classes or lumped species may
overlook the effects of minor components. Moreover, these mechanisms are often influenced

by the experimental conditions under which the data were obtained [67].

1.4.3 Detailed modeling

A detailed mechanism is composed of several elementary steps or reactions, which can be
defined as the transition from a set of reactant molecular structures to a set of product molecular
structures. These reactions are only dependent on chemical structure and sometimes, pressure
and temperature [72]. Normally, the obtained mechanisms involve hundreds of chemical
species and thousands of reactions, grouped into categories for ease of interpretation. Most of
the efforts on this type of modeling has been focused on the study of gas-phase oxidation. For
instance, detailed mechanisms have been developed for heavy n-alkanes, ranging from Cg to
Ci6 [73], decalin [19, 74], n-hexadecane and iso-cetane [75], and toluene [76]. For fuels such as
diesel [18, 20] and jet fuel [20], modeling has been performed by representing them as surrogate
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mixtures. More recently, Dong et al. [77] developed a detailed kinetic model for surrogate
fuels, which includes linear Cs-C,, alkanes, PAHs (Polycyclic Aromatic Hydrocarbons), NO

pollutants, among other chemical species.

In order to account for all the possible reactions, a reaction mechanism generator is used.
Some examples include NetGen [78], MAMOX [79], EXGAS [80], Genesys [81] and RMG
[82]. These software generate feasible reaction mechanisms by estimating thermodynamic
and kinetic parameters on gas phase with theoretical methods, such as DFT calculations.
Normally, a perfect gas behavior of the involved chemical species is assumed, indicating that
no interaction between molecules is considered and solvent interactions do not influence

thermodynamic parameters [23].

However, the assumption of non-interaction in the ideal gas model does not apply to liquids.
Thus, gas-phase kinetic data need to be corrected for liquid-phase systems. Some efforts have
been put into achieving this. For instance, the development of the continuum solvation models
like Polarizable Continuum Model (PCM) [83], COnductor-like Screening Calculation MOdel
(COSMO)[84]. Furthermore, Jalan et al. [85] developed a framework that relied on calculating
Gibbs free energy of solvation (A, G(T)) corrections on gas-phase data, by using a Linear
Solvation Energy Relationship (LSER) combined with a group additivity method. Le et al.
[23] proposed an alternative approach for the calculation of Ay,. Their work consisted on
using Equation of State (Equation of State) Universal Mixing Rule Peng-Robinson UNIFAC
(UMR-PRU) [86] to calculate A,y G(T) as a function of temperature for the chemical species

in the mechanism.

Nevertheless, the main limitation of these frameworks is the high number of elementary
reactions, and thermodynamic and kinetic parameters that need to be calculated for a single
chemical species. It is evident that for a complex mixture containing thousands of compounds,
the calculation of all the parameters becomes computationally unfeasible [23]. An attempt to
circumvent this limitation requires representing real fuel as a surrogate of 2 to 6 compounds,
that are representative of the fuel chemical composition and properties, such as ignition delay
time, laminar flame speed, engine combustion, cetane number, distillation curve, etc [20].
Regardless, this approach may be an oversimplification that doesn’t represent the chemical
composition variety in the fuel. Due to said limitations, we decided to explore data-driven
modeling approaches, that may allow to estimate the oxidation stability of complex fuels
without the inherent drawbacks of detailed-modeling; computationally unfeasible calculations

and solvent-dependent corrections.
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1.5 Aims and objectives

The aim of the present work is to use data-driven approaches, such as chemometrics and
cheminformatics, to predict and understand the oxidation stability under the autoxidation

regime of hydrocarbons relevant to conventional and alternative jet fuels.

The objectives of the present work are:

Generate a database from accelerated oxidation measurements of pure hydrocarbons.

« Perform spectroscopic measurements of fresh and oxidized hydrocarbons.

Develop a cheminformatic model based on molecular descriptors to predict the oxidation

stability.

Develop a chemometric model based on the spectroscopic signals to predict the oxidation

stability.

Identify relevant features, chemical descriptors and spectroscopic regions, related to

oxidation stability.

This manuscript is organized as follows: Chapter 1, the current chapter, provides a general
overview of the topic and highlights the gap in the literature that this work seeks to address.
Chapter 2 discusses oxidation stability, the experimental methods employed in its study,
and presents the results of the accelerated oxidation tests we conducted, which led to the
identification of new reactivity trends. In Chapter 3, we present a model based on molecular
descriptors, developed using cheminformatics tools, and discuss the key molecular features
identified by the model. Chapter 4 focuses on the Near-Infrared spectra of our samples and
the predictive model derived from this spectral data. Finally, in Chapter 5, we summarize our

findings and discuss future perspectives.



Chapter 2

Liquid-phase oxidation of hydrocarbons

2.1 Introduction

As previously mentioned, oxidation stability refers to the resistance of hydrocarbons to react
with oxygen [17]. This property has been shown to be closely linked to the molecular struc-
ture of hydrocarbons, with numerous studies focusing on uncovering relationships between
oxidation stability and specific molecular features. For example, Stephens and Roduta [49] and
Larsen et al. [50] developed experimental methods for studying the oxygen consumption of
several paraffinic and aromatic compounds subjected to thermal stress. These works support
that the stability of paraffins decreases with respect to their chain length and the effect of
the bonding patterns in alkyl carbons attached to aromatic rings. Nevertheless, these studies
required the use of in-house developed methods, posing reproducibility issues and making
difficult the comparison of literature data. Thus, to circumvent these limitations, standardized
methods, such as the Rapid Small Scale Oxidation Test (RSSOT) [87, 88], also known as the
PetroOxy or RapidOxy test, have been developed.

Similarly, several authors have employed the RapidOxy instrument to analyze a variety
of hydrocarbons, and found some correlations between the oxidation stability and molecular
features. For instance, Skolniak et al. [89] found that long paraffinic chains, unsaturations, and
aliphatic rings were related to low oxidation stability. On the other hand, the authors observed
that unsubstituted aromatic rings and branched paraffins were correlated with high stability.
Chatelain et al. [90, 91] corroborated the conclusions regarding the stability of linear paraffins’
stability, but discovered that the stability of branched paraffins depends on the bonding pattern
or connectivity of the carbon atoms available in the molecule. Thus, the C centers exhibit the

following stability order: quaternary > primary > secondary > tertiary.

Ben Amara et al. [16] performed studies on the stability of aromatic and di-aromatic

compounds and their saturated counterparts. The authors found that di-aromatics are more
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stable than mono-aromatics, while the latter are more stable than cyclic paraffins, concluding,
thus, that the length of the paraffinic chains attached to aromatic rings have a negative impact
on their stability. However, they also concluded that the number of substituents of the aromatic
ring does not influence the reactivity of the molecules, which is in disagreement with the
findings of Stephens [92], who observed that 1,2,4,5-tetramethylbenzene (durene) is more
easily oxidized than mesitylene, m-xylene, and toluene. We believe that these seemingly
contradictory conclusions regarding the structure-property relationships may stem from the
analysis of a limited number of hydrocarbons. Furthermore, there are a many relationships
that remain unexplored, such as the effect of substituent position in aromatic compounds or

the substitution order of alkenes.

This work has the objective of extending the structure-property relationships found in the
literature by performing accelerated oxidation tests. To ensure repeatability and obtaining
comparable results, we used the PetroOxy/RapidOxy reference method. The analyzed samples
span different carbon number ranges and hydrocarbon families, such as paraffins, olefins,
naphthenes, aromatics and di-aromatics. Furthermore, we compared our results with the
data available and proceeded to identify new critical molecular features related to oxidation

stability.

2.2 Autoxidation and oxidation stability

2.2.1 Autoxidation mechanism

At low temperatures, oxygen dissolved in the fuel reacts to form hydroperoxides, unstable
species that further react with the fuel bulk, resulting in the formation of deposits and polar
species. This process is known as autoxidation [17, 93, 94]. The autoxidation process can
be classified into two stages: primary and secondary oxidation. It is widely accepted that
primary oxidation proceeds via a radical chain reaction [13, 17, 57, 63, 70, 95-98], following

the mechanism outlined below:

« Step 1: Initiation

- 1I—T (2.1)

“I'+RH — R +IH (2.2)
« Step 2: Propagation

- R +0, — RO, (2.3)

~ RO, + RH — ROOH + R’ (2.4)

+ Step 3: Termination

“R"+R" — R—R (2.5)
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- R’ + RO, — ROOR (2.6)
~ ROO" + ROO® —> Molecular products (2.7)

The initiation step consists of the abstraction of a hydrogen atom from a hydrocarbon
molecule (RH) in order to generate a free radical. This process can be facilitated by the
presence of an initiator (I), which produces initiator radicals (I') through one of the following

mechanisms [17, 57]:
« Thermal dissociation of peroxides and hydroperoxides (ROOR and ROOH):
- R'O-OR®* — R'O’ + R*O’ (2.8)
~ RO—OH — RO’ + OH" (2.9)
« Metal catalyzed decomposition of peroxides and hydroperoxides:

~ ROOH + M** — RO’ + OH" + M** (2.10)

- M* + ROOH — ROO' + H" + M* (2.11)
« Photo-oxidation: catalysis due to fuel exposure to light.

In general, it is considered that metallic ions are one of the main drivers of the initiation
reactor [17]. These impurities are introduced into the fuel during the manufacturing process
and throughout the supply chain, as the presence of polar species, such as naphthenates and
naphthenic acid, promotes their dissolution in the fuel [96]. Studies have shown that even at
trace concentrations (ppm to ppb), metals such as copper (Cu) and iron (Fe) can significantly
impact the oxidation stability of fuels [99, 100]. For instance, Sarin et al. [101] studied the
impact of five different metal traces (Fe, Ni, Mn, Co and Cu) on the stability of Jatropha biodiesel.
Their results showed that among the contaminants, Cu and Co accelerated the oxidation of the
studied samples by a factor of 8, at concentrations as low as 1.5 ppm. However, the effect of
metals can be mitigated by the addition of metal deactivators, which can reduce the catalytic
properties of metals by chelating the dissolved ions, passivating metal surfaces and through
bulk phase reactions [102].

During the second step, propagation, one of the radicals (R") reacts with molecular oxygen to
form a peroxyl radical (ROO"). The resulting product is unstable and reacts with an unoxidized
molecule, producing a carboxylic acid, and another free radical [17]. The propagation of chain
radicals is possible since the previously described reactions are involved in a cyclic sequence,
continuously generating radicals in the process [57]. Termination is the last step of primary
autoxidation. This stage occurs when the concentration of free radicals is sufficiently high for
these compounds to react with each other. For instance, at low temperatures, peroxyl radicals

may produce peroxyl linked molecules, by following the reaction:



2.2 Autoxidation and oxidation stability 17

ROO" + ROO" —= R—0OO—R + O,. (2.12)

While termination marks the end of primary oxidation, the oxidation process continues.
During secondary oxidation, hydroperoxides decompose, resulting in the formation of soluble
and stable molecular products, such as ketones, aldehydes, acids, esters, lactones, furanones,
epoxides and polymeric species [13, 17, 57]. However, some studies have shown that the
formation of said products may occur much earlier in the chain-reaction. In liquid-phase, the
formation of solvent cages promote the reaction between peroxyl radicals and labile «H atoms

of hydroperoxides, resulting in the production of ketones (Q=0) and alcohols [68, 103].

ROO" + ROOH — ROOH + R_,;;"OOH — ROOH + Q=0 + "OH. (2.13)

Further oxidation results in the formation of Soluble Macromolecular Oxidatively Reactive
Species (SMORS), which originate from the reaction combination of the previously mentioned
soluble products, hydroperoxides and heteroatomic compounds present in the bulk of the fuel.
SMORS are compounds with high polarity that can undergo further polymerization, increasing

their size until becoming insoluble and leading to the formation of deposits [13, 104].

A common way of slowing the oxidation process is the addition of antioxidants. There
are two types of antioxidants: hydroperoxide decomposers and chain breakers. The first, as
their name suggests, decompose hydroperoxides into more stable compounds, such as alcohols,
while the antioxidant turns into an innocuous oxidized form [17]. On the other hand, chain
breakers disrupt the autoxidation chain reaction mechanism by intercepting hydroperoxides at
a higher rate than the substrate. The most common antioxidants are phenolic species (ArOH) ,
with Butylated Hydroxytoluene (BHT) being the most commonly used compound [105]. ArOH

react with free radicals through the following reaction:

ROO" + ArOH — ROOH + ArO". (2.14)

In the case of BHT, its efficacy as an antioxidant is caused by a series of factors. Firstly, the
low O-H Bond-Dissociation Energy (BDE), which permits a fast reaction with free radicals.
Secondly, the stabilization of the resulting phenoxyl radical ArO" through inductive and
hyperconjugative effects. And lastly, steric hindrance caused by the two tert-butyl groups,
which prevent further reactions of the phenoxyl radical, and consequently, the propagation of
the chain reaction [106]. However, the use of antioxidants can have negative effects, such as
increasing deposit formation [26]. A mechanism for a generic antioxidant A, was proposed by
Heneghan and Zabarnick [63], with equation (2.17) being the major production pathway for

solids.
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A. + Oz - AOZ. (215)
AO; + AH — AOH" + A’ (2.16)
AO; + AO, — products. (2.17)

2.2.2 Molecular features related to oxidation stability

Many studies have been performed to determine the stability of different hydrocarbon families
present in fuels, in order to identify trends among them. As a general rule, it has been found
that the oxidation stability follows the trend: naphthalenes (di-aromatics) > mono-aromatics >
n-paraffins > naphthenes (cycloalkanes) > iso-paraffins (except containing quaternary carbons)

[13], however, there are several cases where this trend doesn’t hold.

In the case of linear paraffins, it has been shown that the oxidation stability is inversely
proportional to the chain length [50, 89, 90]. Specifically, a non-linear dependence between the
stability and the number of carbons has been observed in the Cq - C,4 range (see figure 2.1a)
[91]. This non-linear behavior could be explained by the increased concentration of reactive
species caused by the fragmentation of parent molecules [107]. Skolniak et al. [89] found
that the oxidation products of n-heptane were alcohols and ketones with carbon number of 7,
however n-hexadecane’s oxidation products included compounds with lower carbon numbers,

ranging from C; to C,.

Regarding the stability of branched paraffins, Mielczarek [108] found that iso-alkanes are
more reactive than their linear counterparts. These results were supported by the work of Skol-
niak et al. [89]. However, the authors also found that isooctane (2,2,4-trimethylpentane) was
10 times more stable than n-octane, concluding that this increase in reactivity was caused by
steric effects impeding the access of O, to the molecule. In another related study performed by
Chatelain et al. [91], the authors studied the stability of Cg isomers: n-octane, 2-methylheptane,
2,5-dimethylhexane and isooctane. It was observed that the stability of the compounds de-
creased with the number of ramifications, however isooctane presented an enhanced stability,
similar to that of n-octane. The authors explained that the stability of isooctane is caused
by the absence of H atoms at the branching sites, rather than steric effects, leading them
to conclude that the reactivity of the substituted site depends on the C-H bond dissociation
enthalpy and the stability of the resulting alkyl radicals. Thus, the following reactivity trend
has been suggested: tertiary carbon > secondary carbon > primary carbon (see figure 2.1b)
[13, 91].
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FIGURE 2.1 - a) Oxidation stability of n-paraffins as a function of the chain length, adapted from
Chatelain et al. [90]. b) Oxidation stability of iso-paraffins as a function of the number of branching,
adapted from Chatelain et al. [91].

Conversely, naphthenes (cyclo-alkanes) tend to be more reactive than their linear counter-
parts. For instance, it has been found that cyclohexane is twice more reactive than n-hexane
[89]. Also, the reactivity of these compounds is linked to the number of rings in their structure;
in general, their stability is as follows: mono-cyclic > di-cyclic > tri-cyclic [50]. Further-
more, the addition of a paraffin side chain to the ring increases the compound reactivity,
for example, octadecyldecalin consumed 1.6 times more oxygen than decalin, while 9,10-
diisobutylperhydroanthracene consumed 5 times more oxygen than perhydroanthracene at

constant time [50] (see figure 2.2).

Aromatics have been found to be more stable than their linear and cyclic counterparts.
At 140 °C, benzene is 1.7 times more stable than hexane and 3.5 times more stable than
cyclohexane [89]. However, the stability of aromatics is severely affected by the substitutions
on the aromatic ring. For example, it has been found that n-propylbenzene is twice as reactive
as toluene [16], and just as with linear paraffins, long chains are related to high reactivity
[50]. This behavior can be explained by the activation of @ hydrogen atoms in the side chain,
which are more prone to oxygen addition. Proof for this hypothesis includes the frequent
characterization of benzaldehyde in oxidation products, suggesting that the phenyl ring is
not attacked [50]. Furthermore, this hypothesis is backed up by experiments on several alkyl-
benzenes substituted with different carbon types. Larsen et al. [50] found that the stability
of n-pentylbenzene increased with substitution on the carbon adjacent to the phenyl group.
Furthermore, they found that tert-pentylbenzene, a compound with a quaternary carbon and
no « hydrogen was 30 times more stable than n-pentylbenzene, while sec-butylbenzene was
only 3 times more stable (see figure 2.3) [50]. However, contrary to logic, the number of

substituents in the phenyl group doesn’t significantly impact the oxidation stability [16, 50].
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FIGURE 2.4 — Oxidation of naphtheno-aromatics at 110 °C, 9,9,10,10-tetraisobutylanthracene was
oxidized at 180 °C. Adapted from Larsen et al. [50].

Naphtheno-aromatics’ reactivity is related to that of alkyl-aromatics and naphthenes. These
compounds present very high reactivity due to the double substitution on the phenyl group
and the presence of four activated « hydrogens [109]. For example, tetralin is one of the most
reactive species studied in the bibliography [16, 50]. However, when the carbon atoms adjacent
to the aromatic group are substituted, the stability of the compound increases, for example,
9,9,10,10-tetraisobutylanthracene is more stable than 9,10-diisobutylanthracene (see figure 2.4),
further validating the hypothesis that activated o hydrogens are responsible of reactivity [50].

Diaromatics or naphthalenes are known for their high stability. For instance 1-methyl-
naphthalene is twice as stable as toluene [16]. This behavior is caused by naphthalene’s
auto-retardating and self-inhibiting effects. The auto-retardating effect is caused by the forma-
tion of methylnaphthoquinones, which trap alkyl radicals, R" more effectively than peroxyl
radicals ROO°". On the other hand, the self-inhibiting effect could be caused by first order
termination due to methylnaphthoxyl radicals [110]. It is also hypothesized that naphthols are
formed during oxidation, thus acting as antioxidants [109]. Like aromatics, naphthalenes are
more stable than their substituted counterparts. Reactivity increases with the side chain length,
and quaternary carbon substituents (tert-butyl, tert-pentyl and tert-octyl naphthalenes) present
higher stabilities than linear chains. Additionally, the position of the substituent influences
reactivity, with substitutions at the « position being more reactive than those at the f position
(see figure 2.5) [50].
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FIGURE 2.5 - Oxidation of naphthalene and its derivates at 150 °C. Adapted from Larsen et al. [50].

Olefins or alkenes are known for their low oxidation stability. For instance, Skolniak et al.
[89] observed that 1-hexene is 33 times more reactive than n-hexane. The enhanced reactivity
of olefinic compounds has been related to the hydrogen atoms bonded to allylic carbons, which
are more easily abstracted by oxygen than those bonded to non-allylic carbons. This is due to
the resonance stability provided by the adjacent pi electron system. Furthermore, it has been
observed that methylene groups that are allylic with respect to two double bonds, or bis-allylic
present a higher reactivity that allylic sites [111-113].

2.3 Experimental characterization of oxidation stability

Oxidation stability is not a property that can be directly measured, nevertheless, several
chemical indices can be related to it, most of them describe structural aspects of hydrocarbons
present in fuels, while others quantify impurities related to instability. While the chemical
indices presented in the following sections describe part of the chemical instability of fuels, no

single index can account for all the reactivity.
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2.3.1 Fuel quality parameters
2.3.1.1 Peroxide value

As discussed in section 2.2.1, hydroperoxides are the main product of primary oxidation.
Therefore, quantifying these species is a key method for assessing the oxidation level of a
sample. The chemical index associated with this property is the peroxide value, expressed
in milliequivalents of peroxide per kilogram of sample. This value is determined using the
procedure outlined in the Standard Test Method for Hydroperoxide Number of Aviation Turbine
Fuels, Gasoline, and Diesel Fuels (ASTM D3703) [114].

The ASTM D3703 standard uses iodometry to determine the peroxide value. In this
technique, hydroperoxides (ROOH) react with iodide (I') in an acidic medium to produce
iodine (I,), according to equation (2.18), which is then titrated with an aqueous thiosulfate
solution (equation (2.19)) [115].

ROOH + 2I' + 2H" —= ROH + H,0 + I, (2.18)

I, + 25,07 — S,0& + 2@ (2.19)

However, the method detailed in the ASTM D3703 suffers from repeatability issues due
to the miscibility of the titrant solution in the organic sample. For this reason, Roohi and
Rajabi [115] proposed a water-free titration technique that uses triphenylphosphine (TPP)
dissolved in n-decane as titration solution. TPP reacts free iodine to form an uncolored complex
[TPPI]'[I]” (see equation (2.20)). Thus, the equivalence point is obtained from colorimetric

titration.

I, + TPP — [TPPIJ*[I] (2.20)

Recently Benrabah et al. [116] adapted the protocol reported by Roohi and Rajabi [115],
implementing the detection of the equivalence point through potentiometric titration. This
modification resulted in a decrease of the limit of detection by two orders of magnitude with
respect to the original implementation. Furthermore, Benrabah et al. [116] developed a HPLC
system coupled to a post-column reactor and a Ultraviolet-Visible (UV-Vis) detector, which

permits the detection of hydroperoxide concentrations as low as 107'° mol/L.

Despite the improvements for the detection of peroxide content, this chemical index
remains a limited measure of oxidation. This is caused by the instability of peroxides, which

spontaneously decompose into stable molecules [17, 117].
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2.3.1.2 Iodine value

Quantifying the degree of unsaturation is crucial, as it can significantly affect oxidation stability
[89]. The Iodine Value (IV) measures the level of unsaturation in oils, fats, and waxes. It is
expressed as the mass of iodine, in grams, that reacts with 100 grams of the sample. The
official method of determination is known as Wij’s method, a titration method that uses iodine
monochloride (ICl) or iodine monobromide (IBr) in acetic acid (CH;COOH), known as Wij’s

solution.

The ICl or IBr present in Wij’s solution reacts in excess with the double bonds of the sample,
then the remaining ICl or IBr reacts with KI, resulting in the formation of iodine, which is then
titrated with a sodium thiosulfate solution (see equations (2.21) to (2.23)) [118].

R R? I Cl
CH,COOH
>:< + IClexcess Rl %—éRz + IClremaining (221)
R3 R4 R3 R4
KI + IClremaining - Iz + KCI (222)
I, + 25,05 — 21 +S,0 (2.23)

The primary limitations of this method are that iodine does not react stoichiometrically
with conjugated double bonds, and it fails to provide information about the location of the

unsaturations, which can significantly influence oxidation stability [17].

2.3.1.3 Total contamination

The gravimetric method described in the European Standard (EN) 12662 is used for determining
the amount of insoluble contaminants biodiesel. During the test, a weighted amount of sample
is filtered under vacuum through a filter with specified porosity. Then, the filter is washed,
dried and weighted, finally, the contamination is expressed as mg of contaminant per kg of

sample [17].

2.3.1.4 Acid Number

Acid number indicates the quantity of fatty and mineral acids in a fuel sample. High fuel acidity

is related to oxidation products, corrosion and engine deposits. It is determined according to the
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volumetric test method EN 14104, by using dilute KOH in ethanol solution and a potentiometer,

it is expressed in mg of KOH needed to neutralize 1 gram of sample [17].

2.3.1.5 Viscosity and density

Kinematic viscosity is a parameter that changes throughout the fuel oxidation process. It is
determined according to the EN ISO 3104 standard.

During secondary oxidation, molecules can form dimers, trimers, and oligomers, leading to
an increase in the fuel’s viscosity and density [17]. However, some studies performed on oils
have shown that used samples tend to have lower viscosities than fresh oils. Thus, it has been
suggested that the cleavage of C-C bonds during the oxidation process results in the formation

of low molecular mass compounds, which result in a decrease on viscosity [119].

Density is determined following the procedure outlined in the standard test method EN ISO
3675, using a temperature-controlled bath [17]. Engelénder et al. [120] studied the evolution of
biofuel density over 18 months at 8 °C and 40 °C. They found that, on average, samples stored
at 8 °C showed a 0.2% increase in density, while those stored at 40 °C exhibited an increase of

up to 0.9%.

2.3.2 Accelerated oxidation tests

Autoxidation is a long process that takes months to years under ambient conditions. To
study this phenomenon in a laboratory setting, accelerated experiments are conducted under
controlled temperature and pressure conditions. Early studies employed rudimentary setups
for these experiments. For example, Stephens et al. [49, 92, 121-123]. performed a series
of investigations on the reactivity of aromatic compounds. For this purpose, the authors
developed a system consisting of bulbs attached to the ends of air condensers, with small tubes
inserted into them to deliver oxygen to the sample. In 1942 Larsen et al. [50] developed a
more advanced in-house method, which incorporated a thermostated oil bath for temperature
regulation, a sintered glass thimble attached to a Pyrex tube for oxygen dispersion, a cold trap
for preventing line blockages and water and carbon dioxide absorbers (see figure 2.6). This

method was able to automatically register the oxygen consumed by a heated hydrocarbon.

Another system widely used in the bibliography is the Quartz Crystal Microbalance
(QCM)/Parr bomb system coupled to a headspace oxygen sensor. The Parr bomb is a ther-
mally regulated, 100 ml stainless steel vessel modified to vertically fit the QCM. This setup
measures pressure, oxygen consumption, and deposit formation during the oxidation process
[124-126]. Autoclave reactors have also been used for performing these tests. Alves-Fortunato
et al. [58] reported the use of a 250 ml autoclave filled with 50 ml of sample. In these exper-

iments, the autoclave is filled with argon, and heated to the goal temperature. Then argon
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FIGURE 2.6 — Experimental setup used by Larsen et al. to perform accelerated oxidation experiments,
reproduced from Larsen et al. [50].

is flushed and replaced with oxygen. This setup allows sampling of the reactor during anal-
ysis in order to follow the formation of oxidation products. More recently, Benrabah et al.
[127] developed a microfluid reactor for the oxidation of liquid hydrocarbons. This system
offers two key advantages: first, it simulates a perfectly stirred reactor, enabling the study of
oxidation kinetics without interference from oxygen diffusion into the sample. Second, the
transparent reactor allows real-time monitoring of the oxidation process using Raman spec-
troscopy. Despite advancements in accelerated oxidation tests, in-house developed methods
often face reproducibility challenges. Additionally, variations in experimental setups make it
difficult to compare results across studies. For the aforementioned reasons, the development

of standardized methods is needed.

The Rancimat test is a standard method originally developed for the food industry, for
testing edible oils and fats [128], which gained popularity due to its high reproducibility and
ease of use [59]. Nevertheless, it has been extensively used in the energy industry for the
analysis of lipids and Fatty Acid Methyl Esters (FAME) used in biodiesel production. The
Rancimat test is described in detail in the EN 14112, in general, it works by detecting changes
in conductivity; a sample is subjected to a constant flow of air (10 1/h) and heating at 120 °C,
the air causes oxidizes the sample, causing the formation of polar products. The polar products
are captured in a distilled water reservoir, where a conductimeter detects the maximum
conductivity change (maximum of the second derivative). The time needed to reach this point
is called Oil Stability Index (OSI) or Induction Period (IP) [17]. This method has been widely
used to test biodiesel’s stability, FAME, and oils [59, 128-132]. Some analyses have shown that
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the Rancimat test results are correlated with other analytical parameters, such as the peroxide

value, polymer content, acid value, kinetic viscosity, and ester content [128, 133].

The Jet Fuel Thermal Oxidation Stability Test (JFTOT) measures a fuel’s tendency to form
deposits when submitted to thermal stress. The method is described in the Standard Test
Method for Thermal Oxidation Stability of Aviation Turbine Fuels, ASTM D3241. The apparatus
utilized for this test consists of an electrically aluminum rod heated at 260 °C in contact with a
constant flow of fuel for a duration of 2.5 h. The stability of the fuel is assessed according to
two criteria; filter pressure drop less than 25 mmHg (or 3.3kPa), and visual examination of the
deposits on the tube rated less than 3 [134]. The method has been widely used in the literature
for the study of deposition mechanisms [48, 63], and the effect of copper and metal deactivators
on deposit formation [135], while other studies focused on characterizing the deposits on the
rod by metrological and chemical techniques, such as ellipsometry, laser scanning microscopy,
Scanning Electron Microscopy (SEM), Fourier Transform Infrared Microscopy (FTIRM), Direct
Analysis in Real Time Mass Spectrometry (DARTMS) and Fourier Transform Ion Cyclotron
Resonance Mass Spectrometry (FTICRMS) [136]. However, JFTOT has been criticized for
its lack of representation of real operating conditions which cause failures, such as servo
valve sticking, heat exchanger degradation, and filter plugging [48]. Another of its main
short-comings is the subjective evaluation of the deposit color, which is performed by visual
comparison against a background of ASTM Standard Color Codes ranging from light tan to
brown. When the deposit’s color is different, such as white or peacock, it is considered as a
test failure [134].

Another method is described in the Standard Test Method for Oxidation Stability of Spark
Ignition Fuel-Rapid Small Scale Oxidation Test (RSSOT), ASTM D7525 [88], also known as the
PetroOxy or RapidOxy test. This method tracks the oxygen consumption in a heated reactor
during the oxidation of a sample. The Induction Period is defined as the time required to
achieve a 10% pressure drop with respect to the maximum pressure [16]. This test has been
used to determine the oxidation stability of diesel, biodiesel, and gasoline [58, 62], the effect
of antioxidant addition [137], and the impact of branching, aromaticity and unsaturations
on the stability of pure hydrocarbons [89, 91]. It has also been used in parallel with the
Rancimat test [129, 138, 139] and the autoclave method [58]. In these studies, it was found
that while there are some correlations between the results of these methods, the results are
not comparable due to the different measurement principles, temperatures and oxygen partial
pressures [129, 139, 140]. Some disadvantages of this method include uncertainties caused
by changes in pressure due to reactions unrelated to primary oxidation. For instance, the
bond cleavage may result in the formation of lower molecular mass compounds with low
boiling point, resulting in an increment of pressure. On the other hand, the formation of
polymers and deposits may result in a decrease of pressure [124, 125]. Furthermore, since

the reactor cannot be sampled during the test, it is not possible to perform on-line analysis
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during the measurement. Despite the aforementioned limitations, the RapidOxy method offers
several advantages. Notably, it requires only a small sample volume, making it a cost-effective
method. Additionally, the instrument enables measurements at higher temperatures compared
to other devices, such as the Rancimat, resulting in shorter measurement times. Moreover,
its extensive use in the literature facilitates the comparison of our findings with previously

published results.

2.4 Materials and experimental method

2.4.1 Chemical reagents

For this work, we identified 95 high-purity and commercially-available hydrocarbons belong-
ing to the hydrocarbon families and carbon number range of conventional and sustainable
jet fuel [44, 141, 142]. The chemical products were acquired from Fischer Scientific® and
Merck® catalogs, and were analyzed without further purification. A summary of the selected
hydrocarbons is presented on table 2.1, while the full list of samples, along with their purity
is provided in Appendix A. It is worth noting that various types of olefins were included in
this study, despite their limited reporting in the literature, as they can significantly affect fuel
stability even at low concentrations [89]. Olefin content is often not reported because they
tend to coelute with naphthenes [44, 143]. However, estimates suggest that olefins make up
approximately 1% of Jet-A1 and 6% of JP-5 [44].

TaBLE 2.1 — Hydrocarbon families, carbon number ranges and numbers of samples in our database.

Empirical formula Hydrocarbon family Carbon number Number of samples
n-C,Hyp. o n-paraffins 5-20 16
i-CoHopo iso-paraffins 6,8, 10,12, 16 13

C,H,, mono-naphthenes 5-10 11

C,H,, mono-olefins 6,8,12, 16 10
C.H,,- di-naphthenes 10, 12 2
C.H,0 di-olefins 6-8 3
C.Hjpoo naphtheno-mono-olefins 5,6,9 3
C,H6 mono-aromatics 6-15 26
C,Hy5 naphtheno-mono-aromatics 9,10, 12 4
C.Hj,s mono-olefin-aromatics 9 1
C,Hs, 10 di-aromatics 10-12 4
C.Hyp14 di-aromatics 12,13 2
CoHopn14 naphtheno-di-aromatics 12 1
CoHopo16 naphtheno-di-aromatics 13 1
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2.4.2 Instrumentation

The oxidation stability of the selected hydrocarbons was experimentally assessed using a
RapidOxy 100 Fuel apparatus manufactured by Anton Paar® (see figure 2.7). The instrument
consists of a pressure and temperature-regulated gold-plated chamber where the sample is
placed. During the test, the chamber is filled with oxygen until a target pressure is reached,

then it is heated to a set temperature [16, 97].

FIGURE 2.7 — RapidOxy 100 Fuel instrument and its gold-plated chamber. Reproduced from
anton-paar.com/corp-en/products/details/rapidoxy-100.

At the start of the experiment, the system pressure increases due to the rising temperature,
eventually reaching a maximum value, P,,,c. Under these conditions, the sample reacts with
the oxygen present in the reactor, according to equation (2.3). Thus, the instrument measures
the required time to register a 10% decrease of Py,.x, Which is defined as the Induction Period
(IP), as illustrated on figure 2.8. The Induction Period is considered to correspond to oxygen

consumption caused by O, addition to the free radicals formed in the sample bulk [144].
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FIGURE 2.8 — Pressure vs. time curve obtained from the autoxidation of n-nonane at 140 °C, using a
RapidOxy 100 fuel instrument with an initial oxygen pressure of 700 kPa.

The used experimental protocol was based on the ASTM D7545 [87]. First, we determined
the appropriate sample volume. For liquid compounds, we adhered to ASTM D7545, which
specifies a 5 ml sample. However, as the standard does not specify a quantity for solid samples,
we employed an alternative strategy. First, we ensured the samples had melting points lower
than the experiment temperature (140 °C). Then, we used the density of liquid-phase structure
isomers for the calculation of the required mass for the analysis. The following formula was

used:

Molid = 5 X Pliquid (224)

where myj;q is the mass of the solid sample to be analyzed, 5 is the volume in ml used for
the measurement of liquid samples, and pjiquia, the density of the isomer in g/ml. For example,
1,2,4,5-tetramethylbenzene (C;,H,4) is a solid at room temperature, while n-butylbenzene
(CioHyy) is a liquid. Given that the of n-butylbenzene is 0.86 g/ml, the required mass of 1,2,4,5-
tetramethylbenzene is 4.3 g. This procedure ensures that the same amount of sample, in moles,

is used for both compounds.

In the case isomers were not available, we used the density and molar mass of structurally

similar compounds. In such instances, the required mass was calculated with the formula:

MMsolid
Msolid = 3 X Pliquid X ——— 2.25
solid Pliquid M thuid ( )
where myg.;q is the mass of the solid sample to be analyzed, 5 is the volume used for

measuring liquid samples, piiqud, the density of the liquid, and MMiq and, MMqia are
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their respective molar masses. For instance, biphenyl (C;,H) is solid sample with molar
mass(M M;q)iq) of 154.2 g/mol. On the other hand, the liquid compound with the most similar
structure in our database is diphenylmethane (C;3H;,), which is a liquid with a density (pjiquia)
of 1.01 g/ml and molar mass (MMiiquia) of 168.2 g/mol. Thus, the biphenyl mass required for the
analysis is 4.63 g. Table 2.2 shows a list of the analyzed solid samples, the closest liquid-phase

compound, and the weight used for analysis.

TABLE 2.2 — List of solid compounds in the database, detailing their chemical formulas, melting points,
structurally similar isomers or compounds, and measured masses.

. Melting  Molar mass L Density Molar mass Mass of solid
Solid compound Formula ) Liquid compound  Formula
point (°C) (g/mol) (g/ml) (g/mol) sample (g)

1,2,4,5-tetramethylbenzene ~ C;oHj,4 79.2 134.2 n-butylbenzene CyoHyg 0.86 134,2 4.30
pentamethylbenzene CHye 54.4 148.2 n-pentylbenzene CyHye 0.86 148.2 4.30
naphthalene CyoHs 80.3 128.2 tetralin CioHi, 0.97 132.2 4.70
2-methylnaphthalene CyHyo 35 142.2 1-methylnaphthalene ~ C;H,, 1.00 142.2 5.00
biphenyl Cy,Hyo 69.2 154.2 diphenylmethane Cy3Hy, 1.01 168.2 4.63
fluorene Cy3Hyo 116 166.2 diphenylmethane Cy3Hy, 1.01 168.2 4.99
acenaphthene Cy.Hy 93.6 154.2 2-ethylnaphthalene C,Hy, 0.99 156.2 4.89
1,4-di-tert-butylbenzene Cy,Hy, 75-79 190.3 n-octylbenzene Cy,H,, 0.854 190.3 4.27

The rest of the experimental protocol is as follows. Before the beginning of the measurement,
the instrument’s chamber was purged by pressurizing to 700 kPa with oxygen and then,
releasing the gas. After purging, the system was pressurized once again with oxygen to
a final pressure of 700 kPa. In order to observe the effect of the temperature on the IP,
experiments were carried out at in the range between 40 and 160 °C. After each measurement,
the instrument’s chamber and the injection nozzle were thoroughly cleaned with ethanol
and dried with compressed air. All the measurements were performed by duplicate. To
reduce measurement uncertainty, we considered only IP values greater than 20 minutes, as the

instrument requires approximately four minutes to reach the target temperature.

2.5 Results and discussion

In this section, we discuss the measured Induction Periods for the analyzed compounds, based
on their corresponding hydrocarbon families, i.e., paraffins, naphthenes, olefins, mono- and di-
aromatics and naphtheno-aromatic hydrocarbons. The reported IP values were calculated as the
mean value of replicates, and are reported at the standard temperature, 140 °C, unless otherwise
stated. In certain cases, the measurement of the Induction Period was unattainable due to
either the instrument’s pressure limit or IP values being lower than the instrument’s heating
time. Given that the Induction Period follows the Arrhenius equation [62], we extrapolated
the IP values determined at lower temperatures. These particular instances are denoted with
an asterisk (*) hereafter. The list of IP for all the compounds analyzed in this study can be

found in Appendix B.
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2.5.1 Measurement precision

The first step of analysis result is the calculation of method precision. This stage is crucial
for a fair comparison between sets of measurements, ensuring typical variability that can be
expected during routine analysis instead of minimum variability. Precision is calculated from
measurement repetitions performed under specified conditions. These specifications determine

the levels of variability considered. Thus, there are three levels of precision [145, 146]:

+ Measurement repeatability: Considers the lowest level of variability. It is obtained
from measurements performed with the same measurement procedure, instrument
system, analyst, and typically, the same day. Usually, it is the smallest possible variation,

and is denoted as s,.

« Intermediate precision: Also called within-lab reproducibility sz . It involves the
variation typically found in a laboratory under longer periods of time, spanning several
months. Some sources of variation includes different analysts, instrument systems,

reagent batches. It is usually larger than the measurement repeatability.

+ Reproducibility: Occasionally referred as between-lab reproducibility. It involves

variations found in different laboratory settings.

In this work, we estimated the intermediate precision, sz, by considering measurements
taken with two different RapidOxy 100 Fuel instruments. The acquisition of these measure-
ments involved repeated analysis of the same sample over a time period ranging from weeks
to months and, occasionally, the analysis of different sample batches. The calculation of sgy
was based on the pooled standard deviation, s,,0ca [147, 148]. The pooled standard deviation
can be understood as a weighted root mean square of the sample standard deviations. In the
context of our work, a sample refers to each unique hydrocarbon-temperature combination.
The formula for this statistic, as defined by Harris [147] is:

(ni—1)st+(ny—1)s5 + ...+ (np — 1)s7
Spooled =

, 2.26
n+n,+..+n.—k (2.26)

where:

+ k is the number of samples,
* S1, S2,..., Sk, the within-sample standard deviations, and

e Ny, Ny, ..., n; the number of parallel measurements for each individual sample.

In our work, the sum of n; is 165, and k = 81. Another important factor to accurately
determine the method precision is assessing whether the variance remains constant across the
range of the measurand. For this purpose, we examined the measured Induction Period as a

function of the mean Induction Period for all samples. As shown in figure 2.9a, the variance
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increases with the magnitude of IP. This trend is further confirmed by plotting the absolute
residuals against the mean IP, indicating heteroscedasticity due to the increasing variation
across the IP range (see figure 2.9b). However, when plotting the relative residuals, as shown
in figure 2.9¢c, the variance appears more consistent throughout the range. These results
suggest that method precision should be reported as a relative value, by dividing spsotea by
the population mean. Given that the estimated s;o01ea 0.75 h and the population mean is 6.42
h, the intermediate precision, expressed as the relative pooled standard deviation, is 11.7%.
Our estimation of the method repeatability is congruent with the value of 10%, reported by
Benrabah et al. [116].
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FIGURE 2.9 - Induction Period results for all the measured samples. a) Mean Induction Period vs.
measured Induction Period. b) Mean Induction Period) vs. absolute residuals (mean Induction Period -
measured Induction Period). ¢) Mean Induction Period vs. relative residuals.

2.5.2 Oxidation of paraffinic hydrocarbons

Parrafins or alkanes constitute the primary components of jet fuel by weight, having been
extensively studied in the literature. Skolniak et al. [89] and Chatelain et al. [90] observed a
non-linear dependence between the Induction Period and the chain length of linear alkanes.
In this work, we expanded these results by measuring the Induction Period of all C5-C,, linear
alkanes. As shown in figure 2.10, the IP presents a sharp decrease when the carbon number
increases from 5 to 10, reaching a plateau from C,; to Cy. n-tridecane presents a surprisingly
high stability compared to n-dodecane and n-tetradecane, which could be caused by impurities
present in the sample. Our results for C,,-C;4 are congruent with the Induction Period values
reported by Chatelain et al. [90]. However, the Induction Period of Cg differs by 20%. Said
difference may be explained by the presence of different chemical impurities in our reagents

and different chemical providers.
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The increase in reactivity observed for n-paraffins with increasing carbon number may
be attributed to the occurrence of C-C bond cleavages in higher alkanes. Indeed, homolytic
bond cleavage could lead to an increase in free radical concentration, subsequently elevating
O, consumption. The results from Skolniak et al. [89] support this hypothesis. The authors
reported that the main oxidation products of C¢-Cg n-paraffins were ketones and alcohols
with the same carbon number as the corresponding alkane, while the aging of n-hexadecane
produced oxygenated compounds with lower carbon numbers. Some theoretical studies
[149, 150] found that the C—C Bond-Dissociation Energy for the central C—C bond in linear
C¢—C,; alkanes remains constant. However, Knyazev [151] reported that the per-bond rate
constant values are positively correlated to paraffin chain length. The authors hypothesized
that the increased C—C bond scission in linear alkanes with increasing chain length is due to
torsional and bending motions that generate centrifugal forces on adjacent C—C bonds. This
effect increments the pre-exponential factor in the Arrhenius equation, and consequently, the

rate constant.

Branching effects play a significant role in the reactivity of iso-paraffins. For instance,
Skolniak et al. [89] suggested that highly ramified paraffins were more stable than their linear
counterparts due to steric hindering. However, Stark et al. [152] found that iso-paraffin reac-
tivity was mainly related to carbon connectivity: tertiary hydrogen atoms being more reactive
than secondary. Chatelain et al. [91] investigated the stability of various Cg isomers. The

authors expanded the findings of Stark et al. [152], demonstrating that compounds containing
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quaternary carbons tend to exhibit greater stability compared to their linear and less ramified

counterparts.

In the present study, we found that both the carbon connectivity and the quantity of substi-
tuted C centers impact the oxidation stability. Induction periods of various C¢ isomers are given
in figure 2.11. For instance, 2,3-dimethylbutane exhibits an Induction Period approximately
90% lower than n-hexane’s, and about 80% lower than the two mono-branched isomers. Thus,
the reactivity of a hydrocarbon is related to the number of tertiary C atoms. Additionally,
our findings suggest that branching position also influences oxidation stability, as evidenced
by 2-methylpentane presenting an Induction Period approximately 28% lower than that of
3-methylpentane. Our results align with the findings of Hudzik et al. [153], who reported that
the Bond-Dissociation Energy of tertiary carbon atoms depended on their position in the chain.
For instance, for 2,3-dimethylpentane and 2,2,3,4-tetramethylpentane, the authors calculated
that the tertiary carbon’s C-H BDE is up to 1 kcal/mol higher in the 3- position with respect to
the 2-position. However, the analysis of similar isomer pairs may be needed to corroborate

this reactivity trend.
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FIGURE 2.11 - Experimental Induction Period for C, alkane isomers at 140 °C.

A previous study performed by Chatelain et al. [91] reported that iso-paraffin reactivity
is correlated to carbon type available in the molecule; quaternary C containing molecules
being the most stable. However, our results show that quaternary C may negatively affect
hydrocarbon’s oxidation stability. As illustrated in figure 2.12, the ramified Cq isomer is 5.4
times more stable than n-octane; however, the branched C,, is only 50% more stable than
n-dodecane, while 2,2,4,4,6,8,8-heptamethylnonane is twice more reactive than n-hexadecane.
One potential explanation is that at low number of quaternary carbons, the lack of H atoms
causes and stabilizing effect on the molecule. However as the molecule size increases, C-C bonds
with at least one quaternary carbon atom may be more likely to break and form free radicals
compared to C-C bonds between secondary carbon atoms in linear alkanes. As reported by Zhu
et al. [154], alkane C-C Bond-Dissociation Energy lowers with the number of ramifications.
For instance, the C-C BDE for secondary carbons in Cg isomers is approximately 87.2 kcal/mol,
while the C-C BDE for two contiguous quaternary carbons in 2,2,3,3-tetramethylbutane and

2,2,3,3,4,4-hexamethylhexane is 81.0 kcal/mol and 52.8 kcal/mol, respectively.
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F1GURE 2.12 — Experimental Induction Period for Cg-Cy4 linear and branched paraffins at 140 °C.

2.5.3 Oxidation of naphthenes, alkylnaphthenes, and di-naphthenes

While naphthenes or cycloalkanes present a similar structure to alkanes, their reactivity
differs. For instance, figure 2.13a shows that unsubstituted Cs-Cg naphthenes are more reactive
than their linear counterparts, except for cyclohexane. Notably, cyclohexane presents the
highest stability, with an Induction Period comparable to that of n-hexane. In contrast, other
naphthenes become progressively more reactive as their carbon number deviates from six and
the ring strain increases. This is better visualized when observing the relationship between
ring strain and the Induction Period. Figure 2.13b shows a negative correlation between the
Induction Period of unsubstituted naphthenes and ring strain. Our results agree with the
findings of Agapito et al. [155]. In their work, the authors found that ring strain destabilization
lowers the C-H Bond-Dissociation Energy of cyclopentane, with respect to cyclohexane. Some
studies identified and quantified the oxidation products of Cs5-Cg naphthenes [89, 117]. In broad
terms, hydroperoxide content increases with temperature until it plateaus and subsequently
declines. At this point, the concentration of secondary oxidation products, such as ketones,

alcohols, and dicarboxylic acids, increases.

In the case of substituted cycloalkanes, H-abstraction can occur at the ring’s secondary
and tertiary positions, or at the chain’s primary, secondary, or tertiary positions. Figure 2.14
shows that the number of substituents in the ring has a negative effect on the stability. For
instance, compared to the IP of cyclohexane (6.8 h), methylcyclohexane presents an IP decrease
of = 70% (2.1 h), 1,3-dimethylcyclohexane = 75% (1.8 h) and 1,2,4-trimethylcyclohexane = 90%

(0.6 h). However, the chain length does not seem to have a relevant effect on the stability
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FIGURE 2.13 - a) Experimental Induction Period for unsubstituted Cs-Cg naphthenes and their
corresponding n-parrafins at 140 °C. b) Induction period as a function of ring strain for C5-Cg
unsubstituted naphthenes. *Cyclopentane’s IP was extrapolated from measurements performed at 110,
120 and 130 °C by plotting log(IP) vs. 1/T (K).

since methyl- to n-butylcyclohexane have comparable IP values. These results suggest that
reactivity of alkyl derivatives of cyclohexane, is mainly related to H-abstraction at the ring’s

tertiary and secondary sites.
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FiGURE 2.14 - Experimental Induction Period for alkyl derivatives of cyclohexane with different alkyl
chain length and bonding patterns at 140 °C. **Obtained from Ben Amara et al. [16].

Our findings are consistent with those of Lian et al. [156], who showed that, for n-propyl
and n-butylcyclohexane, the hydrogen abstraction rate constants for secondary carbons in

the naphthene ring are higher than those for secondary carbons in the substituting chain.
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Furthermore, the authors showed that the tertiary C in the ring has a similar kinetic constant to
that of the secondary C in the ring. However the branching ratio suggested that H-abstraction
mostly occurs at the tertiary site. Additional evidence for this hypothesis is the high stability
of tert-butylcyclohexane, which suggests that the tertiary ring site cannot steadily undergo
H-abstraction due to steric hindering caused by the tert-butyl group, thus H-abstraction occurs

at the secondary positions in the ring, providing a similar stability to that of cyclohexane.

Di-naphthenes exhibit significantly higher reactivity compared to mono-naphthenes. As
shown in figure 2.15, decalin has an Induction Period nearly seven times shorter than that
of cyclohexane, while the Induction Period of bicyclohexyl is approximately half as long.
This increased reactivity is primarily due to the presence of tertiary carbon atoms in these
compounds. Jaffe et al. [157] found that, although H-abstraction can occur at all sites in decalin,
the primary oxidation products predominantly result from hydroperoxide formation at tertiary
sites. In contrast, data on the autoxidation products of bicyclohexyl are scarce. However, its
comparatively higher stability may be linked to the formation of stable compounds such as

cyclohexane and cyclohexene following bond cleavage at tertiary sites [158].
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FIGURE 2.15 — Experimental Induction Period for di-naphthenes at 140 °C.

2.5.4 Oxidation of olefinic hydrocarbons

Olefins or alkenes are generally more reactive than their saturated counterparts. Such difference
in reactivity could be caused by the low Bond-Dissociation Energy of allylic H atoms and the

formation of resonance-stabilized allylic radicals [159].

In figure 2.16, the Induction Periods of several types of olefins are presented. The results
support that the stability of olefins is related to the olefin substitution pattern: monosubsti-
tuted (1-hexene) > disubstituted cis (cyclohexene) > disubstituted trans (trans-2-hexene), >
disubstituted geminal (2,3-dimethyl-1-butene) > tetrasubstituted (2,3-dimethyl-2-butene), an
opposite reactivity trend to the well-known enthalpy of hydrogenation in alkenes. This trend
could be explained by the fact that highly substituted alkenes have a higher number of allylic
H atoms; for instance, 1-hexene has 2, while 2,3-dimethyl-2-butene has 12. While technically,
2,4,4-trimethyl-2-pentene is a trisubstituted olefin, its IP is comparable to that of a disubstituted
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FIGURE 2.16 — Experimental Induction Period for alkenes at 100 °C. *2,4-dimethyl-1,3-pentadiene’s IP
was extrapolated from measurements performed at 40 and 60 °C by plotting log(IP) vs. 1/T (K).

olefin. This may result from the presence of a tertiary group at the allylic position, which
influences reactivity in two ways: the absence of an H atom and the hindrance of H-abstraction
at the geminal allylic position. Additionally, 3,3-dimethyl-1-butene exhibits greater stability
than 1-hexene despite both being monosubstituted alkenes. This behavior may be attributed to
the absence of allylic H atoms in 3,3-dimethyl-1-butene, further supporting the hypothesis that
H-abstraction occurs at the allylic sites. However, its lower stability compared to its saturated
counterpart, 2,2-dimethylbutane (IP = 171.2 h at 100 °C), suggests that oxidation proceeds

through at least one additional mechanism, such as O, addition at the double bond.

The low stability of allylbenzene and 2,4-dimethyl-1,3-pentadiene supports the hypothesis
that olefins’ reactivity is related to the formation of delocalized radicals. In the case of allylben-
zene, its double bond is not conjugated with the aromatic ring; however, the radical formed
after H-abstraction at the allylic site becomes delocalized throughout the entire structure.
Further evidence supporting this theory is the higher stability of allylcyclohexane compared
to allylbenzene’s, whose structure does not present delocalization after H-abstraction. On
the other hand, the high reactivity of 2,4-dimethyl-1,3-pentadiene could be explained by the
presence of 9 allylic H atoms, which produce delocalized radicals in the two conjugated double
bonds.
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Non-conjugated di-olefins are less reactive than conjugated dienes, since the radicals formed
after H-abstraction at the allylic sites are not stabilized by the conjugated system. Intuitively,
an increase in the number of double bonds would be associated with higher reactivity. For
instance, as shown in figure 2.17, 1,7-octadiene reacts 5 times faster than 1-octene. However,
1,5-hexadiene is 1.6 times more stable than 1-hexene. Although detailed studies on the primary
oxidation of 1,5-hexadiene are lacking in the literature, some proposed mechanisms for its
thermal degradation indicate that, at low temperatures, 1,5-hexadiene undergoes internal
rearrangements and cyclization, forming stable molecules like benzene. These findings may

help explain the high stability of 1,5-hexadiene [160-162].
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FIGURE 2.17 — Experimental Induction Period for C4 and Cg mono- and di-olefins at 100 °C.

Contrary to linear alkanes, the chain length does not have an impact on olefin reactivity.
As shown in figure 2.18, the Induction Period of 1-alkenes from C, to C;¢ remains constant,
despite the great difference in allylic to secondary H atom ratio. This finding suggests that the

allylic sites outcompete other sites during H-abstraction.
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F1GURE 2.18 — Experimental Induction Period for C4-C;4 1-alkenes at 100 °C.

In the case of cyclo-alkenes, ring strain seems to have a significant role on the oxidation
stability. As shown in figure 2.19, cyclopentene, a molecule with a strained ring, is 5 times

more reactive than cyclohexene.



2.5 Results and discussion 41

A previous study proposed that olefins mainly react through two mechanisms, abstraction at
the allylic site, and addition to the vinylic positions. The first mechanism seems to be dominant
reaction pathway, since mono-peroxides were found at higher amounts than polyperoxides
[163]. However, the addition mechanism, and further decomposition of the intermediate
products explain the presence of tert-butanol in the oxidation of 3,3-dimethyl-1-butene. [164,
165] Thus, the main products of olefin oxidation are hydroperoxides, epoxides, carbonyl

compounds resulting from the cleavage of C=C bonds, and polyperoxides.
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FIGURE 2.19 - Experimental Induction Period for cyclopentene and cyclohexene at 100 °C.

2.5.5 Oxidation of aromatic and alkylaromatic compounds

The effect of the length of the aliphatic chains attached to aromatic rings has been previously
studied by Larsen et al. [50], who studied the oxidation of n-pentyl, n-hexadecyl, and n-
octadecylbenzene, and observed that the chain length had a negative effect on the compounds’
stability. A similar trend was highlighted by Ben Amara et al. [16], who found that the Induction

Period of n-propylbenzene was 50% lower than that of toluene.

In our study, we observed trends consistent with those previously reported in the literature.
Figure 2.20 portrays the relationship between the Induction Period and the length of the
paraffinic chain attached to a phenyl group. It is worth noting that, to the best of our knowledge,
we report for the first time the IP of benzene (20.3 h) at standard conditions (temperature =
140 °C, initial pressure = 700 kPa, sample volume = 5 ml). In comparison, the IP value reported
by Skolniak et al. [89] is 15.7 h. This value was obtained at 140 °C, with an initial pressure of
500 kPa and a sample volume of 10 ml [89]. From our results, two different behaviors can be
observed; a slow and steady decline in stability for aromatics with a chain length of less than 3,
and a sharp decline followed by a plateau for aromatics with a chain length greater than 3. In
the first region, benzene and toluene present nearly identical IP values. This finding seems to
contradict chemical intuition, since benzene is expected to react slower than toluene, due to the
high C-H BDE of phenylic sites (472 kJ/mol) compared to toluene’s benzylic site (375 kJ/mol).
Additionally, the H-abstraction in benzene results in the formation of an unstable phenyl
radical, in contrast with the stable benzyl radical formed during the oxidation of toluene [166].

In the case of ethylbenzene, it presents an IP approximately 20% lower than toluene’s, which
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FIGURE 2.20 — Experimental Induction Period for benzene and n-alkylaromatic compounds at 140 °C.

could be explained by the presence of secondary benzylic carbons which are more reactive than
primary carbons. In the second region, n-propylbenzene and the rest of aromatic compounds
present an increased reactivity compared to ethylbenzene, toluene and benzene, which could
be explained by two factors. The first is the presence of reactive secondary benzylic carbons.

And the second, high amount of secondary carbons, which easily undergo H-abstraction.

Although the length of the substituting chain significantly influences the stability of alky-
laromatics, it appears that the bonding pattern of the benzylic C atom plays a more substantial
role [50, 121]. As shown in figure 2.21, the reactivity of alkylaromatics may be mainly related
to the degree of substitution at the benzylic site. In the case of butylbenzene isomers, sec-
butylbenzene, possesses a tertiary benzylic carbon and exhibits greater reactivity compared
to n-butylbenzene, while tert-butylbenzene presenting a quaternary benzylic carbon and no
further H to abstract, presents a much higher stability compared to the other isomers. The
same trend is found in propylbenzene isomers: cumene is more reactive than n-propylbenzene.
However, in the case of isobutylbenzene, which features a tertiary carbon not positioned in
the benzylic site, it presents an Induction Period comparable to the one of n-butylbenzene,
providing additional evidence of the reactivity of benzylic sites. Thus, the stability of alky-
laromatics with respect to the benzylic carbon bonding pattern is as follows: quaternary >

secondary > tertiary.

Ben Amara et al. [16] investigated the effect of the number of substitutions on the oxidation
stability of aromatic hydrocarbons by comparing the induction period of benzene, toluene,
m-xylene, and 1,2,4-trimethylbenzene. The authors concluded that there wasn’t a significant
correlation between the two variables. However, as shown in figure 2.22, the number of
substituents may have an important effect on the reactivity depending on their relative position.

The Induction Periods of benzene and toluene are similar to those of m-xylene, p-xylene and
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FIGURE 2.21 - Experimental Induction Period for different alkylaromatics with different connectivity
patterns at 140 °C. *Cumene’s IP was extrapolated from measurements performed at 100 and 120 °C, by
plotting log(IP) vs. 1/T (K).

o 0 10 20 30
Induction period (h)

FIGURE 2.22 - Experimental Induction Period for benzene and aromatics with 1 to 5 methyl groups at
140 °C.
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trimethylbenzene isomers; however, o-xylene presents an IP 50% lower than its positional
isomers. This reactivity trend was observed by Meziane et al. [167] in their study using a jet-
stirred reactor. This behavior could be explained by the mechanism developed by Kukkadapu
et al. [168], which shows that o-xylene forms phthalan after undergoing H-abstraction, O,
addition, and a final internal isomerization step that produces a hydroxyl radical and facilitates
chain propagation reactions. This reaction mechanism might explain the slight reactivity differ-
ence between 1,2,4-trimethylbenzene and mesitylene. However, the stability contrast between
1,2,4-trimethylbenzene and o-xylene could be attributed to H-abstraction competing at both
the ortho- and para- positions in 1,2,4-trimethylbenzene. Finally, 1,2,4,5-tetramethylbenzene
(durene) and pentamethylbenzene present a reduction in their Induction Period of 90% and
95%, respectively, compared to toluene. This behavior could be explained by two factors: the
abundance of methyl groups, which facilitate H-abstraction, and their positioning at ortho-

sites.

The number of substitutions on the aromatic ring also affects reactivity when the benzylic
carbons are secondary or tertiary. As shown in figure 2.23, the stability of ethylbenzene
decreases by approximately 80%, while the stability of cumene decreases by 28%. This could
be explained by the increase of the number of reactive sites in the molecules. However, 1,3,5-
triisopropylbenzene is more stable than 1,4-diisopropylbenzene, seemingly contradicting this
trend. We hypothesize that this may be caused by impurities present in the sample, given
the lower purity of the reagent (95%). For compounds with quaternary carbons, 1.4-di-tert-
butylbenzene is more stable than tert-butylbenzene. This increased stability may be due to
the non-reactive nature of quaternary benzylic carbons, along with the steric hindrance from

bulky tert-butyl groups that impedes reactions at the phenylic sites.
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FIGURE 2.23 — Relationships between the number of substitutions and the Induction Period for
alkylaromatics with secondary, tertiary and quaternary carbon atoms at the benzylic sites.
Measurements were conducted at 140 °C. *The IP values of cumene, 1,4-diisopropylbenzene and
1,3,5-triisopropylbenzene were extrapolated from measurements conducted at lower temperatures: 100
and 120 °C for cumene, and 80, 100 and 120 °C for 1,4-diisopropylbenzene, and 80 and 100 °C for
1,3,5-triisopropylbenzene. This was achieved by plotting log(IP) against 1/T (K).

2.5.6 Oxidation of di-aromatic and naphtheno-aromatic hydrocarbons

As previously described in section 2.5.5, the stability of alkylaromatics is closely related to the
number of substituents, their connectivity, and their relative position. Similarly, the stability
of di-aromatics is mainly determined by these factors. As depicted in figure 2.24, biphenyl
exhibits the highest stability. Due to its absence of substituents, H-abstraction must occur at
the phenylic sites, a process hampered by its high Bond-Dissociation Energy and the formation
of the phenyl radical, which, unlike the benzyl radical, is not stabilized by resonance. On the
other hand, diphenylmethane has a benzylic site activated by two aromatic rings, allowing for
resonance stabilization in both rings. Fluorene has a structure similar to diphenylmethane;
however, the extra ring results in a nearly planar structure that increases its aromaticity, which

could account for its higher reactivity compared to diphenylmethane.
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FIGURE 2.24 — Experimental Induction Period for naphtheno-aromatic and di-aromatic hydrocarbons at
140 °C. *The IP values of indane and 1,5-dimethyltetralin were extrapolated from measurements
conducted at lower temperatures: 100 and 120 °C for indane, and 100 and 80 °C for 1,5-dimethyltetralin.
This was achieved by plotting log(IP) against 1/T (K).

Naphtheno-aromatics, or partially hydrogenated di-aromatics like indane and tetralin,
exhibit shorter Induction Periods than naphthalene. The reactivity of these two compounds
may be attributed to the four benzylic hydrogens activated by the aromatic rings. However,
indane’s higher reactivity compared to tetralin could be due to ring strain destabilization,
as discussed in section 2.5.3. Like alkylaromatics, the reactivity of naphtheno-aromatics is
influenced by the bonding at the benzylic site; for example, 1,5-dimethyltetralin is 40 times

more reactive than tetralin due to the presence of a tertiary carbon.

In the case of fused di-aromatics, we found that naphthalene presents a lower IP compared
to that of 1- and 2-methylnaphthalene. This contradicts the reactivity trend of alkylaromatic
compounds, where the presence of benzylic carbons primarily determines their reactivity.
Nevertheless, our results are inconclusive due to the purity difference between naphthalene

(99%) and the methylnaphthalene isomers (96%), since previous studies have shown that the
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IP is affected by the reagent’s purity [90]. To potentially resolve this ambiguity, product

purifications could be carried out in the future, but this is beyond the scope of this thesis.

Another reactivity trend discussed in the bibliography, is the effect of substituent position
on the oxidation stability of naphthalene derivatives. Larsen et al. [50] and Shaddix et al. [169]
observed that the 1-position is more reactive than the 2-position in methylnaphthalene isomers.
Similarly to alkylaromatics, the substituent’s chain length negatively impacts the stability of
naphthalenes, as 2-ethylnaphthalene has a lower induction period than both methylnaphtha-
lene isomers. Like indane and tetralin, acenaphthene exhibits enhanced reactivity compared
to naphthalene, 1-methylnaphthalene, and 2-methylnaphthalene, attributable to the presence
of secondary benzylic sites within its strained ring structure. However, acenaphthene is twice
as stable as fluorene, despite having four benzylic H compared to the two of fluorene. We
hypothesize that the observed reactivity trend may be attributed to the dual activation of
fluorene’s benzylic carbon, in contrast to acenaphthene, where the reactive sites are activated

by only one aromatic ring.

2.5.7 Temperature effect on the Induction Period

The Induction Period presents an exponential decay with respect to the experiment temperature.
For instance, Bacha et al. [62] observed that a temperature reduction of 10 K resulted in
roughly doubling the IP. This exponential relationship can be mathematically represented by

the equation:

IP(T) = aexp(BT), (2.27)

where T is the temperature, « is a pre-exponential factor, which can be interpreted as the
IP at a reference temperature or T = 0, and S is the rate of change with temperature. We
can define a “decay factor”, y, which is the value that scales the IP when the temperature
is increased by 10 °C or 10 K. For example, for the results of Bacha et al. [62], y = 2. The

generalized form of this equation is given by:

IP (T + 10) = %IP (T). (2.28)

After substituting the general form of the exponential decay equation (2.27), in equa-

tion (2.28), we obtain:

aexp (B(T + 10)) = %0{ exp(fT). (2.29)
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Therefore, the expression for y can be obtained by dividing equation (2.29) by a exp(ST)

and rearranging the resulting expression:

y = exp(—108). (2.30)

Then, f can be estimated by performing a linear fit between the (log(IP;), T;) pairs for
a sample. This is easily demonstrated by applying the logarithm to both sides of equation

equation (2.27), resulting in:

log(IP) = log(a) + BT, (2.31)

where the constant term represents the logarithm of the pre-exponential factor «, while

the slope corresponds to f.

In this work, we performed a systematic analysis of the decay factor, y for the analyzed
compounds, shown in figure 2.25. It is worth noting that some compounds, such the decay
factor of some compounds, such as 1,2,4,5-tetramethylbenzene and fluorene are not presented,

since the measurement of solid samples could cause damage to RapidOxy instrument.

In figure 2.25 we present the decay factor y for the measured compounds. The mean decay
factor y for all the analyzed hydrocarbon families is approximately two, which is consistent
with the results of Bacha et al. [62]. However some deviations from the mean value can be
observed. The decay factor of linear paraffins, shown in figure 2.25a, is almost constant. The
most notable exception is n-octane, whose y value is approximately 2.75. The reactivity of
this family is mainly related to the reactive methylene groups that increase with the carbon
number, however the odd behavior of n-octane may be explained by the presence of impurities
in the sample. On the other hand, branched paraffins, in figure 2.25b, present a lower decay
factor compared to their linear counterparts. Nevertheless, y seems to be positively correlated
with the molecule carbon number, increasing from 1.6 for Cq, to 2.1 for Cy4. This suggests that
iso-paraffins are more susceptible to the effect of temperature as they increase in size, possible

due to the increase of methylene and methine groups.

Naphthenes (figure 2.25¢) present a mean decay factor 2.2, similar to that of linear paraf-
fins. Some notable deviations from the mean value are cyclopentane, cyclooctane, 1,2,4-
trimethylcyclohexane and bicyclohexyl. The higher temperature susceptibility of cyclopentane
and cyclooctane may stem from the tendency of strained cycloalkanes to undergo ring-opening
reactions at elevated temperatures [117]. In contrast, 1,2,4-trimethylcyclohexane might be less
temperature-sensitive, as its reactivity is primarily linked to the abundance of tertiary carbon
atoms rather than ring-opening reactions. For bicyclohexyl, increased reactivity with tempera-
ture may be attributed to potential cleavage of its two-ring structure. Olefins (figure 2.25d)

have a mean y value of 2.1, with 2,3-dimethyl-2-butene and allylbenzene being notable outliers,
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exhibiting y values of approximately 1.2 and 1.4, respectively. This behavior may be attributed
to the ability of both compounds to form free radicals that are stabilized by two or more double
bonds. On the other hand, the average y of aromatics is 1.7, the lowest among the hydrocarbon
families. As shown in (figure 2.25e), two sets of compounds can be observed. The first are
compounds with high y values, which contain long aliphatic chains, or tertiary benzylic carbon
atoms. The latter are compounds with low y values, whose reactivity is linked to phenylic
sites since they don’t contain benzylic hydrogen atoms, such as benzene and tert-butylbenzene,
as well as molecules that contain methyl groups attached to aromatic rings, such as toluene,
m-xylene and mesitylene. Interestingly, compounds with methyl groups in ortho- positions,
such as o-xylene and 1,2,4-trimethylbenzene are more susceptible to temperature effects, which
could be related to their specific reactivity discussed in section 2.5.5. Finally, diaromatics

(figure 2.25f) present a y of 1.8, with acenaphthene having a notably higher decay factor.

The analysis of the decay factors provides another perspective for the study of oxidation
stability. Not only it is important to focus on high Induction Period values, but also, on the
sensibility of a sample to temperature. For instance, a compound A may be more stable than
a compound B at a given temperature, however, this trend could be reverse at a different
temperature. Thus, the formulation of fuels should consider both the Induction Period and the

decay factor, y.
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2.6 Conclusions

In this study we assessed the oxidation stability of hydrocarbons belonging to different chemical
families, such as linear and branched paraffins, naphthenes, olefins, aromatics, di-aromatics
and partially hydrogenated di-aromatics by using the RapidOxy instrument to measure their
Induction Period. A systematic analysis of the results allowed us to expand previous studies

and to identify new structure-property relationships.

For n-alkanes, we complemented bibliography data [90] by reporting the Induction Period
at 140 °C of C4-C,y compounds. In the case of branched paraffins, we observed two new trends:
firstly, the branch position in methylpentane isomers impacts the stability; and secondly, the
presence of quaternary carbons can negatively impact the stability of molecules, especially
at higher carbon numbers. This may be due to the reduction in the C-C Bond-Dissociation

Energy between two contiguous ramified carbon atoms.

On the other hand, we observed that the stability of naphthenes presents a non-linear
trend with respect to the ring size, which could be caused by strain effects. Thus, cyclohex-
ane has the highest stability, while cyclopentane, cycloheptane and cyclooctane are more
reactive. Alkylnaphthenes present lower stability than naphthenes, however their reactivity
seems to be related to the tertiary sites in the substituted rings and not to the chain-length.
In the case of olefins, we observed that their high reactivity is related to the formation of
resonance-stabilized allyl radicals, thus a reaction trend opposite to the hydrogen enthalpy was
observed. Consequently, we found that olefins lacking allylic hydrogen atoms are 1-2 orders
of magnitude more stable than other isomers of equal carbon number. Furthermore, we noted
that delocalization caused by conjugated double bonds and aromatic rings favors H-abstraction,
while the chain length has a negligible impact on the stability. Non-conjugated olefins do
not present a clear trend in reactivity; while they present more reactive allylic sites, these
compounds may undergo isomerization and cyclization reactions, forming stable compounds
such as benzene. Similarly to naphthenes, the stability of cyclo-olefins is also influenced by

ring destabilization effects.

In the case of aromatic compounds, contrary to the reactivity trend reported by Ben Amara
et al. [16], we found that the number of substituents does negatively impact the stability and
furthermore, methyl groups in ortho- position are more reactive than when in meta- and para-
positions. Additionally, we noted that chain length is negatively correlated with the IP, and that
C connectivity at the benzylic site has a great influence in the reactivity, tertiary C-containing
molecules being more reactive than alkylaromatics with linear chains, and quaternary C-
containing molecules being 7.5 times more stable than the linear counterparts. The stability of
unfused di-aromatics is greatly affected by the presence of doubly activated benzylic sites and
ring strain. In the case of naphthalenes, substituent position didn’t seem have a significant

effect contrary to previously reported data [50]. Nevertheless, we observed that the chain
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length of the substituent has a small negative effect on the compound’s stability, while ring

strain greatly lowers the stability of fused aromatics.

We calculated the decay factor for the compounds analyzed, finding an average decay
factor of approximately 2. This indicates that a 10 °C increase in the accelerated oxidation
experiment results in a halving of the Induction Period. However, certain compounds, such
as benzene, toluene, and m-xylene, showed significant deviations from this average value.
Analyzing decay factors provides additional insight into oxidation stability, highlighting
that hydrocarbon selection for fuel formulation should consider both oxidation stability and

temperature sensitivity, as indicated by the decay factor.

Finally, this work represents a first experimental step in the development of predictive ap-
proaches. We have identified several molecular features that impact the stability of compounds
when exposed to an oxidizing environment, and highlighted various interesting trends as a
function of the molecular structure. All this information now needs to be supplemented and
streamlined. For instance, by performing new IP measurements and using machine learning
algorithms to derive models based on quantitative structure-property relationships that could
accurately predict the stability of any hydrocarbon and, at a later stage, formulate hydrocarbon

mixtures with properties close to real fuel.



Chapter 3

QSPR-based modeling of the oxidation
stability of hydrocarbons

3.1 Introduction

In the previous chapter we discussed the fundamentals of the oxidation phenomenon; the
reaction mechanism, molecular features related to the oxidation stability, and the experimental
methods used to characterize this property. Furthermore, we presented the results from
our study, where we oxidized a wide range of hydrocarbons relevant to jet fuel, using the
PetroOxy/RapidOxy accelerated oxidation test. Now, we will discuss modeling as an alternative

approach for the study of autoxidation.

As discussed in section 1.4, the oxidation phenomenon is typically studied using kinetic,
or "white-box" modeling. However, this approach relies on mechanisms developed for the
gas phase, which must be corrected to account for solvent effects in the liquid phase. These
corrections present a significant challenge, especially given the numerous parameters that

need to be determined for complex matrices like fuels.

Conversely, data-driven modeling offers an alternative to first-principles approaches. It
relies on data collection to establish relationships between input and output variables, without
requiring prior mechanistic knowledge. Machine-learning algorithms can further assist in
uncovering these relationships, making data-driven modeling a powerful tool for the study of

complex systems.

In this chapter, we present a data-driven modeling study based on the experimental results
discussed in the previous chapter. To provide context, we briefly examine kinetic modeling,
highlighting its limitations and explaining our preference for black-box modeling approaches.
Then, we introduce key concepts related to data-driven modeling, machine-learning, model

validation, and Quantitative Structure-Property Relationship (QSPR). Next, we present our
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modeling results, compare the performance of different algorithms, and conclude by interpret-
ing the best-performing model, identifying the most relevant features for the prediction of the

Induction Period.

3.2 Data-driven modeling: Cheminformatics

In contrast with analytical modeling, data-driven modeling can establish relationships between
input and output variables without requiring prior knowledge of a system’s internal workings
(see figure 3.1). In chemistry, data-driven approaches have proven valuable for analyzing
large datasets generated by analytical techniques such as spectroscopy, chromatography, and
kinetics [170]. Black-box modeling employs multivariate techniques to analyze spectra and
chromatograms, which involve hundreds to thousands of variables due to the discretization of
instrument signals. For kinetic modeling, data-driven approaches permit the study of complex
phenomena, such as autoxidation, without the need to explicitly account for the hundreds to

thousands of chemical species and reactions typically involved in the process.

Inputs

Outputs

FIGURE 3.1 - Black-box modeling: Inputs are converted into outputs through a multivariate function,
without knowledge of the internal workings.

Data-driven modeling for chemistry applications is broadly applied in two scientific fields:
cheminformatics and chemometrics. This chapter focuses on the former, while the latter
will be discussed in the next chapter. One of the earliest definitions of cheminformatics was
proposed by Brown [171]. Paraphrasing his definition, “cheminformatics is the mixing of
information technology and management to transform data into information, and information
into knowledge for the intended purpose of making better decisions faster in the area of
drug lead identification and organization”. However, modern definitions do not consider that
cheminformatics is solely concerned about drug discovery [170]. For instance, Varnek and
Baskin [172] define cheminformatics as a theoretical chemistry discipline complementary to
quantum chemistry and force-field molecular modeling, which is based on the representation

of molecules as objects (graphs or vectors) in a chemical space.

Cheminformatics incorporates several fields, including the development of chemical data
bases, exploration of chemical space, and Quantitative Structure-Activity Relationship (QSAR)/
Quantitative Structure-Property Relationship (QSPR) models. In this work, we discuss the
latter. Such modeling develops a mathematical relationship between a chemical response and

quantitative chemical attributes that encode molecular structural features (see figure 3.2). This
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modeling approach receives its name from the studied chemical response, for instance, biolog-
ical activity (QSAR), a physicochemical property (QSPR), toxicity (QSTR), biodegradability
(QSBR), among others [173, 174]. In this work, we will refer to this family of methods as QSPR.

Chemical
Molecular response
representation (biological activity,

physicochemical properties,

(graph/vector) Black-box toxicity, etc.)

model

FIGURE 3.2 - QSPR modeling expressed as a black-box approach.

3.2.1 Quantitative Structure-Property Relationships (QSPR)

Quantitative Structure-Property Relationship (QSPR) is based on the similarity principle,
which states that compounds with similar molecular structure exhibit similar physicochemical
properties. In general, it consists in identifying relations between properties of interest and
molecular structures, which chemical descriptors can describe [175, 176]. These relations have

the general form:

property = f(descriptors). (3.1)

Once a correlation between a structure and a property has been found, it can be used to
screen any number of chemical compounds, including those not yet synthesized to identify

compounds with the desired properties [177].

An important limitation of QSPR modeling is the violation of the similarity principle, often
referred to as “activity cliffs”. The concept of activity cliffs is closely related to the “activity
landscape”, which represents an N-dimensional space comprising the molecular representation
of a group of compounds and their associated target property. According to the similarity
principle, the activity landscape is envisioned as a meadow-like terrain, where changes in
the target property occur smoothly over small distances. However, activity cliffs, as the term
suggests, represent abrupt changes in the target property within a short distance. These
cliffs can lead to significant mispredictions in regions where the overall model predictivity is
otherwise high [178].

Another limitation of QSPR is the accurate modeling of trace properties. While bulk
properties are primarily determined by the structure of the chemical compounds present in
large quantities, trace properties are influenced by compounds at very low concentrations
[179]. This poses a challenge for modeling oxidation stability, as it can be affected by the

presence of dissolved metallic ions or antioxidant species [17].
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3.2.1.1 Molecular representation

Molecular representation is the process of converting molecular information into an object
through a well-specified algorithm [180, 181]. In this work, we discuss three types of molecular
representation: linear notations, graphs and descriptor vectors. Linear notations use alphanu-
meric characters to encode a molecule’s structure, allowing it to be easily communicated to
a computer. One of the most widely used notation systems is Simplified Molecular Input
Entry System (SMILES). SMILES notation uses ASCII characters to easily encode a molecular

structure, as shown in table 3.1.

TaBLE 3.1 — SMILES notation for different C, hydrocarbons.

Molecule SMILES

n-hexane CCcCcccC
2-methylpentane C(C)CCCC
1-hexene C=CCccCC
cyclohexane C1CCcCcCcC1

benzene clcececel

Besides SMILES, other notation systems exist. For instance, in 2006, the International Union
of Pure and Applied Chemistry (IUPAC) implemented the International Chemical Identifier
(InChl), a system where each molecule has an unique 27-character identifier [182]. Linear
notations are valuable because computational software can convert these strings into a 2D
molecular graph or a 3D molecular structure [182]. For instance, SMILES Arbitrary Target
Specification (SMARTSYS) is an extension of SMILES that serves as a language for specifying
substructures using a defined set of rules. Thus, a particular molecular substructure expressed

as a SMARTS pattern can be found in a molecular graph [183].

A graph is an abstract structure consisting of nodes that are connected by edges [182]. In
the case of molecular graphs, atoms are represented as nodes, while bonds are represented
as edges (see figure 3.3. In some instances, a node may represent a substructure instead of
an atom [172]. A property can be calculated from a molecular graph or an adjacency matrix

associated to it, this is also referred as a graph-level task [184].
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F1GURE 3.3 - 3D molecular structure and molecular graph of indane.

Descriptor vectors are mathematical entities that encode a molecular structure (see fig-
ure 3.4). These molecular representations are also called “fingerprints”. There are different
types of fingerprints, including dictionary-based and circular fingerprints [185]. Dictionary-
based fingerprints represent functional groups by counting the occurrences of predefined
substructures in a molecule [180]. Examples of fingerprints in this category include PubChem
fingerprints, Molecular ACCess System (MACCS), and Barnard Chemistry Information (BCI)
fingerprints, among others [185]. In contrast, circular fingerprints are not based on predefined
fragments and do not have fixed lengths. They are generated by centering on a non-hydrogen
atom and iteratively extending to its neighbors until all fragments of the molecule are listed
or a custom limit is reached. Notable examples include Extended Connectivity FingerPrints
(ECFPs) and Functional-Class FingerPrints (FCFPs), among others [185]. No single fingerprint
is optimal for all applications. Combining multiple fingerprint types can improve the descrip-
tion of a molecule [180]. For instance, Sandfort et al. [186] combined 24 fingerprints into a 71

375-dimensional vector.

OO0 1 [
1JoJo]1]o

FIGURE 3.4 — Vector representation of isobutylbenzene, encoding the presence or absence of a
molecular fragment.

In general, the space spawned by descriptor vectors is easier to navigate than the topology

space formed by molecular graphs. Thus, the study of vector-space can be performed with
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widely used multivariate statistic techniques, such as Principal Component Analysis (PCA)

and hierarchical cluster analysis [172].

Molecular representations can encode different levels of information according to the
structural features they consider. The descriptors calculated from such representations can be
classified as follows [177, 187-191]:

« Experimental descriptors: Physicochemical properties that are obtained experimen-
tally, such as molar refractivity, enthalpy of formation (AHy), partition coefficient (P),
among others [187, 192].

« Theoretical descriptors: Derived from the representation of molecules, as structural
or empirical formulas. They can be classified in 5 types according to their information
content and ease of calculation:

— 0D descriptors: Based on chemical formulas, the simplest representation of
molecules. These descriptors account for the occurrence of elements in a molecules,
they are easy to calculate, but provide little information and have high degeneracy
(i.e. a descriptor has the same value for different molecules). Some examples include
atom counts, molecular weight and properties than can be calculated as sum or
average of atomic contributions, such as atomic van der Waals volumes [188, 192]

— 1D descriptors: Based on structural formulas, these descriptors increase the pro-
vided information by accounting for the presence of substructures, like functional
groups and atom-centered fragments, e.g., primary carbons, secondary carbons,
etc [188, 192].

— 2D descriptors: Also known as topological indices, these descriptors account
for the connectivity and adjacency of atoms. 2D descriptors are calculated from
molecular graphs, where atoms and bonds are represented as vertices and edges,
respectively. They include information about atom connectivity, and are sensible to
molecule size, shape, symmetry, branching and cyclicity. Topological indices can be
furthered classified into (1) topostructural indices, which only consider information
from atom adjacency and through-bond distances, and (2) topochemical indices,
which also encode chemical properties, such as hybridization state. Some examples
include the Zagrep index, the Kappa shape index, Wiener Balaban J index, among
others. [187-189, 192].

— 3D descriptors: Based on the 3D structure of molecules and the spatial coordinates
of atoms. This class includes geometrical descriptors, such as interatomic distances,
dihedral angles, valence angles, molecular volume, 3D-Molecular Representation of
Structures based on Electron diffraction (MoRSE), GEometry, Topology, and Atom-
Weights AssemblY (GETAWAY) and surface area, and quantum descriptors, such as
atomic charges, electronic features, vibrational frequency levels, reactivity indices,

HOMO and LUMO energies, among others. Their main disadvantages are their
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high computational cost, dependence on the geometry optimization method, and
their inability to account for different conformations in highly flexible molecules
[177, 187, 189, 192].

— 4D descriptors: These descriptors account for the interactions between molecules
and active sites of biological receptors. The 4th dimension can be added to a regular
3D structure by including different conformations, alignments, orientations and
protonation states. Other approaches can be obtained by using a probe to map the

surface of a molecule, located on an equally spaced, 3D grid [190-192].

Ideally, molecular descriptors should offer a clear structural interpretation, effectively
distinguish between isomers, demonstrate good predictive performance for the target property,

and have a balance between complexity and molecular resolution [188].

In the last decade, QSPR has been used to predict several properties of hydrocarbons typi-
cally found on jet fuel, diesel, biodiesel and gasoline [175, 193]. For example, Saldana et al. [193]
used a type of vector representations, known as Functional Group Count Descriptors (FGCD)
to encode the structural information of hydrocarbons and oxygenated compounds. Then, the
authors used different machine-learning algorithms for model development, averaging their
predictions and thus, obtaining a consensus model [193]. A similar approach was later used for
the prediction of density and kinematic density of hydrocarbons [175]. However, as noted by
the authors, the use of these models was limited to pure compounds, since mixtures presented
significant deviations due to blending effects. A recent study by Creton et al. [194] focused
on hydrocarbons and jet fuel, specifically examining fuel sorption; mass gain and sorption
kinetics, into polymers. In this work, the authors used 33 Functional Group Count Descriptors
to describe the compounds in the dataset. Subsequently, PCA was applied to visualize the
chemical space, followed by the formulation of mixtures to populate regions with low sample

density:.

Another group that has made substantial contributions to modeling hydrocarbon and fuel
properties with QSPR is based at the University of Buckingham. The researchers developed
the Group Contribution Method of the University of Birmingham (GCM-UOB), a functional
group classification system. Its first version included 22 functional group identifiers, position
and reactivity descriptors. The system was initially used to formulate jet fuel, diesel, biodiesel
and gasoline surrogates by matching the quantities of surrogate functional groups to that of
the target fuels through linear regression [195]. The same year, the system was updated to its
second version, GCM-UOB 2.0, which incorporated 10 more molecular descriptors, allowing
to identify oxygenated compounds and different types of substitution in aromatic rings. Said
version was used to predict fuel ignition quality properties (cetane number, research and motor
octane number) from medium sized datasets, containing between 400-700 neat compounds and
mixtures. In their work the authors found that models that included mixtures in their training

data outperformed models that were trained solely on pure compounds, putting in evidence
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the non-additivity of the target properties [196]. Finally, the last revision of this system,
GCM-UOB 3.0, incorporated 42 descriptors, accounting for structural features, functional
group interaction and fuel reactivity. GCM-UOB 3.0 has been successfully used for predicting
plethora of properties, including the cetane number, research and motor octane number, surface
tension, liquid density, yield sooting index, ignition temperature, vapor pressure, among others
[176, 188, 197].

The descriptors developed in the previously mentioned studies may serve as a starting
point for the study of the oxidation stability with QSPR. However, it may be necessary to
develop new descriptors that encode molecular features specifically related to the oxidation

phenomenon.

3.2.1.2 Mixture representation of fuels

Traditional QSPR was originally developed for its use on pure compounds, nevertheless, real
world applications of chemistry need the consideration of mixtures. Mixtures have posed a
challenge for QSPR, early efforts included using a set of descriptors for each component in
the mixture and weight their contribution based on the molar ratio through a mixing rule,
the main disadvantages being that the number of descriptors rapidly escalated according to
the number of mixture components and the difficulty to obtain an adequate mixing rule [198-
200]. Said limitations were overcome by the centroid approximation, where the descriptors
of a “pseudomolecule”, X, are determined by calculating the mean mole weighted average

molecular descriptors:

N
Xmix = Z xi - Xi, (3.2)
i=1

where N is the number of compounds in the mixture, and x; and X; are the mole fraction

and the molecular descriptor value of the i-th compound.

Even though this method has no mechanistic basis and doesn’t consider interactions, it
provides good predictions, keeps the number of descriptors constant and utilizes the same

computational machinery as traditional QSPR [198, 201].

In the case of complex mixtures, such as fuels, GCxGC has been used to identify their
chemical composition. However, this analytical technique only provides information about
the hydrocarbon families and carbon number of the compounds, without identification of
individual chemical species. Thus, QSPR studies that use information from GCxGC data have

relied on several strategies to represent these complex matrices:

+ Selecting one representative molecule: In this approach, a single molecule represents

each bin. However, this is often an oversimplification, as it does not account for isomers



3.2 Data-driven modeling: Cheminformatics 61

or branching effects [200]. Some efforts to overcome such limitation involve the use of the
Modified Weighted Average (MWA) method, which was used to correlate a composition
matrix and a property matrix to the target property [202]. While this method improved
the model’s predictions, it added the complexity of requiring additional experimental

measurements and parameters.

« Sampling from a selection of possible representative molecules: Isomers are
considered in this approach, but the sampling method can be computationally expensive
[200].

« Formulating a surrogate mixture: While it allows to mimic the properties of fuel with
a limited amount of compounds, it requires additional property measurements and may

have the same disadvantages as the "selecting one representative molecule" approach.

Hall et al. [200] proposed an approach to address the previously mentioned limitations:
the use of Probabilistic Mean Quantitative Structure-Property Relationship (M-QSPR). In this
method, a software is used to generate isomers for each GCxGC bin. Molecular descriptors
are then calculated and averaged for each bin, with the resulting values scaled by the mole
fraction of the corresponding bin. These scaled values are summed to obtain the M-QSPR
representation of the samples. This approach enables the development of a model applicable

to both pure compounds and real fuels.

In this thesis, we focused on the development of vector descriptors for the modeling of our
target property: the Induction Period. As previously mentioned, this type of descriptors have
been already widely used for the study of different properties of hydrocarbons. Furthermore,
vector descriptors can be easily generalized to account for complex mixtures, by following
frameworks such as M-QSPR.

3.2.2 Machine-learning

Modeling algorithms act as the machine that transforms inputs, such as molecular descriptors,
into outputs. While simple relationships can be captured using basic algorithms like linear
regression, more complex problems involving intricate data and relationships require the use

of more advanced techniques, for example,Machine-Learning (ML) algorithms.

Machine-Learning is a branch of artificial intelligence that focuses on developing systems
capable of learning and making predictions or decisions without being explicitly programmed.
Instead, ML algorithms find patterns in data to build models that generalize to new and unseen
data [203]. ML has become a key tool in various scientific and industrial fields, including QSPR
modeling, where it aids in predicting the properties of chemical compounds based on their

molecular descriptors.
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3.2.2.1 Machine-learning paradigms

Machine-learning paradigms are the foundational approaches that guide how algorithms learn
from data and make predictions or decisions. These paradigms define the structure of learning
based on the availability and nature of data, as well as the desired outcomes. Thus, there are

three paradigms [204]:

» Supervised Learning: In supervised learning, the model is trained on labeled data,

where the input-output mapping is known. This category includes:

- Regression: This task involves training a model to obtain the relationships between
an input and a continuous output [205]. In QSPR modeling, regression algorithms
are often used to predict properties that continuous properties, such as boiling

points, density, or vapor pressure [188, 206].

- Classification: Classification models are used to predict discrete categories. For
instance, in QSPR, classification can be applied to predict binary outcomes, such as
whether a compound is a drug or a nondrug, or whether a compound exhibits a

specific activity [207].

« Unsupervised Learning: This type of learning involves data without explicit labels,
aiming to uncover hidden patterns or structures. Techniques like clustering (e.g., k-means
or hierarchical clustering) are useful for grouping samples based on their similarity [208].
Dimensionality reduction techniques, such as PCA [209] and t-distributed Stochastic
Neighbor Embedding (t-SNE) [210], are also employed to visualize high-dimensional

spaces effectively.

+ Reinforcement Learning: In reinforcement learning, models learn optimal actions by
interacting with an environment and receiving feedback through rewards or penalties. In
chemistry, this paradigm has been used for molecule generation, geometry optimization,

retrosynthetic pathway search, among other applications [211].

While these paradigms are useful for classifying model learning frameworks, more recent
research involves blends across said categories. For instance, semi-supervised learning. This
combines aspects of supervised and unsupervised learning, utilizing a small labeled dataset and
a larger unlabeled dataset. This approach can be beneficial in QSPR scenarios where obtaining

labeled data (e.g., experimental property measurements) is expensive or time-consuming [204].

3.2.2.2 Machine-learning algorithms

Having discussed the paradigms of machine learning, it is important to explore the various

algorithms that bring these paradigms to life. Machine-learning algorithms are the tools that
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enable systems to process data and derive meaningful insights, tailored to specific tasks such

as regression or classification.

« Linear Models: Ridge and Least Absolute Shrinkage and Selection Operator (LASSO)
regression are extensions of traditional linear regression that allow the analysis of
high dimensional data. These methods include regularization terms that can address
multicollinearity and redundancy in descriptors, while retaining easy interpretability.
These models are particularly useful when the relationships between descriptors and

properties are approximately linear [212].

« Support Vector Machines (SVMs): These algorithms are useful for regression and
classification tasks. They find the optimal decision boundary that separates different
classes of data. It can be combined with the use of non-linear kernels, which map the

data into higher dimensions, allowing to model complex relationships [213].

« Random Forests and Gradient Boosting Machines: A family of methods based
on decision trees. A decision tree is a hierarchical model used for classification and
regression tasks. Internal nodes represent features or variables, branches represent
decision rules or feature splits, and leaves represent either a class label (for classification)
or a continuous value (for regression). The tree recursively splits the data into subsets
based on feature-based rules, continuing until the data is assigned to a specific class or
predicted value at the leaves [212, 214]. Gradient Boost Machines use successive models
consisting of weak learners (e.g. simple decision trees). The boosted models tend to

outperform random forests [215].

« Artificial Neural Networks (ANNs): These models mimic the behavior of biological
neurons, consisting of interconnected nodes (neurons) organized in layers. These net-
works learn by adjusting the weights of connections through iterative training, enabling

them to capture complex relationships between inputs and output [216].

« Deep Learning Models: Techniques like convolutional neural networks (CNNs) and
graph neural networks (GNNs) are increasingly used to process molecular graphs and
extract features directly from structural representations. These models avoid reliance on
predefined descriptors by learning representations directly from raw molecular structures
[217].

3.2.2.3 Hyper-parameter tuning

The performance of the previously described machine-learning algorithms depends on hyper-
parameter selection. A hyper-parameter differs from regular model parameters because it
cannot be directly estimated from the data learning process, and must be set before training a

ML model since they determine the model architecture [218]
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Hyper-parameter tuning involves selecting the set of values for the data set. For instance,
consider a dataset consisting of points (x, y), where y is a function of x, plus some noise. In

this scenario, fitting a polynomial serves as our “machine-learning” algorithm.

f(x) = apx" + ap1x" "+ ...+ ag (3.3)

Here, the degree of the polynomial, n, acts as the hyper-parameter of the algorithm.
Choosing the appropriate degree is crucial, since a low degree might lead to underfitting,
where the polynomial is too simple to capture the underlying data pattern. On the other hand,
choosing a high degree might lead to overfitting, where the polynomial captures noise rather
than the true trend. When a model is said to be overfitted, it “memorizes” the input data, thus

compromising its performance on unseen data (see figure 3.5).

a) Underfitting b) Optimal fit c) Overfitting
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F1GURE 3.5 - Illustration of model fitting with varying polynomial degrees: a) Underfitting with a
low-degree polynomial fails to capture the complexity of the data. b) Optimal fit with an appropriately
chosen degree balances bias and variance, accurately capturing the data trend. ¢) Overfitting with a
high-degree polynomial fits the noise in the data, resulting in poor generalization.

There are several methodologies to search for the optimal set of hyper-parameters. Two of
the simplest methods are random search and grid search. In random search, random values
are sampled from the hyper-parameter space, while in grid search, a predefined grid of hyper-
parameter values is evaluated, and the model’s accuracy is assessed for all possible combinations
[219]. An alternative for these traditional methods of hyper-parameter tuning is Bayesian
optimization, which aims to find the global optimum of a black-box function by constructing a
probabilistic model, and using it to decide which combination of hyper-parameters to next
evaluate [220].

The hyper-parameter tuning process depends not only on the method used for hyper-
parameter search but also on the validation step. Model validation is essential as it helps

evaluate both the optimal set of hyper-parameters and the overall accuracy of the model.
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3.2.2.4 Model validation

Regardless of the chosen algorithm, model validation is a crucial step before deploying a model.
The validation step has two purposes, to identify the hyper-parameter setting that result in the

most realistic prediction performance, and to asses the model’s accuracy and generalizability.

Model validation involves an optimization step that requires an objective function to be
maximized or minimized. For error functions, also referred to as loss functions, the goal is
typically to minimize their value [221]. For example, in regression tasks, the Root Mean Square

Error (RMSE) is commonly used to measure model’s performance:

25\:[1(}71' — ¥i)?
N

RMSE = (3.4)

where:

« y; is the i-th reference value,
* ¥, the i-th predicted value,

« and N is the number of samples.

Thus low RMSE values indicate a higher model performance. Traditionally, model validation
involves splitting the data into training and test sets. The training set is used for model
development and hyper-parameter tuning, while the test set remains untouched during the
learning process. It is reserved exclusively for evaluating the model’s performance and assessing
its accuracy on unseen data [222]. The ratio of training to test data can vary depending on
the size of the dataset, with common splits being 70:30 or 80:20. Ideally, the split should cover
the full range of the dependent variable y and account for any inherent structures in the data,

such as sample origin, treatment conditions, or instrumental replicates [223].

There are different methodologies to perform hyper-parameter tuning, in this work we
will mention the most common ones. When dealing with small datasets (e.g., N < 40), Leave-
One-Out (LOO) cross-validation is often recommended. In LOO, each sample is sequentially
excluded from the dataset, and the remaining N — 1 samples are used to train the model. The
excluded sample is then used for validation. This process is repeated until each sample has
been used for validation once. While LOO assesses model performance for each data point, it
tends to underestimate the model error, making it less reliable for model selection compared
to other methods [223, 224].

k-fold cross-validation is a widely used technique for medium-sized datasets (see figure 3.6).
It divides the data into k segments (or folds), with each fold serving as an internal validation
set while the remaining k — 1 folds are used for training. This process is repeated until each
fold has been used as the validation set exactly once. The RMSE, or other appropriate metric,

is calculated for each fold, and the results are averaged to obtain an overall estimate of model
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performance. This method mitigates the risk of having a particularly easy or difficult validation

set, providing a more reliable estimate of the model’s generalizability [212].

1) . —p Loss;
2) . — % loss, |

K
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FIGURE 3.6 — Illustration of k-fold cross-validation with k = 5. The dataset is divided into 5 equal-sized
folds, where each fold (in blue) is used as a validation set exactly once, while the remaining folds (in
orange) are used for training. The process is repeated k times, and the model’s performance is
evaluated using a loss function (e.g., RMSE). The final loss is calculated as the average of the losses
obtained from all k iterations.

k iterations (k-folds)

An alternative to k-fold cross-validation is bootstrap cross-validation, where the data is
sampled with replacement. This means that some data points may appear in multiple training
sets, while others may be excluded entirely. Similar to k-fold cross-validation, the model is
trained and evaluated multiple times, but the sampling process allows for a more varied set of
training and validation data. Bootstrap cross-validation is particularly useful when dealing
with smaller datasets and helps to provide more robust estimates of model performance, such
as RMSE, compared to LOO validation [225].

The hyper-parameter tuning step involves applying one of the search algorithms described
in section 3.2.2.3 in combination with a cross-validation method to identify the set of hyper-
parameters that minimize the loss function. Once the optimal hyper-parameters are selected,
the model is retrained on the entire training set using these parameters. Finally, the trained

model is evaluated on the test set to assess its accuracy on unseen data [212].

Modern approaches to model validation involve splitting the data into multiple train and
test sets. These methodologies have proven to provide find more optimal hyper-parameters

and a better estimation of the model accuracy [222].
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3.3 Methodology

3.3.1 Molecular descriptors and model features

As noted in section 3.2.1.2, we chose to focus on descriptor vector representations, specifically,

Functional Group Count Descriptors (FGCD). This decision stems from the demonstrated

success of this approach in modeling other hydrocarbon properties, and its potential to be

easily extended to account for hydrocarbon mixtures. Thus, as a starting point, we based our

work on the descriptors developed by [194], who introduced 33 descriptors for predicting fuel

sorption into polymers. The FGCDs listed in table 3.2, primarily focus on simple molecular

fragments, such as primary, secondary, tertiary and quaternary carbons, number of aromatic

carbons, etc.

TaBLE 3.2 — List of the model features and their descriptions, used by Creton et al. [194].

Molecular descriptor

Description

[CX4H2]-[CX4H1]-[CX4H2]

[CI[CI([ICXaI[ICX1][ICX1]
[eleirenrenic]
[CI[CR]([*CIX[*CDIC]
[CICR](*CINICDIC]
[Cl=[C]([CD[C]

(
]

[CX3H1]=[CX3H1]

Number of H atoms.

Number of C atoms.

Aliphatic C with 1 further total connections, with 3 further hydrogen.
Aliphatic C with 2 further total connections, with 2 further hydrogen.
Aliphatic C with 3 further total connections, with 1 further hydrogen.
Aliphatic C with 4 further total connections, with 0 further hydrogen.
Aliphatic C with 2 further total connections, with 1 further hydrogen.
Aliphatic C with 2 further total connections, with 2 further hydrogen, in a
ring.

Aliphatic C with 3 further total connections, with 1 further hydrogen, in a
ring.

Aromatic C with 0 further total connections, with 1 further hydrogen.
Aromatic C with 0 further total connections, with 0 further hydrogen.
Aromatic C with 0 further total connections, with 0 further hydrogen.
Aromatic C with 2 further total connections, with 0 further hydrogen.
Aromatic C with 0 further total connections, with 0 further hydrogen bound
to aliphatic C with 1 further total connections, with 2 furthed hydrogen, in a
ring.

Aliphatic C with 1 further total connections, with 2 further hydrogen, bound
to aliphatic C with 1 further total connections, with 1 further hydrogen, bound
to aliphatic C with 1 further total connections, with 2 further hydrogen.

2 bound aliphatic C with 0 further total connections, with 3 non C atoms.
Aliphatic C with 3 further aliphatic C and 1 further non C atom.

Aliphatic C in a ring connected to 2 aliphatic C and 2 non C atoms.
Aliphatic C in a ring connected to 3 aliphatic C and 1 non C atom.
Aliphatic C connected to 1 aliphatic C with a double bond, to 1 aliphatic C
with single bond, and a non C atom.

Bound of two aliphatic C with 1 further total connection, with 1 hydrogen.

Continued on next page
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TaBLE 3.2 — continued from previous page.

Molecular descriptor Description

[c][CX4H3] Aliphatic C with 1 further aromatic C and 3 further hydrogen.

[c][CX4H2] Aliphatic C with 1 further total connection, with 1 further aromatic C and 2
further hydrogen.

[c][CX4H1] Aliphatic C with 2 further total connections, with 1 further aromatic C and 1
further hydrogen.

[R] Number of atoms in a ring.

aromatic_rings Number of aromatic rings.

non-aromatic_rings Number of non-aromatic rings.

aliphatic_rings Number of aliphatic rings.

number_of rings Total number of rings.

MM Molecular mass.

[C;R] Aliphatic C atom, in a ring.

[c;R] Aromatic C atom, in ring.

cicccecect Six C atom aliphatic ring.

However, certain shortcomings in this set of descriptors became apparent. One key issue
was degeneracy, when the descriptor matches substructures representing different molecular
features (see figure 3.7). Furthermore, the reported SMARTS patterns did not account for
molecular features relevant for hydrocarbon stability, such as ortho-, meta-, and para- positions

in aromatic compounds, or the number of allylic carbons in olefins and conjugated olefins.

SMARTS pattern
[CX4H2]

a) b) )

/\/\/

FIGURE 3.7 — Degeneracy for the SMARTS pattern [CX4H2] for a) n-hexane, b) n-propylcyclohexane,
and c) n-propylbenzene. The molecular descriptor cannot differentiate between CH, groups in a chain,
an aliphatic ring, or at benzylic sites.

The literature and our results presented in section 2.5, show that molecular fragments
have different impact on the oxidation stability according to their surrounding, e.g., whether a
carbon is present in an aliphatic chain, an allylic or a benzylic site [16, 50, 89, 91, 226]. Following
this reasoning, we expanded the set of descriptors proposed by Creton et al. [194] to account
for the reactivity of the various hydrocarbon families in our database. To achieve this, we
included specific descriptors that reduce degeneracy by considering substitution positions in
aromatic rings, the number of allylic carbons for non-conjugated and conjugated double bonds,

unfused aromatic rings, and other relevant features. The calculation of molecular descriptors
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was performed using the SMARTS-matching functionalities from the RDKit toolkit [227]. The
final set of SMARTS patters is presented in table 3.3, labeled from X1 to X42. For instance, the
FGCD labeled X3 denotes the number of CH; groups bonded to a carbon atom in a ring. The
molar mass (MM) of the pure compounds was also computed and used as a descriptor (labeled
X16). Furthermore, the temperature (in K) at which the experiments were conducted was used
as an additional model feature (labeled T). The complete database containing molecule names,
SMILES codes and the experimental IP values at the corresponding temperatures, is available

in Appendix B.

TABLE 3.3 — List of model features and their descriptions used in this study.

Label Model feature Description
T Experiment temperature Experiment temperature.
X1 [H] Number of hydrogen atoms.
X2 [$([CX4H3][C!R])] Aliphatic C with 1 further connection, with 3 further H atoms, not attached to a C
atom in a ring.
X3 [$([CX4H3][CR])] Aliphatic C with 1 further connection, with 3 further H atoms, attached to a C atom
in a ring.
X4 [$([CX4H2]([C!R])[C'R])] Aliphatic C with 2 further connections, with 2 further H atoms, attached to two C
atoms not in a ring.
X5 [$([CX4H2!R][CR])] Aliphatic C with 2 further connections, with 2 further H atoms, not in a ring, attached
to a C atom in a ring.
X6 [$([CX4H1]([CIR])([CIR][C'R])] Aliphatic C with 3 further connections, with 1 further H atom, not attached to C
atoms in a ring.
X7 [$([CX4HOJ([C'R])([CIR])([CR])[C!R])]  Aliphatic C with 4 further connections, with 0 further H atoms, not attached to a C
atom in a ring.
X8 [$([CX4HO'R][CR])] Aliphatic C with with 4 further connections, with 0 futher H atoms, not in a ring,
attached to a C atom in a ring.
X9 [CX4H1R] Aliphatic C with 3 further connections, with 1 further H atom, in a ring.
X10 [CX4H2!R] Aliphatic C with 2 further connections, with 2 further H atoms, not in a ring, attached
[cR1]1[cR1][cR1][cR1][cR1][cR1]1 to an unfused aromatic ring.
X11 [CX4H1!R] Aliphatic C with 3 further connections, with 1 further H atoms, not in a ring, attached
[cR1]1[cR1][cR1][cR1][cR1][cR1]1 to an unfused aromatic ring.
X12 [CX4H2!R][CX4H1!R] CH,—CH, attached to an unfused aromatic ring.
[cR1]1[cR1][cR1][cR1][cR1][cR1]1
X13 [CX4HO!R] Aliphatic C with 4 further connections, with 0 further H atoms, not in a ring, attached
[cR1]1[cR1][cR1][cR1][cR1][cR1]1 to an unfused aromatic ring.
X14 MM Molecular mass.
X15 [c:R] Aromatic C in a ring,.
X16 C1CcCcC1 Six carbon atom aliphatic ring.
X17 [$([CX4!HO][CX3]=[CX3][CX3]), Aliphatic C with 4 further connections, with at least 1 further H atom, attached to a
$([CX4!HO][CX3][CX3]=[CX3])] carbon in a conjugated double bond.
X18 [$([CX4!HO0][CX3]=[CX3]); Aliphatic C with 4 further connections, with at least 1 further H atoms, attached to
1$([CX4!HO][CX3][CX3]); carbon with a double bond.
1$([CX4!HO0][CX3]=[CX3][CX3])]
X19 [$([CX4H0][CX3]=[CX3]); Aliphatic C with 4 further connections, with 0 further H atoms, attached to carbon
1$([CX4!HO0][CX3][CX3]); with a double bond.
1$([CX4!HO0][CX3]=[CX3][CX3])]
X20 [$([CX4!HO]([CX3])[cceceec])] Aliphatic C with 4 further connections, with at least 1 further H atom, attached to
an aromatic ring and a carbon with a double bond.
X21 [CX4]cee[CX4] Aliphatic C atoms attached to an aromatic ring, in meta- position.
X22 [CX4]cc[CX4] Aliphatic C atoms attached to an aromatic ring, in ortho- position.
X23 [CX4]ccec[CX4] Aliphatic C atoms attached to an aromatic ring, in para- position.
X24 [$([CX4!HO!'R]([ccecec])[ceceec])] Aliphatic C with 4 further connections, with at least 1 further H atom, not in a ring,

attached to two aromatic rings.

Continued on next page
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TABLE 3.3 — continued from previous page.
Label Model feature Description
X25 [$([CX4!HOR]([cceeee])[ccecec])] Aliphatic C with 4 further connections, with at least 1 further 1 atom, in a ring,
attached to two aromatic rings.
X26 [CX4H3] Aliphatic C with 1 further connections, with 3 further H atoms, attached to an
[cR1]1[cR1][cR1][cR1][cR1][cR1]1 unfused aromatic ring.
X27 [c][CX4H2r6] Aliphatic C with 2 further connections, with 2 further H atoms, in a 6-member ring,
attached to an aromatic C atom.
X28 [c][CX4H2r5] Aliphatic C with 2 further connections, with 2 further H atoms, in a 5-member ring,
attached to an aromatic C atom.
X29 cl2ccceclecec2 Naphthalene ring.
X30 [$([CX4H3][c]); Aliphatic C with 1 further connection, with 3 further H atoms, attached to a partially
1$([CX4H3] hydrogenated naphthalene ring.
[cR1]1[cR1][cR1][cR1][cR1][cR1]1)]
X31 [$([CX4H2R][c]);!$([CX4H2] Aliphatic C with 2 further connections, with 2 further H atoms, in a ring, attached
[cR1]1[cR1][cR1][cR1][cR1][cR1]1)] to a partially hydrogenated naphthalene ring.
X32 [$([CX4H1R][c]);!$([CX4H1] Aliphatic C with 3 further connections, with 1 further H atoms, in a ring, attached
[cR1]1[cR1][cR1][cR1][cR1][cR1]1)] to a partially hydrogenated naphthalene ring.
X33 [cR1]1[cR1][cR1][cR1][cR1][cR1]1 Unfused aromatic ring.
X34 [$([CR]([*ecDI'eD] Aliphatic C in a ring, not attached to aromatic carbons.
X35 [$([CX4H2R] Aliphatic C with 2 further connections, with 2 further H atoms, in a ring, attached
[cR2]1[cR2][cR1][cR1][cR1][cR1]1)] to an aromatic ring.
X36 [$([CX4H1R] Aliphatic C with 3 further connections, with 1 further H atom, in a ring, attached to
[cR2]1[cR2][cR1][cR1][cR1][cR1]1)] an aromatic ring.
X37 [CX4H3]ccc[CX4H3] Methyl groups attached to an aromatic ring in meta- position.
X38 [CX4H3]cc[CX4H3] Methyl groups attached to an aromatic ring in ortho- position.
X39 [CX4H3]ccec[CX4H3] Methyl groups attached to an aromatic ring in para- position.
X40 [$([CX4H3][c]); Aliphatic C with 1 further connection, with 3 further connections, attached to a
1$([CX4H3] naphthalene ring.
[cR1]1[cR1][cR1][cR1][cR1][cR1]1);
1$([CX4H3][c][c][C])]
X41 [$([CX4H2!R][c]); Aliphatic C with 2 further connection, with 2 further connections, not in a ring,
1$([CX4H2] attached to a naphthalene ring.
[cR1]1[cR1][cR1][cR1][cR1][cR1]1);
1$([CxaH2][c][c][CD)]
X42 [$([CX4H2R][c]); Aliphatic C with 2 further connection, with 2 further connections, in a ring, attached
1$([CX4H2] to a naphthalene ring.
[cR1]1[cR1][cR1][cR1][cR1][cR1]1);
1$([CX4H2][c][c][C])]

3.3.2 Modeling method

The development of QSPR-based models using ML approaches has been widely used for
property prediction. These approaches highlight hidden correlations between a property
and some features encoding information about the sample. Reviews already exist containing
detailed elements regarding best practices in developing such models [189, 228]. The employed

methodology is summarized hereafter.
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3.3.2.1 Data sets

The accuracy of ML models heavily relies on the quality of the reference data, making the
database employed in model development one of the most crucial elements for such studies.
The database used in this work is the one presented in section 2.4.1, which contains 220
reference IP values from 95 compounds, obtained by following the experimental procedure
previously described in section 2.4.2. As shown in figure 3.8a, the IP distribution is positively
skewed, with approximately 80% of the measurements presenting an IP lower than 10 h. The
severe skewness in our data may affect the accuracy of the models. Therefore, a preprocessing

step, such as log-transforming the data may be needed (see figure 3.8b).
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FIGURE 3.8 — Induction period distribution for the compounds in the database in a) hours and b)
log(hours).

3.3.2.2 Machine learning algorithms

We employed two ML algorithms for model development: Support Vector Machine (SVM) [229],
and eXtreme Gradient Boosting (XGBoost), reported as one of the most efficient methods for
classification and regression [230]. These algorithms were chosen for their capability to handle
highly non-linear data, as the Induction Period exhibits a complex, non-linear relationship
with molecular features such as paraffinic chain length and the degree of substitution in olefins.
Modeling was performed using the R programming language [231], along the caret [232],
kernlab [233] and xgboost [234] packages for model training and implementation of the
SVM and XGBoost algorithms, respectively.

Given our previously defined data set, X with dimensions N x M, where N is the number
of samples (221) and M, the number of descriptors (42), and an output vector y of length N, the
SVM finds a regression function (SVR, Support Vector Regression), f(x), through the equation:
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f&) =) (o — a)K(xi, %)) + b (3.5)

i,j=1
where:

« a; and o] are the Lagrange multipliers that satisfy the condition 0 < «;, &/ < C,
+ C, the cost hyper-parameter,
« b abias-term, and

+ K(x;,x;) the kernel function.

Non-linear kernel functions were used to map data into high dimensions, allowing to find

a hyperplane that linearly separates the data. In this work, we used the Radial Basis Function
(RBF) kernel [235], which has the form:

[ — x;1°

KRBF(Xi,Xj) = €exp <— l 2] (3.6)
20

where o is a parameter related to the decay of the exponential function.

On the other hand, XGBoost uses weak learners, such as linear models and shallow regres-
sion trees, to train a model in an additive manner. In this work, we will hereafter refer to these
two implementations as XGB Linear and XGB Tree. Thus, the model is built by minimizing

the following objective function:

n N 1
£® = Z [ (y,-,yi(t Dy ﬁ(x)) +yT, + 57\||60t||2 (3.7)
i=1

where:

« £ is the objective function at the iteration ¢,

o« (9 j/(t‘l)) is the loss function evaluated at the i-th reference value y; and the predicted

value at the (¢ — 1) iteration, y; plus, a tree structure f;(x),

« y is a hyper-parameter that penalizes the complexity of the tree based on the number of

leaves, and

« T, and A, regularization hyper-parameters that smooth the leaf weights w to avoid

overfitting.

3.3.2.3 Model development

In this work, we applied a nested Cross-Validation (CV) procedure to find the optimal hyper-

parameters and estimate the model performance (see figure 3.9). The first round consisted in
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splitting the data into k external folds. Each fold was used once as a test set, while the samples
in the remaining k-1 folds were used as a training set. Then, the training set was further split
into i internal folds, each fold was left-out as a validation set, while surrogate models were
trained on the remaining i — 1 folds. Thus, the external validation step was used for assessing
model accuracy, while the inner validation step was used for hyper-parameter tuning by using

a grid search method.
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FIGURE 3.9 — Model validation workflow used in this work. An individual QSPR model is built using ML
methods (SVR or XGBoost) and molecular descriptors within both internal (10-CV) and external (4-CV)
cross-validation procedures, followed by its validation on the external test set.

In our study, we used 10 internal folds (i = 10) for hyper-parameter optimization and 4
external folds (k = 4) for model evaluation. The choice of the internal folds was guided by
the small dataset size, ensuring that a maximum number of samples were included in the
training set during hyper-parameter tuning. For the external validation, k = 4 was selected for
two reasons: (1) the training set was already substantial due to the inclusion of unique, fixed

samples, and (2) time constraints associated with the computational cost of nested CV.

Database splitting was randomly performed by applying a compound-out strategy [236].
This means that when a molecule was selected for a fold assignment, all its instances (IP
measurements at different temperatures) were included as well. Furthermore, to avoid Applica-
bility Domain (AD) violations during model validation, we employed a maximum dissimilarity

sampling algorithm.

Our initial attempt involved using the MaxMin Maximum-Dissimilarity algorithm, com-
monly referred to as the Kennard-Stone algorithm [237]. Broadly speaking, this algorithm
selects a subset of k samples from a total set of n samples. The process begins with an initial
subset of samples, and at each iteration, the algorithm adds the most dissimilar samples relative
to those already selected. A detailed explanation of this algorithm is provided in appendix C.
However, the Kennard-Stone algorithm consistently failed to select hydrocarbons from the

n-paraffin class, leading to violations of the Applicability Domain.
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For this reason, we opted to use the Interesting Feature Finder (IFF) algorithm [238]. This
method generates a large number of random vectors, each with a length matching the number
of columns in the dataset X. These vectors are projected onto the rows of the X matrix to
identify samples with the smallest and largest dot products. Samples appearing frequently
among those with extreme dot products are considered the most dissimilar in the dataset.
In this work, we first applied auto-scaling, which involves mean-centering and scaling each
column of the matrix by dividing it by its standard deviation. Then we projected 10 000
randomly generated vectors on the data matrix. Next, we identified the compounds selected
by the algorithm as extreme samples, at least 1% of the times. This method identified 25
dissimilar compounds, such as cyclopentane, allylbenzene, and n-eicosane, which were fixed
in the training set, as a “Fold 0” [236, 239, 240].

Since we are dealing with a regression task, we used Root Mean Square Error (RMSE) as the
loss function, as defined in equation (3.4). RMSE is denoted as RMSEC, RMSECV, and RMSEP
when applied to the error of the Calibration (training), Cross-Validation, and Prediction (test),

respectively.

3.3.2.4 Data Augmentation (DA)

As previously shown in table 2.1, our database presents an imbalance in the hydrocarbon
families. For instance, mono-aromatics, paraffins, mono-naphthenes and mono-olefins rep-
resent roughly 80% of the compounds in the database, while the remaining 9 hydrocarbon
families correspond to 20% of the database. This results in some molecular descriptors used for
molecular representation being unique to a specific sample or hydrocarbon class. Consequently,
if such a sample is included in the test set, the model will fail to predict its IP value accurately.
Thus, the use of synthetic data, also known as data augmentation, may help to improve the

performance of the models [241].

In our work, we generated synthetic data using measured samples as reference, applying
slight structural modifications that, in principle, should not affect their reactivity. This process
perturbed the input matrix X. Subsequently, we introduced noise, opise, to the IP of the
"reference molecule” used to generate the synthetic sample. The magnitude of the noise was
chosen based on the method’s repeatability (+11.7%). For example, we found that at 120 °C,
allylbenzene is approximately 90 times more reactive than toluene due to the formation of a
resonance-stabilized free radical following H-abstraction at the carbon between the double
bond and the aromatic ring. Based on this observation, we assumed that adding a methyl
group to the aromatic ring of allylbenzene would not significantly affect its overall reactivity.
Consequently, p-allyltoluene, which results from adding a methyl group to the para- position
of the aromatic ring in allylbenzene, is expected to have an IP similar to that of allylbenzene
(see figure 3.10).
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Allylbenzene
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FIGURE 3.10 — Schematic of the Data Augmentation strategy followed. The selected under-represented
molecules were perturbed by adding molecule features with negligible impact on their reactivity, while
their corresponding Induction Period, IP;eference Values were multiplied by a random number
proportional to the relative method repeatability, opo;se-

In total, 36 molecules were added with this methodology. The additional molecules were
only included in the Fold-0, thus the test sets consisted exclusively of experimentally ana-
lyzed molecules. The complete list of augmented structures, along with their corresponding

hypothetical IP values, can be found in Appendix D.

3.3.2.5 Model explanation

Machine learning algorithms can identify relationships in complex and non-linear data. How-
ever, the interpretability of certain algorithms, such as SVM-RBF, is often limited. To address
this, the field of Explainable Machine Learning (XML) emerged, focusing on the need to un-
derstand predictions generated by machine learning models. The primary goal of XML is to

achieve "explainability,' making specific aspects of a system comprehensible to humans [242].

Numerous methods for model explanations exist. In this work, we focus on the widely
known model-agnostic method called SHapley Additive exPlanations (SHAP) [243]. SHAP is a
game-theory-based approach that utilizes the Shapley value framework, which was originally
developed to assign payouts to players based on their contributions to the total payout [244].

The formula for calculating Shapley values is:

|Z’[' (M — 2’| - 1)
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where:

« ¢:i(f, x) is the Shapley value for the model feature i, a function of the predictive model

f, and a specific instace or row of the input data, x,
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« Z/, a subset of features from x that doesn’t include i,

« x’ \ {i}, the set of all features in x except for feature i,

« |Z’|, the number of features in the subset z’,

« M, the total number of features in x,

« f. (2’ u{i}), the output of the model when only the features in z’ are considered, and

« f.(2), the output of the model when the features in z’ and feature i are included.

In equation (3.8), the term [ f, (2" U {i}) — f (z’)] represents the contribution of the feature

l2’|'(M—|2’|-1)!

i to the model output, also referred to as the marginal value. Meanwhile, the term i

serves as a weight, scaling the marginal value based on the number of features in the subset z’.

However, there are two main limitations for the accurate calculation of Shapley values.
The first is the vast number of possible subsets in multivariate data commonly used in machine
learning, given by the formula 2", The second is that the original Shapley value implementation
assumes the independence of model features, which does not always hold true [245]. To address
this, SHAP offers a framework to approximate the exact Shapley values. This is achieved
through model-specific approximations, such as Kernel SHAP [243] for non-linear models, or
Tree SHAP for tree-based models [246].

SHAP values are widely used because they offer both local and global explanations for
model predictions. For example, features with positive SHAP values contribute positively to
the prediction, while those with negative values result in a decrease of the predicted value.
Moreover, the mean absolute SHAP value reflects the magnitude of each feature’s influence.
In our work, we used the shapr R package, which implements the calculation of the SHAP
values as described by Aas et al. [245].

3.4 Results and discussion

3.4.1 Model performance

The entire dataset of experimental IP values was used to derive predictive models. Nested 4-CV
and 10-CV were applied as illustrated in figure 3.9, resulting in (i) the splitting of the database
into 4 folds for external validation, plus one additional fold containing compounds fixed in
the training set, to avoid violation of the applicability domain ; (ii) the splitting of the training
set into 10 folds for internal validation and hyper-parameters optimization. To reduce class
imbalance effects over hydrocarbon family representation, a data augmentation technique was
applied, and new virtual structure/data were used to supplement the Fold-0. Additionally, the
effect of applying or not a log-transformation of IP values prior to model development was
investigated. Three types of models, involving SVM and XGBoost ML algorithms, were built:

SVR with RBF kernel, XGBoost with linear learners, and XGBoost with tree ensemble learners.
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All models were developed and validated according to the workflow presented in figure 3.9.
Hereafter, we discuss the predictive performance of the obtained ML-QSPR based models for
which obtained metrics values are reported in table 3.4 and table 3.5, for models built without

and with Data Augmentation, respectively.

As shown in table 3.4, XGBoost Tree outperformed both SVR-RBF and XGBoost Linear,
with an RMSEP of 7.00 h (127%). However, the parity plots in figure 3.11 reveal that all three
models struggle to predict IP values below 2 h, as indicated by the vertical patterns in the plots.

TABLE 3.4 — Model performance metrics for SVR-RBF, XGBoost with linear learners and XGBoost with
regression trees learners without Data Augmentation. RMSE values were averaged across the 4
external cross-validation folds.

Optimal
Model Scale RMSEC RMSECV RMSEP
hyper-parameters
o = 0.025
SVR-RBF C =158 hour 6.74 7.53 10.16
e=03
n_rounds = 250
XGBoost eta = 0.05
hour 3.09 8.54 8.36
Linear A=2
a=4
n_rounds = 100
eta = 0.05
max_depth = 12
XGBoost
y = 0.33 hour 3.62 8.13 7.00
Tree
colsample_bytree = 0.66
min_child_weight=>5
subsample = 1
o =0.02
SVR-RBF log 0.59 1.46 1.50
C =3.98
log-transform hour 5.34 7.89 8.01
€ =0.00
n_rounds = 250
XGBoost
. eta = 0.05 log 0.05 1.57 1.16
Linear
A=2 hour 0.54 9.04 6.75
log-transform
a=0
n_rounds = 200
eta=10.3
XGBoost max_depth = 3
log 0.40 1.43 1.13
Tree y=0
hour 3.31 10.10 8.12

log-transform  colsample_bytree = 1
min_child_weight=0.25
subsample = 0.66
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This issue could be related to two factors; the data is positively skewed (see figure 3.8), and
the disparity between low and high IP values, spanning two orders of magnitude. Consequently,
the models may fail to predict lower IP values due to their minimal impact on the overall RMSE

compared to higher IP values.

/ 1:1line n-paraffins(n-CnH2n+2) * mono-olefins(CnH2n) mono-aromatics(CnH2n-6)
// Method repeatability Hydrocarbon family e iso—paraffins(i-CnH2n+2) e di-naphthenes(CnH2n-2) * naphtheno-mono-aromatics(CnH2n-8)
mono—-naphthenes(CnH2n) e naphtheno—mono-olefins(CnH2n-2) di—aromatics(CnH2n-12)
a) L b) L c)
80 ,«' B 80 ,«' B 80
5 5 5
o o °
260 2 60 . 2 60
ja} ja} jo)
a . a a
= ° [ f=4
k] o k] ]
Sl e g g
340 3 40 5 40 °
£ £ ) =
el o ° ’ . °
i) Q . o Qo oo
S S W S T %,
Ezo Ezo B4 gzo 2 {
a a . ,,/ . a . N
o ® ’
P . > °
0 of §¥ o{ &%
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
Reference Induction Period (h) Reference Induction Period (h) Reference Induction Period (h)

FIGURE 3.11 - Reference vs. predicted IP values for the 4 external CV folds. Shown for a) Support
Vector Regression, b) XGBoost with linear learners, and ¢) XGBoost with regression trees. Without log
transformations or Data Augmentation.

On the other hand, models obtained after log-transforming the IP values presented an
RMSEP 20% lower than non-transformed models. This could be explained by the reduction of
data skewness after applying the log-transform, resulting in all samples contributing more
equally to the model error and a better fit (see figure 3.8b). For this set of models, XGBoost
Linear presented the highest accuracy, with an RMSEP of 6.75 h, corresponding to a relative
error of 122.9%. XGBoost Linear is followed by SVR-RBF and XGBoost Tree, with a relative
RMSEP of 145.8% and 147.7%, respectively. However, despite presenting a higher accuracy,
XGBoost Linear tends to overfit the data, having an RMSEP to RMSEC ratio of 12.5, while
SVR-RBF has a RMSEC to RMSEP ratio of 1.5.

The parity plots in figure 3.12 show the results of models after log transformation. The log
transformation improves the accuracy of the models, but difficulties persist in accurately predict-
ing the IP of iso-paraffins, particularly highly branched structures like 2,2,4-trimethylpentane,
2,2,4,6,6-pentamethylheptane, and 2,2,4,4,6,8,8-heptamethylnonane. We attribute this problem
to the non-linear relationship between the number of quaternary carbons and the IP and the
poor representation of these compounds in the database (see figure 2.12). Another major chal-
lenge for the accurate prediction of iso-paraffin stability is the limited number of compounds
in the database compared to the vast number of possible isomers. For example, there are 618
045 structural isomers in the C;-C,, carbon range [247]. Modeling limitations caused by the

database size and class imbalance can be partially mitigated by performing DA
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FIGURE 3.12 - Back-transformed reference vs. predicted IP values for the 4 external CV folds for models
obtained using log(IP), without Data Augmentation. Shown for a) Support Vector Regression, b)
XGBoost with linear learners, and ¢) XGBoost with regression trees.

As shown in table 3.5, data augmentation systematically improved the performance of all
three algorithms by reducing the prediction error for underrepresented classes and iso-paraffins.
For models trained without log-transformed data, RMSEP was reduced by 30% to 40% with
respect to their non-augmented counterparts, with XGBoost Tree being the best-performing

algorithm.

Figure 3.13 illustrates the results of the models trained for the prediction of the IP in h,
after Data Augmentation. The use of Data Augmentation significantly improves the accu-
racy of the models for all the hydrocarbon families, including iso-paraffins. However, the
models still present limitations for the prediction of low IP values due to the data skewness.
Figure 3.14 presents the results of the models incorporating log transformation following
Data Augmentation. Among them, the XGBoost Linear model, utilizing the combination
of log transformation and Data Augmentation, demonstrates the best overall performance.
Although DA improves the accuracy of the models, the prediction error of the best model
remains relatively high (RMSEP = 2.67 h, i.e., an average relative error of 48.6%). This error
is well above the repeatability of the reference method (11.7%). Consequently, the model can
be considered a semi-quantitative tool, useful for initial hydrocarbons screening but not for

precise quantitative prediction.
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TaBLE 3.5 — Model performance metrics for SVR-RBF, XGBoost with linear learners and XGBoost with
regression trees learners applied on the data set resulting from DA. RMSE values were averaged across
the 4 external cross-validation folds.

Optimal
Model Scale RMSEC RMSECV RMSEP
hyper-parameters
o =0.25
SVR-RBF C =100.00 hour 3.76 6.71 6.84
€ =0.00
n_rounds = 250
XGBoost eta = 0.05
) hour 1.63 6.65 4.67
Linear A=2
a =15
n_rounds = 150
eta=0.2
max_depth = 8
XGBoost
Yy = 0.66 hour 2.32 6.09 4.36
Tree
colsample_bytree = 1
min_child_weight=0.25
subsample = 0.33
o = 0.006
SVR-RBF C =10 log 0.48 1.24 0.88
log-transform - hour 4.24 5.87 5.10
€e=0.1
n_rounds = 750
XGBoost
) eta = 0.05 log 0.17 1.21 0.67
Linear
A=1 hour 1.59 3.84 2.67
log-transform
a=0
n_rounds = 200
eta=0.3
XGBoost max_depth = 6
log 0.22 1.10 0.78
Tree y=0
hour 2.14 4.15 3.42

log-transform

colsample_bytree = 0.66
min_child_weight=0.5

subsample = 1
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FIGURE 3.13 - Reference vs. predicted IP values for the 4 external CV folds after Data Augmentation.
Shown for a) Support Vector Regression, b) XGBoost with linear learners, and ¢) XGBoost with
regression trees.
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3.4.2 Prediction of Induction Period trends

The capacity to predict the IP of hydrocarbons through ML-QSPR methods also offers a valuable
tool for both validation and the analysis of trends. In this section, predictions generated using
the best model (XGBoost Linear) together with the available experimental data are used to
analyze four evolution trends for IP with some molecular features: the effect of the paraffin
carbon number, the influence of linear side-chain length on mono-aromatic compounds, the
impact of the methyl group substitutions on an aromatic ring, and the number of carbon atoms

in 1-olefins.
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Figure 3.15a shows that the Induction Period of paraffins is negatively affected by the

carbon atom number. Furthermore, the model is able to capture said trend, where the IP rapidly

decreases until carbon number 10, and then reaching a plateau at about 2.5 hours [90, 248].
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FIGURE 3.15 — Experimental and predicted trends using the XGBLinear model, trained on
log-transformed data and with DA. a) Induction Period as a function of the carbon number in linear
paraffins. b) Induction Period as a function of the linear side chain length in mono-aromatic
compounds. ¢) Induction Period as a function of the number of methyl substituents on an aromatic
ring, for benzene, toluene, m-xylene, mesitylene, durene and pentamethylbenzene. d) Induction Period
as a function of the carbon number in 1-olefins. IP values are reported at 140 °C, except for olefins,

which are reported 100 °C.

Interestingly, the model doesn’t capture the deviation from the trend for n-tridecane,

suggesting that the model is capable to overcome this sort of experimental artifacts. Figure 3.15b

illustrates the negative correlation between the Induction Period and the linear side chain
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length in aromatic compounds. For benzene and toluene, the model overestimates the IP by
approximately 25%. However the accuracy of the model predictions increases for aromatic
compounds with longer side chains. Noting that for side chains composed of 3 carbon atoms
and more, IP values reach a plateau at about 2.5 hours. Figure 3.15c presents the effect of
the number of methyl substituents on the IP of mono-aromatic compounds. For molecules
containing less than 3 methyl group substituents, the IP is not negatively affected, with IPs
roughly equal to 20 hours. However, the stability decreases when 4 or more substituents
are present, with IP of about 2 hours. Our model is able to reproduce this general trend,
presenting a higher prediction error for compounds with less than 4 substituents. Figure 3.15d
shows the relationship between IP values and carbon atoms number in 1-olefins. As noted
in Venegas-Reynoso et al. [248], the variation in IP with carbon number is not statistically
significant when considering the method repeatability. The model effectively reproduces the
experimental trend across the Cg to C;4 range and provides estimates for missing values in the

literature.

3.4.3 Model interpretation

In addition to making predictions, another key objective of modeling is to gain insights into the
relationships between input features and the studied phenomena. Although the accuracy of our
model remains limited at some points, its interpretation enables us to examine the connections
between molecular features and oxidation stability and contrast these results with real data.
The SHAP values and mean absolute SHAP values for the top-performing model, XGBoost
Linear with log-transformation and DA, are shown in figure 3.16a and figure 3.16b, respectively.
For clarity, model features are encoded as presented in table 3.3. Next, according to their mean
absolute SHAP value, we will talk about the ten most descriptive traits. Temperature (T), which
shows a negative correlation with the Induction Period, is the most significant feature. The

literature has provided substantial documentation of this trend [50, 90, 125].

The results show that an approximate doubling of the Induction Period occurs when the
temperature is reduced by 10 K [62]. The number of allylic carbons with at least one hydrogen
in non-conjugated double bonds (X18), which also adversely affects the IP, is the next crucial
characteristic. Because of the strong reactivity linked to the generation of resonance-stabilized
allylic radicals, olefins are recognized for having low oxidation stability [89, 159]. This outcome
is consistent with our earlier research [248], which found that, as long as the substituting
carbon atom keeps at least one hydrogen atom, olefin reactivity positively correlates with the
extent of hydrogen substitution at vinylic sites. The amount of secondary carbons bonded
to aliphatic carbons that are not in a ring is the third most important molecular descriptor
(X4). Since hydrocarbon stability, such as that of linear alkanes or alkyl-aromatics, decreases

with the length of the paraffinic chain, this molecular property is inversely connected with
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the Induction Period [89, 90, 248]. The molecular mass (X14) is the fourth most significant
attribute. It has a strong correlation with the sixth-most significant feature, the total amount
of hydrogen atoms (X1). The oxidation stability has a positive correlation with both features.
The IP values of n-hexane (7.5 h) and n-eicosane (2.1 h) in the linear alkanes family suggest
that larger molecules are generally less stable [90]. There are, however, certain exceptions;
compounds with large molecular masses, like biphenyl and methyl-naphthalene isomers, have
high IP values.

The number of primary carbon atoms in non-cyclic paraffins (X2), which shows a positive
link with the IP, is the fifth most significant property. The great stability of quaternary carbons,
which are frequently found in heavily substituted compounds in our sample, may be the
cause of this trend. In contrast, the preponderance of tertiary carbon atoms in other highly
substituted compounds, like 2,3,4-trimethylpentane, results in reduced stability. The number
of tertiary C-atoms linked to an aromatic ring (X11) that are not in a ring, like the benzylic
centers in cumene, p-cymene, 1,4-diisopropylbenzene and 1,3,5-triisopropylbenzene, is the
seventh most important feature. This quantity exhibits a negative correlation with the IP.
Compared to the C-H bond-dissociation energies of primary and secondary C atoms attached
to aromatic rings, tertiary benzylic centers exhibit heightened reactivity due to increased
substitution. For instance, IP of cumene is approximately 80 and 65 times than those of toluene
and ethylbenzene, respectively. When secondary carbon atoms within a ring are joined to an
unfused aromatic ring (X35), as is the situation with the benzylic carbon atoms in tetralin, the
result is comparable but opposite. Because of the ring strain instability and higher reactivity
associated with benzylic sites, this characteristic has a negative correlation with the IP [248].
The next critical feature is the number of aromatic carbon atoms (X15), which present a positive
correlation to the IP. Because benzene’s C-H bond-dissociation energy produces an unstable
phenyl radical, aromatics are highly stable [249]. Naphthalene and biphenyl likewise show this
trend, with high IP values of 33.5 and 25.4 hours, respectively [248]. The number of quaternary
carbon atoms connected to unfused aromatic rings (X13), which includes stable compounds
like tert-butylbenzene and tert-pentylbenzene, is the tenth most significant feature. The lack
of H-atoms in the benzylic site, which are frequently engaged in hydrogen abstraction, is what

gives these compounds their stability [50, 248].

On the other hand, some features have minimal impact on the model predictions. This is
particularly true for features present in only one sample, such as the number of tertiary carbons
in a ring adjacent to an aromatic carbon (X32), for example, in 1,5-dimethyltetralin, or the
number of secondary carbons attached to a naphthalene ring (X42). Another case of features
considered unimportant is when two similar molecules, for instance, 1- or 2-methylnaphthalene,
and naphthalene, have similar IP values. Thus, the number of primary carbons attached to

the naphthalene ring (X40) has a SHAP value close to 0. Therefore, the interpretation of our
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model: XGBoost Linear, with log-transformation and DA.

model’s SHAP values depends on the dataset and may change as additional molecules are

included.

3.5 Conclusions

ML-QSPR based models provide a fast and accurate alternative to the traditional kinetic
modeling approaches for the determination of molecular physico-chemical properties. In this
work, we presented the first attempt to develop ML-QSPR models for the prediction of the
Induction Period for pure liquid phase hydrocarbons using Support Vector Regression with the
Radial Basis Function kernel (SVR-RBF), and eXtreme Gradient Boosting with tree (XGBoost
Tree) and linear (XGBoost Linear) learners. We also studied the effect of log-transforming
the reference Induction Period and applying Data Augmentation, on the predictive power of
the models. We observed that despite presenting overfitting, XGBoost outperformed SVR-
RBF, while XGBoost Linear was the best-performing model. Furthermore, applying data
augmentation to the dataset reduced the model’s prediction error by 36 to 60% depending on
the algorithm. Thus, the overall best-performing model we obtained is XGBoost Linear for
log-transformed IP values and data augmentation, with RMSEP = 2.67 h, which represents a
relative error of 48.6%. While the model’s accuracy is not adequate for quantitative predictions
when compared to the reference method’s error (approximately 10%), it permits its use as

a semi-quantitative model. On the other hand, the calculation of SHAP values for model
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interpretation allows us to understand at a global level, the most relevant molecular features
for liquid phase oxidation reactivity and their correlation to the Induction Period. At a local
level, SHAP values help to understand which features are responsible for the predicted values
of a given sample. ML-QSPR models, combined with the analysis of key molecular features
influencing hydrocarbon oxidation stability, can serve as an effective screening tool in the
development of Sustainable Aviation Fuel. Future work may focus on the improvement of
model accuracy, by increasing the dataset size, investigating new molecular descriptors, and
possibly, supplementing said descriptors with other chemical information, such as spectral
data.



Chapter 4

NIR spectroscopy-based modeling of the

oxidation stability of hydrocarbons

4.1 Introduction

In the previous chapter, we explored a data-driven modeling approach known as Quantitative
Structure-Property Relationship (QSPR), a key area within cheminformatics. We examined
the process of encoding molecular structures into vector representations, developed a set of
molecular descriptors specifically relevant to oxidation stability, and presented the results of
the generated models. The chapter concluded with a model interpretation step, highlighting
the most significant descriptors influencing oxidation stability. Additionally, we discussed
how data-driven modeling typically functions as a "black-box," converting inputs into outputs
without need of internal mechanistic knowledge. While QSPR modeling utilizes molecular

representations as inputs, this chapter shifts focus to a different type of input: spectral data.

The use of spectral data as input for various types of models is a characteristic of chemo-
metrics, another field that integrates chemistry with statistics and multivariate analysis. In this
chapter, we present a new data-driven study based on the accelerated oxidation tests discussed
in Chapter 2 and spectral information of the samples in our database. For this, we will first
discuss different spectroscopic techniques, then we will provide a brief introduction to the

field of chemometrics and proceed to the modeling step and discussion of the modeling results.

4.2 Spectroscopic techniques

Spectroscopy is an analytical technique used to study the interaction of matter with elec-
tromagnetic radiation. The analysis of the different types of radiation-matter interactions;

absorption, emission, and scattering across various wavelengths provides valuable insights



88 NIR spectroscopy-based modeling of the oxidation stability of hydrocarbons

into the structure, composition, and properties of materials [250]. Said interactions can be

understood as follows:

« Absorption: When an atom, ion, or molecule transitions from a lower energy state to a
higher energy state, it absorbs photons whose energies match the energy gap between

these states [250]. For example, for a generic molecule, the absorption can be written as:

M+hy — M" (4.1)

where M is a generic molecule in ground-state, hv the energy of photon expressed as the
product of Planck’s constant and v the frequency of the radiation, and M*, the molecule

in its excited state.

« Emission: The process where a chemical species in a higher energy state loses energy,
emitting a photon.
M* — M+ hv (4.2)

« Scattering: Scattering is the process by which electromagnetic radiation is redirected
or deflected as it interacts with particles on molecules. There are two main types of
scattering: elastic or Rayleigh scattering, and inelastic or Raman scattering. In Rayleigh

scattering, the both deflected and incident photons have the same wavelength (v, = v,):

M+hV1 - M+hV2. (43)

In contrast, in Raman scattering, the deflected and incident photons have different
wavelengths due to energy transfer to the molecule. It is estimated that about 1 in 107 of
the deflected photons undergo Raman scattering, making it a relatively rare phenomenon
[251, Chapter 13]. Moreover, this type of scattering can be further divided into two
categories [252]. The first is Stokes Raman scattering; when a molecule gains energy
and moves from the ground vibrational state to an excited vibrational state, thus the

scattered photon has lower energy (v; > v»):

M+ hV1 - M* + th. (44)

The second type of inelastic scattering is anti-Stokes Raman scattering; when a molecule
loses energy and moves from an excited vibrational state to the ground state, thus, the

deflected photon has higher energy (v, < v,):

M*"l‘hvl - M+hV2, (45)
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The core of spectroscopy is the electromagnetic spectrum, a continuous range of wave-
lengths and frequencies of electromagnetic radiation. The spectrum can be divided into regions
based on the wavelength and energy of the radiation. These regions include gamma-rays,

X-rays, ultraviolet (UV), visible light, infrared (IR), microwaves, and radio waves, as shown in

figure 4.1 [253].
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FIGURE 4.1 — The electromagnetic spectrum and the boundaries between its different regions.
Reproduced from LibreTexts [253].

Each region of the electromagnetic spectrum produces different and specific radiation-
matter interactions. For instance, gamma-rays cause nuclear transitions, while X-rays are linked
to inner shell electron transitions, useful for elemental analysis. Ultraviolet and visible light
primarily induce valence electron transitions, which help to understand electronic structures.
In contrast, infrared radiation is closely related to molecular vibrations, and microwaves
correspond to molecular rotations. Radio waves, on the other hand, are employed in nuclear
magnetic resonance (NMR) spectroscopy, which study nuclear spin transitions [253]. Thus,
various methods have been developed to exploit these interactions for the analysis of matter.
A summary of the electromagnetic spectrum regions, the types of interactions they produce,

and the corresponding techniques is provided in table 4.1.

In this work, we will focus on molecular spectroscopic techniques that are useful for
the analysis of hydrocarbons. Thus, we will omit Mdssbauer, X-ray, and atomic absorption

spectroscopies, since they are mainly used for elemental analysis.
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TaBLE 4.1 — Absorption and scattering spectroscopic techniques across the electromagnetic spectrum.
Adapted from LibreTexts [253].

Electromagnetic  Type of atomic or . .
. . Spectroscopic technique
spectrum region molecular transition

Gamma-rays Nuclear Maossbauer spectroscopy
X-rays Core-level electrons X-ray absorption spectroscopy
UV/Vis Valence electrons UV/Vis spectroscopy

Atomic absorption spectroscopy
IR Molecular vibrations Infrared spectroscopy

Raman spectroscopy

Microwave Molecular rotations Microwave spectroscopy
Electron spin Electron spin resonance spectroscopy
Radio wave Nuclear spin Nuclear magnetic resonance spectroscopy

4.2.1 UV-Vis spectroscopy

UV-Vis spectroscopy operates on the principle of light-matter interactions within the ultraviolet
(= 180 — 400 nm) and visible (= 400 — 700 nm) spectral regions. At these wavelengths, valence
electron transitions occur, involving the promotion of electrons from the Highest Occupied
Molecular Orbital (HOMO) to the Lowest Unoccupied Molecular Orbital (LUMO). As shown
in figure 4.2, in sigma bonds, the transition is denoted as ¢ — ¢*. Likewise, electrons from
pi-bonding orbitals can be promoted to anti-bonding pi orbitals (¢ — ¢*). Similarly, lone
electron pairs in non-bonding orbitals (n) from heteroatoms can be excited to anti-bonding pi

(n — 7*) orbitals, or anti-bonding sigma (n — ¢*) orbitals [254].

X 0" (anti-bonding)
> y % ' (anti-bonding)
o n (non-bonding)
[

- n (bonding)
o (bonding)
Bond c-C c=C C=0
Transition 0 — o n-rm m-T

*
n-m

FIGURE 4.2 - Electronic transitions in the UV-Vis region. Adapted from LibreTexts [255].
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UV-Vis spectroscopy is a type of absorption spectroscopy, where the spectrometer measures
the ratio between the intensity of light emitted by the source and the intensity of light after it
passes through the sample. This ratio is directly related to the sample concentration according
to the Lambert-Beer law [256]:

I
A =log,, (7‘)) = elc (4.6)

where:

A is the absorbance, which is defined by the incident intensity I, and transmitted intensity
I,

€, the molar extinction coefficient, which depends on the sample,

[, the length of the light path, and

+ ¢, the analyte concentration.

In the context of fuel stability, UV-Vis has been used for the quantification of antioxidants
in biodiesel [257]. Although this spectroscopic technique allows for accurate compound
quantification, it does not provide specific structural information, such as the identification of
bonding patterns, rendering this technique unsuitable for the identification of useful molecular

patterns related to stability.

4.2.2 Infrared spectroscopy

IR spectroscopy is type of absorption spectroscopy, widely used analytical technique based on
the interaction of infrared radiation with matter. Molecules absorb radiation in the IR region
of the electromagnetic spectrum, causing vibrational transitions that lead to the deformation
of molecular bonds. These bond deformations can occur as stretching (changes in bond length)
or bending (changes in bond angles), depending on the energy and mode of vibration. For a
molecule to be IR-active, the vibration must result in a change in the dipole moment of the
molecule [258].

The IR region of the electromagnetic spectrum is typically divided into three subregions
[259, Chapter 1]:

« Near-Infrared (NIR): 12,821 to 4,000 cm™ (780 to 2,500 nm). This region is associated

with overtones and combination bands of fundamental vibrations.

« Mid-Infrared (MIR): 4,000 to 400 cm™! (2,500 to 25,000 nm). The most commonly used

region in IR spectroscopy, where fundamental vibrational transitions occur.

« Far-Infrared (FIR): 400 to 10 cm™ (25,000 to 1,000,000 nm). This region is associated

with low-energy vibrations, such as torsional and lattice modes in solids.
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The behavior of molecular vibrations can be approximated using the harmonic oscillator
model (see figure 4.3). In this model, two atoms in a bond are treated as masses connected by a
spring, where the bond acts as a restoring force. The harmonic oscillator assumption leads to

quantized vibrational energy levels, described by:

EVIB = hv (1) + %) (47)

where:

+ Eyp is the discrete vibrational energy levels,
« h, Planck’s constant,
« v, the vibrational frequency of the bond, and

+ U, the vibrational quantum number that takes integer values 0, 1, 2, etc.
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FIGURE 4.3 — Comparison of the harmonic oscillator and Morse potential energy curves as a function of
internuclear separation (r). The harmonic potential (blue curve) assumes equally spaced energy levels,
while the Morse potential (orange curve) better represents molecular vibrations, accounting for
anharmonicity and dissociation energy. D, represents the depth of the potential well, Dy is the
dissociation energy accounting for zero-point energy, and r, is the equilibrium bond length.
Vibrational quantum numbers (v) are shown for the Morse potential. Adapted from LibreTexts [260].

While the harmonic oscillator model provides a good approximation, real molecular vibra-
tions deviate from this behavior due to anharmonicity. For instance, the harmonic oscillator
does not consider bond-dissociation as the inter-nuclei distance increases. In the anharmonic
oscillator model, the energy levels are not equally spaced, as the potential energy well flattens
near bond dissociation. Furthermore, overtones (transitions beyond the fundamental, such
as U = 0 — 2) and combination bands become possible, leading to additional peaks in the

IR spectrum. Also, an anharmonicity constant, x,, for each bond, modifies the vibrational
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energy levels, improving the representation of real molecular behavior. Anharmonicity can be
described using interatomic interaction models for the potential energy, such as the Morse
potential [259, Chapter 1].

In this work, we will omit the discussion of the Far-Infrared (FIR) region, as it is primarily

used for the analysis of materials, peptides, proteins, and gases [261].

4.2.2.1 Near-infrared spectroscopy

Near-Infrared spectroscopy is an analytical technique that utilizes the near-infrared region of
the electromagnetic spectrum, covering wavelengths from approximately 780 to 2500 nm [259,
Chapter 1]. Its widespread applications in fields such as agriculture, pharmaceuticals, food
science, and environmental monitoring are largely due to its non-destructive nature, and rapid

analysis, often requiring minimal sample preparation [262].

When NIR radiation interacts with a sample, certain wavelengths are absorbed due to
molecular vibrations. These vibrations are characteristic of chemical bonds, particularly those
involving hydrogen atoms such as O-H, C-H, and N-H bonds. This makes NIR spectroscopy
particularly effective for analyzing substances rich in water, proteins, and hydrocarbons [259,
Chapter 1].

In the NIR region, absorption arises from overtone and combination bands, which are
less intense than fundamental vibrational transitions (U = 0 to v = 1). Overtone bands
arise from transitions that are integer multiples of fundamental vibrational frequencies. For
example, when the vibrational level transitions from v = 0 to v = 2, it is referred to as the first
overtone. Similarly, a transition from v = 0 to v = 3 corresponds to the second overtone, and
so on. On the other hand, combination bands result from simultaneous excitation of two or
more fundamental modes. These transitions produce broader and weaker absorption features
compared to the fundamental bands, but they are rich in information regarding the chemical

and physical properties of the sample [260].

The overlapping nature of NIR absorption bands can complicate spectral interpretation.
However, this spectral technique is routinely used for quantitative analysis when combined with
calibration models and chemometric techniques. Several studies involving NIR spectroscopy

in the context of fuels have focused on diesel and biodiesel blends.

Recent studies have demonstrated the versatility of NIR spectroscopy in fuel analysis. For
example, Velvarska et al. [263] employed NIR spectroscopy to predict the PetroOxy induction
period in diesel/biodiesel blends. Similarly, Wang et al. [264] combined NIR with SVR to
determine key fuel properties, including density, viscosity, and freezing point in diesel. More
recently, Varghese et al. [265] utilized NIR spectroscopy with multilinear regression to assess

various biodiesel oxidation properties, such as the conjugated diene, peroxide and iodine
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values, degree of unsaturation, oxidative stability index, among others. In these works, the
authors obtained satisfactory models for the determination of the aforementioned parameters.
Furthermore, the authors highlight that the portability of NIR spectrometers and the coupling

to optic fiber probes, make this technique a promising candidate for online analysis of fuels.

4.2.2.2 Mid-infrared spectroscopy

Mid-Infrared (MIR) spectroscopy is an analytical technique that studies the fundamental
vibrational modes of molecules, typically within the wavelength range of (4000-400 cm™?).
Fundamental vibrations, such as stretching, bending, and torsional motions, occur when
molecular bonds absorb specific frequencies of infrared radiation corresponding to their natural
vibrational frequencies. These vibrations are unique to the chemical bonds and functional

groups within a molecule [259, Chapter 1].

MIR spectroscopy provides detailed chemical information, including the identification of
functional groups, molecular structures, and covalent bond types. For example, the technique
can distinguish between single, double, and triple bonds, detect the presence of specific
functional groups, such as hydroxyl, carbonyl or amine groups. Furthermore, this technique
shows non-covalent interactions, such as hydrogen bonding. Additionally, MIR spectra are
highly specific, serving as molecular fingerprints for qualitative and quantitative analysis of

complex mixtures [258].

MIR spectroscopy has been used for the determination of carboxylic acid and phenol in
biocrude [266], and the total acid number in petroleum [267]. Although not directly related
to fuels, Wen et al. [268] developed a model to predict the oxidation stability of walnut oil.
The study involved measuring the MIR spectra of fresh samples, followed by the analysis
of the induction period using the Oxitest AOCS International Standard Procedure (Cd 12c-
16). Through model interpretation, the authors identified key spectral bands associated with
stability, including 3008, 1654, 914, and 723 cm™'. These bands correspond to =C—H and C=C
stretching, =C—H out-of-plane bending, and —CH,— rocking vibrations, respectively [268].

4.2.3 Raman spectroscopy

Raman spectroscopy, a branch of vibrational spectroscopy, enables the structural identification
and quantification of molecules by analyzing their unique vibrational fingerprints [269]. The
Raman effect, predicted by Smekal in 1923, was first observed experimentally by Raman and
Krishnan in 1928. During their experiments, one of Raman’s students discovered that when
sunlight filtered through violet glass passed through purified water and alcohol, the scattered
rays exhibited wavelengths different from those of the incident beam [252].
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As previously mentioned, this wavelength shift can occur in either direction, resulting in
Stokes and anti-Stokes Raman scattering (see figure 4.4). The intensity of anti-Stokes Raman
lines is generally weaker than that of Stokes lines, as their ratio is governed by the Boltzmann

distribution. Consequently, anti-Stokes scattering is less commonly used for analytical purposes
[252].
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FIGURE 4.4 - Energy diagram illustrating infrared absorption, Rayleigh scattering, and Stokes and
anti-Stokes Raman scattering. Infrared absorption involves direct transitions between vibrational states.
Rayleigh scattering is elastic, with no change in vibrational energy. Stokes scattering transitions to
higher vibrational states, while anti-Stokes transitions to lower states, resulting in longer or shorter
scattered wavelengths, respectively. Adapted from LibreTexts [270].

The intensity of a Raman signal is directly proportional to the magnitude of the change in
molecular polarization, while the wavelength shift of the scattered light provides information

about the molecular structure of the compounds [269].

Raman spectroscopy has been applied in several studies related to fuel analysis. These
include the discrimination and quantification of biodiesel in blends with fossil diesel [271],
the determination of Reid vapor pressure as well as motor and research octane numbers in

petroleum fuels [272], and the estimation of cetane numbers in jet fuel mixtures [273].

4.2.4 Nuclear Magnetic Resonance (NMR) and Electron Spin Reso-
nance (ESR) spectroscopy

Nuclear Magnetic Resonance (NMR) and Electron Spin Resonance (ESR) are powerful spec-
troscopic techniques used to study molecular and electronic properties. Both rely on the

interaction of magnetic fields with magnetic moments associated with nuclei or unpaired
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electrons. Below, we discuss the key principles, transitions involved, and the information

provided by these methods.

NMR spectroscopy exploits the magnetic properties of certain nuclei, such as '"H and "*C,
which possess a nonzero spin. In the presence of an external magnetic field (By), these spins
align in either a lower-energy state (parallel to By) or a higher-energy state (antiparallel to
By), a process known as Zeeman splitting (see figure 4.5) [274]. The energy difference (AE)

between these states is given by:

where:

« y is the gyromagnetic ratio of the nucleus, and

« h, the reduced Plank constant, equal to h/2s.

A E='thBo
m = -1/2
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FIGURE 4.5 — Zeeman splitting of a spin—% nucleus in a magnetic field (B, ), with an energy gap
AE = hyB, corresponding to NMR transitions. Adapted from LibreTexts [274].

Absorption of radiofrequency radiation matching AE causes transitions between the spin
states, generating the NMR signal. However, the chemical environment around a nucleus
influences its local magnetic field through electron shielding. This results in shifts in the
resonance frequency relative to a standard reference, such as tetramethylsilane (TMS). These
“chemical shifts” provide information about functional groups, bond types, and molecular
structure. Chemical shifts are reported in parts per million (ppm), denoted as §, which are
calculated as follows [275]:

Hre - Hsu
5:<—i__l)xw6 (4.9)
Hmachine

where:

 H,is the resonance frequency of the reference,
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+ Hyyp, the resonance frequency of the substance, and,

 Hipachines the resonance frequency of the spectrometer.

The use of chemical shift allows for direct comparison between experiments and systems.
While the chemical shift helps identify the types of functional groups in a molecule, the finer
details of the NMR spectrum arise from spin-spin coupling interactions. Spin coupling occurs
due to the magnetic influence of neighboring nuclei, splitting resonance peaks into multiplets.

For spin-; nuclei, the splitting pattern follows Pascal’s triangle:

« A single neighboring nucleus produces a doublet with a 1:1 intensity ratio.
« Two equivalent neighboring nuclei create a triplet with a 1:2:1 ratio.

« Three equivalent nuclei yield a quartet with a 1:3:3:1 ratio.

This splitting pattern, combined with the chemical shift, reveals relevant structural infor-

mation, such as the number of adjacent nuclei and their connectivity [275].

Given its ability to identify molecular features, such as bonding patterns and aromaticity,
NMR is a valuable tool for modeling material properties. For example, Kumar et al. [276]
utilized "H-NMR spectroscopy to determine the iodine value in biodiesel. In their study, the
authors analyzed the signal from the OCH; and a-CH, groups at 3.67 and 2.2 ppm, respectively,
to quantify the methyl ester content. Thus, the authors indirectly assessed the oxidation
stability of the samples, as it is inversely correlated to the iodine value.

Electron Spin Resonance (ESR) spectroscopy, also called Electron Paramagnetic Resonance

1

(EPR) spectroscopy, targets unpaired electrons, which have a spin quantum number S = ;

[277]. When subjected to an external magnetic field, the electron spin undergoes Zeeman
splitting, which results in two energy states, m, = +3, and m; = —J. The energy difference for

these two states, AE, is given by the equation [278]:

AE = gugB,, (4.10)

where:

« g is the g-factor, which is specific to the electronic environment, and roughly equivalent
to the chemical shift in NMR spectroscopy,
+ L, the Bohr magneton constant, and

« , the external magnetic field.

Transitions between these states occur upon absorption of microwave radiation matching
AE when there are unpaired electrons in the system. Interactions between unpaired electrons
and nearby nuclei cause “hyperfine splitting” in the ESR spectrum. This splitting provides
detailed information about the electronic structure and local environment, such as the number

of nuclei interacting with the unpaired electron and their spin states [279].
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ESR spectroscopy is a powerful tool for studying autoxidation processes due to its ability to
directly detect the formation of radicals. For example, Andersen [280] employed this technique
to investigate lipid oxidation, while Babic et al. [281] examined the formation of free radical
intermediates in polyalphaolefin base oil. However, because the radicals in these systems are
highly reactive and short-lived, both studies utilized spin-trapping methods to stabilize and
detect the radicals effectively.

4.3 Chemometrics

The term "chemometrics" was introduced by Svante Wold in 1974, who defined it as "the art of
extracting chemically relevant information from data produced in chemical experiments" [282].
This multidisciplinary field combines statistical, mathematical, and computational approaches
to optimize experimental designs and measurement procedures. It aims to maximize the
extraction of chemical information from experimental data [283]. Some examples of problems
that concern chemometrics include multivariate calibration, sampling theory, time series
analysis, pattern recognition, data reduction, experimental design, signal deconvolution, image

analysis, multivariate curve resolution, among others [284].

In this thesis, we discuss three topics closely related to our objective of developing a model

based on NIR spectra; pre-processing, dimensionality reduction, and regression techniques.

4.3.1 Pre-processing

Spectroscopic data often contain undesirable artifacts such as noise, baseline drifts, and physical
effects that obscure chemically relevant information. Pre-processing is an essential step to
minimize the influence of these artifacts, isolate the chemical signal, and improve the quality
of subsequent models. For example, in Near-Infrared Spectroscopy (NIRS), light scattering
alters the path-length of the light beam traveling from the sample to the detector, which in

turn changes signal intensity and lowers the predictive accuracy of models based on raw data.

Common artifacts encountered in spectroscopic data include additive and multiplicative
effects, response curvatures, wavelength shifts, and random heteroscedastic noise. These

effects can be expressed as:

zZ= f(ztrue) = bztrue + a, (411)

where:

« z is the experimentally measured spectrum,

* Ziye, the spectrum containing only chemical information,
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« a, a constant offset, and

+ b, a scaling factor.

To address these challenges and ensure that spectroscopic data accurately reflects the
underlying chemical information, various pre-processing techniques have been developed.
The methods described below, aim to mitigate specific artifacts and enhance the quality of the

data for subsequent analysis.

+ Centering: There are various centering algorithms available; however, the most com-
monly used in spectroscopy is mean-centering. Mean-centering involves calculating the
mean for each column of the data matrix and subtracting these mean values from every
data point in each spectrum. This approach is particularly useful for removing offsets

and enhancing numerical stability during model development [285].

« Scaling: These techniques are used to normalize the magnitude of the data. Some
methods include auto-scaling, where data is mean-centered and divided by the standard
deviation in a column-wise manner. However this approach is rarely used in spectroscopy
since it can amplify the influence of noise. Another technique is Min-Max scaling, which
transforms the data into a specific range, usually [0, 1], by applying the formula [286]:

Z — Ziin

Zscaled =~ (412)

Zmax — Zmin

+ Scattering correction: Scattering affects the measured spectra, when sample particles
have at least one dimension that is roughly the same magnitude as the radiation wave-
lengths [287]. There are two pre-processing techniques that are widely used; Standard
Normal Variate (SNV) and Multiplicative Scatter Correction (MSC). SNV centers and
scales each spectrum by subtracting its mean and dividing by its standard deviation,
effectively removing baseline shifts and scaling issues. MSC, on the other hand, normal-
izes spectra by regressing them against a reference spectrum. Both methods are widely
used to correct additive and multiplicative effects, improving data quality and enhancing
the interpretability of models [288, 289].

+ Spectral Derivation: Derivation is a powerful technique for correcting spectral dis-
tortions, and increasing spectral resolution by highlighting overlapping peaks. The
most widely used algorithm is Savitzky-Golay (SG) [290]. SG smooths data by fitting
a polynomial to each data point and its N neighbors, then, it calculates the derivative
of the fitted polynomial. In broad terms, the first derivative removes additive effects,
while the second derivative suppresses both additive effects and baseline slopes. A
combination of SNV or MSC with second derivatives can be effective for correcting

slopes and multiplicative effects [291].
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« Smoothing and Noise Reduction: These techniques are used to reduce random noise
in the signal. Two common algorithms are wavelet transforms and the use of the SG
without the derivation step [286, 290].

« Wavelength Shift Correction: Wavelength shifts occur when the "true" spectrum z,.

is shifted relative to the measured spectrum z by §(j) units:

2(j + 6(J)) = Zirue(J)- (4.13)

Techniques for correcting shifts include aligning spectra by maximizing the correlation
between measured data and a reference. In NMR spectroscopy, data binning is frequently
used, dividing spectra into discrete intervals, integrating the signal, and using these as

model inputs [287].

« Baseline Correction: Baseline correction aims to remove broad, undesired variations in
spectral intensity. One simple approach is polynomial fitting, where a polynomial of order
n is fitted to the baseline and subtracted from the spectrum. Advanced methods, such as
Asymmetric Least Squares (ALS) [292] and wavelet-based algorithms, offer flexibility
in handling more complex baseline shapes. Software packages like R’s baseline

implement these and other methods [286].

Selecting the optimal pre-processing technique is a complex task, often requiring the
combination of multiple methods to address the diverse disturbances present in observed
spectra. An inappropriate choice of pre-processing can fail to isolate the chemical signal or,
even worse, introduce artifacts or eliminate relevant information [287, 293]. The selection
process often depends on the characteristics of the data set and the specific requirements of
the analysis. As there is no universal pre-processing method suitable for all cases, careful

validation is crucial to ensure meaningful and reliable results.

4.3.2 Dimensionality reduction

Many of the experimental techniques used nowadays produce huge amounts of data, difficult
to process due to their high dimensionality. In the case of spectroscopic data, a spectrum can
contain several thousands of dimensions, which correspond to the acquisition channels. In
order to analyze these complex data, several techniques for reducing its dimensionality have

been developed, with Principal Component Analysis (PCA) being the most used method.

PCA is a linear transformation technique that projects data onto a new set of orthogonal
variables, known as Principal Components (PCs) which are ranked according to the amount
of variance they capture in the data [294, Chapter 19]. Principal Components are linear

combinations of the original variables. PCA starts by calculating the covariance matrix C:
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C=X'X, (4.14)

where X is a mean-centered matrix with dimensions, N x M, in the case of spectral data,
the matrix consists of N samples and P wave-channels. Then, PCA finds the direction of the

data space with the greatest covariance, this direction can be represented as the vector vyx:
_ T
Vimax = arg ﬁn”aulc (v Cv) ) (4.15)
V||=

After obtaining v, this vector can be used to calculate the eigenvalue A, which represents

the amount of variance in the direction of v,y:

Viax = W (4.16)
T
C
1= (4.17)
wW'w

In order to obtain all the eigenvectors of C, all the w vectors can be arranged as columns
of the W matrix:

A=(WW)(WCW) (4.18)
A=W 'WTW'CW (4.19)
A=W'CW (4.20)

WA =CW (4.21)

where A is a diagonal matrix containing the eigenvalues in its elements. From equa-
tion (4.21), it is possible to decompose X into a set of “scores” T and “loadings” P (which are

the same as the eigenvectors W):

X =TP" +E (4.22)

where E represents the unexplained variance matrix. Although the corresponding eigenval-

ues and eigenvectors do not have an inherent order, they are typically arranged in decreasing
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order of eigenvalue magnitude. To reduce data dimensionality, only a subset of the Principal
Components (PCs) is retained, which is related to the signal-to-noise ratio observed in the
dataset. Additionally, alternative approaches like cross-validation can guide the selection of
the optimal number of PCs [209, 295].

One of the most important uses of PCA is visualization and interpretation. For instance,
plots of the data points projected onto the new orthogonal space, known as “scores plots”,
help to find patterns in the data that may be useful for other purposes, such as classification or
outlier detection [209]. Loading/loading plots allow to identify the variable contribution for
each PC. In the case of spectroscopic data, it is possible to plot the wavelengths vs the loadings,

allowing to show the relevant spectral regions for a given PC.

PCA can also be used to initialize other algorithms. For instance, in Multivariate Curve
Resolution (MCR), the number of components in a mixture can be estimated with PCA. Fur-
thermore, more complex dimensionality reduction algorithms, such as t-distributed Stochastic
Neighbor Embedding (t-SNE) [210] and Uniform Manifold Approximation and Projection
(UMAP) [296], have been shown to better capture the data structure when initialized with
PCA [297].

Although PCA is by far the most widely used dimensionality reduction technique, there are
scenarios where its application is discouraged. For instance, PCA operates on the assumption
that directions of maximum variability are the most significant. This can result in the failure
to capture local data structures if the corresponding samples exhibit low covariance relative
to the entire dataset. Additionally, in cases of noisy data, PCA may inadvertently prioritize
noise in the first Principal Components, compromising the representation of meaningful
patterns [297]. On the other hand, advanced non-linear dimensionality reduction algorithms,
such as the previously mentioned t-SNE and UMAP, have been developed. These non-linear
techniques offer a balance between preserving local and global data structures, making them
particularly effective for classification tasks [298]. However, the non-linear transformations
involved in these methods complicate the interpretation of the resulting variables, as they lack

a straightforward relationship to the original data dimensions

4.3.3 Multivariate regression

Similarly to QSPR, chemometric approaches frequently involve regression tasks to predict target
properties based on measured data. In spectroscopy, data obtained from techniques such as
MIR, NIR, and Raman spectroscopy are often correlated with reference values. These reference
values, obtained using standardized methods, are highly accurate but typically expensive, time-
intensive, or require extensive sample preparation [299]. Chemometric regression methods
provide an efficient alternative, enabling rapid and minimally invasive measurements with little

to no sample preparation. However, these models face challenges such as limited transferability
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between different sample matrices or measurement conditions, often necessitating recalibration

or adaptation to maintain predictive accuracy [300].

One of the most widely used regression algorithms in chemometrics is Partial Least Squares
Regression (PLSR), valued for its robustness in handling highly correlated and noisy data,
such as spectroscopic datasets. PLS constructs a set of "latent variables", which are a linear
combination of the original variables. These latent variables are designed to maximize the
covariance between the predictor matrix X and the response matrix Y. By capturing the
most relevant shared variance, PLS facilitates accurate predictions of Y while mitigating the
influence of noise and multicollinearity [301, 302]. Furthermore, as a linear method, PLS offers
high interpretability by directly linking predictor variables to the response variable through a

linear relationship.

PLS has been extensively combined with various spectroscopic techniques to predict
oxidation stability and other properties of oils, diesel, biodiesel, and their blends. For instance,
Wen et al. [268] utilized MIR spectroscopy to model the IP of walnut oil samples, while
Velvarska et al. [263] employed NIRS and PLS to predict the PetroOxy IP of diesel and biodiesel
mixtures. Similarly, Cayuela Sanchez et al. [303] used NIRS spectroscopy to analyze olive oils,
predicting the Rancimat IP and other quality parameters such as free acidity, peroxide value,

and conjugated dienes.

More recently, regression tasks in chemometrics have adopted more sophisticated algo-
rithms borrowed from machine learning, including SVM, regression trees, and Artificial Neural
Network (ANN). These methods offer the ability to model complex, non-linear relationships,

often outperforming linear approaches while sacrificing interpretability [304].

A key distinction between our work and the studies mentioned in the literature lies in the
focus of the modeling approach. The prior works [263, 268, 303] rely on Beer’s law, as they deal
with fuel blends where the Induction Period is expressed as a function of the concentrations of
mixture components. Conversely, our work focuses on pure hydrocarbons, aiming to represent
oxidation stability as a function of molecular structure. This structure is encoded through the

presence or absence of specific absorption bands in the spectra.

In this study, we selected SVR as the regression algorithm for its ability to model non-
linear relationships and its efficiency in handling datasets with thousands of features, such
as spectroscopic data. Compared to methods like XGBoost, SVR offers significantly shorter

training times, making it particularly well-suited for this application.
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4.4 Materials and methods

4.4.1 Near-Infrared spectroscopy

NIR spectra were acquired using an ABB NIR spectrometer (Model MB3600) equipped with
a Deuterated Triglycine Sulfate (DTGS) detector operating in transmission mode. For this
study, we only considered the fresh hydrocarbons prior to conducting the accelerated oxidation
experiments. The NIR measurements were performed using a 2 + 0.02 mm cell (QX quality,
Hellma) under controlled conditions at a temperature of 27.5 °C, maintained using a Peltier
cell. The spectral range covered wavelengths from 833 to 2500 nm (12 000 to 4 000 cm ). For
each sample, 100 scans were conducted to improve the signal-to-noise ratio, and the resulting
average spectrum was used for subsequent analysis. The spectrometer was calibrated before

measurements to ensure accuracy and reproducibility.

4.4.2 Model development

For the development of the models we employed a framework similar to that used for QSPR-

based models. As such, only a brief description of the methodology will be provided here.

The NIR spectra ranging from 833 to 2265 nm for 82 pure hydrocarbons were utilized,
resulting in a matrix of dimensions 82x3933. This matrix served as the reference for generating
the regression matrix. To achieve this, we considered the number of unique temperature-sample
combinations. Each hydrocarbon’s spectrum was replicated based on these combinations,
with the experimental temperature (in Kelvin) appended as an additional column (figure 4.6).
Consequently, the final matrix had dimensions of 205 x 3934.

Temperature
vector

Spectrum, Spectrum; i
Spectrum, T,
+ [ ] Spectrum; Ts
o [ ]

Spectra matrix Regression matrix

[ Spectrumsp | * .
hd .

FIGURE 4.6 — Generation of the regression matrix for the NIR-based model.

In this work, we applied various pre-processing algorithms to treat the spectra before
proceeding to model development. Specifically, we employed several methods, including
Iteratively Reweighted Least Squares (IRLS) [305, Chapter 7] for baseline correction, MinMax
scaling, and Savitzky-Golay for spectral differentiation. Additionally, we tested multiple
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combinations of these methods to determine their impact on the resulting models. For the
modeling step, we exclusively used SVR-RBF. This choice was made because XGBoost, in both
its linear and regression tree implementations, proved to be too computationally intensive
given the high dimensionality of the data. We emphasize the need of a non-linear algorithm
to account for the strong non-linear relationships between molecular structure features and
the induction period, as previously discussed in Chapter 2. Due to the positive data skewness,
we performed the modeling on the log-transformed IP value. As in the previous section, all
data manipulation and modeling was performed using the R programming language [231],
along the caret [232], kernlab [233] and packages. We also used the baseline [306] and
hyperspec [307] packages for the implementation of the IRLS algorithm and the manipulation

of spectra data files, respectively.

Model validation followed a nested cross-validation approach as previously described. This
approach included 10 internal folds (i = 10) for hyper-parameter tuning and 5 external folds
(k = 5) for model evaluation. To ensure diversity in the training set, the Interesting Feature
Finder algorithm [238] was employed to identify the most distinct spectra in the dataset. Using
this algorithm, five extreme spectra; cyclopentane, n-propylbenzene, n-butylcyclohexane,
and 1-hexene, were selected and fixed in the training set. Database splitting was performed
randomly using a compound-out strategy. Under this approach, when a molecule was assigned
to a specific fold, all its instances (IP measurements at various temperatures) were included
in the same fold. As in the previous case, we aimed to minimize the RMSE during model

optimization.

4.5 Results

In this section, the discussion of the NIR spectra is divided into two parts. The first part focuses
on the analysis of the NIR spectra and the assignment of spectral bands, which is essential for
interpreting the NIR-based models. The second part discusses the results of the modeling step,
including the effects of various pre-processing techniques on accuracy and a comparison with
our best QSPR-based model.

4.5.1 Spectral analysis

4.5.1.1 Band assignment

In this study, we only measured the NIR spectra for the liquid samples in our database, resulting
in a total of 84 samples. Figure 4.7 shows the raw NIR spectra, colored by hydrocarbon family.
From the spectra, it is evident that the signal in the 2265-2500 nm region is saturated, requiring

its removal before further analysis. Additionally, two samples, corresponding to 1,5-hexadiene
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and 1,7-octadiene, exhibit a saturated band at 2230 nm. As this issue is exclusive to these
two samples, we opted to exclude them from our dataset to prevent further loss of spectral
information. Thus, the NIR spectra, from 833 to 2265 nm, for the remaining 82 samples, are

presented in figure 4.8.

n-paraffins(n-CnH2n+2) —— mono-olefins(CnH2n) —— di-olefins(CnH2n-2) mono-olefin-aromatics(CnH2n-8)
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FIGURE 4.7 — NIR spectra from 833 to 2500 nm, for the 84 compounds analyzed in this study. Overtone
regions are highlighted in blue and the combination regions in green.
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FIGURE 4.8 — Truncated NIR spectra from 833 to 2265 nm for the remaining 82 compounds. Overtone
regions are highlighted in blue and the combination regions in green.
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In the following analysis, we performed spectral band assignment based on the data
reported by Workman and Weyer [259, Chapters 2-4].

First, we examine the NIR spectra of linear alkanes. For this purpose, we selected n-pentane,
n-decane, and n-hexadecane, representing the shortest, an intermediate, and the longest liquid
linear alkanes in our database, respectively. As shown in figure 4.9, several characteristic bands

can be identified:
1. First Combination Region:
+ The methyl group (CHj) exhibits a combination of asymmetric stretching and
bending vibrations (v, + §).
2. First Overtone Region:

« Four prominent bands are observed, two for methyl (CH;) and two for methylene

(CH,) groups:
— Methyl groups: A band at 1693 nm and a second band at (1709 — 12.5 - F) nm,

where F is the CH; mole fraction in a given hydrocarbon.

— Methylene groups: A band at 1763 nm and an asymmetric/symmetric stretching
combination (v, + v) at (1708 + 25.1 - W) nm, where W is the CH, weight
fraction.

3. Second Combination Region:

« Signals arise from the combination of the first overtone and bending vibrations

(2v + ) of methyl and methylene groups:
— Methylene groups: A double peak at 1392 and 1412 nm.
— Methyl groups: A double peak at 1360 and 1377 nm.

4. Second Overtone Region:

« Strong bands are observed for methyl and methylene groups at 1192 and 1210 nm,

respectively.

+ Additional weaker methyl bands appear at 1153 and 1176 nm.

5. Third Overtone Region:

+ Methyl and methylene groups exhibit bands at 913 and 929 nm, respectively.

Overall, the NIR spectra show that methyl (CH;) signals are more intense in short-chain

linear paraffins due to their higher CH;:CH, ratio compared to long-chain linear paraffins.
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FIGURE 4.9 — a) NIR spectra of linear alkanes, including n-pentane, n-decane and n-hexadecane, from
833 to 2265 nm. Band assignments are highlighted.

In the case of branched alkanes, we present the spectra of several Cg isomers, namely
2-methylpentane, 2,3,4-trimethylpentane, and 2,2,4-trimethylpentane. For comparison, the

spectrum of n-octane is also included. Since the spectral band assignments are similar to those
of linear alkanes, we focus on discussing the differences.

As shown in figure 4.10a, the intensity of the CHj;-related bands increases with the degree

of substitution. For example, the band at 1693 nm exhibits an absorbance of approximately 0.8

for 2,3,4-trimethylpentane, compared to only 0.4 for n-octane.
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FIGURE 4.10 — a) NIR spectra of branched alkanes, including 2-methylpentane, 2,3,4-trimethylpentane,
and 2,2,4-trimethylpentane, from 833 to 2265 nm. The spectrum of n-octane is included for comparison.
Band assignments are highlighted. b) A magnified view of the NIR spectra for the same compounds,
focusing on the 1190 to 1610 nm region to provide a detailed examination of methine (CH) spectral
bands.

In contrast, signals associated with the methine group (CH) are significantly weaker than
those of methyl and methylene groups. For instance, the second first overtone (2v) of the

methine group is expected to appear in the 1700-1800 nm region. However, Wheeler [308]
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reported the presence of the 2™ overtone (3v) and the 2°¢ combination bands at 1225 nm and
1440 nm, respectively. In figure 4.10b, the 3v signal for 2,3,4-trimethylpentane, a compound
with three methine groups, can be observed. Nevertheless, this signal overlaps with the methyl
group absorption at 1210 nm, as shown for 2-methylpentane. Similarly, the 2" combination
band of methine groups is also absorbed, however other compounds without substitutions also
exhibit absorption in the same region. Lastly, quaternary carbon atoms cannot be detected with
this technique due to their lack of C—H bonds. Consequently, the weak absorption of methine
groups and the absence of signals from quaternary carbons present a significant limitation for

predicting the Induction Period from NIR spectral data.

For cycloalkanes, the NIR spectra are presented in figure 4.11. The first combination band
is partially observed at 2220 nm and is hypothesized to arise from stretching and bending
vibrations (v + 9). In the first overtone region, two distinct bands at 1727 nm and 1755 nm can

be identified, corresponding to asymmetric (2v,) and symmetric (2v;) stretching vibrations,

respectively.
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FIGURE 4.11 - NIR spectra of cycloalkanes, including cyclopentane, cyclohexane, cycloheptane,
cyclooctane and decalin, from 833 to 2265 nm. Band assignments are highlighted.

In the 2% overtone region, a band associated with C—H stretching from carbons in the
axial and equatorial positions of the ring is observed. Ring strain significantly influences the
spectral features of cycloalkanes. For example, in strained molecules such as cyclopentane,
the 3vCH band appears at approximately 1180 nm, whereas in less-strained cycloalkanes like

cyclohexane, cyclooctane, and decalin, this band is observed at around 1206 nm. Additionally,
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cyclopentane lacks the unassigned band at 1790 nm, which is present in the spectra of the

other cycloalkanes.

The NIR spectra of various alkenes are shown in figure 4.12. Below, the corresponding
band assignments are detailed.
+ First Combination Region:
- Four bands are observed:

« Three bands at approximately 2120, 2232, and 2174 nm are associated with

bending vibrations of the CH, group in the vinyl group (CH,=CH") of 1-
alkenes.

+ Fourth band at 2169 nm corresponds to the asymmetric stretching (2v,) of

the terminal allylic CH,, observed in trans-2-hexene.

+ First Overtone Region:

— Two bands are observed:

+ The first band corresponds to the first overtone of the C=C bond, appearing at
approximately 1677 nm.

+ The second band is related to the stretching vibration of allylic C—H, appearing
between 1613 and 1639 nm. This band is absent in trans-2-hexene and 2,3-
dimethyl-2-butene.

+ Second Combination Region:

— Three bands are identified:

+ Two bands at 1290 and 1361 nm are high-order overtones of the 2120 and 2232

nm bands.

« The third band at 1332 nm is the second member of the 2174 nm band progres-

sion.
« Second Overtone Region:
— A band between 1118 and 1124 nm corresponds to the 3vCH, vibration.

« Third Overtone Region:

— The 3™ and 4™ overtones are observed at approximately 878 nm and 873 nm,

respectively.
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FIGURE 4.12 — NIR spectra of cycloalkanes, including 1-hexene, trans-2-hexene, 2,3-dimethyl-2-butene,
and 2,4-dimethyl-1,3-pentadiene, from 833 to 2265 nm. Band assignments are highlighted.

The NIR spectra of cycloalkenes is presented in figure 4.13. In the first combination region,
an unassigned band is observed at 2141 nm in cycloalkenes. In the first overtone region,
another unassigned band appears at 1667 nm, which is exclusive to cyclopentene. Additionally,
a small double peak at 1653 nm is attributed to the stretching vibrations of the allylic CH,

groups. Lastly, the second overtone of the vinyl group is observed at 1139 nm.



4.5 Results 113

Compound — 1-hexene cyclohexane — cyclopentene cyclohexene

2.04

1.54
-
=] 2141 nm
< t assigned

not assigne

8 1667 nm, not assigned 9
c 1.0 .
g in cyclopentene only \
S
o
o]
<

0.5 1139 nm

3uCH in CH=CH
\1653 nm
0.0 -
LCH, in CH,-CH=C

800 1000 1200 1400 1600 1800 2000 2200
Wavelength (nm)

FIGURE 4.13 - NIR spectra of cycloalkenes, including cyclohexene and cyclopentene, from 844 to 2265
nm. The spectra of 1-hexene and cyclohexane are included for comparison. Band assignments are

highlighted.

Finally, the NIR spectra of aromatic compounds are shown in figure 4.14. The NIR spectrum
of benzene is particularly interesting because its fundamental vibrational bands are absent in the
mid-infrared region due to the molecule’s symmetry. However, its overtone and combination
bands are prominent in the near-infrared region. In the first combination region, five bands
can be observed at 2148, 2154, 2167, and 2188 nm. These bands primarily correspond to
combinations of CH stretching vibrations. Notably, the intensity of these bands decreases
with the presence of substitutions, as seen in 1,2,4-trimethylbenzene, and n-octylbenzene. In
the first overtone region, two combination bands appear for benzene at 1671 and 1689 nm.
Additionally, the first overtone of methyl groups (2vCHs) is visible at 1767 nm for alkylbenzene
derivatives. The second overtone of the aromatic C—H bonds is observed at 1132 nm, while
the overtone associated with substituents appears at 1192 nm. Lastly, the third overtone is

detected at 874 nm.
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FIGURE 4.14 - NIR spectra of aromatic compounds, including benzene, 1,2,4-trimethylbenzene, and
n-octylbenzene, from 833 to 2265 nm. The spectrum of n-octane is included for comparison. Band
assignments are highlighted.

4.5.1.2 Data visualization / Dimension reduction

In this section, we show the results from the PCA performed on the 82 mean-centered NIR
spectra, in the spectral range described in section 4.5.1.1. Figure 4.15 shows the cumulative
variance explained as a function of the number of principal components. As depicted, the first
eight PCs account for approximately 95% of the variance, while 18 PCs explain 99% of the

variance.
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F1GURE 4.15 — Cumulative variance explained by the first 20 Principal Components (PCs) of the dataset.
The plot shows that the first few PCs capture the majority of the variance.
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We discuss the first three PCs, as they represent approximately 80% of the variance alone.
Figure 4.16 shows the scores plot for PC1 vs. PC2. In figure 4.16a, the color gradient reflects
the log(IP) values, ranging from low (blue) to high (red). It is not possible to observe a clear

pattern relating the IP and the NIR spectra based on this projection.

Figure 4.16b illustrates the formation of overlapping clusters corresponding to different hy-
drocarbon families. Saturated compounds, including n-paraffins, iso-paraffins, and naphthenes,
are positively projected along PC1, while mono- and di-aromatics are negatively projected.
Olefins and di-olefins are found near the coordinate 0. This distribution indicates that PC1

effectively discriminates between aromatics, olefins, and saturated compounds.
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FIGURE 4.16 — Scores plot for PC1 vs. PC2 based on raw NIR spectra. The data points are color-coded to
represent a) log(IP) values and b) hydrocarbon families.

This separation is further corroborated when observing the loadings plot of PC1, and the
spectra of the samples projected on the two extremes of PC1 (see figure 4.17). The samples
located at the extreme left (benzene) and extreme right (cyclopentane) in the scores plot
correspond to distinct spectral features. The negative loadings in PC1 are dominated by bands
near 1130 nm, 1690 nm, and 2150-2200 nm. These bands correspond to the second overtone of
the C—H bond in aromatic rings, as well as the first overtones and combination bands typical
of aromatic compounds (figure 4.14). Conversely, the bands with positive contributions to the
loadings are located at 1206, 1727, and 1755 nm. These bands represent the second and first
overtones of methylene groups, which are characteristic of saturated compounds (figures 4.9
to 4.11). Interestingly, the aromatic compounds form a horizontal pattern on the plot, spanning
from coordinates (-5.2, 1.6) to (-0.5, 1.8). This arrangement corresponds to aromatics with

increasing length of attached paraffinic chains, ranging from toluene to n-octylbenzene. As the
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chain length increases, the samples are projected further to the right, reflecting the increasing

paraffinic character of these compounds.
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FIGURE 4.17 — Spectral analysis associated with PC1. a) Spectrum of benzene, the compound with the
lowest PC1 score. b) Spectrum of cycloheptane, the compound with the highest PC1 score. ¢) Loadings
for PC1, which explains 58.0% of the variance

The interpretation of PC2 in figure 4.16 provides additional insights into the separation
of hydrocarbon families. As shown in figure 4.18, the bands contributing negatively to the
loadings are associated with combination bands that are present across most hydrocarbon
families, such as those in the 1350-1400 nm region. Additionally, contributions from terminal
CHj; groups at 1700 nm and vinyl and allyl groups at 1150-1200 nm, 1350-1400 nm, 1620 nm,

1750 nm, 2120 nm, and >2220 nm are also significant.
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On the other hand, the bands contributing positively to the loadings are linked to CH,
groups, which are observed at 1210 and 1720 nm, as well as to the first overtones of methyl
groups at 1680 and 1760 nm. Furthermore, combination bands present in aromatic compounds,

specifically in the 2120-2180 nm range, also contribute positively to the loadings.

Hydrocarbon family — mono-olefins(CnH2n) mono-aromatics(CnH2n-6)

a) 2,3-dimethyl-1-butene

3
& 157
3
Q1.0
©
2
S 0.5
[%2)
o)
< 0.0 Y -4
800 1000 1200 1400 1600 1800 2000 2200
Wavelength (nm)

b) benzene
S
8 24
(5]
(&)
&
2 11
o
(D]
<

O_

800 1000 1200 1400 1600 1800 2000 2200

Wavelength (nm)
) PC2 - 18.9%

Loadings
S
s

800 1000 1200 1400 1600 1800 2000 2200
Wavelength (nm)

FIGURE 4.18 - Spectral analysis associated with PC2. a) Spectrum of 2,3-dimethyl-1-butene, the
compound with the lowest PC2 score. b) Spectrum of benzene, the compound with the highest PC2
score. ¢) Loadings for PC2, which explains 18.9% of the variance

Samples located in the uppermost region of the plot correspond to aromatic and paraffinic
compounds, whereas those in the lowermost region are primarily olefins and highly branched
paraffins. Linear alkanes display a clear vertical pattern, with longer-chain compounds posi-
tioned toward the top and shorter-chain compounds toward the bottom. Long-chain alkenes

are found close to the linear alkanes due to their strong paraffinic character. In contrast,
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short-chain alkenes and highly branched alkanes are positioned in the lower region of the plot,

reflecting their distinct spectral characteristics.

PC3 is plotted against PC1 and PC2 in figures 4.19 and 4.20. These plots show that PC3

achieves a certain level of discrimination based on IP values, with reactive compounds pre-

dominantly located in the upper regions of the plots. This separation is largely attributed to

the positioning of olefins in this area, as these compounds are highly reactive.
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When examining the loadings of PC3, as presented in figure 4.21, it becomes evident that
the bands contributing negatively to the loadings are found within specific regions: 1690-1710
nm, associated with the first overtone of methyl groups; 1740 nm, corresponding to the first
overtone of methylene groups; and wavelengths exceeding 2250 nm, which correspond to the
combination band v, + §CH; found in paraffinic compounds. Conversely, bands contributing
positively to the loadings are located at 1620 nm, related to the stretching vibration of allylic
carbons in 1-alkenes; at 1720 and 1760 nm, associated with methylene groups; and at 2120
and 2230 nm, corresponding to the first overtone of vinylic groups. As a result, olefins are
positioned in the upper regions of the plots, while aromatics and paraffins occupy the lower

regions.
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The scores plots for the first eight PCs, explaining 95% of the variance are provided in
Appendix E.

4.5.2 Model performance

This section presents the results from the developed models. Table 4.2 summarizes the optimal
parameters and goodness-of-fit metrics for various pre-processing techniques. Among the
techniques evaluated, baseline correction combined with MinMax scaling achieved the lowest
RMSEP, indicating the best predictive performance. Conversely, the Savitzky-Golay first
derivative method demonstrated the poorest performance, with relative prediction errors of
161% and 1200%, respectively.

TABLE 4.2 — Model performance metrics for SVR-RBF for NIR-based models. RMSE values were
averaged across the 5 external cross-validation folds.

) Optimal
Pre-processing Scale RMSEC RMSECV RMSEP
hyper-parameters
o = 0.001
log 0.54 0.63 1.17
None C =1000
hour 9.82 11.87 20.87
€ =0.10
o =0.001
) log 0.45 0.64 1.16
Baseline C =1000
hour 9.69 11.94 19.26
€ =0.00
o =0.001
] log 0.42 0.55 1.25
MinMax C =1000
hour 8.98 10.56 19.05
€ =0.15
o =0.1
log 0.53 0.48 1.52
SG-1 C =1584
hour 10.5 9.63 131.41
€ =0.05
o =0.01
log 0.97 1.27 1.46
SG-2 C =63095
hour 14.76 19.07 28.89
€ =0.00
_ o = 0.0006
Baseline+ hour 0.39 0.52 1.13
, C = 2511
MinMax log 9.56 9.92 17.61
€ =0.10
Baseline + o =0.016
) log 0.75 0.32 1.42
MinMax + C = 3981
hour 13.63 8.46 22.54
SG1 € =0.10
Baseline + o =0.03
, log 0.96 1.12 1.39
MinMax + C = 10000
hour 14.87 16.33 21.31

SG2 € =0.10
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None of the NIR-based models outperformed the non-data-augmented models based
on molecular descriptors. For instance, the best-performing QSPR model, XGBoost Linear,
achieved a relative prediction error of 123%, while the worst one, obtained with XGBoost Tree,
had an error of 148%. For reference, the SVR-RBF model yielded a relative error of 145%.

Given the high error associated with the NIR-based models, parity plots for models employ-
ing various pre-processing techniques are presented on a logarithmic scale in figure 4.22. For
the best-performing model, shown in figure 4.22f, the hydrocarbons with the worst predictions
include 2,2-dimethylbutane, 2,2,4-trimethylpentane, 2,3-dimethyl-2-butene, cumene, benzene,

and cyclopentane.

The underestimation of the iso-paraffins 2,2-dimethylbutane and 2,2,4-trimethylpentane
could be attributed to the presence of quaternary carbons, which are not directly observable
in the NIR spectrum. Although the spectra highlight the high number of methyl groups in
these compounds, the model appears to associate an abundance of methyl groups with low
stability, leading to erroneous predictions. For 2,3-dimethyl-2-butene, the model significantly
overestimates its stability. This is likely because the molecule lacks characteristic alkene bands
at 1610, 2120, and 2232 nm (see figure 4.12), which are typically associated with the hydrogen
atoms in vinyl groups. In this case, the absence of such hydrogen atoms (due to the complete

substitution of the vinyl group) may affect the model predictions.

Aromatic compounds such as cumene and benzene also show poor predictions. For cumene,
the weak signal from the methine group likely contributes to this issue, as it is barely detectable
in its NIR spectrum. Benzene, on the other hand, exhibits intense bands at 2148, 2154, 2167,
2188, and 2206 nm that are not observed in other aromatic compounds (figure 4.14), potentially
skewing the model’s interpretation. Lastly, cyclopentane may be poorly predicted due to its
spectral bands being shifted to lower wavelengths, a consequence of ring strain (figure 4.11).
In this case, applying wavelength-shift correction as a pre-processing technique could improve

the model’s predictive performance.
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Near-Infrared spectroscopy has some important limitations when applied to the prediction
of oxidation stability. As discussed in Chapter 2, bonding patterns play a critical role in
determining the stability of aromatics, paraffins, and olefins. For example, compounds with
tertiary benzylic carbons, such as cumene and sec-butylbenzene, are highly reactive, with
induction periods of 0.2 h and 2.7 h, respectively. In contrast, tert-butylbenzene, which lacks a
tertiary benzylic carbon, is significantly more stable, with an IP of 29.6 h. However, these very
important molecular features cannot be observed in NIR spectroscopy. Quaternary carbons
cannot be detected, while tertiary carbons (methine groups) exhibit weak absorption, which

overlaps with more intense signals from methyl and methylene groups (see figure 4.23).
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FiGuURre 4.23 - NIR spectra for n-butylbenzene, cumene, and tert-butylbenzene, from 833 to 2265 nm.
Cumene was selected instead of sec-butylbenzene for better visualization of the methine band.

4.5.3 NMR spectra-based models

Based on the a posteriori knowledge of the molecular features influencing oxidation stability,
we propose that NMR spectroscopy could serve as a promising alternative for modeling
the Induction Period. Unfortunately, due to time constraints, it was not possible to acquire
experimental NMR spectra for this study. However, the NMRium tool [309, 310] provides the
capability to simulate 'H and *C NMR spectra. While simulated data may not fully replicate
the real NMR data, it can still serve as a valuable "proof of concept" to explore the potential of

this spectroscopic technique for predictive modeling.
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In this work, we simulated the 'H and *C NMR spectra for the 95 hydrocarbons in our

database. For the simulations, we used the following parameters:

Frequency: 1200 MHz

« 'H range: -1 to 12 ppm

« 13C range: -5 to 220 ppm
Line width: 1 Hz

« Number of points: 128 000

In figure 4.24, we present the proton and carbon NMR spectra of two molecules poorly
modeled by the NIR approach: cumene and tert-butylbenzene. The figure highlights the
superior utility of NMR spectroscopy over NIR for distinguishing molecules with tertiary and
quaternary carbons. For instance, the methine group exhibits a signal at approximately 3 ppm
in the proton spectrum. While quaternary carbons lack a corresponding signal in this region,
they are identifiable in the carbon spectrum with a signal at approximately 36 ppm. Thus, the
presence of a quaternary carbon can be inferred from the absence of a proton signal coupled

with the presence of its characteristic carbon signal.
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Interestingly, the chemical shift itself provides valuable insight into molecular features.
Signals associated with paraffinic atoms show the lowest chemical shifts, followed by those
of benzylic atoms, while aromatic atoms exhibit the highest chemical shifts. This distinction
makes NMR a powerful tool for characterizing structural differences relevant to oxidation

stability.

4.5.3.1 Data visualization and pre-processing

Before modeling, we decided to first visualize the data to see if there was relevant chemical
information. For this, we first applied MinMax scaling to the proton and carbon NMR spectra,
separately, as recommended by Leniak et al. [311]. We then concatenated the two data matrices,

and proceeded to perform PCA.

As illustrated in figure 4.25, PC1 primarily distinguishes between naphthenes, aromatics,
and linear paraffins, while PC2 discriminates molecules based on size, as evidenced by the
vertical patterns formed by naphthenes, linear alkanes, and aromatics. The relatively low
variance explained by these two PCs may stem from the excessively high resolution of the

dataset, which comprises 131,080 columns.

A straightforward approach to address this dimensionality issue while preserving the
overall data structure is the application of bucketing [311]. This pre-processing technique
reduces the resolution by grouping adjacent variables and summing their signals, resulting in
a simplified spectrum with fewer variables that retains the essential features of the original

data. The scores plot for the bucketed data (bucket size = 500) is presented in figure 4.26.
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4.5.3.2 Model performance

For model development, we employed the same methodology outlined in section 4.4.2, with
one key difference: all spectra were scaled, and various bucket sizes were tested. A bucket size
of 500 was found to be the most effective for optimizing model performance. Given the smaller
dataset size compared to the NIR dataset, we were able to utilize three modeling algorithms:
SVR-RBF, XGBoost Tree, and XGBoost Linear. The goodness-of-fit statistics for these models
are summarized in table 4.3. The XGBoost Linear model achieves the lowest RMSE, with a
relative error of 125%. In comparison, the SVR-RBF and XGBoost Tree models yield relative
errors of 138% and 131%, respectively. The error of the XGBoost Linear model is comparable
to that of the best QSPR-based model without data augmentation, which has a relative error of
123%. In contrast, the NIR-based model demonstrates a significantly higher relative error of
161%.
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TaBLE 4.3 — Model performance metrics for SVR-RBF, XGBoost with linear learners and XGBoost with

regression trees learners. RMSE values were averaged across the 5 external cross-validation folds.

Optimal
Model Scale RMSEC RMSECV RMSEP
hyper-parameters
o =0.05
log 0.13 1.26 1.81
SVR-RBF C =100.00
hour 0.91 5.38 10.41
€ =0.25
n_rounds = 80
XGBoost eta = 0.001 log 0.60 1.03 1.20
Linear A=25 hour 3.63 5.81 7.04
a=3.0
n_rounds = 150
eta=0.1
max_depth =5
XGBoost 0 log 0.82 1.44 1.72
Tree r= hour  5.03 7.93 9.87

colsample_bytree = 1
min_child_weight=0.50

subsample = 0.66

These results suggest that NMR spectra capture more molecular features related to oxidation
stability than NIR spectra, which, as previously discussed, are “blind” to certain key molecular
characteristics. However, as illustrated in figure 4.27, the XGBoost Linear model based on

NMR data still struggles to accurately predict the behavior of certain aromatic and alkene

compounds.
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Future work could involve acquiring experimental NMR spectra to validate the results.
Additionally, combining molecular descriptors with NMR spectra for model development could
be an intriguing avenue for exploration. This hybrid approach might lead to the creation of a

more accurate and robust predictive model.

4.6 Conclusions

In this chapter, we discussed the results from spectra-based modeling of the Induction Period.
As highlighted earlier, the model derived from scaled NIR spectra using the SVR-RBF algorithm
presented very low accuracy, with a relative error of 161%. This performance was inferior even

to the least accurate non-data-augmented QSPR-based model.

We attribute this limitation primarily to the inherent constraints of NIR spectroscopy.
Specifically, NIR cannot detect quaternary carbons, and methine groups exhibit minimal
absorption, making it nearly impossible for the model to account for these critical features
associated with oxidation stability. Additionally, the stability of tetra-substituted alkenes is
significantly overestimated by the NIR-based model because their spectra do not present the

characteristic C-H bands of vinyl groups.

We discussed that any spectroscopic technique used for modeling oxidation stability must
be sensitive to the molecular features directly influencing this property, even when applying
advanced machine-learning algorithms. For this reason, we suggest the use of 'H and *C
NMR spectroscopy. NMR provides vast molecular information, including the ability to directly
identify methine groups and infer the presence of quaternary carbons through the combined
analysis of proton and carbon spectra. Moreover, the chemical shift values at which signals are
observed provide useful information, permitting to differentiate between atoms in paraffinic

chains, benzylic sites, or aromatic rings.

Incorporating a spectroscopic technique like NMR could complement the information
provided by QSPR-based models, potentially enhancing the overall accuracy of oxidation
stability predictions.



Chapter 5
General conclusions and perspectives

As mentioned in section 1.5, this thesis had the following objectives:
 Generate a database from accelerated oxidation measurements of pure hydrocarbons.
+ Perform spectroscopic measurements of fresh and oxidized hydrocarbons.

« Develop a cheminformatic model based on molecular descriptors to predict the oxidation

stability.

+ Develop a chemometric model based on the spectroscopic signals to predict the oxidation

stability.

« Identify relevant features, chemical descriptors and spectroscopic regions, related to

oxidation stability.

Now, we will discuss the how each of these objectives was reached. First, in this thesis,
we performed the most extensive study of hydrocarbon oxidation stability to date. This
comprehensive study is of significant value to the scientific community, as the findings can
serve as a foundation for deriving new reactivity trends and developing predictive models.
Among the noteworthy results, we highlight the impact of ring strain on the oxidation stability
of naphthenes, the role of substitution at the vinylic site in alkenes, and the effect of double

activation of benzylic sites in di-aromatics.

For the QSPR-based model, we designed a robust set of 42 molecular descriptors informed by
the experimental reactivity trends identified in this work. The results indicate that non-linear
algorithms, such as XGBoost, are particularly well-suited for modeling oxidation stability. The
resulting model achieved semi-quantitative accuracy, demonstrating its utility for screening

hydrocarbons in the development of new jet-fuel candidates.

In contrast, the NIR spectroscopy-based model demonstrated low predictive accuracy,

rendering it unsuitable for practical use. A key limitation of NIR spectroscopy is its inability to
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capture certain critical molecular features associated with stability, such as bonding patterns.
For instance, methine groups (tertiary carbons) exhibit low absorption, while quaternary
carbons are undetectable in NIR spectra. The low accuracy of the resulting models rendered

their interpretation of low interest.

As an alternative to NIR spectroscopy, we proposed the use of NMR spectra. However, due
to time constraints, it was not possible to acquire experimental NMR data, so we suggested the
use of simulated spectra instead. Thus, we developed a model based on simulated 'H and *C
NMR spectra, which achieved an accuracy comparable to the QSPR model. This improvement
is attributed to the greater structural detail provided by NMR spectra, which captures essential

molecular characteristics relevant to oxidation stability.

Future research in this area could explore several directions. On the experimental side,
expanding the dataset beyond the 95 hydrocarbons analyzed in this study would be valuable
for identifying additional structure-property relationships and improving the accuracy of
the developed models. Increasing the diversity of compounds in the database would also
provide greater insight into the reactivity of underrepresented hydrocarbon families. Moreover,
investigating the oxidation stability of mixtures could yield a deeper understanding of non-
linear blending effects, such as those observed when mixing paraffins with naphthalenes or
olefins. These studies could utilize a surrogate mixture approach to replicate the chemical
composition of jet fuel, potentially paving the way for more accurate predictive models for

real jet fuels

On the modeling side, several options can be explored. One potential direction is rethink-
ing the prediction methodology for the IP. For example, the IP range could be discretized
into categories such as low, medium, and high stability, enabling classification-based mod-
eling. However, such discretization may not be a trivial choice. Another promising avenue
involves combining multiple data sources to enhance model accuracy. For instance, integrat-
ing molecular descriptors used in QSPR-based modeling with spectral data from techniques
like NMR could provide a more comprehensive view of hydrocarbon behavior. Additionally,
incorporating theoretical descriptors, such as gas-phase kinetic constants or bond dissociation
energies, could further refine model performance. These advancements would not only deepen
our understanding of oxidation stability but also support the development of new jet fuel

candidates.
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Appendix A

List of the hydrocarbons in the jet-fuel

range used in this work.

TaBLE A.1 - List of commercially available hydrocarbons.

Compound Hydrocarbon family Purity (%) Provider
n-pentane n-paraffins (C,Hyp,») 98 Fisher Scientific
n-hexane n-paraffins (C,Hyp,,) 99 Fisher Scientific
n-heptane n-paraffins (C,Hyp,,) 99 Fisher Scientific
n-octane n-paraffins (C,Hy,,,,) >99 Fisher Scientific
n-nonane n-paraffins (C,Hyp,,) 99 Fisher Scientific
n-decane n-paraffins (C Hy,,.,») >99 Fisher Scientific
n-undecane n-paraffins (C,Hy,,,,) 99 Fisher Scientific
n-dodecane n-paraffins (C,Hy,,,,) 99 Fisher Scientific
n-tridecane n-paraffins (C,Hy,,,») >99 Fisher Scientific
n-tetradecane n-paraffins (C,Hy,,,») >99 Fisher Scientific
n-pentadecane n-paraffins (C Hy,,,,) 99 Fisher Scientific
n-hexadecane n-paraffins (C Hy,,,,) 99 Fisher Scientific
n-heptadecane n-paraffins (C H,,,,,) 99 Fisher Scientific
n-octadecane n-paraffins (C H,,,,,) >99 Fisher Scientific
n-nonadecane n-paraffins (C H,,,,,) 99 Fisher Scientific
n-eicosane n-paraffins (C H,,,,,) 99 Fisher Scientific
2-methylpentane iso-paraffins (C,Hyp, o) >99 Fisher Scientific
2,2-dimethylbutane iso-paraffins (C,Hyp, o) >98 Merck
3-methylpentane iso-paraffins (C,Hyp, o) >99 Fisher Scientific
2,3-dimethylbutane iso-paraffins (C,Hyp, o) 99 Fisher Scientific
2-methylheptane iso-paraffins (C,Hyp, o) 99 Fisher Scientific
2,5-dimethylhexane iso-paraffins (C,Hyp, o) 99 Fisher Scientific
2,2,4-trimethylpentane iso-paraffins (C,Hy,.) >99 Fisher Scientific
2,3,4-trimethylpentane iso-paraffins (C Hyy,, ) >98 Fisher Scientific
2-methylnonane iso-paraffins (C Hyy,.5) 98 Fisher Scientific
2,2,4,6,6-pentamethylheptane iso-paraffins (C,Hy,,,) 99 Fisher Scientific
isododecane, isomer mixture iso-paraffins (C,Hy. ) NA Fisher Scientific
2,2,4,4,6,8,8-heptamethylnonane iso-paraffins (C Hyy,,5) 98 Fisher Scientific
cyclopentane mono-naphthenes (C, H,,) 97 Fisher Scientific
cyclohexane mono-naphthenes (C H,,) >99 Fisher Scientific
methylcyclohexane mono-naphthenes (C H,,) 99 Fisher Scientific
cycloheptane mono-naphthenes (C H,,) 99 Fisher Scientific
cyclooctane mono-naphthenes (C H,,) >99 Fisher Scientific
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TABLE A.1 - continued from previous page.

Compound Family Purity (%) Provider
ethylcyclohexane mono-naphthenes (C H,,) >99 Fisher Scientific
1,3-dimethylcyclohexane, mixture of cis and trans ~ mono-naphthenes (C, H,,) 99 Merck
1,2,4-trimethylcyclohexane mono-naphthenes (C H,,) 97 Merck
tert-butylcyclohexane mono-naphthenes (C H,,) >99 Fisher Scientific
n-butylcyclohexane mono-naphthenes (C,H,,) 99 Fisher Scientific
1-hexene mono-olefins (C,H,,) 99 Fisher Scientific
trans-2-hexene mono-olefins (C,H,,) >99 Fisher Scientific
3,3-dimethyl-1-butene mono-olefins (C,H,,) 95 Fisher Scientific
2,3-dimethyl-1-butene mono-olefins (C,H,,) 99 Fisher Scientific
2,3-dimethyl-2-butene mono-olefins (C,H,,) 98 Fisher Scientific
1-octene mono-olefins (C,H,,) >99 Fisher Scientific
1-dodecene mono-olefins (C,H,,) 96 Fisher Scientific
1-hexadecene mono-olefins (C,H,,) 94 Fisher Scientific
2,4,4-trimethyl-1-pentene mono-olefins (C,H,,) 99 Fisher Scientific
2,4,4-trimethyl-2-pentene mono-olefins (C,,H,,,) 99 Fisher Scientific
decalin di-naphthenes (C,H,,_,) 99 Fisher Scientific
bicyclohexyl di-naphthenes (C,H,,_») 99 Fisher Scientific
1,5-hexadiene di-olefins (C,Hy,_5) 98 Fisher Scientific
1,7-octadiene di-olefins (C,Hy,_5) 98.5 Fisher Scientific
2,4-dimethyl-1,3-pentadiene di-olefins (C,Hy,_,) 98 Merck
cyclopentene naphtheno-mono-olefins (C, H,,_,) >98 Fisher Scientific
cyclohexene naphtheno-mono-olefins (C,H,, _,) 99 Fisher Scientific
allylcyclohexane naphtheno-mono-olefins (C,H,,_,) 96 Merck

benzene mono-aromatics (C,Hy, 4) 99.8 Fisher Scientific
toluene mono-aromatics (C,Hy, ) 99.85 Fisher Scientific
ethylbenzene mono-aromatics (C,Hy,_¢) 99.8 Fisher Scientific
m-xylene mono-aromatics (C,Hy, ) >99 Fisher Scientific
p-xylene mono-aromatics (C,Hy, ) 99 Fisher Scientific
o-xylene mono-aromatics (C,Hy,_4) 99 Fisher Scientific
mesitylene mono-aromatics (C,Hy, ) 99 Fisher Scientific
cumene mono-aromatics (C,Hy, ) 99.9 Fisher Scientific
n-propylbenzene mono-aromatics (C,Hy, ) 98 Fisher Scientific
1,2,4-trimethylbenzene mono-aromatics (C,Hy, ) 98 Fisher Scientific
sec-butylbenzene mono-aromatics (C,Hy, ) 99 Fisher Scientific
1,4-diethylbenzene mono-aromatics (C,Hyp,_¢) 98 Fisher Scientific
n-butylbenzene mono-aromatics (C,Hy,_¢) 99 Fisher Scientific
p-cymene mono-aromatics (C,Hy, ) >99 Fisher Scientific
isobutylbenzene mono-aromatics (C,Hyp,_¢) 99 Merck
1,2,4,5-tetramethylbenzene mono-aromatics (C,Hy,_¢) >97 Fisher Scientific
tert-butylbenzene mono-aromatics (C,Hy,_¢) 99 Fisher Scientific
n-pentylbenzene mono-aromatics (C,Hy,_¢) 96 Fisher Scientific
tert-pentylbenzene mono-aromatics (C,Hy,_¢) 97 Fisher Scientific
5-tert-butyl-m-xylene mono-aromatics (C,Hy,_¢) 98 Fisher Scientific
1,4-diisopropylbenzene mono-aromatics (C,Hy, ) 99 Fisher Scientific
n-hexylbenzene mono-aromatics (C,Hy, ) 98 Fisher Scientific
n-heptylbenzene mono-aromatics (C,Hy, ) 98 Fisher Scientific
n-octylbenzene mono-aromatics (C,Hy,¢) 99 Fisher Scientific
1,4-di-tert-butylbenzene mono-aromatics (C,Hy, _¢) 98 Fisher Scientific
1,3,5-triisopropylbenzene mono-aromatics (C,Hy, ) 95 Fisher Scientific
indane naphtheno-mono-aromatics (C,H,, ) 95 Fisher Scientific
tetralin naphtheno-mono-aromatics (C,H,, ) >98 Fisher Scientific
1,5-dimethyltetralin naphtheno-mono-aromatics (C,Hy,_g) >90 Merck
cyclohexylbenzene naphtheno-mono-aromatics (C,H,, g) 98 Merck
allylbenzene mono-olefin-aromatic (C,Hy,_g) 98 Fisher Scientific
naphthalene di-aromatics (C,Hyp_12) >99 Fisher Scientific
1-methylnaphthalene di-aromatics (C,Hyp_12) 96 Fisher Scientific
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TABLE A.1 - continued from previous page.

Compound Family Purity (%) Provider
2-methylnaphthalene di-aromatics (C,Hyp_12) 97 Fisher Scientific
2-ethylnaphthalene di-aromatics (C,Hyp,_12) >99 Merck
diphenylmethane naphtheno-di-aromatics (C,Hy,_14) >99 Fisher Scientific
biphenyl di-aromatics (C,Hap_14) 99 Fisher Scientific
acenaphthene naphtheno-di-aromatics (C,Hy,_14) 99 Fisher Scientific

fluorene naphtheno-di-aromatics (C,Hy,_16) >98 Fisher Scientific




Appendix B

Full list of measured Induction Period

values

TaBLE B.1 - Comprehensive list of compounds analyzed in this study, including their SMILES
representation, hydrocarbon family, carbon number, analysis temperature, and corresponding IP value.

Compound T(C) SMILES Hydrocarbon family Carbon IP (h)
number
n-pentane 120 ccccee n-paraffins (n-C H,, ) 5 102.7
n-pentane 130 Cccccee n-paraffins (n-C H,, ) 5 45.7
n-pentane 140 Cccce n-paraffins (n-C H,, ) 5 20.3
n-hexane 120 Cccceece n-paraffins (n-C H,, ) 6 40.8
n-hexane 140 Ccccece n-paraffins (n-C,Hy, ) 6 7.5
n-heptane 140 Ccccceecece n-paraffins (n-C,Hy, ) 7 5.5
n-heptane 160 cccceece n-paraffins (n-C,Hy, ) 7 1.3
n-octane 120 ccececececce n-paraffins (n-C,H,, ) 8 67.0
n-octane 130 cceecececce n-paraffins (n-C H,, ) 8 22.1
n-octane 140 cceceececece n-paraffins (n-C H,, ) 8 5.0
n-octane 160 ccececececece n-paraffins (n-C,H,, ) 8 1.0
n-nonane 120 cceececececece n-paraffins (n-C,H,, ) 9 219
n-nonane 130 cceecececeece n-paraffins (n-C,H,, ) 9 10.4
n-nonane 140 cceececececece n-paraffins (n-C,Hy, ) 9 3.8
n-decane 120 cceeececeecece n-paraffins (n-C,Hy, ) 10 27.8
n-decane 140 cceeececeecece n-paraffins (n-C,Hy, ) 10 3.0
n-decane 160 cceecececececece n-paraffins (n-C,Hy, ) 10 0.7
n-undecane 140 CCccceecececeecce n-paraffins (n-C H,, ) 11 2.9
n-undecane 160 CCccceecececeecce n-paraffins (n-C H,, ) 11 0.6
n-dodecane 140 CCccceececeececece n-paraffins (n-C H,, ) 12 2.7
n-dodecane 160  CCCCCCCCCCCe n-paraffins (n-C,Ha,, ;) 12 0.6
n-tridecane 140 Cccceecececececececce n-paraffins (n-C,Hy, ) 13 3.7
n-tridecane 160 Cccceecececececececce n-paraffins (n-C,Hy, ) 13 0.7
n-tetradecane 120 Cccceececececcecececece n-paraffins (n-C,Hy, ) 14 16.8
n-tetradecane 140 Ccceecececececececece n-paraffins (n-C,H,, ) 14 2.5
n-tetradecane 160 Cccceecceececececece n-paraffins (n-C,H,, ) 14 0.5
n-pentadecane 120 Ccceececeeccececeecce n-paraffins (n-C H,, ) 15 11.1
n-pentadecane 140 cceecececececcececececce n-paraffins (n-C,H,, ) 15 24
n-hexadecane 140 Ccceeececeeccececeececece n-paraffins (n-C,Hy, ) 16 2.5
n-hexadecane 160 Ccceeececeeccececeececece n-paraffins (n-C,H,, ) 16 0.6
n-heptadecane 120 cceeececececcececeecececece n-paraffins (n-C,Hy, ) 17 13.4
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number
n-heptadecane 140 CCcceeecececececececececece n-paraffins (n-C H,, ) 17 2.2
n-heptadecane 160 CCcceececececececececececece n-paraffins (n-C,Hy, ) 17 0.5
n-octadecane 140 CCcceececeecececcececececece n-paraffins (n-C,Hy, ) 18 24
n-octadecane 160 CCCceeececcececececcecce n-paraffins (n-C,Hyy,») 18 0.5
n-nonadecane 140 CCCcceeececececececceccee n-paraffins (n-C,Hyy,») 19 24
n-nonadecane 160 CCCcceeececcececececcececee n-paraffins (n-C,Hyy,») 19 0.5
n-eicosane 120 CCCcceeecececceecceccece n-paraffins (n-C,Hyy,») 20 124
n-eicosane 140 CCCCCcceeececcececceccecce n-paraffins (n-C,Hyy,») 20 2.2
n-eicosane 160 CCCcceeecececceecceccecce n-paraffins (n-C,Hyy,») 20 0.5
2,3-dimethylbutane 100 CC(C)Cc(Cc)C iso-paraffins (i-C,H,,.,) 6 5.7
2,3-dimethylbutane 120 CC(C)c(Cc)C iso-paraffins (i-C,H,,.,) 6 1.8
2,3-dimethylbutane 140 CC(C)c(Cc)C iso-paraffins (i-C,H,,.,) 6 0.7
2,2-dimethylbutane 100 CCC(e)(Cc)C iso-paraffins (i-C,H,,.,) 6 171.2
2,2-dimethylbutane 140 CCC(e)(Cc)C iso-paraffins (i-C,H,,.,) 6 25.6
3-methylpentane 120 CCcc(c)cc iso-paraffins (i-C,H,,.,) 6 21.8
3-methylpentane 140 CCcc(c)cce iso-paraffins (i-C,H,,,,) 6 45
2-methylpentane 120 CCcCc(c)C iso-paraffins (i-C H,,,,) 6 11.0
2-methylpentane 140 CCCC(Cc)C iso-paraffins (i-C,Hy, ) 6 3.2
2,3,4-trimethylpentane 100 CC(o)c(o)c(c)c iso-paraffins (i-C,Hy, ) 8 10.4
2,3,4-trimethylpentane 140 CC(O)c(o)c(c)c iso-paraffins (i-C,Hy, ) 8 0.8
2,2,4-trimethylpentane 120 CC(O)cc(cyc)e iso-paraffins (i-C,H,,.,) 8 75.8
2,2,4-trimethylpentane 140 CC(C)cc(cyc)e iso-paraffins (i-C,H,,.,) 8 27.4
2,2,4-trimethylpentane 160 CC(O)cc(cyc)e iso-paraffins (i-C,H,,.,) 8 6.3
2,5-dimethylhexane 100 Cc(o)ceee(e)e iso-paraffins (i-C,H,,.,) 8 9.3
2,5-dimethylhexane 120 Cc(o)ceee(e)e iso-paraffins (i-C,H,,.,) 8 2.0
2,5-dimethylhexane 140 Cc(o)eee(e)e iso-paraffins (i-C,H,,.,) 8 0.5
2-methylheptane 130 CCCccce(e)e iso-paraffins (i-C,H,,.,) 8 3.1
2-methylheptane 140 CCcccce(e)e iso-paraffins (i-C,H,,.,) 8 1.5
2-methylnonane 120 Ccceececee(e)e iso-paraffins (i-C,H,,.,) 10 7.7
2-methylnonane 140 CCcceeccece)e iso-paraffins (i-C,Hy,,,) 10 1.4
2-methylnonane 160 CCccceecece(e)e iso-paraffins (i-C,H,,,,) 10 0.4
2,2,4,6,6-pentamethylheptane 140 CC(Cc(c)(c)c)cc(e)e)e iso-paraffins (i-C,H,,.,) 12 4.1
2,2,4,6,6-pentamethylheptane 160 CC(Cc(c)(c)c)cce)e)e iso-paraffins (i-C H,,,,) 12 1.0
isododecane 120 CCCccececeecce(e)e iso-paraffins (i-C H,,,,) 12 17.1
isododecane 140 CCccececececece(e)e iso-paraffins (i-C Hy, ) 12 3.9
2,2,4,4,6,8,8-heptamethylnonane 120 CC(CC(C)(C)C)CC(C)C)CC(C)(C)C  iso-paraffins (i-C,Hyy,0) 16 6.9
2,2,4,4,6,8,8-heptamethylnonane 140 CC(CC(C)(C)C)CC(C)C)CC(C)(C)C  iso-paraffins (i-C,Hyyp,0) 16 1.4
2,2,4,4,6,8,8-heptamethylnonane 160 CC(CC(C)(C)C)CC(CYC)CC(C)C)C  iso-paraffins (i-C,Hyy,0) 16 0.4
cyclopentane 110 C1CCCC1 mono-naphthenes (C H,,) 5 57.6
cyclopentane 120 C1CCCC1 mono-naphthenes (C,H,,) 5 27.1
cyclopentane 130 C1CCcCC1 mono-naphthenes (C H,,) 5 8.6
cyclohexane 130 C1Cccccet mono-naphthenes (C H,,) 6 14.6
cyclohexane 140 Ci1Cccccet mono-naphthenes (C H,,) 6 6.8
cyclohexane 160 ci1cccecect mono-naphthenes (C,H,,) 6 1.4
cycloheptane 140 C1CCcccecet mono-naphthenes (C,H,,) 7 29
cycloheptane 160 C1Ccccecct mono-naphthenes (C,H,,) 7 0.6
methylcyclohexane 120 CCi1ccccect mono-naphthenes (C, H,,) 7 10.5
methylcyclohexane 140 CCi1cccecect mono-naphthenes (C, H,,) 7 2.1
methylcyclohexane 160 CCi1cccecect mono-naphthenes (C, H,,) 7 0.6
cyclooctane 120 C1CCccceccl mono-naphthenes (C, H,,) 8 6.7
cyclooctane 140 C1Ccccececcl mono-naphthenes (C,H,,) 8 1.2
1,3-dimethylcyclohexane 140 CC1CCcCc(0)C1 mono-naphthenes (C, H,,) 8 1.8
1,3-dimethylcyclohexane 160 CC1CCCC(C)C1 mono-naphthenes (C,H,,) 8 0.4
ethylcyclohexane 140 CCc1cccecect mono-naphthenes (C H,,) 8 2.7
ethylcyclohexane 160 CCcicccecect mono-naphthenes (C, H,,) 8 0.6
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Compound T(C) SMILES Hydrocarbon family Carbon IP (h)
number
1,2,4-trimethylcyclohexane 100 CC1CCC(C(C1)C)C mono-naphthenes (C, H,,) 9 4.6
1,2,4-trimethylcyclohexane 120 CC1CCC(C(C1e)C mono-naphthenes (C,H,,) 9 1.6
1,2,4-trimethylcyclohexane 140 CC1CCC(C(Cc1e)C mono-naphthenes (C, H,,) 9 0.4
n-propylcyclohexane 120 CCcCcCi1ccececect mono-naphthenes (C,H,,) 9 9.7
n-propylcyclohexane 140 CCcciccececct mono-naphthenes (C H,,) 9 1.6
n-propylcyclohexane 160 CCccicceecect mono-naphthenes (C,H,,) 9 0.3
tert-butylcyclohexane 140 CC(Cc)(c)cicecececen mono-naphthenes (C H,,) 10 6.6
tert-butylcyclohexane 160 CC(C)(c)cicecececen mono-naphthenes (C H,,) 10 1.4
n-butylcyclohexane 140 CCCccicceececl mono-naphthenes (C H,,) 10 2.2
n-butylcyclohexane 160 CCccciccceccen mono-naphthenes (C,H,,) 10 0.4
1-hexene 100 C=CcccCcC mono-olefins (C H,,) 6 8.6
1-hexene 120 C=CccccC mono-olefins (C H,,) 6 1.6
1-hexene 140 C=Ccccce mono-olefins (C H,,) 6 0.4
3,3-dimethyl-1-butene 100 CC(C)c)c=C mono-olefins (C H,,) 6 38.6
3,3-dimethyl-1-butene 120 C(C)(C)Cc=C mono-olefins (C, H,,) 6 6.5
3,3-dimethyl-1-butene 130 CC(O)(C)c=C mono-olefins (C, H,,) 6 2.6
2,3-dimethyl-2-butene 40 CC(C)=C(C)C mono-olefins (C, H,,) 6 1.9
2,3-dimethyl-2-butene 60 CC(C)=C(C)C mono-olefins (C,H,,) 6 1.4
2,3-dimethyl-2-butene 80 CC(C)=C(C)C mono-olefins (C,H,,) 6 0.3
2,3-dimethyl-1-butene 80 CC(C)C(=C)C mono-olefins (C,H,,) 6 2.9
2,3-dimethyl-1-butene 100 CC(C)C(=C)C mono-olefins (C,H,,) 6 0.7
trans-2-hexene 80 CCC\C=C\C mono-olefins (C,H,,) 6 4.8
trans-2-hexene 100 CCC\C=C\C mono-olefins (C,H,,) 6 1.1
1-octene 100 C=Ccccececee mono-olefins (C H,,) 8 9.5
1-octene 120 C=Cccececece mono-olefins (C,H,,) 8 1.6
2,4,4-trimethyl-1-pentene 30 CC(=C)CCc(o)©o)c mono-olefins (C,H,,) 8 21.0
2,4,4-trimethyl-1-pentene 100 CC(=C)CC(C)(C)C mono-olefins (C H,,) 8 3.3
2,4,4-trimethyl-2-pentene 80 CC(=CC(C)(C)o)C mono-olefins (C H,,) 8 6.0
2,4,4-trimethyl-2-pentene 100 CC(=CC(C)(0)o)C mono-olefins (C H,,) 8 1.3
1-dodecene 100 C=Cccececececececece mono-olefins (C H,,) 12 9.8
1-dodecene 120 C=Cccececeecececece mono-olefins (C H,,) 12 1.7
1-dodecene 140 C=Ccccececeecececce mono-olefins (C, H,,) 12 0.4
1-hexadecene 100 C=CCccceceecececceececece mono-olefins (C, H,,) 16 8.4
1-hexadecene 120 C=CCccceececececcececcec mono-olefins (C,H,,) 16 1.7
1-hexadecene 140 C=CCccceececceccecececec mono-olefins (C,H,,) 16 0.4
cyclopentene 60 C1=CCCC1 naphtheno-mono-olefins (C,H,,_,) 5 4.0
cyclopentene 80 C1=CCCC1 naphtheno-mono-olefins (C,H,,_,) 5 1.0
cyclopentene 100 C1=CCCC1 naphtheno-mono-olefins (C,H,,_,) 5 0.3
cyclohexene 100 C1CCC=CC1 naphtheno-mono-olefins (C,H,,_,) 6 1.3
cyclohexene 120 C1CCC=CC1 naphtheno-mono-olefins (C,H,,_,) 6 0.5
allylcyclohexane 100 C=CCC1CcCcCcCC1 naphtheno-mono-olefins (C,H,,_,) 9 2.5
allylcyclohexane 120 C=CCcC1CccccC1 naphtheno-mono-olefins (C,H,,_,) 9 0.7
allylcyclohexane 140 C=CCcC1ccccecl naphtheno-mono-olefins (C,H,,_,) 9 0.2
decalin 120 ci1ccceacececeezct di-naphthenes (C,H,,_,) 10 4.9
decalin 140 ci1ccceacecececezct di-naphthenes (C,H,,_,) 10 1.0
decalin 160 Ci1cccaccececezct di-naphthenes (C H,,_,) 10 0.3
bicyclohexyl 120 C1CCC(CCr)ceceecez di-naphthenes (C, H,,,_,) 12 20.2
bicyclohexyl 140 C1CCC(CCr)ceceeceez di-naphthenes (C, H,,_,) 12 3.1
1,5-hexadiene 100 C=CCccC=C di-olefins (C,Hyp_2) 6 13.5
1,5-hexadiene 120 C=CCcCC=C di-olefins (C,Hy,, ) 6 2.2
2,4-dimethyl-1,3-pentadiene 40 CC(=CC(=C)C)C di-olefins (C,H,, ) 7 5.5
2,4-dimethyl-1,3-pentadiene 60 CC(=CC(=C)C)C di-olefins (C,H,,_») 7 0.9
2,4-dimethyl-1,3-pentadiene 100 CC(=CC(=C)C)C di-olefins (C,H,,_») 7 0.1
1,7-octadiene 100  C=CCCCCC=C di-olefins (C,Hy,_,) 8 1.9
1,7-octadiene 120  C=CCCCCC=C di-olefins (C,Hy,_,) 8 0.4
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Compound T(C) SMILES Hydrocarbon family IP (h)
number
benzene 140 C1=CC=CC=C1 mono-aromatics (C,Hy, ) 6 20.3
benzene 160 C1=CC=CC=C1 mono-aromatics (C,H,,_¢) 6 15.3
toluene 120 Cclcececl mono-aromatics (C,Hy,_¢) 7 26.7
toluene 140 Ccleceecl mono-aromatics (C,Hy,_¢) 7 19.0
toluene 160 Cclececcl mono-aromatics (C,Hy,_¢) 7 14.5
o-xylene 120 Cclc(C)ececl mono-aromatics (C,Hy,_¢) 8 34.0
o-xylene 140 Cclc(C)ececl mono-aromatics (C,Hy,_¢) 8 10.8
o-xylene 160 Cclce(C)ececl mono-aromatics (C,Hy,_¢) 8 3.4
m-xylene 140 Cclee(C)eecl mono-aromatics (C,Hy,_¢) 8 21.2
m-xylene 160 Cclee(C)eecl mono-aromatics (C,Hy,_¢) 8 13.0
p-xylene 140 Ccleee(C)ecl mono-aromatics (C,Hy,_¢) 8 20.5
p-xylene 160 Ccleee(C)ecl mono-aromatics (C,Hy,_¢) 8 6.3
ethylbenzene 120 CCclcceecl mono-aromatics (C,Hy,4) 8 34.1
ethylbenzene 140 CCclccececl mono-aromatics (C,Hy,_¢) 8 15.6
cumene 100 CC(C)clcececl mono-aromatics (C Hy, ¢) 9 1.9
cumene 120 CC(C)clceccecl mono-aromatics (C,Hy,_¢) 9 0.6
cumene 140 CC(C)clcececl mono-aromatics (C Hy, ¢) 9 0.2
mesitylene 140 Cclee(C)ee(C)el mono-aromatics (C,Hy,_¢) 9 23.8
mesitylene 160 Cclee(C)ee(C)el mono-aromatics (C,Hy,_¢) 9 12.6
1,2,4-trimethylbenzene 140 Ccleee(C)e(C)el mono-aromatics (C,Hy,_¢) 9 19.9
1,2,4-trimethylbenzene 160 Ccleee(C)e(C)el mono-aromatics (C,Hyp,_¢) 9 49
n-propylbenzene 120 CCCclcccccl mono-aromatics (C,Hy,_¢) 9 9.7
n-propylbenzene 140 CCCclcceccecl mono-aromatics (C,Hy,_¢) 9 2.4
n-propylbenzene 160 CCCclcecccl mono-aromatics (C,Hy,_¢) 9 0.7
p-cymene 100 clec(ecc1C(C)C)C mono-aromatics (C,Hy,_¢) 10 5.7
p-cymene 120 clec(ecec1C(C)C)C mono-aromatics (C,Hy,_¢) 10 2.0
p-cymene 140 clec(ece1C(C)C)C mono-aromatics (C,Hy,_¢) 10 0.4
tert-butylbenzene 140 CC(C)(C)clceccecl mono-aromatics (C,Hy,_¢) 10 29.6
tert-butylbenzene 160 CC(C)(C)clcecceel mono-aromatics (C,Hy,_¢) 10 19.9
isobutylbenzene 140 CC(C)Cclcceecl mono-aromatics (C,Hy,_¢) 10 43
isobutylbenzene 160 CC(C)Cclccecel mono-aromatics (C Hy, _¢) 10 0.9
1,2,4,5-tetramethylbenzene 140 Cclee(C)e(C)eclC mono-aromatics (C Hy, _¢) 10 1.8
sec-butylbenzene 120 CCC(C)clecceccel mono-aromatics (C,Hy, ¢) 10 8.9
sec-butylbenzene 140 CCC(C)clcccecl mono-aromatics (C,Hy, ) 10 2.7
1,4-diethylbenzene 120 CCC1=CC=C(C=C1)CC mono-aromatics (C,Hyp,_¢) 10 45
1,4-diethylbenzene 140 CCC1=CC=C(C=C1)CC mono-aromatics (C,H,, ) 10 2.9
n-butylbenzene 120 CCCCclececel mono-aromatics (C,Hy, ) 10 12.3
n-butylbenzene 140 CCCCcleceecl mono-aromatics (C,Hy, ) 10 4.0
n-butylbenzene 160 CCCCclcccecl mono-aromatics (C,Hy, ) 10 1.2
pentamethylbenzene 140 Cclcee(C)e(C)e(C)e1C mono-aromatics (C,Hy,_¢) 11 0.8
tert-pentylbenzene 140 CCC(C)(C)C1=CC=CC=C1 mono-aromatics (C,Hy,_¢) 11 31.2
tert-pentylbenzene 160 CCC(C)(C)C1=CC=CC=C1 mono-aromatics (C,Hy,_¢) 11 19.6
1,4-diisopropylbenzene 30 CC(C)clcec(ec1)C(C)C mono-aromatics (C,Hy,_¢) 12 43
1,4-diisopropylbenzene 100 CC(C)clcec(ec1)C(C)C mono-aromatics (C,Hy,_¢) 12 1.1
1,4-diisopropylbenzene 120 CC(C)clcec(ec1)C(C)C mono-aromatics (C,Hy,_¢) 12 0.4
5-tert-butyl-m-xylene 140 Cclee(C)ee(c1)C(C)(C)C mono-aromatics (C Hy,_¢) 12 23.5
5-tert-butyl-m-xylene 160 Cclee(C)ee(c1)C(C)(C)C mono-aromatics (C Hy,_¢) 12 15.6
hexylbenzene 140 CCCCCCclccececl mono-aromatics (C Hy, _¢) 12 2.2
hexylbenzene 160 CCCCCCclccececl mono-aromatics (C Hy, _¢) 12 0.6
1-phenylheptane 120 CCCCCCCclcceccecl mono-aromatics (C,Hy,_¢) 13 12.8
1-phenylheptane 140 CCCCCCCcleeecel mono-aromatics (C,Hyy, ¢) 13 2.8
1,4-di-tert-butylbenzene 140 CC(C)(C)clcee(ec1)C(C)(C)C mono-aromatics (C,Hy,_¢) 14 39.7
n-octylbenzene 140 CCCCCCCCclcccccl mono-aromatics (C,H,, ) 14 3.2
n-octylbenzene 160 CCCCCCCCclceccecl mono-aromatics (C,Hy, ) 14 0.8
1,3,5-triisopropylbenzene 80 CC(C)clce(ce(c1)C(C)C)C(C)C mono-aromatics (C,Hyp,_¢) 15 20.6
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Compound T(C) SMILES Hydrocarbon family Carbon IP (h)
number
1,3,5-triisopropylbenzene 100 CC(C)clee(ee(c1)C(C)C)C(C)C mono-aromatics (C,Hy,_¢) 15 4.1
indane 100 C1Cc2ccccc2Cl naphtheno-mono-aromatics (C,H,,, g) 9 3.1
indane 120 C1Cc2cccec2C1 naphtheno-mono-aromatics (C,H,,, 5) 9 0.8
indane 140 C1Cc2ccccc2C1 naphtheno-mono-aromatics (C,H,,, 5) 9 0.2
tetralin 100 C1CCc2ccccc2C1 naphtheno-mono-aromatics (C,Hy, _g) 10 15.1
tetralin 120 C1CCc2ccccc2C1 naphtheno-mono-aromatics (C,Hy, _g) 10 3.4
tetralin 140 C1CCc2ccccc2C1 naphtheno-mono-aromatics (C,Hy, _g) 10 0.8
cyclohexylbenzene 120 C1CCC(CC1)c2cccec2 naphtheno-mono-aromatics (C,Hy, _g) 12 5.9
cyclohexylbenzene 140 C1CCC(CC1)c2cccec2 naphtheno-mono-aromatics (C,Hy, _g) 12 1.3
1,5-dimethyltetralin 80 CC1CCCc2¢(C)ccec12 naphtheno-mono-aromatics (C,Hy,, g) 12 1.7
1,5-dimethyltetralin 100 CC1CCCc2¢(C)ccec12 naphtheno-mono-aromatics (C,H,,, g) 12 0.4
1,5-dimethyltetralin 120 CC1CCCc2¢(C)ccec12 naphtheno-mono-aromatics (C,Hj,, g) 12 0.1
allylbenzene 80 C=CCC1=CC=CC=C1 mono-olefin-aromatic (C,Hy,_g) 9 1.9
allylbenzene 100 C=CCC1=CC=CC=C1 mono-olefin-aromatic (C,H,,_g) 9 0.9
allylbenzene 120 C=CCC1=CC=CC=C1 mono-olefin-aromatic (C,H,,_g) 9 0.3
naphthalene 140 clece2eccec2cel di-aromatics (C, Hyp,_12) 10 25.4
2-methylnaphthalene 140 Cclcec2ecece2cl di-aromatics (C, Hy,_12) 11 28.6
1-methylnaphthalene 140 Cclecec2ecececl2 di-aromatics (C,Hyp_15) 11 30.8
1-methylnaphthalene 160 Cclecec2cececl2 di-aromatics (C,Hyp_15) 11 14.7
2-ethylnaphthalene 140 CCclcec2ececc2cel di-aromatics (C,Hyp,_;5) 12 22.9
2-ethylnaphthalene 160 CCclecc2cccec2cel di-aromatics (C,Hyp,_19) 12 9.1
biphenyl 140 clcee(eel)c2ececc? di-aromatics (C,Hyp,_14) 12 33.5
diphenylmethane 120 C(clececel)c2eceec2 di-aromatics (C,Hyp,_14) 13 2.9
diphenylmethane 140 C(clececel)c2eceec2 di-aromatics (C,Hyp,_14) 13 1.2
acenaphthene 120 C1Cc2cccc3eccclc23 naphtheno-di-aromatics (C,Hy,_14) 12 6.3
acenaphthene 140 C1Cc2cccc3cecclc23 naphtheno-di-aromatics (C,Hy,_14) 12 1.0
fluorene 140 Clc2cceec2ce3eccecl3 naphtheno-di-aromatics (C,Hy,_1¢) 13 0.5




Appendix C

MaxMin Maximum-Dissimilarity
Algorithm

The MaxMin Maximum-Dissimilarity Algorithm was first described by Kennard and Stone[237].
Consider the problem of uniformly selecting a subset of k samples from a set of n samples.

The matrix representing the dataset is given by:

X11 X120 Xim
X21 Xo2 ot Xom

X=|" ' ' (C1)
Xn1 Xp2 0 Xpm

Where:

« nis the number of samples and

« m the number of variables.

The first step of the algorithm consists of calculating a distance matrix D:

dll d12 dln
p=|% % L (C.2)
dnl dnz dnn

Containing the distance of each pair of samples in the datasets, regularly, the Euclidean

distance is used.

The second step is the algorithm’s initialization by choosing an initial sample. The selection
can be made in several ways: Random selection, selecting the most dissimilar compound with

respect to the others, or choosing the point closest to the dataset center [312]. In the third
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step, the compound with the largest dissimilarity with respect to the initial point is added to
the subset. Then, in the fourth step, the maximum minimum dissimilarity criterion is used;
for a given sample i in the subset, the distance between it and every other sample in the set
is calculated, then the minimum distance is kept. The process is repeated for every point in
the subset. Afterward, the sample with the maximum minimum distance will be selected and

added to the subset. The process is repeated until the number of compounds in the subset = k.



Appendix D

List of molecules used for Data

Augmentation

TaBLE D.1 - List of compounds of molecules used for Data Augmentation, including their SMILES

representation, hydrocarbon family, carbon number, analysis temperature, and corresponding IP value.

Carbon

Compound T(C) SMILES Hydrocarbon family 1P (h)
number
1-tert-butyl-3-methylcyclohexane 120 CC1CCCC(CnC(C)C)C mono-naphthenes (C H,,) 11 10.5
1-tert-butyl-3-methylcyclohexane 140 CC1CCCC(CnC(C)C)C mono-naphthenes (C,H,,) 11 2.1
1-tert-butyl-3-methylcyclohexane 160 CC1CCCC(C1)C(C)(C)C mono-naphthenes (C, H,,) 11 0.6
1-tert-butyl-4-methylcyclohexane 120 CC1CCC(Ceye(e)e)e mono-naphthenes (C H,,) 11 10.5
1-tert-butyl-4-methylcyclohexane 140 CC1CCC(Ceye(e)e)c mono-naphthenes (C, H,,) 11 2.1
1-tert-butyl-4-methylcyclohexane 160 CC1CCC(Ceyc(e)e)e mono-naphthenes (C, H,,) 11 0.6
6-methyl-1,2,3,4- 100 c1c(C)ce2e(c1)CCCC2 naphtheno-mono-aromatics 11 15.1
tetrahydronaphthalene (CoHong)
6-methyl-1,2,3,4- 120 c1c(C)ee2e(c1)CCCC2 naphtheno-mono-aromatics 11 3.4
tetrahydronaphthalene (CoHonos)
6-methyl-1,2,3,4- 140 c1c(C)ee2e(c1)CCCC2 naphtheno-mono-aromatics 11 0.8
tetrahydronaphthalene (CoHonos)
5-methylindan 100 clc(C)ee2e(c1)CCC2 naphtheno-mono-aromatics 10 3.1
(CoHanog)
5-methylindan 120 clc(C)ee2e(c1)CCC2 naphtheno-mono-aromatics 10 0.8
(CoHanog)
5-methylindan 140 clc(C)ee2e(c1)CCC2 naphtheno-mono-aromatics 10 0.2
(Colyn 5)
2-methylfluorene 140 C1c2cc(C)eec2e3cececl3 naphtheno-di-aromatics (C,Hy,_1¢) 14 0.5
3-methylfluorene 140 CC1=CC2=C(CC3=CC=CC=C32)C=C1  naphtheno-di-aromatics (C,Hy,_;4) 14 0.5
4-methylacenaphthene 120 CC1=CC2=C3C(=CC=C2)CCC3=C1 naphtheno-di-aromatics (C,Hy,_14) 13 6.3
4-methylacenaphthene 140 CC1=CC2=C3C(=CC=C2)CCC3=C1 naphtheno-di-aromatics (C,Hy,_14) 13 1.0
5-methylacenaphthene 120 CC1=CC=C2CCC3=C2C1=CC=C3 naphtheno-di-aromatics (C,Hy, _14) 13 6.3
5-methylacenaphthene 140 CC1=CC=C2CCC3=C2C1=CC=C3 naphtheno-di-aromatics (C,Hy,_14) 13 1.0
3-methyldiphenylmethane 120 CC1=CC(=CC=C1)CC2=CC=CC=C2 di-aromatics (C,Hyp,_14) 14 2.9
3-methyldiphenylmethane 140 CC1=CC(=CC=C1)CC2=CC=CC=C2 di-aromatics (C,Hyp,_14) 14 1.2
4-methyldiphenylmethane 120 CC1=CC=C(C=C1)CC2=CC=CC=C2 di-aromatics (C,Hyp,_14) 14 2.9
4-methyldiphenylmethane 140 CC1=CC=C(C=C1)CC2=CC=CC=C2 di-aromatics (C,Hyp,_14) 14 1.2
2-methylhexane 140 CCCCC(C)C iso-paraffins (i-C,H,,. ) 7 2.5
2-methylhexane 160 CCCCC(C)C iso-paraffins (i-C,H,,.,) 7 0.6
2-methyloctane 120 CCCccee(c)e iso-paraffins (i-C,Hyp,p) 9 9.8

Continued on next page
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TaBLE D.1 - continued from previous page.

Compound T(C) SMILES Hydrocarbon family Carbon IP (h)
number
2-methyloctane 130 CCCcCccece(o)e iso-paraffins (i-C Hy, ) 9 4.7
2-methyloctane 140 CCCcccece(e)e iso-paraffins (i-C Hyp, ) 9 1.7
2-methyldecane 140  CCCCCCCCC(C)C iso-paraffins (i-C,Hj,,) 11 13
2-methyldecane 160 CCCCCcceece(e)e iso-paraffins (i-C Hy,, ) 11 0.3
2,4,4-trimethyl-1-hexene 80 CCC(C)(C)cC(=C)C mono-olefins (C,H,,) 9 21.0
2,4,4-trimethyl-1-hexene 100 CCC(C)(C)cCc(=C)C mono-olefins (C,H,,) 9 3.3
2,2,4,6,6,8,8-heptamethyldecane 120 CC(CC(C)(C)c)cc(Cc)(e)ce(o)c)ee iso-paraffins (i-C,Hy,, ) 17 6.9
2,2,4,6,6,8,8-heptamethyldecane 140 CC(CC(C)(C)c)ce(Cc)e)ce(e)c)ee iso-paraffins (i-C Hy,, ) 17 1.4
2,2,4,6,6,8,8-heptamethyldecane 160 CC(CC(C)(C)C)ce(Cc)e)ce(e)cyee iso-paraffins (i-C Hy,,,) 17 0.4
2,2,4,4,6,8,8-heptamethyldecane 120 CC(CC(CC)(C)O)CcC(C)c)cco)o)e iso-paraffins (i-C,H,,. ) 17 6.9
2,2,4,4,6,8,8-heptamethyldecane 140 CC(CC(CC)(C)o)cc(e)cycco)oe iso-paraffins (i-C,Hy,. ) 17 1.4
2,2,4,4,6,8,8-heptamethyldecane 160 CC(CC(Cce)c)c)ce(eye)ceeyee iso-paraffins (i-C,H,,. ) 17 0.4
4-allyltoluene 80 CC1=CC=C(C=C1)CC=C mono-olefin-aromatic (C,H,,_g) 10 1.9
4-allyltoluene 100 CC1=CC=C(C=C1)CC=C mono-olefin-aromatic (C,H,,_g) 10 0.9
4-allyltoluene 120 CC1=CC=C(C=C1)CC=C mono-olefin-aromatic (C,H,,_g) 10 0.3
m-allyltoluene 80 CC1=CC(=CC=C1)CC=C mono-olefin-aromatic (C,H,,_g) 10 1.9
m-allyltoluene 100 CC1=CC(=CC=C1)CC=C mono-olefin-aromatic (C,H,, g) 10 0.9
m-allyltoluene 120 CC1=CC(=CC=C1)CC=C mono-olefin-aromatic (C,H,,_g) 10 0.3
2,2,4-trimethylhexane 120 CCC(C)cc(eye)e iso-paraffins (i-C Hy,, ) 9 68.3
2,2,4-trimethylhexane 140 CCC(C)cc(eye)e iso-paraffins (i-C Hy,, ) 9 24.6
2,2,4-trimethylhexane 160 CCC(C)cc(eyo)e iso-paraffins (i-C,H,,. ) 9 5.7
2,4,4-trimethylhexane 120 CC(o)ce(cycyee iso-paraffins (i-C,H,,. ) 9 68.3
2,4,4-trimethylhexane 140 CC(o)ce(cycyee iso-paraffins (i-C,H,,. ) 9 24.6
2,4,4-trimethylhexane 160 CC(o)ce(cycyee iso-paraffins (i-C,H,,. ) 9 5.7
2,2,4,6,6-pentamethyloctane 140 CCC(C)(C)ce(e)cc(e)e)e iso-paraffins (i-C,Hy,.,) 13 3.7
2,2,4,6,6-pentamethyloctane 160 CCC(C)([C)ce(e)cc(e)e)e iso-paraffins (i-C,H,,.,) 13 0.9
4-ethyl-2,2,6,6-tetramethylheptane 140 CCC(CCc(C)(c)c)cc(e)e)e iso-paraffins (i-C,H,,. ) 13 3.7
4-ethyl-2,2,6,6-tetramethylheptane 160 CCC(Cc(Cc)(c)o)cc(e)e)e iso-paraffins (i-C,H,, . ) 13 0.9
3,3-dimethyl-1-pentene 100 CCC(O)(C)c=C mono-olefins (C H,,) 7 34.7
3,3-dimethyl-1-pentene 120 CCC(C)(c)c=C mono-olefins (C H,,) 7 5.9
3,3-dimethyl-1-pentene 130 CCC(C)(c)c=C mono-olefins (C H,,) 7 23
1-sec-butyl-3-methylbenzene 120 CCC(C)C1=CC=CC(=C1)C mono-aromatics (C,Hy, ¢) 11 8.9
1-sec-butyl-3-methylbenzene 140 CCC(C)C1=CC=CC(=C1)C mono-aromatics (C Hy, ¢) 11 2.7
1-sec-butyl-4-methylbenzene 120 CCC(C)C1=CC=C(C=C1)C mono-aromatics (C,Hy,_¢) 11 8.9
1-sec-butyl-4-methylbenzene 140 CCC(C)C1=CC=C(C=C1)C mono-aromatics (C,Hy,_¢) 11 2.7
1,4-diethyl-2-methylbenzene 120 CCC1=CC(=C(C=C1)CC)C mono-aromatics (C,Hy,_¢) 11 45
1,4-diethyl-2-methylbenzene 140 CCC1=CC(=C(C=C1)CC)C mono-aromatics (C,Hy,_¢) 11 2.9
1-butyl-3-methylbenzene 120 CCCCC1=CC=CC(=C1)C mono-aromatics (C,H,,_¢) 11 12.3
1-butyl-3-methylbenzene 140 CCCCC1=CC=CC(=C1)C mono-aromatics (C,Hy,_¢) 11 4.0
1-butyl-3-methylbenzene 160 CCCCC1=CC=CC(=C1)C mono-aromatics (C,Hy,_¢) 11 1.2
1-butyl-4-methylbenzene 120 CCCCC1=CC=C(C=C1)C mono-aromatics (C,Hy,_¢) 11 12.3
1-butyl-4-methylbenzene 140 CCCCC1=CC=C(C=C1)C mono-aromatics (C,Hy,_¢) 11 4.0
1-butyl-4-methylbenzene 160 CCCCC1=CC=C(C=C1)C mono-aromatics (C,Hy,_¢) 11 1.2
1,4-diisopropyl-2-methylbenzene 80 CC1=C(C=CC(=C1)C(C)C)C(C)C mono-aromatics (C,Hy,_¢) 13 43
1,4-diisopropyl-2-methylbenzene 100 CC1=C(C=CC(=C1)C(C)C)C(C)C mono-aromatics (C,Hy,_¢) 13 1.1
1,4-diisopropyl-2-methylbenzene 120 CC1=C(C=CC(=C1)C(C)C)C(C)C mono-aromatics (C Hy,_¢) 13 0.4
1,3,5-triisopropyl-2-methylbenzene 80 CC1=C(C=C(C=C1C(C)C)C(C)C)C(C)C  mono-aromatics (C,Hy,_¢) 16 20.6
1,3,5-triisopropyl-2-methylbenzene 100 CC1=C(C=C(C=C1C(C)C)C(C)C)C(C)C  mono-aromatics (C,Hy, ¢) 16 4.1
1-cyclohexyl-3-methylbenzene 120 CC1=CC(=CC=C1)C2CCCCC2 naphtheno-mono-aromatics 13 5.9
(CoHay-5)
1-cyclohexyl-3-methylbenzene 140 CC1=CC(=CC=C1)C2CCCCC2 naphtheno-mono-aromatics 13 1.3
(CoHanos)
1-cyclohexyl-4-methylbenzene 120 CC1=CC=C(C=C1)C2CCCCC2 naphtheno-mono-aromatics 13 5.9

(CnHZrkS)

Continued on next page
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TaBLE D.1 - continued from previous page.

Compound T(C) SMILES Hydrocarbon family Carbon IP (h)
number
1-cyclohexyl-4-methylbenzene 140 CC1=CC=C(C=C1)C2CCCCC2 naphtheno-mono-aromatics 13 1.3
(CnHerS)
1-methyl-4-propylbenzene 120 CCCC1=CC=C(C=C1)C mono-aromatics (C,Hy, ) 10 9.7
1-methyl-4-propylbenzene 140 CCCC1=CC=C(C=C1)C mono-aromatics (C,Hy,_¢) 10 24
1-methyl-4-propylbenzene 160 CCCC1=CC=C(C=C1)C mono-aromatics (C,Hy,_¢) 10 0.7
1-methyl-3-propylbenzene 120 CCCC1=CC=CC(=C1)C mono-aromatics (C,Hy,_¢) 10 9.7
1-methyl-3-propylbenzene 140 CCCC1=CC=CC(=C1)C mono-aromatics (C,Hy,_¢) 10 2.4
1-methyl-3-propylbenzene 160 CCCC1=CC=CC(=C1)C mono-aromatics (C,Hy,_¢) 10 0.7
2,2-dimethylpentane 140 CCCC(C)(C)C iso-paraffins (i-C,Hy,. ) 7 23.1
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PCA scores and loadings plots for NIR

spectroscopic data
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F1GURE E.1 - Scores plot for PC1 vs. PC2 based on raw NIR spectra. The data points are color-coded to
represent a) log(IP) values and b) hydrocarbon families.
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PCA scores and loadings plots for NIR spectroscopic data
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F1GURE E.2 - Scores plot for PC1 vs. PC3 based on raw NIR spectra. The data points are color-coded to
represent a) log(IP) values and b) hydrocarbon families.
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F1GUrE E.3 - Scores plot for PC1 vs. PC4 based on raw NIR spectra. The data points are color-coded to
represent a) log(IP) values and b) hydrocarbon families.
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FIGURE E.4 - Scores plot for PC1 vs. PC5 based on raw NIR spectra. The data points are color-coded to
represent a) log(IP) values and b) hydrocarbon families.
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F1GUre E.5 - Scores plot for PC1 vs. PC6 based on raw NIR spectra. The data points are color-coded to
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FIGURE E.6 — Scores plot for PC1 vs. PC7 based on raw NIR spectra. The data points are color-coded to
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F1GURE E.7 - Scores plot for PC1 vs. PC8 based on raw NIR spectra. The data points are color-coded to
represent a) log(IP) values and b) hydrocarbon families.
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