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5
Finite representation of

reaction kinetics in

unbounded biopolymer

structures

We draw a parallel between chemistry and natural languages by formalising the former
with generative graph grammars. Many processes that occur in nature feature complex
reaction networks, such as natural oils and resins, and metabolic oxidation reactions,
as in the Krebs cycle. The reaction networks of such systems can be algorithmically
derived using such a formal language approach. We illustrate this paradigm on the
curing of ethyl linoleate by representing this molecule with two hierarchical levels: the
level of well structured monomer units and the level of randomly structured polymers.
We then show how this representation describes the mechanism behind the kinetic phase
transition occurring in this material. Additionally, we show that the algorithm may assist
interpreting experimental measurements from electrospray ionization mass spectrometry.

Parts of this chapter are reproduced from: (1) Finite representation of reaction kinetics in unbounded
biopolymer structures, Y. Orlova, A.A. Gambardella, R. E. Harmon, I. Kryven, P.D. Iedema. Chemical
Engineering Journal, 2020, doi: 10.1016/j.cej.2020.126485, (2) Application of generative graph gram-
mars to chemical reactions on hierarchical molecular structures. Y. Orlova , I. Kryven, P.D. Iedema.In
preparation.
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5.1. Introduction
One important task of chemists and physicists is creating synthetic materials with opti-
mal end use properties. Can algorithms support or even perform such tasks? Relevant
areas where algorithmic design is instrumental are drug and chemical process design1–3.
The algorithm aided discovery of complex reaction networks, has also been adopted in
other disciplines, such as astronomy4, materials science5, and synthesis6–8.

5.1.1. Challenge of biopolymers

Although many natural polymer materials such as wood, cellulose, and many natural
resins became widely used already centuries ago, little is known about the reaction
networks underlying synthesis and degradation of these materials . For example, linseed
oil9, which since long has been introduced and valued in view of its durability in fine
art oil paintings, is possibly one of the first polymers ever prepared. Despite multiple
studies performed in this area10–19, the complete reaction network behind the reaction
kinetics of this resin’s ageing and decay remains unknown. Similar bio-derived materials,
such as drying oils, appear to feature extensive complexity, as simplicity of the reaction
pathways is not Nature’s priority. A parallel can also be made here with the reaction
networks in prebiotic synthesis of biomolecules20–22 and the metabolic networks in living
cells23,24.

In this chapter, we aim to improve understanding of the complex organic chemistry
involved in aging of oil paintings, essentially motivated by the necessity to improve con-
servation treatments. The two major challenges when elaborating the reaction network
behind this natural polymer are: 1) the number of all chemical species is large (complex-
ity of interactions6,25), and 2) crosslinked polymers appear as infinitely large molecules.
With respect to the latter, the conventional partition into distinct chemical species,
forming the basis of studying reaction kinetics, loses its sense due to the extent and
hierarchical complexity of molecular structures19,26–30. In this chapter we address both
challenges. Firstly, we view the hierarchy present in the chemical notation as a formal
language, where sentences are replaced by graphs. We then view the reaction mecha-
nisms as graph grammar, and build an algorithm that constructs the reaction network
from the first principles of organic chemistry. Secondly, we apply recent developments
in network science31, to formalise the structure of infinitely large molecules as random
graphs having many types of links. The combination of these two principles provides an
algorithmic tool for the constructive study of complex chemical processes with reaction
networks that cannot be manually resolved by experts.
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5.1.2. Chemistry, language and algorithmic solutions

The parallel between language and chemistry has been discussed in a series of works by
the group of Grzybovski32–34, who suggested that the structure of chemical corpora is
similar to that of natural languages. The latter authors formulate ‘maximum common
substructures’ (MCS) and apply this concept to both molecular structures and natural
language (note that the MCS are comparable to the patterns we introduce later in this
chapter). In this work, we depart from the same hypothesis based on the similarity of
language and chemical reactions and proceed with exploring the concept of chemical
grammar in the framework of Chomsky’s linguistic philosophy35.

An important element of our implementation of the chemical grammar concept is the
algorithm that generates a complete formulation of the chemical reactions involved in the
bio-polymer application: automated reaction network generation (ARNG). One of the
first occurrences of the ARNG concept is dated to the GRACE algorithm36, which was
developed to reconstruct reaction networks for heterogenous catalytic processes. Mean-
while ReNGeP, developed in the group of Froment37, automated chemistry of thermal
cracking of normal and branched paraffins. The idea of automatizing reconstruction of
reaction networks was later adapted to handle a wide range of chemical systems38–44.
ARNG was applied to the case of pyrolysis and combusion45, metabolic processes23,24,
prebiotic scenarios20, protein interaction exploration46–49, pharmaceutical design50, and
design of regulation for cell functions51. Oakley et al.10,11 addressed the drying process
of ethyl linoleate by limiting their study to hexamers as the largest oligomer. This ap-
proach proved to be sufficient in capturing the early stage of polymerization, however
an infinite growth of molecules during polymerization still remains an open problem in
the context of ARNG. In our recent ARNG algorithm25 (see Chapter 2), a polymer is
thought to be fragmented into a finite number of monomer structures, and the reaction
network is formulated in terms of the latter species. Such a fragmentation approach is
inspired by polymer reaction engineering52–54 and allows one to obtain a finite system
of ODEs describing reaction kinetics of a virtually infinite polymer, as we operate with
reactions that act on small structures rather than on the entire polymer.

5.1.3. Motivation: understanding oil paint for preservation

In this chapter we demonstrate the use of chemical grammar and its implementation
in the hierarchical structure of ARNG in a study of polymerisation of ethyl linoleate
(EL), which can be viewed as a model system for ‘drying’ of linseed oil10,11. We explore
the polymerization of ethyl linoleate by formulating the reaction network for monomer
fragments and further transforming it into a system of ODEs for species concentrations.
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In this chemical process, many reactions occur simultaneously leading to the formation
of a wide range of intermediate products that ultimately become the monomeric con-
stituents of an infinite polymer network55,56. We present evolution profiles of selected
byproducts of such reactions, such as: alcohols, peroxides, aldehydes, carboxylic acids,
and epoxides. Subsequently, we discuss the expansion of the model with tools from
random graph theory, which allows prediction of the buildup of the average molecular
weight, size distribution of oligomer molecules, gelation time and quantifying the for-
mation of the insoluble fraction in the material. Alongside, we calculate the masses of
all explicit monomers and dimers, which are reconstructed as combinations of monomer
fragments. The latter information aids interpreting the mass spectrum obtained with
electrospray ionization mass spectrometry (ESI-MS) of EL, as the model provides mass
data that are comparable to the measurements57.

Understanding the kinetics of autoxidative drying of linseed oil is relevant to oil paint
characterization and design of preservation techniques for aging oil paintings12–14,58,59.
Our study contributes to the conservation of oil paintings by providing a better under-
standing of the binding medium structure as it evolves from the fresh condition to heavily
degraded states. For instance, our model explains the influence of a drier, commonly
added to accelerate drying, on the rate of formation of all investigated functional groups
in different temperature regimes. Remarkably, the model also predicts long-lasting ef-
fects of the drier on the structural properties of the ethyl linoleate polymer.

5.2. Grammar-based model generation
5.2.1. Generative grammar

The idea to generate chemical grammar describing complex chemical reactions has been
discussed in the first works by Yoneda36 and Clymans and Froment37. The automated
reaction network generation (ARNG) became widely used by other researchers who
adapted the idea to various chemical processes39–43,60. Similarly to linguists, developing
grammar by observing the relations between words in a sentence35, we formalize chemical
notation as a hierarchy of molecular structures that determine molecule’s ability to
participate in reactions.

Figure 5.1 illustrates the parallel between the hierarchies in sentences and in molec-
ular structures. At the lowest hierarchical level of chemistry we consider particular
configurations of atoms, which are responsible for the molecule’s reactivity. In a similar
way individual words are the smallest substructures of the sentence. Chomsky introduced
verb phrase (VP) and noun phrase (NP) as the essential components of the sentence in
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Figure 5.1: Hierarchy in the structure of a molecule compared to the hierarchy of a sentence, where
VP stands for verb phrase and NP stands for noun phrase.

order to formalize grammar35. Similarly, reactive substructures, which we call reactive
patterns, determine the function of a molecule. For a given reaction, these parts of a
molecule are the smallest entities, wherein atoms undergo concerted changes in valence
and connectivity. Thus, changes occurring in the reactive patterns are considered to
happen irrespective of their non-reactive neighbourhood. Such reactive patterns are
the chemical ’words’ that are the constitutive elements of the larger ’sentences’ - the
molecules. As grammar consists of morphology and syntax, we bring this analogy to
chemistry, where morphology relates to chemical bonding, and syntax resembles the re-
action rules. A set of basic reaction rules – the chemical syntax – is extracted from the
chemical database, and the molecular structures, to which this chemical syntax is ap-
plied, comply with the rules of chemical bonding, or morphology. Molecules are unique
as defined by their number and arrangement of atoms and represented by molecular
graphs, while patterns are subgraphs of the molecular graphs25. A reaction rule is a
transformation of a pattern of a reactant into a pattern of a product. Thus, when we
define reaction rules on the molecules, we formulate grammar on graphs.

Molecules may contain more than one pattern. Moreover, the same patterns may
exist in different molecules, so they have a repetitive character leading to the same
chemical reactions repeatedly happening in different molecules. Note that the knowledge
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on how to separate a molecule in a pattern of atoms undergoing change and its non-
reactive neighborhood depends on a given reaction. Chemists know how to perform this
separation to predict chemical behavior, and ultimately, quantum mechanics is required
to decide the span of the change in electronic configuration during a reaction. We are
also confronted with the remarkable phenomenon that two (or more) reactive patterns
may influence each other’s reactivity when located next to each other, as it is shown in
Figure 5.1. We call these pairs or sets of patterns ’complex patterns’. This phenomenon
finds an interesting parallel in the words of linguistics, which change meaning of the
word pairs when placed next to each other as collocations. Some patterns are reactive
sites that are transformed into another reactive sites, while the others are transformed
into stable products and do not undergo any further reactions. We thus distinguish
three types of such patterns: elementary, auxiliary and complex patterns; each category
is further described below.

Elementary patterns. Numerous reactions happen solely on functional groups of the
molecule without influencing any adjacent atoms. An elementary pattern is the simplest
type of pattern and its definition is straightforward: a pattern is elementary, when the
transformation happens on a reactive functional group turning it into another functional
group that undergoes further reactions. Hence, elementary patterns can be reactant as
well as product patterns.

Auxiliary patterns. In a reaction where a product pattern in its entirety does not
correspond to any reactive pattern, the product pattern is categorized as an auxiliary
pattern. Such a pattern does contain all atoms that are affected in the current reaction.
However, some of these atoms may or may not be reactive in a subsequent reaction.
Auxiliary patterns may represent stable, non-reactive product structures, but also contain
reactive substructures, which we will identify as elementary patterns.

Complex patterns. While following the reaction rules from reactive patterns to prod-
uct patterns in larger molecules, one may end up with several reactive patterns appearing
next to each other. In most instances, two neighboring reactive patterns may follow their
individual reaction pathways independently, However, in some cases, they interfere in
such a manner - basically obeying local electronic interactions as dictated by quantum
mechanics - that being together they form an additional ’complex’ pattern that follows
a different, additional reaction rule. Interesting examples of such complex patterns ap-
pear in studies by Oakley et al.9,61. Here, the authors performed quantum chemical
calculations, which reveal relatively low activation energies for particular configurations
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of functional groups in the cases of epoxidation and secondary scission (�-scission) of
alkyl chains. Thus, an additional instance of a �-scission reaction with low activation
energy was detected. In this remarkable case the � scission was observed to happen
in a pattern that involved both a crosslink between two EL units and a hydroperoxide
group. This discovery has implied a new complex pattern and, thus, it represents an
organic-chemical example of collocation ultimately based on quantum chemistry. Note
that chemical complexity is treated in much the same way as linguistics treats collo-
cations62: two words have different meaning separately, but they gain a new meaning
while standing by each other in the sentence of phrase. For example, in the sentence
"The man took the bus" in Figure 5.1, VP "take the bus" is a collocation. The evidence
of complex patterns leading to new reaction pathways, which differ from those of two
elementary patterns constituting the complex pattern, suggests further investigation of
combinations of elementary patterns with the means of quantum chemistry.

The role a pattern plays in reaction kinetics depends on its type. Elementary patterns
may be both of the reactive as well as of the product type, while auxiliary patterns
always describe the formation of a product. Assuming the role of reactants, complex
patterns are expected to appear during the creation process of new molecules when two
elementary patterns that resemble the pre-defined complex pattern occur next to each
other. The same chemical syntax can be applied to a variety of molecular structures.
These structures are related to each other by reactions yielding a meaningful outcome:
stable intermediate and product molecular species that are correct with respect to the
valence of atoms.

5.2.2. Hierarchy and polymer representation

Typically, synthetic polymers consist of only a few basic constituents, such repeat units
are assumed to have identical reactivity and obey the same kinetic laws. The first
attempt to mathematically describe polymers is due to Flory63. His model has a long and
successful history in the treatment of synthetic polymers, wherein the monomer units are
simple and do not undergo other alterations than loosing one or more double bonds while
polymerizing. In contrast to the synthetic polymers, natural and bio-based polymers
have a considerably wider range of constituents, and such constituting ‘monomers’ may
undergo many side reactions, which either increase their weight (e.g. reactions with
oxygen) or break them into smaller fragments (e.g. secondary scission of alkyl chains).
One can observe such complex behaviour, for example, in lipids, where fatty esters form
hard films through auto-oxidation. Thus, in such cases of natural polymers, the concept
of a monomer unit becomes ill defined. This implies that an accurate description of
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Figure 5.2: (a) – all reactive patterns that were needed to define reaction rules to describe the drying
process of ethyl linoleate. (b) depicts one of the intermediate states of EL molecule with 3 patterns
(functional groups): hydroperoxide, peroxide and peroxy crosslink. These functional groups are high-
lighted and associated with the patterns from the list above: patterns 10, 13 and 14. In other words,
patterns are specific molecular features that are responsible for the reactivity of the molecule. They
determine which reaction pathway the molecule is going to follow. Regarding the structure of the EL
molecule, there can be at most 3 reactive sites per molecule in this specific case.
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the system’s kinetics is intertwined with the ability to identify all atomic substructures
contributing to the polymer network.

The variety of monomer constituents of natural polymers in itself can be efficiently
resolved by the ARNG algorithms42,60. However, reconstructing the structure of the
whole polymer network from known monomer constituents is an open problem – besides
quantitative description of the monomer variety, one also has to find the connectivity
patterns of numerous different species that now correspond to the nodes of a virtually
infinite network with a resolution down to atoms.

To reconstruct a polymer network, we have adapted the grammar-based ARNG
algorithm25 (see Chapter 2) so that it can be applied to polymer molecules of unbounded
size. To achieve this, each monomer is characterized by the number (degree) and type
of connections to other monomers, it is called a ’species’. If a link exists connecting two
species it is represented by a half edge and labeled by the type of functional groups it
connects. This means that some atoms within the molecular graph will bear a bond that
has an open end on the other side, so a half edge, that is meant to represent crosslinks
created by radical-radical reactions between radical-bearing species. This concept is
illustrated in Figure 5.3, where nodes are species and bonds are (half) crosslinks. This
representation allows to express the multivariate degree distributions and to identify
molecules with a coloured edge19,30,31,64. Thus, we are able to infer global properties
of the polymer network. Hence, carrying on the analogy with linguistics and lifting it
one step higher in the structural hierarchy, polymer molecules are formed from monomer
molecules, just as a text is formed from sentences. The comparison between formalized
grammar and chemistry of EL is shown in Figure 5.5.

5.2.3. Grammar-based model for drying of EL

The grammar-based methodology is demonstrated on the case study of drying EL, which
is deemed a sufficiently complex process as it is not manually tractable by an expert.
The structural formula and the molecular graph of EL is shown in Figure 5.4. The
departure point for the model is a list of all the basic reaction rules involved on the
level of patterns, which we refer to as chemical syntax. We singled out 82 reaction
rules (see Appendix C1) based on 40 elementary and complex patterns (see Figure 5.2)
and 38 auxiliary patterns (see Appendix C2). As is later shown in Section 5.4.3, several
thousands of molecular species and an order of a million of reactions will be generated
from this modest number of patterns and rules.

The list of reactive patterns contains several complex patterns, like, for example,
pattern 17 (Figure 5.2 a) being constructed out of ’elementary’ patterns 11 and 12.
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Figure 5.3: The random graph representation of a polymer network. Grey nodes correspond to monomer
fragments, and coloured edges correspond to 3 different types of crosslinks. The network is then thought
of as a an ensemble of valid wiring configurations of nodes whose connections respect the colour of half
edges31.
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Each elementary pattern (numbered 11 and 12) undergoes its independent reaction
pathway when separated. However, both patterns appearing next to each other on the
same molecule create suitable conditions for a third possible reaction pathway (secondary
scission of alkyl chain). Figure 5.2 b shows an example of the monomer of EL having 4
patterns, which are all elementary patterns. Pattern 13 is a final stable product, while
patterns 10, 14 and 40 may proceed along further reaction pathways.
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As described in Section 5.2.2, monomers are characterized by the number and types
of half edges representing crosslinks between monomers. To track the crosslinks, they
are explicitly identified as elementary patterns, as shown in Figure 5.2: patterns 14, 15,
16, 26, 27, 28 and 39. In our grammar-based algorithm, this information makes the
connection from the lower level of elementary patterns to the higher hierarchical level
of the polymer network.

5.2.4. Complex patterns prohibiting model reduction

In Section 5.4.3 we explain how a kinetic model consisting of ordinary differential equa-
tions (ODEs) describing the concentrations of all molecular species in time is derived
from the reaction network. One may wonder whether the ODE model describing a large
number of molecular species may be reduced to a smaller model that operates solely
on patterns. It turns out that this is only possible, if no complex patterns are involved.
In other words, the chemical interference between patterns (going down to quantum
chemical interaction) prohibits such a reduction of the EL model. This also implies
that, for EL, kinetic parameter estimation by minimising the discrepancy between model
and experimental data is not a practical option, because of the size of the reaction net-
work. This situation is inherent to the specific organic chemistry of EL and the type of
reactions involved, and it is expected to be representative for other bio-based materials.
Note, that a comparable, but simpler chemical system, the autoxidation of triolein57,
proved not to require complex patterns. Hence this system may be considered as a
set of independently reacting functional groups. The latter system does indeed allow
reduction to a pattern model when estimating kinetic parameters.

5.3. Materials and methods
5.3.1. Reaction mechanism - database

The chemistry of the photo-oxidative drying process of linseed oil and associated model
systems, such as EL, has been thoroughly studied by experimental research, particu-
larly in the context of binding media of oil paint15,16,18,65. While exploring various
aspects of drying (drying rate, emission of volatile compounds), a better understanding
of elementary reaction steps of the autoxidation process has been achieved. Studies re-
garding drier influence on autoxidation of EL and linseed oil have been performed17,66–70.
In these studies, concentration profiles of peroxides, oxygen uptake and production of
small volatile compounds are reported. Reviews exist68,71–73 that provide detailed de-
scriptions of the autoxidation reaction mechanism that in part go back to many studies
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of the organic chemistry of lipid autoxidation by the group of Porter et al.74–77. Work
by Muizebelt et al.78 provides insights on how relative amounts of bis-allylic carbons,
conjugated double bonds, epoxides, acids, peroxy and ether crosslinks evolve over time.
Emission of volatile compounds, such as hexanal and pentanal, during the oxidation
of EL are measured and reported in studies by Oakley et al.61 and others72,79. These
references form a database for a complete chemical description of the EL case study;
they are also employed to validate the outcomes of the resulting kinetic model.

In this section we adopt the usual way of representing reactions in organic chemistry
by listing the structural formulas and show some of the most important reaction steps in
Figure 5.6. The polymerization starts with the abstraction of hydrogen from bis-allylic
carbon, which reacts with molecular oxygen and forms a peroxy radical. Peroxyl radicals
form hydroperoxides by abstracting more hydrogens from bis-allylic carbons. Under the
influence of UV light or a metal drier, hydroperoxides dissociate into alkoxyl and peroxyl
radicals. Alkoxyl radicals are also active in hydrogen abstraction. Alkoxyl, peroxyl and
alkyl radicals actively undergo termination by recombination forming ether, peroxy and
alkyl crosslinks, respectively. Additionally, termination by disproportionation between
two peroxyl radicals, also known as Russell termination, produces ketones and alcohols.
In the addition reaction the peroxyl radical connects to one of the carbon atoms with
conjugated double bonds, forming a peroxy crosslink. Note that this reaction type is the
dominant propagation reaction in radical polymerization, where the radical undergoes
either propagation or termination reactions in competition. It should be noted that
Figure 5.6 by no means represents the whole reaction network, but only a small fragment
of it, preceding actual polymer.

Two more reactions are described next, �-scission and epoxide formation. �-scission
is thought to be responsible for the formation of volatile aldehydes71,9 according to
several mechanisms. As shown in Figure 5.6 two pathways are possible. Pathway 1
starts with an alkoxyl radical located near a conjugated double bond. Scission takes
place at the carbon connected to the oxygen radical leading to an aldehyde fragment
with a conjugated double bond and R2, and a fragment R1’. Pathway 2 has been
proposed by Oakley et al.9 and presumes the existence of an alkoxyl radical near a
peroxy crosslink and a singular double bond. This species is a product of an addition
reaction and its �-scission leads to an aldehyde fragment with R2 and a fragment with
a peroxy crosslink and R1. In addition, two pathways leading to the epoxide formation
have also been included in the reaction scheme61.
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Figure 5.6: Schematic representation of the reaction steps occurring during the polymerization of ethyl
linoleate. Different types of crosslinks are possible: alkyl crosslink (highlighted in green) formed via the
recombination of two carbon radicals, ether crosslink (highlighted in red) formed via the recombination
of carbon radical and alkoxy radical, peroxy crosslink (highlighted in orange) formed via recombination
of peroxy radical and carbon radical, recombination of two alkoxy radicals or via addition reaction.
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5.3.2. Rate parameters

Since using experimental rates or state-of-the-art estimation techniques (i.e. quantum
chemical calculations) for each rate coefficient is virtually impossible in view of the
vast number of elementary reaction steps in a complex reaction network, we estimate
the kinetic parameters of the model using the concept of ’reaction families’80,81 with a
procedure from Oakley at al.61. The rates are calculated for each elementary reaction
by the Arrhenius equation,

k = Aexp(�Ea/RT ).

The activation energy, Ea, is approximated using the Evans-Polanyi structure-reactivity
relationship for each reaction family. The relationship relates enthalpy of reaction, Hrxn,
to activation energy by

Ea = E0 + ↵�Hrxn,

where E0 is the intrinsic energy barrier and ↵ is the transfer coefficient which describes
how ‘reactant-like’ or ‘product-like’ the transition-state is82. The forward and reverse
reaction transfer coefficients sum up to 1 and both reactions share their frequency factor,
A, and intrinsic kinetic barrier, E0. In this work, we assume irreversibility of reactions
resulting in products, which are known to be stable at the low temperatures, namely:
alcohol, carbonyl and carboxyl groups, as well as alkyl and ether crosslinks. Among
reactions that form such groups are: recombination between alkyl and alkoxyl radicals,
Russell termination and Baeyer-Villiger reaction. This simplifying assumption allows
restricting the size of a model, although a more rigorous model should be able to tackle
the reversibility of all reactions. Both, computer and lab experiments have been used
to determine the values of A and E0 for each reaction family83,84. A list of reaction
families with parameter values is given in Table 1 in Appendix C3.

The enthalpy of reaction for each unique elementary step is calculated from the
difference between the product and reactant enthalpies of formation computed using
Benson’s thermochemical group additivity method85. According to this method the
energy contribution of central atoms and their immediate neighbours are added up
to obtain the heat of formation of a species, using published group additivity values
from86–90. We use group additivity values assuming a homogeneous gas phase, as the
literature for the condensed phase is not as rich, especially for radical centered groups
and many other groups that do not have reported values or heats of vaporization to
adjust final heats of reactions. We report parameter sensitivity for the families of kinetic
parameters in the section below.
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A  +  B         C
k

... ...

. . . . . .

. . .

A B

C

k- species 
(concentration)
- reaction
(rate constant)

Figure 5.7: Example of a reaction A + B ��! C with a rate coefficient k represented as a part of the
reaction network. The reaction network has two types of nodes: monomer states (big orange nodes)
and reactions (small green nodes). Directed edges point in the direction of a reaction: from reactant
nodes to a reaction node and then from a reaction node to a product node.

5.3.3. Experimental details

Paint models for study with ESI-MS were prepared with ethyl linoleate (Sigma-Aldrich)
and inorganically-coated titanium dioxide (rutile form) pigment (Tronox CR-826), which
was chosen for its chemical inertness towards linseed oil binding medium as compared
to other pigments91. The method for model preparation and ageing; ESI-MS measure-
ments; and data processing, peak picking, and matching exactly followed that reported
in Orlova et al.57 (see Chapter 4).

5.4. Results and discussion
5.4.1. Algorithmic construction of the reaction network for EL

Consider a set of distinct molecular species. All reactions that take place between
the species constitute the reaction network, which is a directed bipartite graph that
consists of 1) reaction nodes and 2) species nodes92 (see Figure 5.7). The reactions
and species nodes have weights that correspond to the rate coefficient of a reaction and
concentration of a species, respectively. Such a network can be directly transformed
into a system of ODEs, the kinetic model.

For simple systems, reaction networks may be formulated manually using principles
of organic chemistry. For a complex system, such a EL autoxidation, formulating the
reaction network can be practically done only with our adapted ARNG algorithm due to
a large size of the network.

A large part of the autoxidation reactions of EL involves radicals as they are the most
reactive species. We make a common assumption that multiradicals have negligible
concentration, and thus exclude them from the reaction network. The final reaction
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Figure 5.8: Projected reaction network that describes the autoxidation of EL. The initial state of EL is
highlighted and located in the middle of the reaction network. Nodes in this network correspond to the
states of the monomers and the edges correspond to the transformation from a reactant to a product.
Colours correspond to node degree.
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network of EL polymerization consists of 3 887 fragment species and 3 444 003 reactions,
and indicates that initially disconnected species gradually attain alkyl, ether, or peroxy
half crosslinks as the reactions progress in time. Each species bears at most three of
such half crosslinks, and therefore the degree distribution has a maximum degree of
three.

The entire bipartite reaction network has of the order 106 nodes. Figure 5.8 illustrates
a projected reaction network composed solely of species nodes, with two nodes being
connected with a directed edge if they participate in the same reaction as a reactant
and a direct transformation product, respectively. Such an illustration allows to explore
transformation pathways. In Figure 5.8, the nodes are coloured according to the degree
of the species they represent, that is the number of half crosslinks that the species is
bearing. Such a colouring reveals nuances of the degree distribution dynamics: the nodes
with the largest degree turn out to appear at the intermediate stages of the reaction
pathways, that is between the centre and periphery of the network. This is a consequence
of the secondary fragmentation reactions (�-scission) and relative instability of peroxy
crosslinks, which are the most abundant crosslinks in the system.

5.4.2. Molecular species identification and mass spectrometry

The reaction network of EL autoxidation, as generated by the above-described proce-
dure, captures the formation of infinitely-large molecules, while reproducing the exact
structures of the fragments as molecular graphs. Such a description is complementary
to the measurements by mass spectrometry (MS)57. The comparison is only limited to
the possible identity of the species detected by MS with the species predicted by the
algorithm.

In comparison to our previous work57 described in Chapter 4, when interpreting
a mass spectrum, the present computational output additionally encompasses dimers.
The diversity in molecular species on the level of monomers and dimers is assessed by
counting the number of species having zero or one half crosslink in the reaction network.
When regarding solely species diversity, and not their concentration, species with zero
and one half crosslink amount to 68% of all species in the reaction network, see Figure
5.8. This variety of species is confirmed by ESI-MS measurements of the artificially aged
EL sample, in positive and negative modes.

ESI-MS measurements provide experimental information about the mass distribution
of the extractable material of artificially aged EL. Calculating masses of the computer
generated molecular structures allows us to compare the MS data with the outcome of
the algorithm. The species is said to be matched when its mass is represented by a peak
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in the spectrum and at least one reactant that makes the species is matched. The exact
masses of each computationally-derived structure are calculated assuming the mass of
only the most abundant isotope for each element. It is important to note that the
model at this stage only provides the information on whether or not a species may be
formed, hence, species concentrations are disregarded at this point. Explicit molecular
structures of the monomers follow directly from the reaction network, while structures
of the ’dimers’ are reconstructed by combining species with one half crosslink of the
same type. Radical species are not included in this comparison as they are not detected
by MS. The calculated masses of reconstructed monomers and dimers are then adjusted
using the exact masses of the possible ionizing ions for each mode, thus adding masses
of H+, Na+ or NH+

4 for the positive mode and subtracting the mass of H� or adding
the mass of CH3COO� for the negative mode.

The comparison of the calculated masses with the masses measured by ESI-MS of
artificially aged EL is demonstrated in Figure 5.9. The algorithm has identified 22 772

distinct structures in the measurement range of the instrument, out of which 7 756 were
matched to the peaks of significant intensity, (that is peaks with intensity within 90% of
top values in the spectrum). Many distinct structures share the same molecular mass.

In the mass spectra presented, measured peaks identified by calculation are coloured
in blue, while those unidentified are orange. The height of the identified peak corre-
sponds to the measured intensity in the MS spectrum. The results are displayed in the
range from 50 to 850 m/z, which is sufficiently wide to capture the monomers and
dimers. The peaks not identified with this procedure may correspond to trimers and
higher order oligomers formed by low molecular weight products, as well as to the prod-
ucts of the reaction pathways not included in the set of ARNG reaction rules, such as the
epoxide ring opening reaction. The initial state of EL (C20H36O2 �H) corresponds to
the peak 307.15 m/z in negative mode, while the largest calculated masses of oxidized
dimers correspond to 801.57 m/z in positive mode and 837.48 m/z in negative mode.

Knowing the identity of the majority of the peaks measured by MS allows us to
determine the ranges of peaks produced by particular reaction pathways. General lipid
polymerization is characterized by oxidation and crosslinking, which corresponds to the
eventual formation of the insoluble fractions and secondary fragmentation (� scission),
which breaks C-C bonds and releases lower molecular weight species from the polymer
network93. Switching selected reactions on and off in the algorithm allows the deter-
mination of the regions of MS, where the products of oxidation, soluble crosslinked
species (e.g. dimers) and �-scission are expected to appear (see Figure 5.9). As the
MS measurements are performed on the aged EL sample, products of � scission span
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most of the considered MS interval for both positive and negative modes indicating the
degradation of the polymer network93.

Figure 5.9: Regions of mass spectra (both negative and positive mode) highlighting the anticipated
products of oxidation and �-scission of monomers and dimers of EL. Peaks matched to the molecular
structures generated by ARNG (dark blue) in the measured mass spectra (orange) of extracts from
EL aged with titanium dioxide. Heights for matched peaks are set to the height of the corresponding
measured peaks.

5.4.3. Kinetic modeling

The reaction network for EL autoxidation directly yields a system of 3 887 nonlinear
ODEs that describe the time evolution of concentrations of all (fragment) species. The
initial concentration of EL is 3.71 mol/L corresponding to 40 g of technical grade EL67.
The concentration of the catalyst is 0.01 mol/L, which corresponds to 0.07 wt % Co(II)
2-ethylhexanoate (Co-EH). The choice of the catalyst is based on the availability of
the detailed reaction mechanism of Co-EH and EL70. As diffusion of molecular oxygen
is considered to be fast in comparison to the autoxidation process, its concentration
is assumed to be constant: 2.18 mmol O2/mol EL. All other species have their initial
concentrations zero. These initial concentrations are in agreement with experimental
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measurements for soybean oil, which is representative for EL as it has high linoleic acid
content94,95.

The rate coefficients are estimated for each individual reaction using the Arrhenius
equation. Pre-exponential factors are taken from literature, and the activation energy is
estimated using the Evans–Polanyi approximation9,61,83,84, see Methods for more details.
In this work we disregard diffusion effects and assume that rate coefficients are constant
over reaction time.

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L)

0

0.2

0.4

0.6

0.8

1
EL

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L)

0

0.5

1

1.5

2

2.5
Oxygen uptake

model, drier
model, no drier
experimental data,
drier

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L)

0

0.2

0.4

0.6

0.8
Peroxide value

experimental data, drier
ROOR, drier
ROOH, drier
ROOR, no drier
ROOH, no drier

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L)

0

0.02

0.04

0.06

0.08

0.1
Alcohols

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L)

0.5

0.6

0.7

0.8

0.9

1
All double bonds

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L) # 10 -3

0

0.5

1

1.5

2

2.5

3
Conj. double bonds

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L)

10 -10

10 -5

10 0 Aldehydes

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L)

10 -15

10 -10

10 -5

10 0 volatiles

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L)

10 -15

10 -10

10 -5

10 0 Carboxylic acid

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L) # 10 -6

0

1

2

3

4
Radicals

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L)

0

0.1

0.2

0.3

0.4

0.5

0.6
crosslinks

Time (hours)
10 0 10 2 10 3Co

nc
en

tr
at

io
n 

(m
ol

/m
ol

 E
L)

0

0.002

0.004

0.006

0.008

0.01

0.012
Epoxides

model, drier
model, no drier

Figure 5.10: Concentration profiles of various functional groups from the solution of the kinetic model
for the case with drier and without drier.

Starting with the initial concentrations and pre-calculated rate coefficients, the ki-
netic model is solved numerically using a semi-implicit multi-step integrator of 5th order
(ode15s), assuming a reaction time of 1000 hours as a realistic time span for drying of
EL. The outcome of the simulation is the evolution of the concentrations of all species
over the drying time. By aggregating these data according to the functional groups,
we obtain the most important concentration profiles for oil drying: initial state of EL
molecule, oxygen uptake, peroxide value, alcohols, double bonds, aldehydes, volatiles,
carboxylic acid, radicals, crosslinks, and epoxides. Figure 5.10 compares these data for
the calculations with and without drier. Results for the system without drier are ob-
tained by setting to zero the rate coefficients of the reactions between cobalt species and
monomer states containing hydroperoxides. In no-drier mode, the secondary initiation
of bis-allylic carbon is assumed to involve a hypothetical initiator, which has the same
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Figure 5.11: Effects of different temperatures on the solution of the kinetic model with drier.

rate as the initiation in the presence of cobalt drier. This assumption is based on the
results of the work by Lazzari et al.93, where the authors show that polymerization of oil
happens in natural lab conditions without additives. Investigation of EL polymerizing
without drier is a rather interesting research question, which we will leave for future
work.

The effect of the cobalt drier is visible in all concentration profiles shown in Figure
5.10. An EL conversion of 50% is reached in 17 hours without drier and in 3 hours with
drier. The drier significantly increases hydroperoxide decomposition causing a lower
maximum of the hydroperoxide concentration profile. Figure 5.10 also shows that the
radical concentration in presence of drier is higher, which ultimately leads to a higher �-
scission rate and consequently to higher carboxylic acid concentration. More pronounced
differences between drier and no-drier modes are observed in the formation of crosslinks
and higher order oligomers. This result will be discussed in the following subsection.

The validity of the model can be assessed by analyzing the qualitative behaviour
of various functional groups. The concentration decrease of EL is a marker for the
overall progress of the polymerization process, while oxygen uptake is a measure of the
rate. To quantify the oxygen uptake predicted by the model, the concentrations of all
monomer states containing oxygen are summed up accounting for the number of added
oxygen atoms per monomer. Experimental data for oxygen uptake is taken from work
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by Oyman et al.67. Oxygen uptake measurements are done in a stirred flask at room
temperature in the presence of cobalt drier. The model predicts less oxygen uptake than
the experimental measurements. This mismatch can be caused by the assumption made
on the constant content of molecular oxygen in the system.

Hydroperoxides constitute an important intermediate product of the drying process
of EL being formed via a reaction between carbon radicals and oxygen. Hydroperoxides
are unstable species that over time decompose into alkoxy radicals and hydroxyl groups.
Consequently, in the presence of drier, the concentration of hydroperoxides should pass
through a maximum. A peak exists at around 20 hours drying time, as is shown by
the experimental profile from the work by Oyman et al.67. The model reproduces
the maximum in the peroxide value much earlier, at around 1,5 hour of drying time.
The peroxide content was measured in a film, hence the discrepancy between modelled
and experimental data may be due to the fact that the model does not account for
diffusion effects, which may have a significant impact on the results. Peroxy crosslinks
form another class of peroxide groups that can be formed during the drying process of
EL. These crosslinks are formed via recombination between alkoxy or peroxy radicals,
or via an addition reaction, where the peroxy radical attaches to a conjugated double
bond. The behaviour of the concentration profile of peroxy crosslinks agrees with the
observations in the experimental results78,96, which report that peroxy crosslinks remain
in the system even at late stages of drying.

The concentration profile of double bonds (C=C) as predicted by the model agrees
with trends reported in experimental studies67,93. The concentration of species with
cis-C=C (the initial state of EL) vanishes completely as EL is consumed, while conju-
gated double bonds are formed and subsequently consumed via an addition reaction.
Thereafter, the concentration of all the remaining double bonds (trans-C=C) reaches a
constant value, which, in our model, corresponds to 50% of the initial concentration of
cis-C=C.

Alcohols are formed after hydroperoxide decomposition and remain in the system
as end products93. Carboxylic acid is another type of end product that is formed after
hydrogen abstraction from aldehydes. The transformation from aldehydes to carboxylic
acid is noticeable in Figure 5.11 in the concentration profiles predicted by the model at
65°C, where the concentration of aldehydes starts decreasing and the amount of car-
boxylic acid increases significantly. The carboxylic acid content is particularly challenging
to measure spectroscopically97, so here the model serves to mitigate experimental limi-
tations and to aid quantifying the amount of carboxylic acid in the system. Note that,
with respect to carboxylic acid, that in the field of restoration and conservation of oil
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paintings, the presence of this oxidation product is an important marker of the condition
of the painting as, interacting with metal pigments, it triggers the formation of metal
soaps that are harmful to a painting13. Hexanal and pentanal have relatively low molec-
ular weight and can leave the system as volatile compounds (causing the typical smell
of drying oil paint). They are emitted in the beginning of the drying process and then
reach a constant concentration. The concentration of volatiles is under-predicted by the
model as an experimentally reported concentration reaches the value of 2.5 mmol/mol
EL after 30 hours of drying11. Epoxides are formed via the reaction mechanism recently
studied by Oakley et al.61. Several studies78,96 observe epoxide decomposition occurring
at late drying stages, however this reaction is not accounted for in the current work,
as the reaction pathway is insufficiently known in the context of oil autoxidation and
needs further exploration. The concentration of radicals remains small in the system.
All radical species are formed and consumed within the drying time of 1000 hours. The
concentration of crosslinks reaches a constant value of 0.5 mol/mol EL, which implies
that on average, each EL monomer takes part in the formation of one crosslink.

The concentration profiles of intermediate species, such as conjugated double bonds,
radicals and hydroperoxides (in the presence of drier) reveal that these species are con-
sumed at late drying stage. Most reactions contribute to the formation of crosslinks,
but the presence of alcohol, epoxide, aldehyde and carboxylic acid groups also indicates
significant �-scission, as is shown by MS measurements.

Since we estimate the activation energies of all reactions, the kinetic model can be
tested in different temperature regimes. Simulations of the drying process are performed
for 6 temperatures in the range of 25-65°C, as presented in Figure 5.11 for the model
in the presence of drier and in Appendix C4 for the model without drier. It is generally
assumed that drying oil at temperatures less than 80°C accelerates the autoxidation
without introducing new reactions in the system93. The model seems to confirm this
assumption, as the increase in temperature indeed leads to accelerated formation and
decomposition of all functional groups, while concentration profiles for different temper-
ature for most of the groups ultimately converge to the same steady state. Exceptions
are formed by end products like alcohols, carboxylic acids and volatile compounds. The
steady-state concentration of alcohols at late drying stage decreases with the increase
of temperature, whereas carboxylic acid and volatile compounds content noticeably in-
creases. This observation implies that with the increase of temperature alkoxy radicals
are prone to undergo �-scission rather than hydrogen abstraction.

A major cause for the deviation between model and experimental results may be
the fact that we were not able to sufficiently estimate the kinetic parameters. In other
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Figure 5.12: Sensitivity results from varying pre-exponential factors of all reaction families presented
as a heat-map. For each type of functional group, three highest sensitivities for different reactions are
highlighted by white dots.

words, it is quite well possible that much better fits between model and data can be
obtained with a different set of parameters. As a step towards efficient fitting of the
rate parameters, we performed basic sensitivity analysis with the kinetic model, which in
future may be expanded and lead to a model reduction98. The pre-exponential factors
of all the reaction families were varied by several orders of magnitude and the cumulative
response of various functional groups is represented as a heat-map in Figure 5.12. The
heat-map shows that consumption of EL and oxygen uptake are relatively insensitive
to the kinetic parameters. For each functional group the three most sensitive reaction
families are highlighted by a white dot. By counting the number of white dots in
each row of the heat-map, one observes that the most influential reaction families are:
addition, bis-allylic hydrogen abstraction by peroxy radical and recombination between
peroxy radicals. This analysis confirms the expectation that the peroxy groups play a
decisive role in the autoxidative drying processes.

5.4.4. Random graph modeling

The polymerization of drying oils starts with a pool of disconnected monomers, which
get initiated by a process involving radicals and start forming crosslinks with each other.
This process can be performed with or without drier, which is used to accelerate network
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Figure 5.13: (a,b) Fraction of fragments with different configuration of half crosslinks, the degree
distribution, as a function of time. Different types of crosslinks are distinguished: i stands for peroxy,
j for ether, and k for alkyl. (c,d) - projected degree distribution at the late stage of drying. The
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of soluble fractions.
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formation. Polymer networks of drying oils are known to be unstable due to degradation
reactions, such as secondary scission of alkyl chain (�-scission), decomposition of peroxy
crosslinks and hydrolysis of ester bonds. At different stages of drying, the material
consists of various ratios of soluble ’sol’ and insoluble ’gel’ fractions. Due to degradation
reactions, soluble fractions never completely vanish, but always remain in the polymer
network.

The degree distribution obtained from the kinetic model (Figure 5.13 a,b) is used to
predict the global polymer properties of the polymer network viewed as a random graph.
This modeling concept is applied to EL using a colored configuration model31, where
the colors represent the different types of crosslinks: alkyl, ether and peroxy. Here, we
will first elucidate the variety of higher order oligomers’ and then present the infinite
polymer’s properties, that can be extracted from connectivity profiles.

Some units, see Figure 5.3, bear half-edges (or half-crosslinks) that can be matched
with half-edges of the same type sitting on other units, and therefore, one may generate a
valid molecular structure by sequentially wiring a set of monomer nodes together. There
are up to three half-edge per node in the case of EL. These combinatorial matching
procedures are performed using random graphs26–31,99. Focusing on sol, questions may
be answered about several characteristics, of which we name two, namely: 1) What is
the concentration of oligomer molecules consisting of a given number of nodes – the size
distribution – at a given time point? and 2) How does average molecular size evolves
in time as progressively larger macromolecular species appear during polymerization?

Starting with the evolution of the coloured degree distribution31 as predicted by
the model, see Figure 5.13 c,d, in the presence of drier and without, the resulting
macromolecular size distributions are presented. It turns out that in presence of drier
monomer units are dominantly appearing as three-functional nodes, whereas under no-
drier conditions two-functional nodes are most abundant - a considerable difference in
the local connectivity pattern. In both cases, the fraction of crosslinks is sufficient to
achieve a highly connected network. However, the remarkable difference in the local
connectivity pattern may suggest that the material might feature different physical and
mechanical properties, such as elasticity100.

Figure 5.13 e,d shows that indeed this difference has consequences for macromolec-
ular properties: in presence of drier the size and molecular weight of soluble fractions
is smaller and the time it takes to form a gel is shorter. On the late stage of drying,
sol fraction in the presence of Co-EH consists mainly of monomers and dimers. The
result is in agreement with the experimental data by Muizebelt et al.101, where the same
conclusion is drawn for the long-term behaviour of EL in the presence of the same drying
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agent. Furthermore, apart from the intended acceleration of drying by adding drier -
corresponding to shorter time to form gel - we observe two non-trivial effects: 1) drier
permanently affects the structure of the polymer by making it more constrained, and
2) drier causes small polymer species not connected to gel to become even smaller and
more prone to leave the system as volatiles. In relation to this finding we notice that
due to the decomposition reactions (�-scission and peroxy crosslink decomposition),
the model predicts that isolated monomers with no crosslinks (i = 0, j = 0, k = 0)
should remain present in the system until the final state, amounting to about 5% of all
fragments.

The configuration model also allows calculating the component size distribution of
the polymer molecules in the sol and provides analytical solutions for the percolation
threshold and the gelation time26,28,29,31. The result of the configuration model for the
size distribution of soluble polymer fractions is presented in Figure 5.14a,b. The plots
show the probability of finding oligomers of various sizes in the sol part of the polymer
when drier is not used. At later stages of drying, the most probable sizes of oligomers
correspond to monomers and dimers as well as oligomers at lower concentrations up to
pentamers in systems with drier mode. In non-drier mode the oligomers exhibit a broader
size distribution, which is consistent with experimental results78, where molecules with
up to 17 monomer units are observed.

Proceeding with the properties of the insoluble fraction, Figure 5.14c shows the gel
fraction evolving over time for the systems with and without drier. The insoluble fraction
in the presence of drier is already formed after 9 minutes, whereas the insoluble fraction
in the system without drier takes 18 minutes. The gel fraction remains present and
after 100 hours more than 90% of monomers are bonded to the insoluble fraction. At
the late stage of drying, 98 % of all monomers are in gel in the presence of drier, and
92 % of all monomers are in gel in the model without drier. Figure 5.14 d shows the
expected size of connected components at each point of time. In the system with drier
most of the soluble fractions have molecules near the size of one monomer, whereas the
soluble fractions contains larger oligomers without drier, on average, the size of dimers
and trimers.

5.5. Conclusions
By drawing a parallel between chemistry and language, we formalize available chemical
knowledge on the level of small molecules – the reaction rules – with chemical syntax and
propose a hierarchical method for studying the resulting polymer network. We resolve
problems arising from the infinite size of such a network and from the heterogeneity of
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the network’s constituting monomer units.

While comparing chemistry to language, we discovered an interesting parallel be-
tween the collocation of words and the collocation of functional groups. Chemical col-
locations occurs when complex patterns consisting of more than one functional group,
that although follow their own reaction rules, obey additional rules as a combination
when placed in adjacent positions in a molecule. Likewise, in language words may have
a different meaning when combined. The existence of complex patterns turned out
to impose restrictions on the model reduction by reformulating the latter in terms of
functional groups.

We demonstrate a grammar-based approach to modeling the complex polymeriza-
tion process of EL as a model system for the even more complex naturally drying oil,
linseed oil. The problem of modeling infinite-sized structures is addressed by using ran-
dom graphs – the polymer network is represented as an ensemble of fragments bearing
half crosslinks. Having explicit molecular structures of such fragments enables a compar-
ison with mass spectra measured by ESI-MS. A wide range of experimentally measured
masses are matched with molecular structures that contribute to the intensity of the
corresponding peaks.

The complex polymerization problem addressed is represented by a large algorithmi-
cally formulated system of non-linear ODEs. We report concentration profiles of various
compounds and show that the oxygen uptake follows the same trend as observed in
literature. The model also confirms the acceleration of the drying process in presence
of cobalt drier and in higher temperature regimes. Moreover, the model at higher tem-
peratures highlights the difference in the concentrations of the end products, such as
alcohols, volatile compounds and carboxylic acid. The results of the kinetic model com-
plies with reported experimental data, although room for considerable improvement is
foreseen by accurate estimation of the kinetic parameters, including diffusion control of
reactions and more accurate experimental data. Sensitivity analysis revealed that the
addition, bis-allylic hydrogen abstraction by peroxy radical, and peroxy radical recom-
bination are the most influential reactions on the considered set of functional groups.
Such sensitivity results may indicate which reaction families are worth considering in the
parameter estimation procedure.

A major challenge for the developed model was to obtain the properties of higher
order oligomers and polymers resulting from EL autoxidation. Using the ideas from
random graphs, namely the coloured configuration model we were able to calculate the
average molecular weight in the sol part of the system, weighted size distribution of
finite polymer molecules, gel point, component size distribution and gel fraction.
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An important next step in our modeling of EL is to find a method to reduce the
large kinetic model to a size that allows parameter estimation. The reduction of the
model to, for instance, a kinetic model of functional groups is impossible due to the
nested nature of some of the reactive patterns. It is also necessary to include diffusion
control in the model in view of the transition from liquid to solid taking place in the
drying process. Thorough investigation is needed on the activity of EL in no-drier mode.
Furthermore, we will use the concept of fragment species to reconstruct kinetic models
of larger molecules than EL, such as triglycerides. The methodology presented in this
work is generic, and we expect that it can be applied to model complex polymerization
of many oils and hydrocarbons.
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