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1
Introduction
Observing real life phenomena as mirrored by computer generated representations becomes more and more indispensable next to and even in the context of experimental
investigations in modern chemical research. Software packages and numerical simulators
allow systematic and precise ways of studying the behaviour of chemical systems. Time
and length scales of the underlying models range from atomic to macroscopic scales,
from quantum states of atoms to the complex topology of polymer networks. These
tools and methods require representations of chemical entities - atoms, molecules, particles, etc. - that serve as a language into which these entities have to be translated in
order to become palatable for a computer. Subsequently, these objects can be subjected
to the laws of mathematics to describe chemical interactions and predict the outcomes
of virtual experiments. Such algorithmic solutions are intended to improve innovative
power to resolve new issues that could not be resolved before by human activity.
One instance of human limitation, where a computer algorithm can make the diﬀerence, is the extensive combinatorics involved in the number of all choices to make when
inventing a new chemical synthesis route 1–3 . Of course, making such choices has always
been at the heart of chemistry and has produced many successful syntheses. However,
to identify the underlying structure of the decision process towards a new synthesis
route has only recently become a topic of interest. One of the important notions here
is that, although not always being aware of it, chemists designing a new route work
according to a plan. In order for a computer to take over elements of human chemical
1

2
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planning and generate a synthesis route, one needs to formalise such a planning process.
The corresponding chemical discipline designing such a computer aided activity is called
‘synthesis planning’ 4,5 .
Just as all computer representations of chemical entities, as remarked above, a
chemist’s plan has to be expressed in a certain language, which would consist of ‘chemical words’ that are connected to express meaning by using ‘formal grammar’ rules.
Conveniently, this abstracting from specific domain knowledge to generic planning principles like rules proceeds in similar ways to many other domains than chemistry. The
comparison can be made with chess playing, where the role of rules is evident. The
number of rules in chess playing is in the order of ten, while for chemical synthesis it
is in the order of hundred to thousand 4,5 – hence the challenge in the chemical area is
considerably larger.
This thesis will not address chemical synthesis planning, but instead will be focused
on predicting material properties. The synthesis planning example has been chosen as it
represents a state-of-the-art example of the concepts that we will employ in a diﬀerent
domain. We develop automated procedures for the prediction of nanoscale topology
of an infinite network formed by a natural polymer. We expect that our approach has
promising features for other complex materials and processes as well.

1.1. Application area: natural polymers
The application area we have chosen for this thesis is the drying or polymerization of
linseed oil, the unraveling of the principles of formation and degradation of this biobased polymer 6 . Our findings are valuable for both improvement of the durability of
newly produced material and design of preservation strategies for historic objects made
with the use of bio-based polymers. The latter practice is highly relevant for the field
of restoration and conservation of art objects, especially old oil paintings 7,8 , which are
known to be chemically unstable objects 9 .
Little is known about the reaction networks behind synthesis and degradation of
bio-based polymer materials, such as wood, cellulose, and many natural resins that became widely used centuries ago 10,11 . The term ’polymers’ is applied to a variety of
synthetic and natural materials, which are composed of an infinite number of interconnected molecules. Polymerization is a process where previously disconnected molecules,
monomer units, start connecting to each other under the influence of external conditions,
such as light, temperature, presence of other molecules, etc 12,13 . Atomic structure of
the monomer units determines polymer’s functions, which range from sustaining growth
and development in the living organisms, as in DNA molecules 14,15 , to preventing metal
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constructions from corrosion, as in paints and varnishes 16,17 . In synthetic polymers,
the monomer units are simple and small molecules that during polymerization do not
undergo other alterations than losing one or more double bonds 18,19 . Hence, polymer
models have adopted the idea of ‘repeating units’ starting from a work by Flory 20 . Polymers form a special class of molecules, as, in some instances, they are infinite in size
networks (in terms of the number of monomers that form a polymer) 18 , while, other
polymers have finite size and resemble chains with or without branches 21 . In either
case, the concept of repeating units is still valid. Currently available modeling studies
of polymerization regard well-defined reaction mechanisms, in which both the repeated
units and the complete set of reactions are known in advance. Eﬃcient tools have been
developed for such systems describing macromolecular properties in terms of sizes of
chains, branches, functional groups, etc. 22–26 .
The classical polymer approach, however, is not valid in every respect for bio-based
polymers: extracted from natural sources, they polymerize under certain conditions resulting in materials, which are characterized by rather complex chemistry 11,27–29 . Properties of such polymers have been discovered empirically, via trial and error, and the
information regarding those properties has been partially preserved in old books and
recipes 10,30,31 . ‘Monomers’ constituting natural polymer networks may undergo many
side reactions, as in the case of ‘drying oils’, either increasing their weight via reactions
with oxygen 32 ) or breaking into smaller fragments by -scission reactions 33 . Thus, the
monomer units lose their identity and the idea of ‘repeating units’ no longer applies, as
the original monomers are typically transformed into many thousands of diﬀerent species.
Studying such complex polymeric materials requires advanced modeling and analytical
techniques, as a classical polymer reaction engineering approach is not applicable for
such systems.
Fast formation of the insoluble fraction during the polymerization process leads to
inability of experimental as well as modeling techniques to characterize both soluble and
insoluble fractions of the material on the same level of detail. Experimental techniques
such as nuclear magnetic resonance (NMR) and Fourier-transform infrared spectroscopy
(FTIR) measure the amounts of functional groups present in the whole material. However, these measurements do not provide any spatial information about the distribution
of these functional groups. Mass spectrometry (MS) and size exclusion chromatography (SEC) characterize the material in terms of weights and sizes of its fractions,
which can further be attributed to particular molecular structures 6,34,35 . Although analytic techniques generate vast amounts of experimental data, interpretation of these
data is not always a straightforward task. As in MS measurements, soluble fractions

1
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in aged bio-based polymers are characterized by a wide range of measured masses that
are challenging to assign to molecular structures manually 34 . Overlapping FTIR signals
of esters, aldehydes and carboxylic acid make it challenging to isolate a signal corresponding to solely carboxylic acid, which in the presence of metal ions contributes to the
formation of metal soaps - potentially dangerous degradation eﬀects in oil paintings 36 .
Because overcoming experimental challenges might be expensive and time consuming,
we will take an alternative direction and improve computational modeling techniques to
handle complex polymerization processes.
Varying in complexity and precision level, existing models cover diﬀerent aspects of
the formation of natural polymers. Quantum chemical calculations explore reactions
at high resolution: which transformations happen to a structure of a molecule, and
which reaction pathway is the most energetically feasible. Such modeling has been
shown to elucidate free radical reactions, which happen too fast to be tracked experimentally 33,37–39 . Molecular dynamics simulations are used to describe atoms’ positions
and trajectories for such tasks as assessing molecular flexibility, exploring conformational changes, or gaining information about molecular interactions. As for modeling
polymeric structures, such studies are mainly performed on exploring conformations of
known structures of proteins 40 or formation of synthetic polymers with small repeating
monomer units 41 . Due to the size limitations and complex reaction schemes, modeling
of the formation of natural polymers and accessing their properties with molecular dynamics is restricted. Therefore, a more coarse-grained level of modeling as compared
to molecular dynamics, is employed: kinetic modeling. A kinetic model is a system of
nonlinear, ordinary diﬀerential equations (ODEs) describing balances of the amounts of
all species present in the system over time. Solving the kinetic model for a time interval
provides the concentration profiles of all species over time 42 .
Having introduced modeling and experimental challenges regarding the formation
of natural polymers, we proceed with the introduction to concepts and tools, which
are going to be used in this thesis for modeling and interpretation of experimental
measurements for complex polymers.

1.2. Grammar and chemistry
The resemblance of chemistry to language – chemical words to real words – has been
extensively discussed in a series of papers by the group of Grzybovski 43–45 . As it has
been observed by Jean-Marie Lehn, atoms resemble letters while molecules are like words
made of letters 46 . Later, we will denote this principle of organization ’morphology’ the set of rules that describes how to organize letters into words, with its chemical
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equivalent: how to organize atoms into molecules and molecular substructures. Cadeddu
et al. statistically analyze molecules from large databases as well as words from books
in the English language 43 . They formulate ‘maximum common substructures’ (MCS)
and analyze MCSs in both molecular structures and natural language. The MCSs are
comparable to the parts of the molecules that determine the molecules’ function or
reactivity, the functional groups. The frequency of MCS in language and in molecular
databases follow the same distribution implying that the analysis in natural language
corpora is applicable to chemical databases 45 . In this work, we depart from the same
hypothesis based on the similarity of language and chemistry and proceed with exploring
structure of language, the concept of grammar and how it is transferred to the rules of
chemistry.
We will use the term grammar as the overarching term describing sets of rules
on various hierarchical levels, according to which we construct words and meaningful
sentences. The concept of a hierarchical structure is borrowed from the linguistic theory
by Chomsky 47 . Grammar comprises morphology and syntax, where morphology rules
govern the structure of the words composed of letters, and syntax determines how
words are changed of shape and position in sentences. Chemical grammar employs
the resemblance between language and chemistry. Thus, morphology corresponds to
the rules of chemical bonding according to which atoms are connected in a particular
pattern to form functional groups. Chemical syntax consists of the rules according to
which functional groups change by undergoing reactions and form molecules. When
considering polymers, one might formulate an extra hierarchical level where molecules
may arrange themselves into polymers according to the rules of connecting monomers.
To complete the analogy with language one might associate the highest level of building
up a polymer using a given set of monomer structures with writing a grammatically
correct text using a given lexis.
Projecting this reasoning to the problem of the formation of complex polymer, we
likewise split our challenging modeling task into smaller steps applied to the diﬀerent
hierarchical levels of a polymer. The first task is to formulate reaction rules in terms of
functional groups of the molecules, or, in other words, to formulate the chemical syntax.
Like a chemical reaction from a textbook, a reaction rule is a relation specifying the
change of a reactant into a product functional group, which comes on the place of the
reactive site. The reaction rule applies when two molecules with the required reactive
sites are found in a chemical system. Enumeration of such reaction rules can be done
manually, as we did in our application, for smaller systems as well as using machine
learning methods for extracting relations from chemical databases for bigger systems 3 .

1
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The task we have set ourselves is to find the connectivity patterns of the many

diﬀerent monomer species that resemble the nodes of an infinite polymer network with
a resolution down to the atomic level. Hence, for our modeling approach we suggest
the representation of the monomer units imposing a particular manner in which they
are connected to other monomers. The connections that form the ‘boundaries’ of the
monomer units are represented by ’half edges’ 48 . These half-edges denote the connections to neighboring monomers without being explicitly connected. Thus, monomers are
characterized by the type and number of connections, or crosslinks, they can gain while
traveling along polymerization reaction pathways. Using this concept, the ’monomer
approach’, we are able to reconstruct the great variety of possible monomer units according to the given reaction rules, or chemical grammar. The monomer approach allows
to fully define the polymer, thus avoiding the need to explicitly describe excessively large
sizes of the molecules and the ’explosion’ of monomer combinations.
The monomer approach unavoidably gives rise to the question, from the perspective
of a monomer species captured within its boundaries, how the world looks like beyond the
boundaries. As reconstruction and analysis of all possible polymers is computationally
infeasible, we need to employ a probabilistic method, which will provide us average
properties of an ensemble of polymer networks characteristic to a given set of their
monomer constituents. This is where the innovation in the form of random graphs
enters allowing the inference of the topology of the (infinite) polymer network on the
basis of probability distributions of the number and type of links present on monomer
units 49–51 . This modeling approach has been successfully applied to a chemically less
complex system of multi-functional acrylate polymerization 18 .
Viewing the problem of polymerization from the perspective of chemical grammar,
we employ the hierarchical approach to model infinite size polymers as a finite set of
their monomer constituents. Random graphs provide the set of rules to form a polymer
network from its monomer constituents carrying half edges. Moreover, it oﬀers a manner
to infer average properties of the polymer network material. In the following subsection
we proceed with the overview of tools that can be used to implement this modeling
concept as a computer algorithm.

1.3. Graph theory and chemistry
The resemblance between grammar and chemistry allows us to split the problem of
modeling material properties of a complex polymer in two main steps: 1) apply chemical
syntax to functional groups of monomer units; 2) infer polymer properties from the
probability distributions of these monomer units. The reconstruction of all structures
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of monomers with more than one functional group is a labour intensive task. This task
is similar to reconstructing all the sentences given a specific set of words. However,
knowing the set of rules, one may reconstruct the desired set of monomer structures
in an automated manner by programming the chemical rules in a computer. This
program would enumerate all possible combinations of functional groups appearing in
the molecules under construction while following the reaction rules, thus solving the
huge combinatorial problem.
The core of the algorithm we choose employs the resemblance between a molecular
structure and a graph as a mathematical object. Molecules have previously been described as labeled graphs with nodes corresponding to atoms and edges between nodes
corresponding to bonds between atoms 52,53 . Such a representation allows to translate
a molecule into a computer-readable object and yields access to using the latest developments in the field of graph theory on molecular data. The molecular graph is defined
by two key elements: 1) an adjacency matrix, which captures the connectivity and bond
order between atoms; 2) a list of node labels corresponding to chemical elements of
each atom. This representation enables utilizing graph isomorphism tests, which identifies isomeric species or particular substructures responsible for the reactivity of a given
molecule 54 .
Thus, the molecular graph representation and graph theory constitutes the machinery to algorithmically reformulate chemistry as a set of rules acting on the reactive
parts of molecules and transforming them into unstable intermediate and stable product
species. By repeatedly applying chemical rules to molecular graphs, we obtain, in a
systematic manner, a complete reaction scheme involving manually intractable numbers
of molecular species (in the order of thousand and higher) and all reactions between
them. This procedure is called ’automated reaction network generation’.
The automated reaction network generation algorithm starts with an initial set of
unchanged molecules represented as molecular graphs and a predefined list of reaction
rules, the chemical syntax. A reaction rule, also called ’reaction template’, is a rule
according to which a reactant functional group of a molecule is transformed into a
product functional group 55 . The first step of the algorithm is to recognize a reactant
functional group on the initial molecule using a subgraph isomorphism test 54 and then
apply a transformation dictated by one or more chemical reactions known to occur
at the recognized reactant site. According to the reaction rule, a diﬀerent molecular
substructure, that corresponds to the product functional group, then replaces the original
substructure of the reactant. Such a transformation creates a new molecule, which
may undergo further transformations. The algorithm stops when no new structures

1
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are produced according to the predefined reaction rules. Once the recovery of new
molecular species is completed, the algorithm constructs a reaction network in the form
of a directed bipartite graph that captures all molecular interactions 56 .
Numerous software packages, which are based on automated reaction network generation, have been developed since the pioneering works by Yoneda 57 and Clymans et
al. 58 . The automated discovery of reaction networks became widely used by other researchers who adapted the idea to model various chemical processes 59–64 . An extensive
overview and comparison of the automated reaction network generation techniques is
provided in the works by Vernuccio and Broadbelt 65 and Simm 66 .
Automatic reaction network generation enables modeling of complex chemical processes, such as: metabolic processes 67,68 , prebiotic scenarios 69 ,pyrolysis 70 , protein interactions 71–74 and regulation of cell functions 75 . These processes have in common
that they are dealing with a large number of molecules undergoing complex reaction
pathways. In our application, we are confronted with an additional issue, polymerization, which has never been addressed before in the context of automatic reaction
network generation. The molecular graph representation is computationally intensive
as it requires large random-access memory (RAM), so the automated reaction network
generation becomes prohibitively slow when molecular graphs grow in size. By considering polymers as hierarchical structures, as discussed in the section above, we limit
the size of the molecules to the size of monomers while preserving their connectivity
patterns. This monomer approach is compatible with the concept of automated reaction network generation methodology, and hence we could implement this monomer
approach in the molecular graph representation. Instead of joining molecular graphs
and forming an even larger graph, we introduce an extra index in atom labels, which
is responsible for indicating the presence of a crosslink on a given atom. If two atoms
take part in a connection that links two monomers forming a dimer, then these atoms
carry an extra label, which indicates the type of the crosslink. Hence, the monomers do
not change in size significantly, and they remain not explicitly connected. Implementing
this concept in the automated reaction network generation solves the problem of ever
growing polymers and allows enumerating the structures of all unique monomer units
that constitute the polymer network. Returning to the analogy with language, we have
thus introduced an algorithm that constructs all possible sentences on the basis of predefined lexis and syntax. The resulting reaction network is further transformed into a
kinetic model, which describes the concentration profiles, or probability distributions, of
all the reconstructed monomer constituents of the polymer.
Inferring polymer properties can then be obtained using random graphs 49 . This the-
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ory oﬀers a potential to extract properties of infinitely large irregular polymer structures
from the probability distribution describing the concentrations of crosslinked monomers.
This distribution is also known as a degree distribution, where a degree is a number
of connections, or crosslinks, per monomer. Using kinetic modeling followed by the
application of random graph modeling allows obtaining the characteristics of complex
natural polymers like glass transition temperature, gel point, polymer size distributions
(radius of gyration) of soluble fractions, etc. 18,41 .
Note, that the graph (or network) representation appears more than once in this
grammar-based methodology. One should distinguish three instances of graphs in our
modeling approach:
• Molecular graph represents molecular structure, where nodes are atoms connected with edges, which are bonds. On account of the monomer approach,
molecular graphs represent monomer constituents of the polymer network with
their adjacent connections. In the analogy with language, these molecular graphs
represent the sentences that form a text.
• Reaction network is a directed bipartite graph with two types of nodes: species
and reactions. It is a network of states assumed by monomers while following along
reaction pathways. In this network, an edge points from a reactant species to a
reaction in which the species takes part, and from a reaction to a product species,
which is formed due to this reaction. Here species are monomer constituents of the
polymer. The reaction network captures the whole reaction scheme as interactions
between nodes corresponding to monomers via nodes corresponding to reactions.
• Polymer network is represented as a random graph in terms of the finite ensemble of the monomers with particular connectivity patterns. This representation
corresponds to all possible networks that can be formed with given degree distribution, or, in terms of the language, all possible texts that can be written using
sentences built with given lexis.
To summarize, based on the similarity between language and chemistry, we employ
a hierarchical approach to view complex infinite size polymers and propose a modeling methodology for obtaining polymer properties. The tools required to perform
this modeling task are: 1) automated reaction network generation modified with the
monomer approach used to uncover all monomer constituents of natural polymers; 2)
kinetic modeling of the monomers used to obtain their degree distribution governed
by the chemistry formulated as chemical grammar; 3) random graph modeling, which
uses the degree distribution to infer polymer properties, such as gel point, gel fraction,
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sizes of soluble fractions, polymer size distributions (radius of gyration), glass transition
temperature, etc.

1.4. Case study
Automated procedures for reaction network generation have previously addressed metabolic
processes, prebiotic scenarios, protein interactions, etc. In this dissertation we focus on
drying and degradation of oil paint in the context of restoration and preservation of
old artworks. Oil paint has been widely used by artists since the 15th century 76 and
became the key polymer in modern paint and varnish industry 77 . Oil paint consists
of binding medium, pigments and additives. When exposed to air and light, binding
medium undergoes a polymerization process, which causes the phase transition of paint
from its liquid state to a finger-dry film 28,34 (see Figure 1.1). Linseed oil became one of
the most common binding media for oil paint due to its optimal rate of drying, which
is not too fast and is suitable for an artist to work on paintings for more than one day.
Polymerization of linseed oil is a rather complex process, as it is governed by fast freeradical oxidation, in which numerous reactions happen simultaneously. Oil paintings are
not chemically stable objects, as the polymerization phase is followed by the degradation
due to slow decomposition of the polymer network causing the migration of low molecular
weight molecules in the film 6 . These phenomena may result in various degradation
eﬀects, such as formation of metal soaps, loss of pigment, cracks on the surface of paint
due to uneven accumulation of stress and strain 78–81 . Understanding the dynamics of
polymerization of linseed oil is highly important for the analysis of the state of a painting
and the improvement of preservation methods 82,83 .
Understanding chemical processes in linseed oil is also challenging from an experimental point of view due to the overlap of numerous chemical processes happening
in a paint film. To isolate particular reaction pathways, scientists have studied model
systems, which are simpler in structure than the full linseed oil molecule 34,35,77,84 . In
our modeling methodology, we adopt a similar strategy and start with common model
systems: triolein and ethyl linoleate (EL). Triolein is a triglyceride, which consists of
glycerol connected to three oleic acids via ester bonds. EL is one of three fatty acids,
oleic, linoleic and linolenic, in the structure of linseed oil. EL is characterized by unsaturations, which make its chemistry more complex than the oleic fatty ester but less
complex than the linolenic fatty ester.
Triolein

Triolein consists of a glycerol connected to three oleic acids via ester bonds.

Studying this model system, we adapt our modeling methodology to work with triglyc-
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Figure 1.1: Schematic representation of linseed oil polymer network in the context of oil painting.

eride structure, such as in linseed oil. This molecule is a suitable model to study
hydrolysis of ester bonds and oxidative scission of oleic esters.
Ethyl linoleate EL is a common model system for linseed oil. EL is a fatty ester with
two unsaturations. EL has one bis-allylic carbon that is susceptible to fast hydrogen
abstraction having a lower energy barrier than the allylic hydrogen present in oleic fatty
ester. The amount of linoleic and linolenic fatty esters in triglycerides therefore influences
the oil’s ability to dry. EL may form up to three crosslinks per monomer of three types:
alkyl, ether and peroxy, forming highly crosslinked polymer networks via a free radical
polymerization process. EL has been studied in experimental as well as in computational
modeling works 85,86 . While triolein allows isolating the chemistry around glycerol and
-scission of fatty esters, EL is a suitable model system for the complex autoxidation
chemistry occurring at the linoleic fatty esters of linseed oil molecules.

1.5. Outline of the thesis
The structure of the thesis follows the steps we took to develop the methodology for
modeling complex polymerization processes. We will first present the modeling methodology and then introduce the chemistry of linseed oil. This forms the basis, on which
we further build the chemical syntax required for the application of the methodology to
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model triolein and EL, as model systems of linseed oil.
Chapter 2 oﬀers a thorough description of the automated reaction network generation (ARNG) methodology and its modification to include polymer structures. Polymer
growth is addressed by implementing the monomer approach in the algorithm of automated reaction network generation. The grammar-based methodology is applied to
model co-polymerization of inimer and isobutylene, which is a rather simple system
chosen to demonstrate the ARNG. The chapter describes the monomer approach, the
reconstruction of the reaction network, and its transformation into a dynamical system
describing the concentration profiles of functional groups and crosslinks in the polymer over time. The result of such a kinetic model is further used as an input to the
random graph model to predict the molecular weight distribution at the late stage of
polymerization. These results are compared with the outcomes from kinetic Monte Carlo
simulations.
Developing models employing the automated reaction network generation type of
algorithms requires knowledge of chemical processes happening in the system. This
knowledge is presented as a database of reactions that act on molecular graphs to formulate reaction networks. Therefore, Chapter 3 oﬀers a comprehensive survey of linseed
oil chemistry based on several older reviews, augmented by important experimental and
modeling works of more recent date. This chapter serves as a reference for a chemical
database, which describes reactions, or chemical syntax, involved in the polymerization
of oils as well as our case studies, triolein and ethyl linoleate. Additionally, we discuss the
experimental data that are used to validate computational models. Finally, we suggest
reaction processes, which need further kinetic investigation.
In Chapter 4 we apply the automated reaction network generation to uncover the
autoxidation reaction scheme of triolein. The methodology provides molecular graphs
of triolein species, which are formed while following predefined autoxidation process.
Knowing the structures of the molecules, we calculate their masses and compare them
with the masses measured with electrospray ionization mass spectrometry (ESI-MS). MS
spectra of aged triolein demonstrate a wide range of peaks. The diversity of measured
masses challenges manual identification of the peaks. As an aid to identification, we
relate masses of computationally generated molecular species to the measured ones.
With this approach, we are able to identify the majority of high intensity peaks and
gain better understanding of the chemical processes happening in the autoxidation of
triolein.
In Chapter 5 we proceed with the case study of EL, and, using this example, we draw
a parallel between chemistry and language. The analogy is based on Chomsky’s idea of
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Figure 1.2: The components of our modeling methodology. Orange represents the sequence of the main
components that lead to the polymer properties of the material, while light green represents auxiliary
components that were discovered in the process of the development of the methodology.

formal grammar 47 . The chapter starts with the analogy between chemistry and language
and proceeds with the case study of EL, which is modeled using the automated reaction
network generation methodology. Firstly, we reconstruct a detailed reaction network in
terms of unique monomer constituents of the polymer network of EL. As in Chapter 4,
the molecular graphs of monomers and automatically reconstructed dimers are used to
identify peaks in ESI MS spectra of EL. The reaction network is further translated into a
kinetic model describing the evolution of the concentrations of all important functional
groups that are formed during the drying of EL. Furthermore, the Random Graph model
is used to obtain the average size distribution of soluble fractions during and after drying,
formation of the gel fraction (the insoluble fraction) and the component size distribution
on every step of the drying process. The results of the kinetic model and the random
graph model are validated with findings from the experimental studies.
The scheme in Figure 1.2 shows our major findings and their inter-dependence. The
core of the thesis is a novel modeling methodology, which generates a reaction network
of infinitely large chemical systems. The reaction network, together with molecular
graphs of all species, is then used to assist the peak identification problem in ESI-MS
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measurements. The reaction network is then automatically transformed into the kinetic
model of the system, which describes the evolution of the concentrations of molecular
species. Then from the solution of the kinetic model we extract the connectivity profiles
of individual monomers, which serve as an input for random graph theory to obtain
polymer properties of the material.
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2
Automated reaction
generation for polymer
networks
Most theoretical studies of polymer kinetics are performed by manually reducing the
chemical system to a few simple reaction mechanisms. Not being constrained by such
reducibility, this work considers the polymerization as a product of a complex network
of reactions that need not to be known in advance. Combining various ideas from graph
theory, combinatorics and random graphs, we introduce a new modeling approach to
complex polymerization that automatically constructs a reaction network, solves the
kinetic model, and retrieves such topological properties of the final polymer network
like, for instance, distribution of molecular weight. In this way, the new approach acts
as an intermediate layer that propagates the knowledge of the basic chemistry in order
to capture and understand the complexity of the real world polymerizing systems.

Based on: Automated reaction generation for polymer networks, Y. Orlova, I. Kryven, P.D. Iedema,
Computers and Chemical Engineering, 2018, 112, 37–47, doi:10.1016/j.compchemeng.2018.01.022
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2.1. Introduction
Many real-life chemical systems consist of a large number of molecular species perpet-
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ually reacting with each other. Writing the formal reaction mechanism by hand, even
for small molecules, is a labor-intensive task. One molecule can undergo numerous
transformations until it reaches its final state. In some special cases, as for instance in
polymers consisting of interconnected repeat units, even the notions of a species or the
final state are not well defined, as they are rather expressed as probability distributions.
This leads to extraordinarily large networks of interdependent reactions, counting thousands of distinct chemical species and much larger numbers of reactions. This proved
to be an interesting topic for a wide range of application areas. To name a few, a
theory explaining the origin of life as arising from simple organic compounds 1 and a
number of plausible prebiotic scenarios 2 have been developed with the help of reaction
networks. Analysis of metabolic networks 3 , 4 , 5 , 6 allows to study gene regulation, information transfer, cell-fate decision and many other important processes associated to the
cell cycle. Furthermore, reaction networks are applied to the field of drug discovery 7
and the risk assesment of hazardous byproducts 8 . Various useful properties of chemical
systems can be extracted solely from the underlying reaction network, as for instance,
absolute concentration robustness 9 . The present chapter oﬀers a novel methodology to
design reaction networks in the context of complex polymerization processes.
In areas other than polymerization kinetics the complexity of real life reaction systems has motivated the development of many software packages to automatize reaction
mechanisms. For example, MAMOX 10 sofware generates detailed kinetic models for
pyrolysis, oxidation or combustion mechanisms of large hydrocarbons. EXGAS 11 is developed to model the oxidation of linear and branched alkanes up to C16 , linear alkenes
from C3 to C7 and cycloalkanes. NetGen 12 reconstructs chemical reaction networks
for gas phase pyrolysis, biochemical reactions and nanoparticle synthesis. This package
also allows to perform on-the-fly quantum chemistry calculations to estimate the kinetic
parameters of the system. Reaction networks of free radical hydrocarbon chemistry are
well reconstructed by RMG 13 . The algorithm generates all possible molecular species
and reactions and then estimates whether the reactions are thermodinamically feasible and should be added to the final mechanism. Genesys 14 is a rule-based reaction
generating software which also allows the estimation of the kinetic parameters. In this
package, the reaction rules are defined by the user, which allows a large flexibility for its
use in a broad range of chemical systems. RING 15 reconstructs reaction networks from
a mechanism written in English-like reaction language. The software also oﬀers many
graph theory tools for further analysis of the resulting reaction network.

2.1. Introduction
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Figure 2.1: An example of a polymer network formed due to copolymerization of IM and IB. VI , VM ,
CI , CM and CS are functional groups, which are responsible for the polymer network formation.

In the polymerization processes, monomers gradually connect to each other forming
higher order arrangements: linear chains or networks. Progress was made in modeling
of polymer microstructure using advanced Monte Carlo techniques 16–19 . However, from
the perspective of currently available network-generation packages, polymer networks
are treated as large molecules and thus the repeatability of structural units is being
ignored. As the size of a molecule grows, it becomes rather complicated to capture all
possible intermediate products and the reaction pathways. Graph theory tools which
are the foundation of most reaction generating mechanisms, become computationally
prohibitive due to NP-hardness: there are no polynomial time algorithms which can
solve some of the graph theory problems 20 . Moreover, the reaction network of the
polymerization process has infinite size, which is the main limiting factor.
Due to such a prohibitive computational complexity, currently available case studies of polymerization regarded only well-defined reaction mechanisms. That is to say,
the mechanisms in which both the repeated units and the complete set of reactions
are known in advance. In these cases, the numerical computations are of polynomial
complexity and are necessary only to perform time integration of the kinetic model
in deterministic or stochastic fashions. Eﬃcient tools have been developed describing
macromolecular properties in terms of numbers of monomer units, branches, functional
groups, etc. 21–25 . A class of polymerization systems exists, however, with more than
usually complex chemistry, for which we nevertheless desire to predict macromolecular
properties. An example is the drying of linseed oil 26,27 , where a complex radical-based
photo-oxidation process leads to the formation of a dense polymer network. Properly
dealing with such a system would require combining the best of both worlds of polymer
modeling and automated reaction network generation. The present chapter introduces

26

2. Automated reaction generation for polymer networks

a new methodology designed for complex polymer systems, and constitutes a synergy
between these two, rarely intersecting, modeling worlds.
The overview of automated reaction network generation shows that many concepts
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and algorithms have already been developed. These have proved to be valuable in the
development of our new methodology. Similarly to the above-described reaction generating packages, we utilize a reaction-rule approach to generate the reaction network.
Knowing the reaction families and initial species, our method reconstructs all the intermediate and product molecular structures, while keeping track of the reactions that
occur between them. The novelty of our method is - unlike all the previous developments - that we keep the model on the level of repeated units and therefore limit the
size of molecular species involved. This means that the resulting polymer network is
defined only by its fragments. In the terms of our methodology, we will refer to these
fragments as "species". Although in this way the explicit macromolecular topology does
not directly become available, the essential features of the topology may be retrieved.
For instance, the size distribution of connected components can be reconstructed by
using tools from random graph theory 28–30 . Other topological properties of the polymer
networks that can be obtained from the degree distribution are discussed in the work by
Kryven 31 .
We illustrate the methodology for a reaction generation mechanism on the example of self-condensing vinyl polymerization with 4-(1-hydroxyl-1-methylethyl)styrene-costyrene as a macro-initiator and TiCl4 as a Lewis acid in a batch reactor, which produces
finite macromolecules. More details about chemistry can be found in 32 . This reaction
mechanism is well studied in the work by Zhao et al. 33 by means of advanced Monte
Carlo modeling. The reaction equations listed in Table 2.1 are expressed in terms of
the reactive groups Vi and Cj , which denote the functional groups as shown in Figure
2.1. This figure shows a fragment of the polymer network, which can be formed due
to copolymerization of inimer (IM) and isobutylene (IB). Since the IM/IB copolymerization has a relatively simple kinetics, it serves as a good context to introduce our new
methodology. The rate parameters are known from the literature, so we do not deal with
parameter estimation in this methodology. At the same time, the methodology itself is
not bound by the scope of this chemical system and constitutes a general framework for
complex polymerization.

Table 2.1: Reaction steps for copolymerization of IM with IB, rate coeﬃcients are in Lmol

1s 1
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Figure 2.2: Molecular graph representation of an isobutylene molecule.

#

Reaction

1

C I + VI ! C S

3.32 ⇥ 10

2

C M + VI ! C S

5.19 ⇥ 10

1

6.45 ⇥ 10

3

2
( 33 )

3
4
5
6

C I + VM ! C M
C M + VM ! C M
C S + VI ! C S

C S + VM ! C M

Rate coeﬃcient
4.46 ⇥ 10

4

2.27 ⇥ 100

4.11 ⇥ 10

5

This chapter is organized as follows. After this Introduction, in Section 2 we introduce the definitions and tools necessary for the description of the reaction generating
mechanism. In Section 3 we describe the general idea of the algorithm, from which the
complete reaction network is obtained. Main steps of the methodology are illustrated
in Section 4 by its application to copolymerization of inimer and isobutylene in a batch
reactor.

2.2. Tools to describe the reaction system
In this section we will introduce various concepts, definitions and tools required to
describe the reaction generating mechanism for the case of polymerization.

2.2.1. Graph theoretical background
A graph G = (V, E) is an abstract data structure, which consists of a set of n nodes
(or vertices) V = {v1 . . . vn } and a set of edges E ✓ V ⇥ V , which determines the
connections between nodes. The size of a graph G is n - the number of nodes in a

graph. A graph G is undirected if (vi , vj ) 2 E implies (vj , vi ) 2 E, otherwise a graph

is directed. A graph is labeled if each node has a corresponding label l(vi ). If a graph is
labeled, then it is defined by a triplet G = (l, V, E). The edges can be labeled as well.
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A graph G is also described by its adjacency matrix A 2 Rn⇥n . In the case of an

undirected graph, aij has a value of 1 if there exists an edge between nodes vi and vj ,
otherwise aij has a value of 0. In the case of a directed graph, aij has a value of 1 if

2

an edge points from node vi to node vj , otherwise aij has a value of 0.
Nodes vi and vj are adjacent, if there exists an edge between them: (vi , vj ) 2 E.

The neighborhood N (v) of a node v is the set of all nodes which are adjacent to v:
N (v) = {vi |(v, vi ) 2 E}. The degree deg(v) of a node v is the number of its neighbors,
or nodes v is adjacent to. If a graph G is directed, the degree of a node v can also

be classified according to the type of edges connected to v. degin (v) is the incoming
degree: number of neighbors which are connected by incoming edges to v and degout (v)
is the outgoing degree: number of neighbors which are connected by outgoing edges to
v.
The first order neighbors NI (v) of a node v coincide with the definition of node
neighborhood. In other words, the first order neighbors of v are nodes, which lie at a
distance of one edge from v. The second order neighbors NII (v) = N (NI (v)) of a
node v are "neighbors of neighbors": nodes, which lie at a distance of two edges from
v. A graph G = (V, E) is bipartite, when a set of nodes V can be split in two disjoint
sets U and W , such that for all edges (vi , vj ) 2 E : vi 2 U, vj 2 W . For a bipartite
graph, if v 2 U , then NI (v) ✓ W and NII (v) ✓ U .

Two graphs G = (l, V, E) and G0 = (l0 , V 0 , E 0 ) are called isomorphic, if there exists

a bijective mapping f : V ! V 0 such that (vi , vj ) 2 E if and only if (f (vi ), f (vj )) 2 E 0
and l(vi ) = l0 (f (vi )) for each node vi 2 V .

A major part of the objects and their relationships used in this methodology can be

described in terms of graphs. In this chapter, we distinguish three types of graphs: 1)
molecular graphs, 2) reaction network graphs and 3) graphs representing the polymer
network. Obviously, the nodes and edges in these three diﬀerent graphs refer to diﬀerent
entities, as will be explained when we discuss the role of the graphs. More information
on graph theory can be found in 34 .

2.2.2. Molecular graphs
The chemical species are represented by molecular graphs. This representation does not
contain the positions of atoms in 3D space within a molecule.
A molecular graph is composed of its adjacency matrix A and list of labels l. The
list of labels consists of the names of the chemical elements which correspond to atoms
in a molecule. For a molecule of n atoms, the adjacency matrix A of size n ⇥ n contains

connectivity and the bond order information. Entry of the adjacency matrix aij = 0
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implies that atoms i and j do not share a bond. Single and double bonds between
atoms i and j are indicated by aij = 1 and aij = 2 respectively in an adjacency matrix.
A radical atom i is indicated by aii = 1 in the diagonal of the matrix A. Figure 2.2
illustrates the molecular graph of isobutylene.

2.2.3. Monomer approach and crosslinks
In a polymerization process, monomers connect to each other as a result of various
reactions to form bigger structures: connected components. The molecular graph of
the connected component will rapidly become excessively large during these reactions.
Hence, in order to overcome this problem we introduce the “monomer approach”. In
this approach, the whole polymer network is parametrised by its degree distribution: the
probability to find a monomer of specific type and number of connecting bonds to other
monomer units at a given point in time. The size-distribution of connected components
can then be inferred by applying random graph theory. Note that we will henceforth
use the term “crosslinks” for these connecting bonds. Obviously, these bonds between
diﬀerent monomers are chemically indistinguishable from bonds inside monomers. Also,
the reader should not confuse these “crosslinks” to bonds formed by a specific class of
branching reactions, in particular in crosslinking polymerization.
We thus do not store information on the whole polymer components, but only the
monomers with diﬀerent configurations of adjacent crosslinks which are present in the
structure of these components. Figure 2.3 shows the coarse-grained representation of
the polymer network previously introduced in Figure 2.1 for IM/IB copolymerization,
showing monomers with one, two or three links to other units, so having degree u = 1,
2 or 3. In the box with crosslinked species, the set of unique monomers with adjacent
crosslinks is demonstrated.
The types of crosslinks depend on the nature of the crosslinking reactions. Most of
the crosslinking reactions can be divided into two pools: directional and non-directional
(symmetric). The crosslink is considered to be symmetric if it is formed due to a
radical-radical crosslinking reaction. Thus, if two monomers sharing a neutral crosslink
are found, one can conclude that each of them carried a radical before the reaction
happened. On the other hand, the crosslink is directional when, for example, a radical
attacks a vinyl group. In this case, it is important to know which monomer carried a
radical and which monomer had a vinyl group before the crosslink formation. Such a
crosslink is represented as a directional edge, which points out of the former radical
species to the species with the former vinyl group. Figure 2.3 contains directional
crosslinks, represented as edges (crosslinks) between nodes (monomers) for the case of
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Figure 2.3: Example of a coarse-grained representation of the polymer network, shown in Figure 2.1,
where each node is a monomer. Monomers are connected by directed crosslinks. Monomers with
diﬀerent configuration of incoming and outgoing crosslinks are illustrated in the box below the network.
The network can also be described by counting how many monomers with diﬀerent configuration of
adjacent crosslinks are present in the system.

IM/IB copolymerization.
In the molecular graph notation, crosslinks are placed on the diagonal of the adjacency matrix. A diﬀerent alphabet is used to indicate crosslinks. Since labels 1 and 2 are
reserved to indicate chemical bonds and radicals, 3,4,5 . . . is used to represent diﬀerent
types of crosslinks. For example, 3 represents an atom which was a radical and then
formed a crosslink with a vinyl group of another molecule. The former vinyl group is
indicated by 4. Therefore, having two species with indicators 3 and 4 on the diagonals of
the respective adjacency matrices, implies that a dimer is formed by a radical attaching
to a vinyl group.

2.2.4. Reaction rules and patterns
Comparing the molecular graphs of a species before and after a reaction, one can notice
that only a small part of the whole graph is changed, and the rest of the molecule
stays invariant. Based on this fact, we introduce reaction rules on subgraphs rather
than on the whole molecular structure. A pattern is a fragment of a molecule, which
undergoes changes due to a reaction. Patterns are usually the functional groups as they
are mainly responsible for the reactivity of the molecule. In terms of the molecular graph
representation, patterns are subgraphs of the molecular graphs. This concept has been
also used in other reaction generating packages 13 , 14 , 12 .
A pattern has to include all atoms that undergo changes due to a reaction and
some neighborhood of them. For example, one functional group can undergo the same
transformation, but the reaction happens faster or slower depending on the neighboring
atoms. An example of patterns on molecules is shown in Figure 2.4. One molecule can
have several patterns.

2.2. Tools to describe the reaction system
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A reaction rule is a transformation applied to a pattern of a reactant to produce a
pattern of a product. Patterns of reactants are usually found in more than one molecule.
Thus, one reaction rule can cover a whole family of reactions. The reaction rules are
introduced manually in this methodology. However, some reactions might be found in
diﬀerent chemical processes and can be used for more than one system.
Many chemical systems involve first and second order reactions. A first order reaction
is determined by one reactant which is transformed into one or several products. Second
order reactions require two reactants and produce one or several molecules as products.
An example of a second order reaction is shown on Figure 2.4. The pattern of Reactant
1 loses its chlorine atom and gets an outgoing crosslink. The vinyl group in the pattern
of Reactant 2 gets a chlorine atom and an incoming crosslink. Following the monomer
approach, the product is still described as separate species.

2.2.5. Pattern matching
The presence of patterns in a molecular graph determines its availability for the corresponding reaction. Thus, it is important to recognize patterns in a molecular graph. In
the context of this section, ’recognize a pattern’ means to decide whether a pattern is
the subgraph of a molecular graph. In other words, one needs to find a correspondence
between nodes in the adjacency matrices of a pattern and a molecular graph. This is the
subgraph isomorphism problem. A subgraph is referred to as a pattern and a reference
graph is referred to as a molecule. Subgraph isomorphism is an NP-complete problem:
the number of operations required to solve the problem grows exponentially with the
size of the graph. However, it is possible to reduce the search space and eliminate a
considerable number of node comparisons at an early stage by accounting for limitations
imposed on the molecular graph by the chemical context.
Diﬀerent algorithms are available to deal with subgraph isomorphism, an overview
can be found in 35 . Ullmann’s algorithm 36 is a robust and frequently applied graph
isomorphism detection method. It is based on brute-force enumeration with refinement
steps, which serves to cut out most of the non-feasible search pathways at an early
stage. Ullmann algorithm aims to find all isomorphisms of a subgraph G0 = (l0 , V 0 , E 0 )
and a reference graph G = (l, V, E). The algorithm works with an n ⇥ m matrix M

of boolean values, where n is the size of a subgraph and m is the size of a reference
graph. An entry mij of matrix M is equal to "1" if a node vi0 2 V 0 can be matched to

a node vj 2 V and "0" otherwise. The goal is to find matching matrices, where each
column has no more than one entry of "1" and each row has exactly one entry of "1".

The failure criterion for one pathway is when at least one row contains all zero entries.
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Figure 2.4: An example of the reaction rule for the initiation step of the VM group an IB monomer by
the CI group on an IM monomer. Patterns, the fragments of a molecule responsible for the reaction,
are colored in orange. The reaction also creates a crosslink, which is represented by incoming and
outgoing arrows in the Products’ patterns: an outgoing bond of type 3 for IM and incoming bond of
type 2 for IB.

This means that at least one atom from the subgraph exists that cannot be matched to
any node of the reference graph. At failure the process stops and backtracks to explore
other possibilities for matching.
Ullmann suggested the following conditions under which nodes vi0 2 V 0 and vj 2 V

can be matched:

• Label and degree condition: nodes can be matched if : l0 (vi0 ) = l(vj ) and
deg(vi0 )  deg(vj ).
• One to one mapping condition: nodes, which are already mapped do no take
part in matching till the end of the current search pathway.
• Neighborhood condition: a node from a subgraph can be matched to a node
from a reference graph only if the neighbors of the subgraph node match to the
neighbors of the reference graph node.
A detailed explanation of Ullmann’s algorithm can be found in 36 . This version of
the Ullmann algorithm is suitable for the general case of labeled graphs. In the case
of molecular graphs, bonds, crosslinks and radicals provide this additional information
for a matching step. 37 describe how Ullmann’s approach can be adapted to chemical
structures. Taking into account the matching criteria from 37 , certain further "chemical"
conditions can be checked on each matching step:
• Radical condition: radicals should be matched to radicals.

2.3. Algorithm development
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• Bonds with neighbors: the set of neighbors’ labels of node vi0 2 V 0 has to be a
subset of the neighbors’ labels of node vj 2 V and these neighbors should have
the same type of bonds with nodes to be matched.

• Crosslink condition: if node vi0 2 V 0 has a crosslink, it can only be matched to
vj 2 V , if vj has the same type of crosslink as vi0 . However, if vi0 has a crosslink,
it can still be matched to a subgraph node without a crosslink.

These conditions are helpful to check during the initialization of matrix M , as they
can early eliminate some non-feasible search pathways at an early stage.

2.3. Algorithm development
2.3.1. Automated reaction mechanism
In the previous section we have discussed the tools required for the description of the
reaction system. Here, we explain the algorithm of our new methodology that employs
these tools to automatically generate the complete reaction mechanism: all the species
and reactions involved. The algorithm starts with the input species and a small set of
reaction rules including all the patterns. Thus, it develops the structures of all possible
intermediate and final species, which can be found in the system after being exposed to
the reaction rules.
Firstly, the initial species have to be converted into molecular graphs: adjacency
matrix plus a list of labels (see Figure 2.2), and stored in the list of species. This list is
going to be expanded by products from the reaction rules in an iterative manner.
The next step requires to go through the reaction rules to find candidate species for
each reaction. First order reactions require only one candidate for a reactant, while two
candidates have to be found for each reactant in a second order reaction. A reaction
happens only if all of its reactant patterns have a corresponding candidate in the list of
species. In the very beginning of the reaction process, only few reactions can happen
because the list of species does not have many molecules. If for a given reaction rule
candidate reactants are found among the species in the list, the transformation from
reactant pattern to product pattern is applied to produce potentially new species.
During the transformation of a molecule from reactant to product only the part
of the graph which corresponds to reactant pattern undergoes changes - as prescribed
by the reaction rule - the rest of the graph remains unchanged. The product’s graph
is then obtained by removing atoms which correspond to the reactant pattern and
replacing them by atoms from the product pattern, producing a new adjacency matrix
that corresponds to a product species and may not be present in the list of species yet.
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Figure 2.5: Main steps of the reaction generating mechanism.
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After the transformation is applied to the candidate species, a product species is
generated, which might be already featured in the list of species. In that case the
algorithm proceeds with the next reaction, but if the molecular structure is new, then
it is added to the list. To check whether a molecule is already in the list, the Ullmann
procedure is applied again. In this case, the isomorphism problem for a whole molecule
graph rather than for a subgraph has to be solved: the whole molecular structure has
to be compared to other molecules and an exact match for all its atoms has to be
found. This implies a modification of the matching criteria. The degree condition is
strict: nodes are matched only if their degrees are the same. Furthermore, the crosslink
condition is bijective: nodes are matched only if both carry a crosslink of the same type.
One iteration of the procedure is completed when all reaction rules are visited. The
next iteration is performed if at least one new species is created during the previous
iteration. Newly created species may still undergo some reactions from the list of
reaction rules. The procedure stops if the reaction rules fail to extend the list of species.
As a result, the procedure generates all intermediate and final molecular structures
which are produced in a system due to specified reaction rules. The whole algorithm is
illustrated in the flowchart of Figure 2.5.

2.3.2. Reaction network
Every time a reaction rule “fires”, identifiers of reactant and product species together
with the type of reaction are stored. Identifiers of molecular species correspond to
their ordinal numbering in the list of species the construction of which was described in
subsection 2.3.1.
Having information about the detailed reaction mechanism, one can reconstruct the
reaction network. The reaction network is a systematic representation of the reaction
mechanism. Let’s assume, that the output of the reaction generating mechanism produced n diﬀerent species, which took part in m reactions. The reaction network is a
directed labeled bipartite graph G = (l, V, E) of size n + m with two types of nodes
V = {VS , VR }: species and reactions. Nodes VS have a weight corresponding to the
initial concentration c0 of a species in the system. The weight of nodes vR denotes the
rate coeﬃcient k of the reaction.
Concerning directionality, each node of the reaction network has incoming, outgoing,
or both types of edges. Let us assume, two species vS1 and vS2 take part in a second
order reaction vR and produce species vS3 and vS4 . This reaction is illustrated in Figure
2.6 (a). Both reactant species vS1 and vS2 have outgoing edges which point to the
reaction node vR . The reaction node has two outgoing edges pointing toward each of
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the product species, vS3 and vS4 . Furthermore, reactant and product species can take
part in other reactions and have more outgoing and incoming edges.
Species nodes are unique: each molecular structure is represented by a node which

2

appears only once in the whole reaction network. Reaction nodes are labeled according to
the reaction rule that created the reaction. Thus, the reaction nodes can be partitioned
into families of reactions.
Initial species nodes do not have incoming edges. Species nodes having both incoming and outgoing edges take part in intermediate reactions. Species which have
only incoming edges correspond to the final products of the reaction mechanism. As for
the reaction nodes, their incoming and outgoing degree is determined by the order of a
reaction and number of product species they produced.

2.3.3. Kinetic model from reaction network
An important goal of kinetic polymer modeling is to compute the concentration of all
species over time given the set of reactions and kinetic coeﬃcients. This is usually
performed manually by setting up ordinary diﬀerential equations, describing the mass
balances of all species, from a given set of reaction equations. However, the availability
of the reaction network as described in the previous paragraph enables an automated
procedure to construct the ODE’s, since the network carries all information suﬃcient for
kinetic model construction. The mass balance equations can be constructed for each
species by exploring its first and second order neighborhood in the reaction network.
All of these equations contain contribution and subtraction terms. A contribution term
originates from a reaction where the species acts as a product. A subtraction term
denotes the species as a reactant. As an example Figure 2.6 (b) shows fragments
of the inimer/isobutylene copolymerization reaction network, which illustrates how the
contribution and the subtraction terms are constructed from the environment of species
node vS .
In the following section we discuss how the adjacency matrix A and weights of the
nodes of the reaction network are transformed into the kinetic model of the system.
Consider a reaction network with reactions of type A ! B1 + B2 + . . . and A + B !
B1 + B2 + . . . The main assumption here is that the order of a reaction is equal to the

number of reactants: consequently, only first and second order reactions are considered.
• First order reactions
If the reaction node i represents a first order reaction then the in-degree of this node is
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one, and the out-degree is non-zero. That is
n
X

degin (i) :=

Aj,i = 1, degout (i) :=

j=1

n
X

Ai,j > 0.

j=1

For a species node i, the diﬀerential equation describing the evolution of species concentration ci (t) is written in terms of the adjacency matrix A and coeﬃcient vector
k,
c0i (t) =

n
X

Aj,i kj

j=1

=

n
X

Aj,i kj

j=1

n
X

Al,j cl (t)

n
X

n
X

n
X

Ai,j kj

(2.1)
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=

ci (t)

kj (Aj,i

Ai,j )
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X

Al,j cl (t)
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n
X

Al,j cl (t).
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When rewritten in terms of a matrix multiplication, it becomes clear that these equations
constitute an autonomous linear system of ODEs,
d
c(t) = AT diag{k}AT
dt

diag{Ak} c(t).

(2.2)

Let, c(0) = c0 , then the formal solution to Eq. (2.2) is expressed via the matrix
exponentiation,
c(t) = e(A

T

diag{k}AT

diag{Ak})t

c0 .

• Second order reactions
Equation (2.1) can be extended to cover reactions of arbitrary order,
c0i (t) =

n
X

Aj,i kj

j=1

n
Y
l=1

n
X
j=1

Al,j

cl

kj (Aj,i

n
X

Ai,j kj

j=1

Ai,j )

n
Y

n
Y

Al,j

cl

=

(2.3)

l=1

Al,j

cl

.

l=1

For a fixed reaction node j, consider a matrix with elements Si,l = 12 Ai,j Al,j if i 6= l

and Si,l = 0, if i = l. If i, l are the reactant species for a second order reaction j then
Si,l = 12 . Furthermore, if node j represents a second order reaction, then the in-degree
for this node is two, degin (j) = 2, and the product appearing in Eq. (2.3) contains only
Qn A
two terms, l=1 cl l,j = cT Sc = 12 cT A.,j AT.,j c, where A.,j is the j th column of matrix

2
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2

Figure 2.6: (a) A fragment of the reaction network, which illustrates the general case of a second
order reaction, where VSi , i = 1 . . . 4 nodes are species which are taking part in the reaction and VR
represents the type of the reaction rule. (b) Nodes influencing the concentration of species VS . On the
left hand side, the two diﬀerent second order neighbors VII of VS augment its concentration due to
the reaction VI , which is represented by the first order neighbor from the incoming edge. On the right
hand side, the concentration of VS is decreasing by undergoing the reaction as denoted by VI .

A. Thus, Eq. (2.3) simplifies to
c0i (t) = cT (t)Mi c(t),
where Mi =

Pn

1
T
j=1 2 kj A·,j A·,j (Aj,i

(2.4)

Ai,j ).

• Mix of first and second order reactions
Let us split the vector of reaction rates k = k (1) + k (2) , so that k (1) is non-zero for first
order reactions and k (2) for second order ones. A combination of Eqs. (2.2) and (2.4),
together with the corresponding rate vectors k (1) , k (2) yields the diﬀerential equation
for a mixed reaction network,
c0i (t) = c(t)T Mi c(t) + Bi,· c(t),
where
Mi =

n
X
1
j=1

2

(2)

kj A·,j AT·,j (Aj,i

(2.5)

Ai,j )

and
B = AT diag{k (1) }AT

diag{Ak (1) }.

Note, A·,j AT·,j is an outer product (column times row).

Ultimately, solving Eqs. (2.2), (2.4) and (2.5) provides information about the dis-

tribution of the concentrations of all species present in the resulting reaction network.
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Figure 2.7: Complete set of patterns to describe the reaction rules of IB/IM copolymerization (Table
2.1). The five reactive functional groups are each represented by a pattern: CI , CM , CS , VI , VM .
Another 3 patterns are required to represent diﬀerent crosslinked species.
Table 2.2: Reaction steps for copolymerization of IM with IB in terms of patterns

#
1
2
3
4
5
6

pattern
pattern
pattern
pattern
pattern
pattern

1
1
4
4
5
5

+
+
+
+
+
+

Reaction
pattern 2 ! pattern
pattern 3 ! pattern
pattern 2 ! pattern
pattern 3 ! pattern
pattern 2 ! pattern
pattern 3 ! pattern

8
8
6
6
7
7

+
+
+
+
+
+

pattern
pattern
pattern
pattern
pattern
pattern

5
4
5
4
5
4

Rate coeﬃcient (Lmol
3.32 ⇥ 10 2
4.46 ⇥ 10 4
5.19 ⇥ 10 1
2.27 ⇥ 100
6.45 ⇥ 10 3
4.11 ⇥ 10 5

1

s

1

)

Moreover, a mix of first and second order reactions is the most common case for
polymer reaction engineering problems.

2.4. From reaction network to macromolecular properties
In this section an application of the reaction generating mechanism is illustrated on the
copolymerization of inimer (IM) with isobutylene (IB) in a batch reactor. In Table 2.1
reaction steps between IM and IB are shown together with the rate constants found in
the literature (Zhao et al. (2016), Zhao et al. (2013)). The objective of this section is
to demonstrate how we arrive at macromolecular properties for a polymerization using
reaction generating mechanism described in the sections above.
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Figure 2.8: The reaction network after applying the reaction generating mechanism for copolymerization of IM and IB. Nine green nodes correspond to species and 18 purple nodes, with numbering
corresponding to the list of reactions in Table 2.1, denote reactions. Species node 9 contains the IM
product patterns and node 7 contains the IB product patterns shown at the right hand side in Figure
2.7.

Firstly, IM and IB are converted to molecular graphs and the reaction rules are
constructed based on the reaction mechanism described in Table 2.1. A reaction system
can only be fully described, if a complete set of reaction rules is available, hence we need
a complete set of patterns as well. Such a complete set is obtained by inspection of all the
structural formula’s concerned with the initial and final species of the reactions involved
and all possible intermediates. For the IM/IB copolymerization system a complete set of
eight patterns is obtained, as shown in Figure 2.7, five representing the reactive groups
CI , CM , CS , VI , VM , and three more final product patterns all having crosslinks. The
reaction steps from Table 2.1 are represented as the reaction rules on patterns in Table
2.2.
Only directional crosslinks are present in the system, as all of the crosslinking reactions happen due to the chlorine atom reacting with the vinyl group. IB may have at
most one incoming and one outgoing crosslink at the same time. The incoming crosslink
is formed due to the chlorine attacking the vinyl group of IB. After this reaction, the
chlorine is transferred to IB and propagates the polymer chain, thus IB gets the outgoing
crosslink. The IM monomer has a vinyl group on one side and the chlorine on the other
side of it. The chlorine thus attacks any vinyl group in the system and forms an outgoing
crosslink. Meanwhile, the vinyl group on the other side of the molecule reacts with the
chlorine and forms an incoming crosslink. Further, the chlorine is transferred to the former vinyl side of IB and undergoes another crosslinking reaction. In this configuration,
IM may have at most one incoming and two outgoing crosslinks.
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Figure 2.9: Probability profile (normalized concentration) over time of monomers having diﬀerent
configuration of crosslinks in a batch reactor, starting with initial IB and IM concentrations cIB = 1.74
mol · L 1 , cIM = 0.000454 mol · L 1 33 . The vertical line at t = 5400 s marks the concentration
distribution or degree distribution that is used to compute the number distribution of monomer units

Having prepared all the initial species, patterns and reaction rules the algorithm is
applied to the example of IB/IM copolymerization. As a result, seven more molecular
structures are obtained. We thus generated the complete reaction network as shown
in Figure 2.8. The system with eight patterns turns out to yield a total of eighteen
reactions between nine species.
Furthermore, the mass balance equations to the IB/IM copolymerization were generated from the reaction network using equations described in Section 3.2. The ODEs
are solved for initial IB and IM concentrations cIB = 1.74 mol · L
mol · L

1 33

1

, cIM = 0.000454

. This gives the time profiles of all the crosslinked species until t = 105 s as

shown in Figure 2.9. This in fact represents the time profile of the degree distribution
forming the starting point for the derivation of macromolecular properties using random
graph theory as will be discussed in the next paragraph. All calculations were performed
using single core processor. The reaction network construction was completed in 26
seconds and the ODEs were solved in less than 2 seconds.
The degree distribution is obtained by a normalisation of instantaneous concentration
of cross-linked species:

ck,l (t)
u(k, l) = P
1
ck,l (t)

(2.6)

k,l=0

where ck,l (t) is the molar concentration of a crosslinked species with k incoming crosslinks
and l outgoing at the time t. Thus, u(k, l) is a probability distribution that describes
the local connectivity of monomer units at a given time .
Random graph theory is then used to obtain average properties for the set of polymer
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Figure 2.10: Double weighted molecular weight distribution for IB/IM copolymerization in a batch
reactor with initial concentrations cIB = 1.74 mol · L 1 , cIM = 0.000454 mol · L 1 at t = 5400 s
compared with Monte Carlo generated data from 33

networks all of which comply with the same degree distribution 38 . The random graph
theory has been successfully applied to a number of branched polymer systems, either
or not forming gels, enabling to compute macromolecular properties like size distributions. The details of the mathematical procedures to obtain the number distribution
of monomers of the IB/IM copolymerization from the degree distribution (Figure 2.9)
are given in the Appendix A1. The distribution thus obtained, for a batch time of
t = 5400 s (vertical line in Figure 2.9), is shown in Figure 2.10, where it is compared
to the Monte Carlo simulation results by 33 . One observes a very good agreement. It
should be realized that this is the first deterministic solution of a full probability distribution of numbers of monomers for IB/IM copolymerization. Moreover, in terms of
classical polymerization modeling this is also a very challenging mathematical problem
as it requires simultaneous solving of number distributions for several reactive groups
CM , CS , VM , VI .

2.5. Conclusions
We have designed a new methodology for the prediction of macromolecular properties
of polymerization systems possessing a kinetic complexity that is comparable to gas
phase pyrolysis of hydrocarbons and biochemical reactions. Such complex systems have
justified the development of automated reaction generation tools to cover thousands of
species and reactions, far more than polymer systems that usually are described with
simpler or simplified kinetic schemes. The direct application of available automated re-
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action tools is prohibited by the sheer size of the polymer molecules, eventually growing
to infinity. Representing polymers of a reasonable size as molecular graphs is virtually impossible. Therefore, we decided to design a novel automated polymer reaction
methodology based on a monomer approach.
Existing tools employ molecular graphs. We utilize molecular graphs as well to
describe monomer units, but as diﬀerent from the existing tools, we add features to
these graphs that denote directional crosslinks. Thus, our methodology proposes a
compromise: employing molecular graphs of acceptable size we still can estimate some
average properties of the polymer network.
We have proven the success of our methodology using the example of copolymerization of inimer and isobutylene. Starting with the molecular graphs of IM and IB the
methodology proceeds through the formulation of reaction rules and patterns describing
the copolymerization, the automatic generation of a reaction network and construction
of mass balance equations. Solution of the latter provides the probability distribution of
local monomer connectivity - the degree distribution. By using random graph theory this
leads to a molecular weight distribution that coincides with results from Monte Carlo
simulations.
Essentially, in this manner we demonstrated how to proceed from a kinetic scheme
to macromolecular properties in an automated manner. It should be realized that the
example taken still has relatively simple kinetics, but our methodology allows extension
to really complex kinetics in a straightforward manner, as we will show in future studies.
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3
Review of the kinetics and
simulations of the linseed oil
autoxidation
This review summarizes computational modeling literature concerning linseed oil autoxidation in the context of oil paint. After discussing chemical structure and composition
of linseed oil, an overview is given of polymer properties of the material and the experimental techniques used to infer these properties. The review proceeds with the survey
of existing computational modeling techniques, used to investigate the drying process
of linseed oil.

Based on: Review of the kinetics and simulations of the linseed oil autoxidation. Y. Orlova† , R. E.
Harmon† , L.J. Broadbelt, P.D. Iedema. In preparation († = equal contribution)
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3. Review of the kinetics and simulations of the linseed oil autoxidation

3.1. Introduction
This literature review is motivated by the need for a resource that gathers relevant
chemical kinetics for the autoxidation of linseed oil and the opportunities that computer
simulation can oﬀer this century-old field. Linseed oil is a prominent drying oil, particularly known for its use as a varnish and oil paint binder since the 15th century 1 .
At the advent of the paint tube, oil paint production expanded beyond the mortar

3

and pestle where chemists were working to perfect the revolutionizing products. Dried
(polymerized) linseed oil is an insoluble binder with stability and structure to last hundreds of years. Its properties depend on composition and crosslinks, each aﬀected by
environmental conditions 2 and additives such as driers 3 and elevated temperatures 4 .
Up to this point, several key reviews consolidated literature and resources related
to the autoxidation pathways that cure linseed oil and inevitable degradation pathways
that wear it down. However, this review is written from the perspective of collaborative research that leverages a century of experiments to understand linseed oil on the
molecular level using computer modeling tools as technological advances in the 21st
century. It is also centered around the drying oil’s application and long-time behavior in
art and art conservation science eﬀorts 5 in contrast to prominent eﬀorts in food science
research 6 with related oils.
Linseed oil and its model systems have been investigated as a binding medium of oil
paint in numerous experimental research works 7–9 preceding computational modeling.
Thorough studies were done regarding the influence of drier on the autoxidation of ethyl
linoleate and linseed oil reporting the behaviour of key functional groups and of small
volatile compounds 10–18 . Reviews by Honzíček 19 , Soucek et al. 20 , Juita et al. 21 and van
Gorkum et al. 12 provide detailed descriptions of the autoxidation reaction mechanism.
These research works provide valuable information about the chemistry of linseed oil
and serve as a reference for computational modeling.
The term "model" is used in two contexts in this review: 1) a model compound that
represents a simplified chemical species and 2) a computational model for simulating a
complex, physical system. A chemical model compound shares some essential chemical
properties with the real compound, but it can be tested under better defined conditions.
For example, ethyl linoleate (EL) is commonly used as a model system for linseed oil,
as EL represents the linoleic ester of linseed oil. Also, EL is available as a purified
substance, whereas linseed oil is only available as a natural mix of triglycerides with
diﬀerent ratios of fatty esters. Yet, the EL model oﬀers the advantage of a detailed
quantitative and theoretical interrogation of the physical system.
This review yields access to key research related to the drying and degradation of
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linseed oil of relevant kinetic detail, pathways, and methods and thus forms a starting
point for work in this interdisciplinary field. Section 1 characterizes the structure and
variations in composition of the linseed oil. Proceeding with the polymerizing nature of
linseed oil, Section 2 explains the formation of the linseed oil films in terms of a free
radical polymerization process. Section 3 provides an overview of the reaction pathways
characterizing linseed oil during its autoxidation including recent findings in -scission
and epoxidation mechanisms. In Section 4, we proceed with the description of several experimental techniques that are relevant for validation of various models. Computational
methods elaborated on in Section 5 of this review are quantum chemical calculations
and kinetic modeling. Kinetic modeling is most comparable to physical experiments,
as concentrations of some initial, intermediate and final compounds can be quantified
in a relatively straightforward manner. The sensitivity of systems can also be readily
investigated using kinetic modeling. Following the findings in computational modeling,
the review finally discusses future directions in modeling for linseed oil research.

3.2. Drying oils
Drying oils are natural, bio-based oils that harden or "dry" into a solid film when being
exposed to daylight and to ambient oxygen. The oil is a mixture of triglycerides, where
each molecule consists of three fatty acids attached to glycerol by ester bonds. Fatty
acids are carboxylic acids with a hydrocarbon chain that is saturated fully with hydrogen
atoms or unsaturated with one to four double bonds along the chain. Double bonds
may be arranged to form either conjugated or non-conjugated double bonds, the latter
causing stronger drier activity.
Properties of drying oils strongly depend on the relative amount of diﬀerent types of
fatty esters. Unsaturated fatty esters undergo a complex autoxidation mechanism eventually forming crosslinks, which lead to the formation of a polymer network. Meanwhile,
saturated fatty esters remain virtually unchanged. Depending on the content of various
fatty esters, oils are classified as drying, semi-drying and non-drying oils. The ability of
an oil to undergo autoxidative drying depends directly on the amount of doubly allylic
methylene units (or bis-allylic C-H bonds), which are found in linoleic and linolenic acids.
Bis-allylic groups are responsible for the formation of crosslinks, as the bis-allylic H-atom
is easily abstracted to form a radical, which forms the onset of reaction pathways ultimately ending up in crosslinks . One bis-allylic group (as in linoleic) may result in up
to three crosslinks. This observation leads to the empirical relationship quantifying the
oil’s ability to dry: Drying index = (% linoleic acid) + 2(% linolenic acid) 20 . Oils with
a drying index above 70 are classified as drying oils.

3
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The fatty ester content in several oils is summarized in Table 3.1. Although the

table provides the most common fatty ester composition, oils have diﬀerent degree of
unsaturation depending on agricultural temperature zone 17,22 and oil processing methods 23 . Saturated fats and oleic acid do not contribute to the drying process, implying
that olive and coconut oils never dry, while linseed, soybean, walnut and poppy seed oils
are prone to drying via crosslinking. Linolenic acid is a major fatty ester in linseed oil,

3

while linoleic acid is a major fatty ester in soybean, poppy seed and walnut oil 12 . Due
to their properties, these four oils became widely used as binding media by artists, who
were empirically finding the balance in the amounts of linoleic and linolenic acids for
their paints 24 . Work by Stenberg et al. 25 compares the drying process of linseed oils
with a high content of linoleic fatty esters versus a high content of linolenic fatty esters.
The authors conclude that a high content of linoleic fatty esters ensures homogeneous
drying of the oil film, while linseed oil with a high linolenic fatty ester content dries
fast on the surface, leaving unreacted fatty esters below. Drying of linseed oil occurs
by chemical crosslinking between monomers, thus increasing viscosity and leading to an
insoluble polymer fraction. The viscosity increase is just slow enough to permit artistic
changes while creating a painting. Some of the autoxidative drying processes leading to
the desired solid polymer network continue afterwards and lead to degradation of the
binding medium in the longer term. Therefore, understanding drying and degradation
processes of drying oils and their impact on the structure of the binding medium polymer
is an important issue in the field of restoration and conservation of art.
Because of the variability of fatty esters in linseed oil mixtures, model systems are
often used to isolate certain properties or reactivities to study in a controlled fashion.
For example, common model species are unsaturated methyl and ethyl esters of oleic,
linoleic, linolenic, and ricinoleic acid 11,13,16,16,26 , as well as dienes: 4,7-heptadiene 27 ,
3,6-nonadiene 28 , and 2,5-undecadiene 29 . While exploring various aspects of the drying
process such as speed of drying and emission of volatile compounds, researchers developed a better understanding of elementary reaction steps leading to the final product.

3.3. Polymerization
The extensive usage of linseed oil in works of art is explained by the oil’s suitable optical
and mechanical properties as a polymer. While drying, linseed oil actively reacts with
oxygen and forms a thin continuous film via a polymerization process. Favorable drying
properties of linseed oil are achieved due to a high concentrations of linoleic and linolenic
acid tails, which are the main polymerizing agents in linseed oil responsible for drying.
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Oil
Linseed oil 20
Soybean oil 20
Poppy seed oil 30
Walnut oil 31
Olive oil 32
Coconut oil 20

Saturated
10
15
15
9
13–20
91

Oleic
22
25
20
20-26
62–80
7

Linoleic
16
51
65
50-55
5–15
2

Linolenic
52
9
14-15
5-8

Table 3.1: Various ratio of fatty esters in oils (in % )

Triacylgliceride of linseed oil
Oleic, 22 %
Linolenic, 52 %

O
O
O
O

O

O

Linoleic, 16 %

Figure 3.1: An example of triglyceride that would be a molecule found in linseed oil.
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Drying and hardening of linseed oil is considered as a polymerization of triglycerides

via autoxidation, a process involving free radicals. Individual molecules of liquid linseed
oil act as initially disconnected monomers. In the presence of oxygen, the triglyceride monomers form covalent crosslinks, which leads to the formation of oligomers
and eventually to infinite-size polymers. Free-radical polymerization reactions consist of
three main categories: initiation, propagation and termination 33 . Polymerization com-
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petes with degradation processes such as scission reactions, decomposition of unstable
crosslinks and hydrolysis.
Due to the presence of natural antioxidants in linseed oil 20,34 , initiation occurs after
an induction time and leads to the formation of a reactive bis-allylic radical. Due to
the presence of these radicals, linseed oil can react with oxygen forming highly reactive
hydroperoxide radicals. This oxygen uptake leads to significant mass increase. During
the formation of hydroperxide groups, the non-conjugated double bonds in the fatty
esters become conjugated double bonds. Only unsaturated acids can undergo initiation
and are subject to polymerization reactions, while saturated fatty esters remain unreacted along the hydrocarbon chain and act as plasticizers 35 . Initiation is followed by
propagation reactions, by which radicals are propagating from one molecule to another.
Termination occurs when two radicals meet and form either a covalent crosslink via
recombination or two terminal groups, one saturated and one unsaturated, via disproportionation. Crosslinks may also be formed by addition reactions occurring between
hydroperoxide radicals and conjugated double bonds. Termination and addition reactions first lead to the formation of oligomers. As polymerization proceeds, few oligomers
become very large and eventually form a polymer network of infinite size. The polymer
network molecule forms a gel, which is an insoluble species. The weight fraction of
gel continues growing at the expense of the smaller molecules 35 . While the insoluble
fraction is forming, low molecular weight molecules are also formed via oxidative scission
of alkyl chains ( scission), decomposition of unstable crosslinks or hydrolysis of ester
bonds. Some of these low-molecular compounds are volatile and are released, causing
the typical smell of drying paint. The linseed oil polymer does not fully converge into a
gel regime, as non-volatile low molecular weight soluble fractions remain in the system
even after long drying time 16 . Decomposition reactions are characteristic for the late
stage of drying of linseed oil, and they are responsible for the degradation of the binding
medium. Degradation of the polymer network is enhanced by ambient conditions. Both
thermal and photo degradation occur, but the latter is found to be more harmful to the
polymer network 12 .
The drying process of linseed oil, as a binding medium of paint, may be influenced

3.3. Polymerization

53

by introducing additives, such as driers, extenders and pigments 9,12,13 . The addition
of driers influences the amount of crosslinks formed in the linseed oil film. There are
diﬀerent types of driers: primary driers (surface driers), secondary driers (through-driers)
and auxiliary driers. Primary driers influence the hydroperoxide decomposition reaction,
while through-driers enhance the amount of crosslinks. Auxiliary driers may influence
the action of a primary drier and are added mainly to improve the aesthetics of the
paint layer 12 . Primary driers are usually combined with secondary driers, as an excess
of primary drier may result in wrinkling of the paint film 36 . In contrast, an excess
of secondary drier may result in increased brittleness of the dried oil 37 . The behavior
of soluble fractions in the presence of cobalt drier was studied by Muizebelt et al. 38 .
Oligomeric species up to pentamers were detected after one day of drying, while only
dimers and compounds with low molecular weights remained in the system after 60 days
of drying.
To quantify the extent of drying, the elasticity modulus of the film can be measured. Mecklenburg and Tumosa 39 performed a long-term aging study with titanium
white pigment in cold-pressed linseed oil and compared these to other commercial white
paints. Using tensile testing, they measured the stress-strain behavior of the samples,
which led them to conclude that paint continues to become more brittle, even after 10
years. Various factors are known that may further influence the tensile properties of a
film. These include degradation processes and cleaning treatments that leach out low
molecular weight molecules that had previously plasticized or maintained the flexibility
of the film, thus embrittling the film 40–42 .
Van den Berg et al. 43 also found that the presence of polyvalent metal ions has an
impact on the stability of a polymer film. In a pure linseed oil film without pigments,
hydrolysis of the ester bonds between glycerol and fatty esters causes the network to
degrade. Polyvalent metal ions stabilize the network by forming ionomers. Hence, when
studying polymer models with respect to reactivity and mechanical properties, one has
to include the eﬀect of pigments as well.
Numerous research works mentioned above intended to improve paint properties
regarding durability. Meanwhile, ongoing work in conservation science is performed
to better understand the drying and degradation of existing art objects, based on oil
paint. Detailed understanding of the oil autoxidation mechanism is necessary to improve
conservation and restoration treatments of precious works of art by enhancing eﬃciency
and reducing the need for invasive analysis. It should be realized that specific detrimental
chemical phenomena are closely linked to linseed oil chemistry. For instance, formation
of metal soaps is strongly related to the presence of carboxylic acid groups resulting

3

54

3. Review of the kinetics and simulations of the linseed oil autoxidation

from autoxidation in the oil film 44 . Therefore, it is desirable to investigate the reaction
pathways involving carboxylic acid groups in relation to cleaning, restoration, storage
and transport of the art objects.
A remarkable feature of the polymer network formed by linseed oil lies in the diversity
of its monomer constituents. The monomers are not identical repeating units as in
many industrial polymers (e.g. polyethylene or polystyrene). Linseed oil monomers
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can undergo many chemical transformations until they reach stable states and become
incorporated in the polymer network. Therefore, one may identify two main challenges
in understanding the polymerization chemistry of linseed oil: 1) numerous competitive
radical reactions involving fatty esters of triglycerides lead to a variety of intermediate
molecular species; 2) liquid linseed oil polymerizes to a solid, so reaction conditions
change dramatically causing radical reactions to proceed more slowly as their mobility
decreases - these reactions will become diﬀusion-controlled.
In this literature review we report on various aspects of the detailed reaction mechanism of linseed oil polymerization.

3.4. Chemistry and kinetics
The reaction mechanism of triglycerides is an autoxidation process that proceeds under
the influence of oxygen and light. It predominantly consists of the following reactions:
oxidation, crosslinking and scission 45 . The autoxidation process consists of a very complex scheme of radical reactions occurring repeatedly to the functional groups of the
organic linseed oil molecule. Multiple reactions may occur rapidly and essentially simultaneously, leading to products that are not easily isolated in experiments 46 . The
autoxidation of linseed oil is characterized by two competing mechanisms: formation
of the polymer network and breakdown of the molecules due to

-scission, unstable

crosslink decomposition and hydrolysis. The schematic representation of the autoxidation process is shown in Figure 3.2.
Consistent with 3.2 the four main stages of free-radical polymerization will now be
discussed: 1) initiation; 2) propagation; 3) termination; 4) degradation. In the case
of drying oils, these reaction steps lead to a variety of intermediate and end products.
We provide many reported reactions for each fatty ester at various stages of drying.
Moreover, where possible, the reactions will be reported together with kinetic rate parameters, which influence the speed of reactions as a function of temperature. It must
be noted that kinetic parameters cited in the review possess uncertainty, as there is both
experimental and computational error in the values.
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Initiation

Oxidation
Oxidation

Addition
Radical
recombination

Hydroperoxide
formation

Oxidation

Bayer-Villiger
reaction

Beta-scission
Hydroperoxide
decomposition
OO.

Russell
termination

Hydroperoxide
decomposition
O.

Radical
recombination

Epoxidation

Radical
recombination

Hydroxide
formation

Figure 3.2: A general schematic representation of the reactions occurring during autoxidation of linseed
oil.

3.4.1. Initiation
Autoxidation begins with an initiation step involving a tiny amount of radicals that may
be created in several ways. During the subsequent propagation step a comparatively
higher concentration level of radicals prevails in the system. In linseed oil, the initiation
of a radical can be delayed by the presence of natural antioxidants 20,34 , causing an
induction period before propagation starts. Diﬀerences in induction period are observed
in the temperature ranges above 130 °C, 84-130 °C and below 84 °C. The induction
period is short above 130 °C, while in the range of 84-130 °C the length of induction
increases slowly as the temperature is lowered; below 84 °C the induction period is long
and independent of temperature 46 . Initiation happens in two steps: primary initiation
and secondary initiation. Primary initiation creates a tiny amount of peroxyl radicals
that subsequently take part in the secondary initiation.
During secondary initiation the radical created by primary initiation abstracts a hydrogen atom from a bis-allylic carbon of a linoleic or linolenic fatty ester tail, forming
a delocalized pentadienyl or heptadienyl radical, respectively. The alkyl radical rapidly
reacts with molecular oxygen and forms a peroxyl radical. Allylic hydrogen abstraction
happens predominantly at elevated temperatures 47 . For the resonant structures after
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Figure 3.3: Propagation of radicals via hydrogen abstraction from bis-allylic carbon (top) and from an
aldehyde (bottom) by alkoxyl and peroxyl radicals.

allylic and bis-allylic hydrogen abstraction, see Figure 3.3. Initiation can occur spontaneously 48 , or with the aid of UV light 49 , singlet oxygen 28 or active metal catalysts 15 .
Spontaneous initiation is rationalized by the fact that linseed oil will cure in air without
using a catalyst, although slowly 48 . It has been shown that UV irradiation lowers the
activation energy of curing of alkyd resins 49 . Singlet oxygen is much more reactive than
triplet oxygen and is capable of attaching to the bis-allylic as well as to allylic carbon and
forming a hydroperoxide via a concerted cyclic addition mechanism 28 . Singlet oxygen
is formed from molecular oxygen in the presence of photosensitizers causing the excited
state of oxygen by an uptake of at least 22.4 kcal/mol 28 .
Metal driers are added to oils to speed up decomposition of hydroperoxides and
initiate autoxidation. A common transition metal catalyst is cobalt di-ethylhexanoate
that undergoes primary initiation by reacting with molecular oxygen forming a peroxyl
radical with a rate coeﬃcient in the order of 10-1 L/mol*s 13,50 , while CoII becomes
CoIII . The peroxyl radicals follow secondary initiation and abstract hydrogen to form
bis-allylic or allylic radicals. Cobalt hydroperoxide then changes back to CoII and splits
oﬀ a hydroperoxyl group and then may continue its catalytic activity.
Hydrogen abstraction The abstraction of bis-allylic hydrogen occurs at a rate coefficient on the order of 10-1 L/mol*s, while allylic hydrogen is 105 times less reactive 51 .
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Figure 3.4: Possible initiation of allylic and bis-allylic carbons.

The energy barrier for hydrogen abstraction in the case of oleate is even higher, 80
kcal/mol 46 . During the autoxidation mechanism, alkoxyl, peroxyl and alkyl radicals are
produced, which also take part in hydrogen abstraction. Peroxyl radicals play a major
role in hydrogen abstraction as they exhibit a rather long half-life (up to 7 s) in comparison with alkoxyl (10-6 s) and hydroxyl (10-9 s) radicals 21 . The rate coeﬃcient of
hydrogen abstraction by peroxyl radical is estimated to be 6,6 L/mol*s 51 . The speed
of initiation can be measured experimentally by tracking the decrease of bis-allylic carbon concentration as, after oxygen addition, they disappear while the non-conjugated
configuration of the double bonds changes into a conjugated configuration 35 .

3.4.2. Propagation
The repeated hydrogen abstraction by peroxyl radicals and subsequent reaction with
oxygen is responsible for a continuous production of radicals, which in polymer reaction
engineering is therefore called the propagation step.
Oxidation Alkyl radicals formed via hydrogen abstraction add oxygen, forming peroxyl
radicals. The oxidation mechanism is shown in Figure 3.5. The reaction of oxygen and
alkyl radicals happens very rapidly, with a rate constant on the order of 108 L/mol*s and
an activation energy of 0 kcal/mol. The rate of oxidation varies depending on conditions, such as temperature, the presence of pro-oxidants (oxidizing agents), antioxidants
and dissolved oxygen 52 , and the rate also depends on the degree of unsaturation. As
mentioned in the work by Wexler 46 , the oxidation rates of triolein, trilinolein and trilinolenin are increasing in order of degree of unsaturation: 1:20:330. When adding to
the resonant structure of the backbone, as in linoleic esters, oxygen prefers the position
on the 9th or 13th carbon atom, and the resulting functional group is called an outer
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peroxide. Inner peroxides (C-10 and C-12) appear in minor amounts, possibly resulting
from the formation of cyclic peroxides (endoperoxides) 21,53,54 . In the case of linolenic
acid, hydroperoxides are found at the external as well as at internal positions 35 .
Hydroperoxide, hydroxide formation Hydroperoxides are formed from peroxyl radi-
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cals after they perform hydrogen abstraction . Being stable intermediates, hydroperoxides mark the initial stage of the autoxidation process. Decomposition of hydroperoxides
is a slow unimolecular reaction with a rate constant on the order of 10-13 s -1 and an activation energy of 24.6 kcal/mol 55 . Hydroperoxide decomposes into alkoxyl and hydroxyl
radicals, and the reaction is accelerated under the influence of light and drying agents
containing transition metals like cobalt. The chemistry of hydroperoxide decomposition
with cobalt is described in detail in Spier et al. 15 .
After hydroperoxide decomposition, the alkoxyl radicals may proceed along several
reaction pathways including secondary scission of alkyl chains, recombination with another radical or hydrogen abstraction. In the case of the latter, an alkoxyl radical
becomes a hydroxide, which is one of the stable end products of the autoxidation process. The concentration of hydroxides in a linseed oil film reaches a constant value
between 200-300 hours of drying time 35 .
Addition

Unsaturated fatty esters participate extensively in hydrogen abstraction, and

the addition of oxygen to the alkyl radical is facile, while the previously unsaturated
double bonds are rearranged into a conjugated state. The conjugated double bonds
are also reactive and are consumed via addition of a peroxyl radical forming a dimer.
Thereby, the radical is transferred from the peroxide on one fatty ester to the carbon
on the other fatty ester (see Figure 3.6). The previously conjugated structure turns
into a resonating double bond between two carbon atoms until the radical reacts with
oxygen or undergoes termination. The activation energy of peroxyl radical addition to
a conjugated double bond is 6.7 kcal/mol, where the rate parameter is on the order of
10 L/mol*s.
General behavior of double bonds As described above, a significant rearrangement
of the double bonds occurs during the initial autoxidation steps. In the case of oleic
fatty esters, there is a trans-C=C (double bond), while the polyunsaturated lipids start
with cis-C=C, which is further consumed via initiation and is turned into a conjugated
double bond. Following the addition reaction, one of the conjugated double bonds is
broken and the remaining double bond adopts a trans configuration. Thus, the cis-C=C
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Figure 3.5: Oxidation pathways of fatty esters containing allylic (left) and bis-allylic (right) carbons
that are found in fatty esters of linseed oil.
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Figure 3.6: Addition of a peroxyl radical to a conjugated double bond resulting in a peroxy crosslink
and a resonant double bond.

initially present is consumed fast and completely 46 . Thereafter, the concentration of
the remaining trans-C=C reaches a constant level 35 .
Epoxidation Epoxides are the simplest cyclic species possible with one oxygen and two
carbon atoms. The formation and slow decomposition of epoxides during drying of ethyl
linoleate was observed by Muizebelt et al. 16,26 . Using quantum chemical calculations,
Oakley et al. elucidated the epoxidation of lipid radical species 18 and found that allylic
radicals on beta positions to peroxides undergo epoxidation at ambient conditions. The
epoxidation proceeds by two pathways representative for the autoxidation of unsaturated
fatty esters (shown in Figure 3.8 a) having energies of activation of 17.7 kcal/mol and
19.3 kcal/mol, respectively 18 . Both reactions are unimolecular with rate parameters on
the order of 10-1 - 102 s

-1

. At elevated temperatures epoxides readily decompose due
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to the ring-strain , while at ambient conditions Muizebelt captured the subsequent
epoxide-ring consumption with the decreased concentration of epoxide groups over 500
days 16 . There is little consensus of the ring-opening mechanism; thus, the review does
not provide a detailed account of this reaction.

3.4.3. Termination
The final step of the free-radical polymerization process is radical termination. In this
step, two radicals react and either form a single, non-radical product (recombination)
or two distinct non-radical products (disproportionation).
Recombination In the linseed oil system, the three main radical types are alkyl,
alkoxyl, and peroxyl. When they recombine, they form crosslinks. This is one of two
ways crosslinks are formed in the linseed oil polymer network, the other being radical
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Figure 3.7: (a) Radical recombination reactions lead to three diﬀerent types of crosslinks: alkyl, ether
and peroxy. (b) Disproportionation reactions lead to two distinct stable products.

addition as described above. All radical recombination permutations are shown in Figure 3.7 a. The distribution of crosslinks in the resulting polymer system depends on
oxygen concentration. Under conditions of facile oxygen transport, peroxy and ether
crosslinks are formed in equivalent amounts, whereas alkyl crosslinks are formed in a
minor amount 35 . Radical recombination is mostly diﬀusion-controlled; as the polymer
becomes more crosslinked, the increased viscosity restricts further radical collisions and
thus recombination events 56 57 . In exothermic reactions, the phenomenon of decreasing rates of termination due to viscosity increase is known as autoacceleration or the
Trommsdorﬀ-Norrish eﬀect and can lead to dangerous runaway reactions during polymerization of certain synthetic polymers. 58,59 . The rate of radical recombination varies
based on the polymer system. For example, the rate coeﬃcient for radical termination
in an acrylate system is on the order of 109 L/mol*s, whereas rate coeﬃcients for re-
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combination in the linseed oil system ranges from 107 to 108 L/mol*s ( 51,55,60,61 . The
existence of dimers that cannot be split by hydrogen iodide is a marker for the presence
of carbon-carbon, or alkyl crosslinks, the amount of which is shown to be minor 35,46 .
Ether links are formed via recombination of alkyl and alkoxyl radicals, the latter being
formed after hydroperoxide or polyperoxide (polymer with peroxy crosslinks) decomposition. Muizebelt et al. used the POMMIE NMR (Phase Oscillations to Maximize Editing
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in Nuclear Magnetic Resonance Spectroscopy) for an EL system and determined from
spectra the relative concentrations of ether and peroxy crosslinks 26 . They found that
peroxy crosslinks remain constant for over a year, but a net generation of ether crosslinks
is detected, mainly originating from the slow decrease of double bonds. Muizebelt et al.
also quantified the concentration of alkyl (C-C) crosslinked species from dimers, finding
1% of alkyl crosslinks in pure unreacted EL, and 5% of alkyl crosslinks in EL in the
presence of cobalt after five days of drying 26 . Dimers with all three types of crosslinks
are shown in Figure 3.7 a.
Disproportionation Disproportionation is a second termination reaction, a redox reaction in which the oxidation state of the reactants changes into two diﬀerent oxidation
states of the products. For radical disproportionation, this is commonly in the form of a
terminal alkane and a terminal alkene group. In the case of oxygen-rich species, oxygencentered radicals may collide and form oxidation products such as alcohols and ketones
via Russell termination. However, Russell termination is not undisputed for linseed oil
polymerization 19,62 as it has a too high energy barrier for the recombination of secondary
alkylperoxyl radicals. Further kinetic studies are required to elucidate and validate the
mechanism that leads to oxidation products. Another type of disproportionation is the
Baeyer-Villiger reaction, where a peroxy acid reacts with an aldehyde, producing two
carboxylic acids. Baeyer-Villiger and Russell termination reactions are shown in Figure
3.7 b. The rate coeﬃcient of disproportionation is in the order of 10e6 L/mol*s 51,55 .

3.4.4. Degradation processes
Hydrolysis In the longer term, after the actual drying process, hydrolysis of ester
bonds may disconnect fatty esters from the triglyceride glycerol backbone. Figure 3.8b
schematically illustrates hydrolysis, which may occur at each fatty ester leading to glycerol with two remaining fatty esters (diglyceride - DAG), glycerol with one fatty ester
(monoglyceride - MAG) or a fully hydrolyzed triglyceride with all fatty esters detached.
Hydrolysis is one of the main degradation routes of fatty ester polymer systems. In
the presence of water, an ester bond in a triglyceride is broken via hydrolysis and a
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carboxylic acid is formed on the side of the free fatty ester and alcohol on the side
of glycerol. Baij et al. 63 studied the origins of carboxylic acids in oil paints with zinc
oxide at various relative humidities (RHs). Erdhart and Mecklenberg 7,64 also studied
hydrolysis of oils in detail. They measured the rate of hydrolysis over a decade under
varying conditions concerning metal pigments, RH, and temperature and examined the
resulting mechanical properties.

3
-scission Breaking the beta-bond to an alkoxyl radical, -scission propagates the free
radical and forms an olefinic species.

-scission is common in thermal cracking, but at

ambient conditions it is of limited importance. Products from scission reactions in drying
oil systems vary significantly in carbon chain length , as the location of beta-bonds next
to alkoxyl radicals may vary in oleic, linoleic and linolenic acids. Products of -scission
in linseed oil degradation include volatile n-aldehydes such as ethanal, propanal, butanal,
pentanal, hexanal, heptanal and octanal 65 . Oakley et al. 66 validated the mechanism
concerning pentanal and proposed a new mechanism to hexanal in the polymerization
of EL, as ones previously proposed in literature were too energetically unfavourable or
did not yield the observed product distribution when implemented in a kinetic model.
Through quantum chemical calculations, Oakley et al. found that -scission was more
likely to happen according to the scheme shown in Figure 3.8c.

Peroxy crosslink decomposition Studies by Muizebelt et al. 16,26 reveal a gradual
decrease in peroxy crosslink concentration over one year. This is attributed to slow
peroxy crosslink decomposition. In contrast to hydroperoxide decomposition this peroxy
crosslink decomposition is apparently not catalyzed by transition metal driers and occurs
with an activation energy of 40 kcal/mol 61 .

Photodegradation

The continuous exposure of a painting to photons, especially in

the proper frequencies of light, will degrade a paint film. This is mainly due to light
interactions with the binding medium and pigment particles. Azelaic acid was found
to be a marker of photodegradation for linseed oil as a binding medium 67 . Regarding
linseed oil in the presence of pigment, titanium white paint, containing anatase titanium
dioxide, is photocatalytically active in UV-light. 68 . This results in mass loss from the
surface of the film and a chalking phenomenon on the surface.
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Figure 3.8: (a) Epoxidation from a species with peroxy crosslink (1) and from a species with hydroperoxide (2). (b) Hydrolysis of an ester bond between glycerol and fatty acid. (c) -scission pathways for
oleic fatty ester (top) and for linleic and linolenic fatty esters (bottom).
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3.5. Experiments
Limitations to experimental investigation of linseed oil polymerization mainly arise due to
the large sizes of the polymer molecule accompanied by rapid formation of an insoluble
fraction, as well as the great variety of the molecular species. Experimental information
is only available for a few aspects of an oil’s chemistry. Paragraphs below describe several
experimental techniques which generate data relevant for the validation of the outcomes
of computational models. While experimental data are used to validate models, vice
versa, modelling can also greatly help the interpretation of complex experimental results.
Size exclusion chromatography Separating molecules by their sizes, size exclusion
chromatography (SEC) provides the molecular weight distribution of the soluble components of a polymer. Oyman et al. 11 used SEC to explore oligomerization of ethyl
linoleate in the presence of driers. The authors show that the diﬀerence in measured
samples predominately becomes apparent in the peak corresponding to hydroperoxides.
This peak gradually appears in the presence of cobalt(II) 2-ethylhexanoate, becoming
detectable after 8 hours and remaining visible even after 48 hours in the presence of
tris(acetylacetonato) manganese(III). The hydroxide peak intensity is always seen to be
lower in the presence of tris(acetylacetonato) manganese(III) with 2,2’-bipyridine. In
the work by Lazzari et al. 35 , soluble fractions of linseed oil are analyzed with SEC during drying at the temperature of 80 °C. After 16 hours of drying, the chromatogram
shows the original molecules of linseed oil and their dimers, while for an aged sample the
chromatogram mainly shows low molecular weight compounds as well as higher order
oligomers. SEC data on molecular size distribution may be compared to the computed
distributions of connected components in the sol as has been obtained by the application
of random graph theory 69,70 .
Mass spectrometry Exact masses of molecules are measured using mass spectrometry (MS). The intensity of peaks corresponds to relative amount of molecules with
these masses in a measured sample. By attributing the peaks to molecular structures,
one may track the variations in peaks’ intensities by measuring the samples at diﬀerent
stages of the reaction process. The main drawback of such an analytical technique
is unwanted fragmentation that occurs to the molecules in the instrument. Moreover,
the interpretation of peaks becomes challenging for such systems as linseed oil and its
model systems due to a wide variety of peaks indicative of numerous reactions occurring
simultaneously. In the pioneering work by Muizebelt et al. 26 , formation of dimers and
higher order oligomers during the polymerization of ethyl linoleate was studied using
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several MS techniques: secondary ion mass spectrometry (SIMS), fast atom bombardment mass spectrometry (FAB-MS) and direct chemical ionization with ammonia mass
spectrometry (DCI-MS). SIMS revealed the size of oligomers in terms of monomer units;
however the resolution of the method was not suﬃcient to track the formation of the
species in more detail. Hence, using FAB-MS the range of monomer and dimer masses
was recovered, while with the use of DCI-MS masses of higher order oligomers were
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revealed in great detail.
Electrospray ionization mass spectrometry (ESI-MS) was used to detect various
degradation products, such as free fatty acids, products of hydrolysis and diacids in
linseed oil samples 68,71 . This analytical technique provides detailed information about
the masses and does not lead to considerable fragmentation of soluble fractions 72,73 .
In relation to modeling, MS data have a resolution that is comparable to the outcome of automated reaction network generation algorithms 74–77 , which reconstruct exact molecular structures from pre-defined reaction rules. Connection between the ESIMS technique and such an algorithm has been shown for triolein 78 , and it results in
computer-aided interpretation of numerous peaks measured by MS.
Fourier-transform infrared spectroscopy While previously described methods are
applicable to characterize soluble fractions of oil samples, Fourier-transform infrared
spectroscopy (FTIR) allows characterization of the whole sample (sol and gel). This
analytical technique performs the identification of functional groups in materials by
measuring the absorption of IR radiation in a sample. FTIR analysis is reported in
numerous research works on drying oils 9–11,14,35,71 . Table 2 in the work by Lazzari et
al. 35 summarizes important IR vibrational assignments of linseed oil. The results of
FTIR measurements are used to reconstruct the time evolution of relative amounts of
functional groups or molecular substructures, such as, for example, cis or trans double
bonds, evolution of hydroxides and carbonyl groups. The limitations appear due to
overlap of vibrational bands corresponding to more than one functional group, as shown
in the work by Baij et al. 63 , where the contribution of carboxylic acid is hindered by
aldehydes and esters. Profiles from IR spectra can be integrated to obtain relative
concentrations of functional groups, which may be used for validation of kinetic models,
predicting such concentrations over time. Examples of such modeling for ethyl linoleate
are found in works by Oakley et al. 50,51 .
Oxygen uptake Significant amounts of oxygen are incorporated in the polymer network during autoxidative drying of oils. This quantity can be measured and further used
for kinetic model validation. Works by Oyman et al. demonstrate oxygen uptake by
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ethyl linoleate (EL) for 100 hours 11 , and oxygen uptake by linseed and tung oil in the
presence of Co(II)-2-ethylhexanoate for 85 hours 79 . The measured oxygen uptake forms
an absolute measure of concentrations predicted from kinetic modeling, as in the work
by Oakley et al. 51 .
Peroxide value While exploring driers’ activity in oils, one needs to monitor the formation and decomposition of peroxides, as these functional groups are targeted by
primary driers. Peroxide content in EL, and linseed and tung oils is reported in several
works 9,11,14,79 using a standard method of reacting peroxides with iodine 80 . Peroxide
value is measured as a concentration profile and may be directly compared with the
concentration profiles obtained from the solution of a kinetic model 50,51 .
Other important analytical techniques Many other analytical techniques have been
applied in the context of this review about linseed oil polymerization, like thermogravimetric analysis 35,81 , 1 H NMR, quantitative

13

C NMR and

13

C NMR with POMMIE.

Focusing on the modeling aspect, we will not describe these methods in great detail,
as there is no direct relation between the results of these methods and the results from
computational modeling at present 16,26 .

3.6. Computational modeling
Although performing experiments of the real system are critical in studying the properties
of linseed oil-based systems, computational modeling adds in the learning about the
kinetics and dynamics of the complex system. One can interrogate a representative
model system at diﬀerent length and time scales ranging from the atomic scale ( 10-15 s
and 10-10 m) with quantum mechanics to the continuum scale ( 101 s and 101 m) with
equations describing macroscopic objects. Although explicitly modeling triglycerides like
linseed oil is relatively new, there is a wealth of fundamental knowledge about related
chemistry that can supplement and oﬀer tools in understanding how linseed oil dries
and ages.
One way that computational modeling can improve understanding is calculating
or approximating kinetic rate constants, especially for short-lived or low-concentration
intermediates that are diﬃcult to study and measure experimentally. These rate coeﬃcients inform kinetic models that, when solved, describe the time evolution of chemical
species to simulate real world processes. A computational model provides both qualitative and quantitative information about a chemical system and how it responds to
changes in environment and time.

3

68

3. Review of the kinetics and simulations of the linseed oil autoxidation
Even though computational modeling might fill some gaps that are not accessible

via experiments, it has its own limitations for the systems with such complexity as
the drying process of linseed oil. Because linseed oil triglycerides have more diverse
functionality and reactivity than monomers in classical polymers, it is diﬃcult to directly
apply polymer reaction engineering tools to model their polymerization process. The
diversity of chemical species and their size even pose a challenge to the storage of
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chemical species in the memory of a computer. Moreover, the diverse chemistry that
happens on and between triglycerides and fatty esters explodes the number of possibilities
for intermediate and product species, not allowing manual reconstruction of a detailed
reaction scheme.
This section features existing modeling techniques ranging from calculations of the
rate parameters on the quantum scale to modeling macroscopic properties of the material.

3.6.1. Calculating rate parameters
If a kinetic rate constant is known experimentally for a specific reaction, it is typically
used directly as a first priority over estimation methods. However, it is not uncommon,
especially for radical chemistry and complex systems, that experimental rate coeﬃcients
are not available for every reaction. One option is then to use computational approaches
to approximate a kinetic rate constant: quantum chemical calculations, transition state
theory and kinetic correlations.

Quantum chemical calculations Quantum chemical calculations (QCC) consider the
energy contributions from diﬀerent modes to determine the energy required to overcome
the reaction barrier and transform a reactant into the product. For a 7-carbon chain
with two unsaturations, Szori et al. evaluated the energy requirements for hydrogen
abstraction to initiate autoxidation from the methylene position 82 . The work also compared the energy requirements of allylic to the bi-allylic hydrogen abstraction. Applied
to ethyl linoleate as a model molecule, Oakley et al. used quantum chemical calculations to determine the mechanism for epoxide formation and aldehyde evolution from
-scission reactions 18,66 . These calculations helped refute mechanisms proposed in literature and support novel pathways to the formation of hexanal. QCC was successfully
applied in the field of catalysis to uncover the reaction between hydroperoxides and
Co-EH 15 , as well as in the works of Pfaendtner et al. 55,83 to estimate rate parameters
for other hydrocarbon reactions relevant to oil chemistry.

3.6. Computational modeling

69

Kinetic correlations For short-lived intermediates it can be diﬃcult to measure concentrations over time or get precise data for understudied reactions. Kinetic correlations
rely on the thermodynamic similarity between reactions with similar chemistry, such as
two hydrogen abstraction reactions, to correlate the enthalpy of reaction to activation
energy. Evans-Polanyi correlations, also attributed to Bell and Semenov 84 are linear
free-energy relationships. Correlations are developed by including both experimental
and theoretical measures for values characterizing the kinetics and thermodynamics of
members of specific reaction families. For each reaction family, the transfer coeﬃcient,
or a measure of the relative position of the intermediate along the reaction coordinate,
is assumed to be identical, and the pre-exponential factor A is also assumed to be the
same. Using kinetic correlations has advantages in an automated scheme where a reaction type can be identified, and just the rate coeﬃcient of reaction k has to be calculated
and correlated to the activation energy Ea to be used in the Arrhenius equation: k =
Aexp(-Ea/RT).
Relevant to linseed oil chemistry is condensed-phase oxidation of hydrocarbons, and
there is a collection of kinetic correlations for families and sub-families 55,83 . Oakley et al.
studied the radical epoxidation reaction using theoretical calculations and identified subfamilies. They cautioned broad application of reaction families and kinetic correlations,
as finer nuances in the local chemistry become significant in the resulting kinetic rate
constant as determined from the correlation 18 . For reactions with unknown enthalpies
of reaction, group-contribution methods can be used to estimate standard enthalpies of
formation, and other thermodynamic properties, from local molecular structures. Common methods include the Joback method 85 and Benson group additivity 86 , the latter
used by Oakley et al. 50 , drawing group values from empirical data tables and selected
quantum chemical calculations.

3.6.2. Existing models
Having calculated rate parameters, computational models of multiple reactions can be
constructed to capture the behavior of the concentrations of chemical species as a function of reaction conditions. Nowadays, there exist several microkinetic models describing
the drying process of linseed oil and its model systems using diﬀerent levels of detail,
as well as finite element models describing the propagation of cracks caused by the
formation of metal soaps. These models are discussed in the section below.
Kinetic model on functional groups The very first deterministic model of the drying
process of linseed oil was developed by Iedema et al. 87 . A deterministic model is typically
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a system of ordinary diﬀerential equations, one for each chemical species or functional
group describing a homogeneous system as a function of time. Containing no stochastic
aspect in its solution, the model is solved numerically, and the solution describes the
change in the concentration of species over time. The first model of linseed oil was
constructed in terms of functional groups, includes 70 reactions and is sensitive to the
presence of drier. The model describes the main steps of an autoxidation mechanism,
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and its outcome is validated with the experimental results on the total peroxide content
and oxygen uptake.
Modeling polymer formation The classical understanding of polymers is based on
Flory’s extensive work, further developed by Stockmayer, giving the Flory-Stockmayer
theory on highly functional molecules, which describes the gel point based on functional group conversion 88,89 . However, this theory assumes that all functional groups
are equally as reactive and the monomers do not change, which is not the case for
oils. In the work by Kryven et al. 69 , the authors model the formation of a linseed oil
polymer network as a random graph that accounts for the Euclidean distance between
monomers while connecting them. This implies that two monomers that are far apart
have lower probability to be connected. Moreover, the authors connect the notion of
steric hindrance of the monomer incorporated in the polymer to the centrality of a node
in a network, making monomers with more crosslinks less accessible for further reactions.
The formation of crosslinks is modeled as a stochastic process using Markov Chain accelerated Gillespie Monte Carlo 90 , which uses a randomly generated number to select the
next reaction event to occur within a scaled time-step of weighted reaction probabilities.
Because of the stochastic nature of the model results, these are averaged over several
runs and provide the information about gel point transition, molecular size distributions
and length of linear fragments. Assuming simple chemistry dictated by functionality of
fatty esters in linseed oil as an example, the authors demonstrate a novel stochastic
approach for modeling molecular networks, which allows applying network theory tools
for the analysis of resulting polymers.
Rate-cased automated reaction network generation Several microkinetic models
for curing of ethyl linoleate were developed by Oakley et al. 50,51 . In studying a chemical
system at a range of length and time scales, microkinetic modeling is a multiscale
method to span this range by describing chemistry through elementary reactions with
no assumption made about the rate-determining step 91 . In the earliest work related
to oils by Oakley et al. 51 , the model includes 160 explicit species of EL taking part in
400 autoxidation reactions. The reaction mechanism is transformed into the system of
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diﬀerential equations, which is solved with the kinetic Monte Carlo method. Then, in
the following work 92 , a model up to tetramers with 68,197 species and over a million
reactions is constructed using automated reaction network generation approach. This
approach algorithmically transforms reactants into products and is used to uncover
explicit reaction steps of complex chemistry 93,94 . As the resulting system is intractable
due to the number of species and size of the ODEs, a reduced model up to hexamers
pruning insignificant species determined by rates of formation yields a system of 1384
species and 2898 reactions 50 .
Monomer approach

Orlova et al. 95 (see Chapter 5) followed the work of Oakley

et al. 50 and developed a similar kinetic model based on the same reaction families
including the latest findings on

-scission and epoxidation 18,66 .The automated reac-

tion network generation methodology transforms initial monomers into further oxidation
products and crosslinked species. The advancement in this model is the application of
the monomer approach, according to which a polymer network is modeled as a random
graph in terms of its unique constituents of the size of monomers. The methodology
reconstructs explicit structures of monomers with their adjacent crosslinks (alkyl, ether,
peroxy) without explicitly connecting them to their neighbors. The number of these
monomer constituents of a polymer is finite; thus, such a representation of a polymer
allows modeling time evolution of functional groups in infinitely large polymers without
imposing any cutoﬀ on their sizes. Concentrations of each monomer are solved for over
time, and lumped functional groups can be compared to experimental values showing
good agreement. Polymer species are reassembled using findings in random graph theory
from the work by Kryven at al. 69 to obtain the molecular weight distribution of soluble
fractions of the polymer and predict temporal formation of the insoluble fraction.
Chemo-mechanical modeling The chemo-mechanical model has been developed by
Eumelen et al. 96 predicting crack formation in the paint surface due to growth of metal
soap crystals. Modeling of the chemical process of metal soap formation is coupled with
a finite element model, which describes paint around the metal soap as a homogeneous
continuum. The growth of the metal soap starts from a nucleus of pre-defined size,
which interacts with saturated fatty esters and metal ions on its interface with paint.
This process is described by the reaction diﬀusion equation, and its solution provides
the change of saturated fatty ester concentration and the change in volume fraction
of the crystalline metal soap. The growth of the metal soap causes the mechanical
strain in the paint layer and may result in crack formation, which is modeled using
the finite element method. Varying the parameters in the simulation shows that crack
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formation is sensitive to the mismatch of stiﬀness between the metal soap and paint,
strain due to the formation of the metal soap crystal and the reaction rates between metal
ions and saturated fatty esters forming ionomers and their subsequent crystallization.
Interestingly, the initial size of the nucleus aﬀects only the moment of appearance of
the crack but does not influence the amount of cracks.
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3.7. Future directions
Most of the models described above do not simulate polymers moving in physical space,
which is necessary to obtain certain physical properties like elasticity and glass transition
temperature. Molecular dynamics and reactive molecular dynamics simulations do oﬀer
such possibilities to the field of modeling of oil polymerization. However, these modeling
techniques are not yet feasible due to the computational limitations. The limitations
arise due to the size and complexity of linseed oil molecules or even its model systems.
Modeling polymerization of linseed oil with molecular dynamics would also allow tracking
the reactions in space as well as exploring more realistic calculations of such properties
as packing density, radius of gyration, gel point, Young’s modulus, etc. This has already
been demonstrated on the polymer network generation by a diacrylate 97 .
Modeling chemical reactions often requires knowledge of the detailed reaction mechanism of elementary reaction steps. Thus, exploring the studies that have been performed
reveals the existence of a number of uncertain chemical reactions that have not been
investigated in detail. Bis-allylic hydrogen abstraction has been explored in the presence
of metal drier 15 ; however, evidence exists that initiation also happen without drier 9,35 .
Hypotheses ascribe this initiation to impurities in oil or to a reaction with singlet oxygen,
but none of these have been scientifically confirmed as of writing this review. Russell
termination is disputed to be a feasible disproportionation mechanism that occurs in
linseed oil-types of systems 19,62 due to high barrier for the recombination of secondary
alkylperoxyl radicals producing ketones. Hence, more thorough investigation is needed
to uncover the formation of ketones, which are known to be stable products of autoxidation process 38 . Epoxide ring opening is underexplored, as there is evidence of this
reaction taking place from the observed slow decrease in the epoxide signal in NMR
measurements carried out by Muizebelt et al. 16 .
There is ample room for growth in computational modeling activities of the autoxidation and degradation of linseed oil and related drying molecules. The complexity of the
kinetic models is an obvious challenge to improvement. Exploring beyond ethyl linoleate
and other single fatty esters to trilinolein or mixtures of fatty acids is necessary to arrive
at simulating linseed oil. Also, incorporating light, diﬀusion eﬀects, other catalysts and
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pigments is necessary for real-world applications and implications 98,99 .
There is still a great need to link/correlate/connect chemical changes on the molecular level to macroscopic, physical changes observed in linseed oil films. This requires
work in understanding physical interactions between chemical moieties and potentially
more coarse-grained approaches like that of finite element analysis 96 . Additionally, developing models that can realistically predict phenomena on long time scales such as
degradation is pertinent to the understanding of aging mechanisms and the impact of
diﬀerent factors like diﬀusion, light and heat.

3.8. Concluding remarks
With the improvement of computing power, modeling the polymerization of oils becomes an attractive research topic. In this review, we provide a detailed description of
chemical processes occurring in oils together with their chemical kinetics. This review
is focused on the polymerization and degradation of linseed oil and its model systems
in the context of drying and degradation of oil paint. The work provides an overview
of chemical processes happening during the drying process of linseed oil including recent findings in -scission and epoxidation mechanisms. The description of the reaction
mechanism includes chemical kinetics data, which have been estimated computationally
or experimentally in past works and are relevant to computational modeling.
Common analytical techniques exploring the drying and degradation of oils provide
a vast amount of data, which can be used to validate computational models. Meanwhile, models overcome some of the experimental limitations and are able to assist the
interpretation of experimental results. The review provides an overview of existing computational models related to oils and their chemistry. Models vary in their complexity
and level of detail ranging from studying individual reactions with QCC and extending
up to chemo-mechanical models simulating cracks in a paint layer.
Numerous reaction pathways in autoxidative drying of oils are explored in great detail,
while other reactions still need thorough explanation. In this review, we highlighted
reaction pathways, which lack detailed exploration of elementary reaction steps and their
kinetic parameters, suggesting these as an interesting subject for further experimental
or computational investigation. This review summarizes the key information needed
to carry out computational modeling on linseed oil and its model systems, making the
exploration of the degradation of the binding medium of oil paint less invasive for our
cultural heritage.
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4
Algorithmic discovery of
reaction steps interprets mass
spectra of triolein
Autoxidation of triglyceride (or triacylglycerol - TAG) oils is an unresolved complex
system, which although being initiated by a single molecule, involves a plethora of intermediate species and a poorly understood network of reactions. A large number of intermediate species is confirmed by mass spectrometry experiments showing wide-spread
peaks, however, the attribution of such peaks to exact molecular structures is diﬃcult
without additional information about the system. We propose a graph theory-based
mathematical model that provides such additional information. The model defines a
versatile algorithmic protocol for automatic discovery of the chemical reaction pathways
and their resulting products that are responsible for the complexity of the mass spectra
in oils. We then use such knowledge to augment experimental measurements by matching predicted molecular graphs with measured peaks in the spectrum. The procedure
is demonstrated on the autoxidation of triolein as measured by electrospray ionization
mass spectrometry (ESI-MS). We expect that this protocol can be readily applied to
other oils and their mixtures.
Based on: Algorithmic Discovery of Reaction Steps Interprets Mass Spectra of Triolein, Y. Orlova, A.A.
Gambardella, I. Kryven, K.Keune, P.D. Iedema. Submitted
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4.1. Introduction
Modern tools in analytical chemistry are increasingly able to generate large amounts
of physical and chemical data for the characterization of functional materials at high
resolution 1,2 . The interpretation of such data is becoming a scientific challenge in
itself, wherein mathematical models play a role of growing importance. It is therefore
not unexpected that these models are becoming of considerable structural complexity
themselves – which poses a challenge for their implementation and an opportunity for
automated construction of such models. As a consequence, new type of models have
emerged that exploit the benefits of experiments coupled with computational models to

4

understand complex chemical systems. One application significant in this context is the
autoxidation of triglyceride oil, which holds relevance in food chemistry 3,4 , cosmetics 5 ,
biofuels 6 , and cultural heritage 7–10 .
Triglyceride oils are formed from glycerol and three fatty acids. Such oils are mostly
bio-based and contain a mix of diﬀerent fatty acids (palmitic, oleic, linoleic, linolenic) in
various ratios. Each fatty acid chain diﬀers by the number of unsaturations, which are
responsible for a sequence of autoxidation reactions that lead to formation of irregular
macromolecular structures. Meanwhile, the esters of the glycerol undergo hydrolysis
releasing free fatty acids into the system. This process, along with others (e.g. oxidative
scission and peroxide decomposition), is responsible for the eventual breakdown of such
macromolecules.
Several experimental studies of oil autoxidation are available on the level of functional
groups. Muizebelt et al. 11 previously reported the evolution of various key functional
groups (bis-allylic carbons, conjugated double bonds, epoxides, acids, crosslinks) which
characterize the drying process of ethyl linoleate. Volatile aldehydes emission during the
autoxidation of linoleic acid was reported in the works by Oakley et al. 12 and Fjallstrom
et al. 13 . Results regarding drier influence on autoxidation of oils were reported by
Oyman et al. 14,15 , Van Gorkum et al. 16 , Bouwman et al. 17 , Mallegol et al. 18 and Spier
et al. 19 . The experimental studies are complemented on the theoretical side by the
detailed exploration of various reaction mechanisms with the use of quantum mechanics
calculations 12,20 . Similarly, detailed mathematical models describing the concentration
profiles of characteristic functional groups are presented in studies by Oakley et al. and
Iedema et al. 21–23 . Both, interpretation of experimental results and modeling techniques,
would benefit from knowing the explicit reaction mechanism of oils with all intermediate
and product molecular species.
Sensitive to molecular mass, mass spectrometry (MS) provides more specific information than spectroscopic techniques, such as FTIR. Although MS generates a wealth
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of information about the molecular species present in samples, in the case of autoxidation of oils, these data are often diﬃcult to interpret due to: 1) fragmentation of the
molecules during the measurement and 2) the potential for multiple species of equivalent or very similar molecular masses to contribute to a single peak 24,25 . These two
factors contribute to the complexity of peak assignments, although the fragmentation
may be mitigated in some instances with soft ionization (e.g. electrospray ionization
MS) 26,27 . Several methods have been developed to assist with peak assignments, such
as performing tandem MS 26,27 or applying the Kendrick mass defect technique 28,29 ,
however, methodological challenges, high costs in time, and unanswered questions still
remain. Consequently, MS interpretation can benefit from computational assistance.
Studies by Grimme et al. 30,31 demonstrate how to handle fragmentation of an individual small molecule by mimicking the conditions inside the instrument with the use of
quantum chemical calculations. However, in the case of large or complex molecules, like
triglyceride oil, the spectrum simultaneously features peaks from both intermediate and
final products (e.g. of the autoxidation reaction mechanism).
Developing a method to understand the ageing of oil both computationally and
experimentally requires choosing a model system that is simpler than linseed oil while
also relevant enough to allow complexities to be added later. We choose triolein (i.e.
glycerol trioleate), a triacylglycerol that consists of three symmetrical esters formed
from oleic acids and a glycerol. It is simpler than linseed oil in view of its symmetrical
nature and single degree of unsaturation yet retains its structural relevance with the
glycerol unit, unlike in a single esterified fatty acid. Triolein thus will serve as a practical
benchmark that has a large number of intermediate species but only a small number of
reaction types. Even though triolein is not known as a drying oil – it does not form dense
polymer networks – its unsaturated character does lead to the formation of crosslinks
with other molecules - be it at low rate. The reaction mechanism therefore still produces
a large number of possible extractable products that can be measured with MS.
To identify the set of possible molecular structures corresponding to peaks in mass
spectra following triolein autoxidation, we turn to automated reaction network generation (ARNG) 32–34 . The ARNG method recursively performs all chemically relevant
transformations of all molecular species, which are represented with graphs. However,
this algorithmic discovery of reaction steps becomes computationally prohibitive when
applied to large molecules (namely, the algorithm is NP-hard 35 ). Our novelty, briefly laid
out in Orlova et al. 34 (see Chapter 2 in this thesis), and extended further here, is that
we have redesigned the algorithm for random graphs. Thus, we view a large irregular
macromolecule as a number of randomly interconnected monomers, which themselves
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have precise structures. In the case of triolein, this macromolecule is disassembled into
smaller pieces: three oleic chains and glycerol with adjacent esters (see Figure 4.1). The
computational complexity of the ARNG method is therefore considerably reduced to a
still large but tractable size. For the purpose of this chapter, the outcome of this ARNG
application consists of a list of all chemically distinguishable forms of glycerol and oleic
derivatives that result from hydrolysis, oxidation and

scission reactions of triolein.

On the experimental side, electrospray ionization - mass spectrometry (ESI-MS) is
used to identify masses following the gently-accelerated drying of triolein in the presence
of inert titanium dioxide (rutile). The products generated by the adapted ARNG are

4

then used to match unique molecular contributions to the complex mass spectra.

4.2. Results
4.2.1. Representation of a macromolecule
Since a molecule - in the present case, triolein - can bear several functional groups,
manually writing down all the reaction steps and intermediate products is infeasible due
to the large number of combinations in which multifunctional molecules may interact.
In order to set up an automated exploration process yielding such reaction steps 34 ,
we will first formalise the structures of irregular macromolecules, so that they become
palatable to a computer algorithm. As illustrated in Figure 4.1a, we distinguish two
hierarchical levels: the macromolecule level (Level 1) and the fragment level (Level 2).
When applied to the triolein system, the meaning of this description is illustrated in
Figure 4.1b. Namely:
• Level 1: The triolein molecule is represented as a random graph 36–38 with diﬀerent types of nodes (three oleic chains and glycerol unit) and ester bonds as edges
(connections between oleic chains and glycerol unit). The random graph representation enables the analysis of the properties of large molecules by studying their
fragments, which, in turn, obey the connectivity statistics. At this level “head”
and “tail” atoms are introduced indicating that the oleic chains and glycerol unit
are studied separately, even though they are connected via the head-tail pair.
• Level 2: This level describes molecular graphs of the fatty acid chains and the
glycerol unit with adjacent esters molecules. On this level each node of the
molecular graph represents an atom. Precise knowledge of the molecular graphs
is necessary for the ARNG to decide which chemical compounds can react and
what the products of such reactions could be.
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Figure 4.1: (a) A fragmented representation of the triolein molecule in two levels: Level 1, a large
molecule (triolein) is represented as a random graph with edges being ester bonds; Level 2, molecular
graphs of glycerol with adjacent esters and three oleic chains, edges are covalent bonds. (b) Functional
groups necessary to define the reaction mechanism of triolein autoxidation. (c) An example of a trioleinderivative molecule composed of the following fragments: glycerol with adjacent esters and three carbon
chains (previously oleic chains), having carboxyl, hydroxy and hydroperoxy functional groups. Functional
groups present in the molecule are highlighted in the same colors as in (b).
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The above-introduced levels are the key concepts for adapting the ARNG to handle largesize molecules, such as triolein. The algorithm acts separately on molecular graphs of
the molecular substructure formed by glycerol with adjacent esters and the substructure
formed by oleic chains (Level 2). It reconstructs all possible transformations of these two
substructures as they follow hydrolysis and autoxidation reactions, respectively. Then,
all possible transformations of triolein (Level 1) are reconstructed by joining atoms
corresponding to “heads” and “tails” between all configurations of the glycerol part of
the molecule after hydrolysis and all states of the three oleic chains after autoxidation
reactions. Crosslinking reactions between oleic chains are not considered in this work

4

and will additionally increase the complexity of the resulting macromolecules.

4.2.2. Automatic discovery of reactions for triolein
The organic chemistry of the complete triolein molecule is manually intractable, but at
the level of functional groups the chemistry allows easy manual treatment. We singled
out 5 small molecules (oxygen, hydroxide, water, initiator, initiator radical) and 17
functional groups that are the minimum requirement to describe the autoxidation of
the whole system, see Figure 4.1b. We further describe the interactions between the
functional groups and small molecules by 22 reaction templates, as discussed below.
A reaction template is a transformation that maps a functional group (subgraph) of a
reactant molecule to a functional group of a product molecule. The reaction templates
(see Appendix B1 Figures 1 and 2 for the complete list) are formulated according to
oil autoxidation reactions reported in literature 39,40 (see Figure 4.2). The reaction
templates are formulated using functional groups from Figure 4.1b and several auxiliary
molecular substructures (see Appendix B1 Figure 3) that were defined to eﬃciently
represent some reaction products in the ARNG setup.
The diversity of the intermediate and product triolein species is caused by three
main reaction pathways: hydrolysis, autoxidation of unsaturated double bond and
scission of the hydrocarbon chains. Under the influence of water, hydrolysis of ester
bonds of triglyceride (Triacylglycerol - TAG) results in the formation of free fatty acids,
diglycerides (Diacylglycerol - DAGs), and monoglycerides (Monoacylglycerol - MAGs)
(see Appendix B2). The autoxidation process is initiated at the double bonds of the
unsaturated carbon chains. A hydrogen is abstracted from an allylic carbon on the oleic
acid tail, forming an alkyl radical that very rapidly reacts with oxygen to form a peroxy
radical. These radicals abstract other allylic hydrogens, thus forming hydroperoxides.
Decomposition of hydroperoxides results into alkoxy and hydroxy radicals. This reaction
happens under the influence of light and chemicals containing transition metals, like
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Figure 4.2: Reaction pathways of unsaturated double bonds leading to the formation of a wide range
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four diﬀerent products is shown on the right
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cobalt, that are used as drying agents for drying oils such as linseed oil. Two reaction
pathways are then possible from the alkoxy radical state: 1) another allylic hydrogen
abstraction by the alkoxy radical to form an alcohol or 2)

scission of C-C bond next

to the alkoxy radical. If the scission occurs on the side closer to the glycerol ester, the
disconnected fragment remains in the system. However, if the

scission happens on

the side closer to the end of the hydrocarbon chain, low molecular weight components
(aldehydes, ketones) volatilise 41 . Aldehydes that remain in the system undergo hydrogen
abstraction forming an alkyl radical, which again undergoes the oxidation pathway. This
pathway leads to the formation of carboxylic acids, stable degradation products. Fur-

4

thermore, all the radicals that appear during the autoxidation mechanism may terminate
via recombination reactions and form oligomers. A special type of termination, Russell termination, consumes peroxy radicals and produces ketones, alcohols and oxygen.
As the present work focuses on matching masses of monomers, termination via radical
recombination leading to oligomers is not included in the set of reaction templates.
With respect to our fragmentation scheme, the input for the ARNG consists of molecular graphs representing the initial species at Level 2 and the above described reaction
mechanism represented as reaction templates. The algorithm then discovers all derivative products by recursively applying the reaction templates. The tree of transformations
for the autoxidation mechanism starting from the initial state of oleic tail is illustrated
in Figure 4.3. The essential features of such transformations may also be understood by
drawing a parallel with ’phylogenetic’ trees (see Appendix B3). These trees specify all
derivatives that could be obtained from a single input species by following the shortest
route of transformations. Since these species are only the transformed fragments , the
transformed complete triglycerides are obtained by connecting all derivatives of ‘heads’
and ‘tails’ to obtain molecular graphs of the intermediate and product species generated by triolein autoxidation. The complete reconstruction turns out to generate 13535
unique molecular graphs that take part in the autoxidation of triolein. Importantly, along
with this procedure, all masses of the reconstructed molecules may be computed for easy
comparison to MS spectral products of triolein autoxidation, hydrolysis and

scission.

This calculated set of masses is the direct link to the interpretation of the measured MS
spectrum.

4.2.3. Matching masses of ESI-MS and ARNG
The results from ESI-MS provide information about the masses of various molecules
present in the measured sample, including diﬀerent isotopes. Although MS formally
measures mass-to-charge ratio, it is assumed, under the experimental conditions applied,
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Figure 4.3: Tree of transformations of oleic acid. Each node represents a distinct form of the oleic
chain of triolein. See Appendix B3 for an extended version of this figure with all molecular graphs. The
edges point from a reactant to the product. The root node in the centre (circled) is the initial state of
the oleic tail. Color intensity indicates the distance from the root.
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4
Figure 4.4: Spectrum of extracts from triolein with titanium dioxide at early drying stage measured in
positive mode showing products of oxidation pathways. Bold dark blue lines highlight the peaks that
were matched with oxidation products for a given ionizing ion.

that the absolute charge is equal to 1, see Ref. 25 . Mass spectra from both positive and
negative modes were considered for matching, as they have been observed to show
diﬀerent sensitivities to oil-based products 42 .
For this first proof-of-concept, consideration of reaction products was limited to
those that are most isotopically abundant. Thus, exact masses were calculated for each
computationally-derived structure (i.e. generated by the ARNG algorithm) assuming the
mass of only the most abundant isotope for each element (see Methods). To match the
peaks in each mass spectrum, the calculated masses were further corrected to match
their corresponding ions (with the most abundant isotopes) formed in the ESI-MS:
adding masses of H+ , Na+ or NH+
4 for positive mode and subtracting mass of H
or adding mass of CH3 COO

for negative mode. Then the experimentally measured

masses were matched to the calculated ones allowing 0.15 m/z diﬀerence between them
(see Appendix B4).
Matching masses of ESI-MS and ARNG including oxidation pathway
We will now illustrate the peak matching procedure aided by the ARNG model. Figure
4.4 shows the MS of the initial stage of drying process of triolein measured in positive
mode together with the products matched by the ARNG model. Matching is done with
the molecular structures generated by the algorithm accounting only for the oxidation
pathway that occurs after the allylic hydrogen abstraction, see Figure 4.2. These peaks
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can be easily assigned in a manual manner and serve as a proof of concept for our
methodology. The beginning of the drying process of triolein is characterized by the
oxidation pathway, where the expected reaction products are hydroxides and hydroperoxides, which are known to be stable products under MS measurement conditions 43 . By
including only the oxidation pathway in the ARNG methodology, the reaction scheme
consists of triolein and all its derivatives containing diﬀerent number and combinations
of [OH] and [OOH] groups on their oleic chains.
Further, the methodology is applied to the aged triolein sample that demonstrates
a wide variety of measured MS peaks. We will proceed with smaller, cut-down parts of
the model that describe only a limited number of reactions and/or species and therefore
only match part of the measured MS spectrum. Then we will gradually increase the
number of species and reactions taken into account in the model and observe how
the matching with the measured MS spectrum is improved. The result of this modelsupported matching exercise is depicted in Figure 4.5 (positive mode) and Appendix B5
(negative mode). The model is first cut down to only the oxidation reactions of MAG,
where no more than four products are detectable under the ionization conditions in both
modes: pure MAG, MAG containing hydroperoxide, hydroxyl or carbonyl group. In the
spectrum measured in the positive mode, see upper part of spectrum 4.5a, there are
seven peaks that correspond to four molecular species with aforementioned functional
groups accounting for two diﬀerent ions, H

and CH3 COO . In the negative mode,

the intensity of these peaks is low relative to other peaks, indicating that MAGs are
minor products in the detected sample. More pronounced intensity in the region of the
oxidation of MAG is seen in positive mode, indicative of the variable sensitivities of the
two modes to diﬀerent products 42 . Subsequently we increase the number of species by
including DAGs and TAGs as well. In Figure 4.5b, c in the upper parts of the spectra we
highlight the peaks corresponding to the oxidation of DAGs and TAGs. We conclude that
the intensity of DAG oxidation products is also rather small, while oxidation products
of TAGs are more pronounced. The abundance of TAGs also implies that this species
did not undergo substantial hydrolysis. A similar trend concerning oxidation versus
hydrolysis products is observed when regarding the measured and matched peaks in the
negative mode (see Appendix B5).
Matching masses of ESI-MS and ARNG including

scission pathway

Next we extend the reaction scheme of the ARNG model by including the

scission

reaction in the set of reaction templates, and, the procedure described above is repeated
by successively matching peaks for TAG, DAG and MAG molecules. Peaks that could
be matched after introducing

scission are shown in the lower parts of spectra in
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MAG
DAG
TAG

MAG
DAG
TAG
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Positive mode
Oxidation
scission
355.3 m/z - 404.3 m/z 217.2 m/z - 320.3 m/z
620.6 m/z - 701.6 m/z 344.3 m/z - 617.6 m/z
899.8 m/z - 998.8 m/z 417.6 m/z - 914.8 m/z
Negative mode
Oxidation
scission
353.2 m/z - 445.2 m/z 229.1 m/z - 345.0 m/z
618.4 m/z - 742.5 m/z 342.1 m/z - 624.4 m/z
911.6 m/z - 1039.7 m/z 489.3 m/z - 955.6 m/z

Table 4.1: Regions of spectra in positive and negative modes containing the anticipated products of
oxidation and scission on triolein and its hydrolysis products (MAG and DAG)

Figure 4.5a-c. One observes that this reaction gives rise to a large variety of masses
of intermediate and product molecular species. Comparing the matched parts of the
spectra of oxidation only with the spectra of matched peaks after
indicates that oxidation of MAG overlaps with

scission in Figure 4.6

scission products of DAG. In addition,

we see that oxidation products of DAG strongly overlap with the

scission products

of TAG in the spectra. It is obvious that this matching analysis reveals boundaries
when attributing products to the various possible reaction pathways. The boundaries
for oxidation and

scission products of MAG, DAG and TAG are summarized in Table

4.1.

Matching masses of ESI-MS and ARNG including all reaction pathways
The result of the mass matching for the whole triolein molecule is shown in Figure 4.6
(for mass matching per ion in positive and negative modes see Appendix B6). For the
sake of clarity, peak matching is shown in the range between 200 and 1100 m/z only.
Although this range does not include very small products, the plot yet demonstrates the
variety of molecular species present in the material after ageing (with the highest possible
mass of the monomer of 998.8 m/z in positive mode and 1039.7 m/z in negative mode).
The measured peaks that matched to the calculated molecular structures are highlighted
in dark blue, while the remaining measured peaks are shown in light green. Note that
the height of the peak corresponds to the measured intensity. The methodology was
able to match 56 out of 151 high intensity peaks (higher than 10% of intensity of the
highest peak in the measured mode) in negative mode and 35 out of 67 in positive
mode. Although numerous peaks in the measured spectra are matched, there are peaks
in positive as well as in negative modes, namely regions of c. 700–800 m/z and beyond
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1000 m/z, that do not match to any molecular structure generated by ARNG. The
unidentified regions on the spectrum might correspond to dimers formed from relatively
low molecular mass species. We did not analyze this in further detail as this work focuses
on identifying monomeric reaction products only. High resolution spectra with matched
peaks can be seen in Appendix B9 and B10.

4.2.4. Automated identification of functional groups
The reconstructed molecular graph of each molecular species contains one or more
functional groups from Figure 4.1b. An example of a triolein-derivative molecule having
carboxy, hydroxy and hydroperoxy functional groups is shown in Figure 4.1c. Functional
groups present in the molecule are highlighted in the same colors as in Figure 4.1b.
This allows grouping of molecules present in the mass spectrum according to their
functional groups in order to access the overall state of the measured sample. The
overall distribution of these groups is given in Figure 4.7 with three pie charts constructed
from matching with ESI results from both negative and positive modes. Three charts
represent the relative amount of 1) chemical classes: acids, aldehydes, alcohols and
hydroperoxides; 2) hydrolysis products: triglycerides, diglycerides and monoglycerides;
3)

scission products, namely, the relative amounts of carbon chains (lengths of 7, 8,

10 and 11 carbons) that remain connected to the glycerol. This overview illustrates the
diﬀerent outcomes of the analysis with negative and positive modes, complementing
earlier observations 42,44 and oﬀering a detailed quantification of the complex variety of
oil-based products. In the same manner, functional groups may be analyzed in spectra,
see Appendix B7, where the highlighted peaks corresponding to the molecular structures
containing alcohols and aldehydes. This approach additionally provides the possibility
to extract information about any functional group present in the system, to compare
samples changing in time, or to explore the behavior of material in the presence of
various additives, serving as only one of the many possible applications of the ARNG–MS
combination.

4.2.5. Identification of species contributing to the same measured
mass
One final benefit of the ARNG-based matching to be mentioned is the ability to reveal
various species contributing to the same measured mass. Experimentally, this would
require additional analytical techniques and method development, such as chromatographic separation or tandem MS. Figure 4.6c,d demonstrate the complexity of the
measured sample showing significant overlaps between the products of diﬀerent reac-
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4

Figure 4.5: Spectra of extracts from triolein aged with titanium dioxide measured in positive mode
highlighting products of hydrolysis, oxidation and
scission. Products of oxidation and
scission
pathways of MAG (a), DAG (b), TAG (c). Dark vertical lines in the upper part of each spectrum
highlight the peaks that were matched with oxidation products, dark vertical lines on the lower mirrored
spectrum highlight the peaks that were matched to the products formed after scission reaction. Light
grey areas in the upper part of each spectrum correspond to the approximate regions for oxidation
products, light grey areas in the lower part of each spectrum correspond to the approximate regions for
scission products
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Figure 4.6: Regions of mass spectra (both negative and positive mode) highlighting the anticipated
products of oxidation and
scission on triolein (TAG) and its products after hydrolysis (MAG and
DAG). Peaks matched to the molecular structures generated by the ARNG (dark blue) in the measured
mass spectra (light green) of extracts from triolein aged with titanium dioxide. Heights for matched
peaks are set to the height of the corresponding measured peaks.
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Figure 4.7: Pie charts illustrating relative ratios of various products present in the sample for two
diﬀerent measurement modes: positive and negative accounting for all ionizing ions. Pie charts on the
left demonstrate relative ratios of oxidation products contained in the sample: hydroperoxides, alcohols,
carboxylic acids and aldehydes. Pie charts in the middle demonstrate relative ratios of hydrolysis
products: triglycerides (triacylglycerol - TAG), diglycerides (DAG) and monoglycerides (MAG). Pie
charts on the right illustrate relative ratios of scission products: beta 7, beta 8, beta 10 and beta 11
correspond to the number of carbons left on the oleic chain (counting from the ester bond).
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tion pathways. This implies that some peak intensities may get contribution from more
than one possible structure.
In some instances, structural isomers are responsible for species having the same
mass. In fact, as structural isomers have the same molecular formula, their masses are
exactly the same. However, the reaction pathways leading to such structural isomers can
vary significantly. For example, in the case of triolein, the addition of one hydroperoxy
group, or [OOH], may occur on either side of a double bond. Slightly more complex,
triolein following the addition of one hydroperoxy group ([OOH]) is a structural isomer
to triolein following the addition of two hydroxy groups (2[OH]); as each group requires
a hydrogen abstraction, the products have the same mass yet were achieved through
slightly diﬀerent pathways. Structural isomers may also be formed following diﬀerent
beta scission pathways. For example, triolein following beta scission on two chains may
result in a pair of chains length 7 and 11 carbons or length 8 and 10 carbons, both of
which produce the same mass (see Appendix B8).
However, species of very similar mass but more distinct structures can also occur.
In Figure 4.8, two states of triolein are shown, which both may contribute to the same
mass of 637.57 m/z measured in positive mode, as their exact masses fall in the tolerance interval for peak assignment in our methodology and, more importantly, are not
resolvable in the mass spectra ( see Appendix B4). These molecules have a distinctly
diﬀerent structure: the molecule on the left has one fatty acid hydrolyzed and an added
hydroxy group on one of the remaining acids, while the molecule on the right is a result
of two

scission reactions occurring on two of its fatty acids resulting in two chains of

eight carbons ending in aldehydes (ie. ’beta 8’ in Figure 4.7). These diﬀerences further
illustrate how the ARNG–MS approach helps to identify not only relevant products, but
also the chemical pathways occurring in the autoxidation of triolein.

4.3. Discussion and conclusions
This chapter addresses interpretation of complex data from MS by using automated
reaction discovery. Combining ARNG with the results from ESI-MS allows one to enrich the output of this experimental technique by matching molecular structures to the
measured masses. This approach was applied to study the aged sample of triolein with
mono-unsaturated oleic chains. Although triolein is considered to be one of the simpler
cases of triglyceride oil autoxidation, it leads to an intertwined scheme of reactions that
involves a large number of intermediate and product species, as is illustrated by the wide
range of masses measured by ESI-MS. The reaction products from ARNG show good
coverage of the area of the identified spectrum. The methodology matched 56 out of
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DIFFERENT MOLECULES (POS MODE) CONTRIBUTING TO THE SAME PEAK: 637.57 M/Z
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DAG - OH [+H+] (CALCULATED MASS 637.53 M/Z)
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TAG + 2X BETA SCISSION [+ H+] (CALCULATED MASS 637.46 M/Z)

Figure 4.8: Example of two diﬀerent molecules both contributing to the mass of 637.57 m/z measured
in positive mode. Calculated masses account for ion H+ . The molecule on the left is a diglyceride with
hydroxyl on one of its oleic chains. The molecule on the right is a triglyceride after scission occurring
on two oleic chains.

151 abundant species in negative mode and 35 out of 67 in positive mode. Unidentified
peaks from c. 700–800 m/z and beyond 1000 m/z that can be seen in Figure 4.6 might
correspond to dimers (formed by lower molecular mass species), for which we did not account in this work. The methodology can be extended to model polymers by introducing
an additional hierarchical level in the representation of a molecule. This implies that one
should be able to infer information about the connectivity of the whole polymer network
from the fragments given, and thus, reconstruct dimers, trimers, higher oligomers, etc.
In the future, we will exploit this property of our algorithm to compute macroscopic
polymer properties, as, for instance, the average size or the size distribution.
The method can identify products of particular reaction pathways by including and
excluding various reactions from the set of reaction templates defined in the ARNG, as
was demonstrated with the hydrolysis, oxidation and

scission reactions. We identified

the regions of the mass spectrum corresponding to the anticipated products of particular
reaction pathways. Reconstructing explicit molecular graphs using the ARNG provides
access to a detailed description of the functional groups attributed to the MS peaks.
This information is presented in the shape of pie charts that indicate relative amounts
of characteristic functional groups present in the matched molecules. The model is furthermore able to distinguish between diﬀerent species with the same or similar molecular
mass, thereby assisting in the interpretation of peaks in the mass spectrum with contributions from more than one molecule without the need for further experimental analysis.
The results of this chapter have a qualitative nature and can be considered as a
first step towards large scale studies of chemical systems with similar complexity as
triglyceride oils. The ARNG specifies all possible species in the course of reactions but
does not quantify their concentrations. Such a task would require translating the output
of the algorithm into a set of ordinary diﬀerential equations, a kinetic model having
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quantitative predictive power. The relative ratios of the concentrations of the individual
molecular masses can then be related to the relative ratios of the intensities of the peaks
of the corresponding masses. Such information can be used to deduce the (relative)
speed of various reactions and ultimately estimate the kinetic rate constants. However,
the estimation of the kinetic parameters for the numerous reactions is a formidable task.
This has to rely on such concepts as kinetic similarity within ’families of reactions’ 22,23
and will further require developing model reduction techniques, which will enable one
to carry out the ultimate quantitative validation step with experimental data from MS
and other sources.
Finally, the presented two level hierarchy approach for dissembling a molecule into
smaller substructures reduces the amount of computational time needed for the ARNG
to reconstruct all possible intermediate and product species. This approach may be
used to study various configurations of more complex triglycerides, in which case the
algorithm may be applied separately to resolve reaction schemes evolving from diﬀerent
fatty acids: oleic, linoleic and linolenic. Subsequently, making use of a similar hierarchical
fragmentation procedure may allow for the study and reconstruction of the complete set
of triglycerides. Thus, many larger systems involving various configurations of fatty acids
are within the reach of the current modeling—experiment paradigm. This will ultimately
allow one to study the eﬀects of various additives on ageing of oil (e.g. metal-containing
pigments in oil-based paints).

4.4. Methods
4.4.1. Experimental setup
Paint model preparation and ageing
Paint models were prepared using 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 pigments 45 . On an automatic muller comprising
two glass plates, triolein (Sigma-Aldrich, glyceryl trioleate

97.0 % (TLC), CAS No.

122-32-7) was added to the pigment (37.6 % w/w in pigment), and both were gently
mixed together with a palette knife. The paint was further mixed by twice subjecting
it to 25 turns (under a weight of 10 kg), consolidating at the center of one plate using
the palette knife after completion. Mixed paint was deposited on a Melinex polyester
wrap (250 µm thick, #M026 from 46 ) and drawn into a thin strip with a drawdown bar
(25 µm height). The paint film was set to dry flat overnight at lab conditions for c. 24
h. A snipping was removed and placed in an acid-free archive box (Type C, blue grey,
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Verenigde Bedrijven, Jansen-Wijsmuller & Beuns B.V.) until analysis took place. The
remainder of the film was heated in an oven (pre-heated) at 70 0C for 5 days and, at
removal, also added to an acid-free archive box until analysis took place.
Electrospray ionization mass spectrometry (ESI-MS)
Direct-injection ESI-MS measurements were performed in both positive and negative
mode on solvent extractions from the paint films using a Micromass Q-tof-2 equipped
with a nano-probe and ESI source. For all solutions and cleaning, ethanol (Fisher
Scientific, CHROMASOLV™, absolute, for HPLC) was used. Extractions were prepared
using 0.1 – 0.5 mg scrapings from the paint film (through the entire thickness) dissolved

4

in ethanol (50 µL) for 1 h, mixed via vortex for 20 s, and centrifuged (8 G) for 7 min.
Following centrifugation to precipitate pigment particles, the supernatant liquid was
removed and mixed 1:1 with 20 mM ammonium acetate in ethanol 44,47 . All solutions
were handled using a glass syringe and rinsed 10 x with ethanol between samples to
avoid polymeric contaminations. Samples were delivered to the Micromass instrument
via a Micromass CapLC system using 10 mM ammonium acetate in ethanol as eluent
after calibrating with 0.1 % phosphoric acid solution (50:50 DI-water:acetonitrile).
Data processing, peak picking, and matching
Data were collected and processed with MassLynx 4.0 software (Waters). Using standard scientific packages in Python (3.6.5) 48–51 , experimental peak positions were then
determined applying a maximum filter to the mass spectra (smoothed via a Gaussian
filter). Experimental peak positions were compared to exact masses for the most abundant isotope of each computationally-determined structure adjusted by the exact mass
of each possible ion. The calculations were performed using the exact mass calculator
of the MS Online Tools of Scientific Instrument Services

52

with addition of ammo-

nium, hydrogen, or sodium for positive mode and addition of acetate or subtraction of
hydrogen for negative mode. A match between experimental peak positions and computational masses was accepted for pairs of peaks within a tolerance of 0.15 m/z, smaller
than half the distance between two isotopic peaks.
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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 grammars 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 optimal end use properties. Can algorithms support or even perform such tasks? Relevant
areas where algorithmic design is instrumental are drug and chemical process design 1–3 .
The algorithm aided discovery of complex reaction networks, has also been adopted in
other disciplines, such as astronomy 4 , materials science 5 , and synthesis 6–8 .

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

5

oil 9 , 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 area 10–19 , 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 biomolecules 20–22 and the metabolic networks in living
cells 23,24 .
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 conservation treatments. The two major challenges when elaborating the reaction network
behind this natural polymer are: 1) the number of all chemical species is large (complexity of interactions 6,25 ), 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 structures 19,26–30 . 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 mechanisms 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 science 31 , 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 Grzybovski 32–34 , 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 philosophy 35 .
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 algorithm 36 , which was
developed to reconstruct reaction networks for heterogenous catalytic processes. Meanwhile ReNGeP, developed in the group of Froment 37 , 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 systems 38–44 .
ARNG was applied to the case of pyrolysis and combusion 45 , metabolic processes 23,24 ,
prebiotic scenarios 20 , protein interaction exploration 46–49 , pharmaceutical design 50 , and
design of regulation for cell functions 51 . Oakley et al. 10,11 addressed the drying process
of ethyl linoleate by limiting their study to hexamers as the largest oligomer. This approach 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 algorithm 25 (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 engineering 52–54 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 oil 10,11 . 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.

5
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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 constituents of an infinite polymer network 55,56 . 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 formation 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 measurements 57 .

5

Understanding the kinetics of autoxidative drying of linseed oil is relevant to oil paint
characterization and design of preservation techniques for aging oil paintings 12–14,58,59 .
Our study contributes to the conservation of oil paintings by providing a better understanding 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 effects 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 Yoneda 36 and Clymans and Froment 37 . The automated
reaction network generation (ARNG) became widely used by other researchers who
adapted the idea to various chemical processes 39–43,60 . Similarly to linguists, developing
grammar by observing the relations between words in a sentence 35 , 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 molecular 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 grammar 35 . 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 reaction 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 applied, 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 graphs 25 . 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 nonreactive 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.

5

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 appear 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 collocations 62 : 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 Flory 63 . 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 highlighted 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 algorithms 42,60 . 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
algorithm 25 (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 edge 19,30,31,64 . 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
edges 31 .
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Figure 5.4: Chemical structure of EL (reactive site is highlighted) and its representation as a molecular
graph.

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 equations (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 network. 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 triolein 57 ,
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, particularly in the context of binding media of oil paint 15,16,18,65 . 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 regarding drier influence on autoxidation of EL and linseed oil have been performed 17,66–70 .
In these studies, concentration profiles of peroxides, oxygen uptake and production of
small volatile compounds are reported. Reviews exist 68,71–73 that provide detailed descriptions 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 others 72,79 . 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

71 9

is thought to be responsible for the formation of volatile aldehydes , 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 scheme 61 .
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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 is 82 . 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 family 83,84 . 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 method 85 . 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
from 86–90 . 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.

5

124

5. Finite representation of reaction kinetics in unbounded biopolymer structures

A + B
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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.
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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 pigments 91 . The method for model preparation and ageing; ESI-MS measurements; 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 nodes 92 (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

5

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 procedure, 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 work 57 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
the mass of CH3 COO

or adding

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 corresponds 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 products 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 (C20 H36 O2

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
network 93 . Switching selected reactions on and oﬀ in the algorithm allows the determination 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

5

128

5. Finite representation of reaction kinetics in unbounded biopolymer structures

most of the considered MS interval for both positive and negative modes indicating the
degradation of the polymer network 93 .

5

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 EL 67 .
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 EL 70 . 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
content 94,95 .
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 approximation 9,61,83,84 , see Methods for more details.
In this work we disregard diﬀusion eﬀects and assume that rate coeﬃcients are constant
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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 kinetic 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 obtained 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 results 78,96 , 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 studies 67,93 . The concentration of species with
cis-C=C (the initial state of EL) vanishes completely as EL is consumed, while conjugated 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 products 93 . 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 carboxylic acid increases significantly. The carboxylic acid content is particularly challenging
to measure spectroscopically 97 , so here the model serves to mitigate experimental limitations 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 painting 13 . Hexanal and pentanal have relatively low molecular 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 drying 11 . Epoxides are formed via the reaction mechanism recently
studied by Oakley et al. 61 . Several studies 78,96 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

5

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 consumed 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 system 93 . 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 temperature 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 increases. 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 reduction 98 . 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
panels (a,c) on the left present results with drier, on the right (b,d) – without drier. (e) Weighted size
distribution of oligomers in sol at the late stage of drying (at 1000 hours); (f) average molecular weight
of soluble fractions.
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5

136

5. Finite representation of reaction kinetics in unbounded biopolymer structures

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 model 31 , 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.

5

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 graphs 26–31,99 . 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 distribution 31 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 nodrier 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 elasticity 100 .
Figure 5.13 e,d shows that indeed this diﬀerence has consequences for macromolecular 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 time 26,28,29,31 . 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 results 78 , 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 between the collocation of words and the collocation of functional groups. Chemical collocations 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 polymerization 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-

5

dom graphs – the polymer network is represented as an ensemble of fragments bearing
half crosslinks. Having explicit molecular structures of such fragments enables a comparison 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 algorithmically 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 temperatures highlights the diﬀerence in the concentrations of the end products, such as
alcohols, volatile compounds and carboxylic acid. The results of the kinetic model complies 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 recombination 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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6
Closing remarks and Outlook
The thesis presents a computational methodology for modeling complex polymerization processes, which are characterized by the diversity of their monomer constituents.
The proposed method overcomes limitations, which arise due to the infinite growth of
polymers and wide variety of monomers. The method builds up on the idea that the
chemical notation can be conceptualized with a formal grammar operating on graphs,
hence molecular graphs play the role of "words" and chemical reactions of "grammatical rules". Such a grammar-based model is then used to reconstruct the dynamical
system for the reaction kinetics on a generic basis. This thesis highlights the concept
of grammar in chemical reaction engineering and strengthens the connection between
two seemingly unrelated fields. This section oﬀers the reflections on grammar-based
modeling and its potential to tackle open problems in the area of bio-based polymers.
For small chemical systems with known reaction steps there is no need to automatize
the construction of the reaction network. The problem arises when a molecule has more
than one reactive site, and each reactive site undergoes several subsequent transformations. The reconstruction of such a reaction network becomes a diﬃcult problem, which
can be treated in an algorithmic manner. The desired algorithm requires input of basic
knowledge of chemical reactions taking place on the level of functional groups, the reaction rules. The latter dependency introduces a human factor in the modelling process.
Indeed, the automated extraction of reactions from chemical databases 1 could not be
addressed in this thesis and is a challenge for future studies. Alternatively, as a promis149
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6. Closing remarks and Outlook

ing future trend in computational chemistry, the reaction rules may be algorithmically
discovered using quantum chemical calculations 2 .
One may also bring the creativity to the representation of the molecules. With this
objective, we suggested the ’monomer approach’ to represent a polymer as a finite set
of its unique constituents. Moreover, we anticipate transfer of this concept to other
modeling algorithms. Software packages that are dealing with large molecular graphs
might benefit from monomer approach and ensure eﬃcient storage of the information
about molecular species. The concept is not restricted to oil chemistry alone and can
be extended to any atomistic or coarse-grained representations of molecules.
After mapping large or even intractable molecular species on a smaller and finite set
of their unique constituents, one already makes a step towards reducing the size of the
underlying kinetic model, which in its essence is a large dynamical system. However,
integrating such a model might still suﬀer from stiﬀness due to large diﬀerences in
the magnitude of the rate parameters. Kinetic models describing the concentrations
of reactive functional groups, instead of molecular species formed by the numerous

6

combinations of functional groups, are smaller and easier to solve and analyze and they
allow to be used in state-of-the-art parameter estimation procedures. When functional
groups do not interfere with each other’s reactivity, they undergo independent reaction
pathways, and the system is fully characterized by relative changes in concentrations
of these functional groups. An example of such a system in oil chemistry is triolein,
which consists of three oleic fatty esters. Each oleic fatty ester contains at most one
reactive site, which undergoes an autoxidation reaction pathway. However, the same
does not hold for linoleic and linolenic fatty acids. Both fatty acids may simultaneously
contain several functional groups, which may influence each other’s reactivity and form
new functional group with additional reactivity that undergoes its own reaction - in the
thesis we have called this a ’complex pattern’. Consequently, our modeling methodology
did have to reconstruct all explicit molecular structures, resulting in a kinetic model of the
order of thousands of species. As we have not found any probabilistic way of predicting
the appearance of complex patterns in a molecule, model reduction of systems with
complex patterns still oﬀers an intriguing research challenge. However, it is worthwhile
to find a way to express the complex chemistry like that involving linoleic and linolenic
acids in terms of functional groups as it forms a great opportunity for eﬀective model
reduction. This model reduction will open possibilities to perform eﬀective sensitivity
analysis and parameter optimization with experimental data.
Throughout this thesis we have fruitfully employed the direct connection between
the reaction networks generated by the ARNG procedure and the kinetic models inferred
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from it. However, as an alternative to generating and solving kinetic models consisting
of large sets of ordinary diﬀerential equations (ODEs), it is possible to employ a stochastic technique: kinetic Monte Carlo (kMC) simulations ( 3 ). Classical kMC deals with
predefined molecular species, typically a very large number: 109 to 1011 . However, the
technique allows to be extended to account for the automated creation of new species
using predefined functional groups or ’patterns’ in much the same way as in our ARNGmethodology, using isomorphism checks, etc. Reaction events between monomeric units
can only happen if they are present in suﬃcient amounts, so improbable reactions are
automatically discarded, which considerably reduces the number of species modeled.
Combining kMC with automated generation of reaction schemes thus is expected to
provide a reduced set of species and reactions as a basis for further modeling, analysis
and parameter estimation. At present, in an ongoing collaboration between UvA and
Northwestern University the described idea has been started as a PhD project.
Being a much used binding medium for oil paint, linseed oil is valued for its drying
properties: slow transition from liquid state to a solid state allowing the artist to introduce changes to a painting. However, the change from a relatively low-viscous oil
to a solid paint will significantly slow down the diﬀusion of reacting species. In other
words, for some of the reactions diﬀusion will become rate-determining. In this thesis,
we did not address this issue, but it forms an important factor to take into account
while constructing the kinetic model. A crucial issue for diﬀusion is the accumulation
of the insoluble fraction, or gel. It would be interesting to follow the development of
the largest connected component in the system, its size and structure, and relate that
to the restricted mobility of the diﬀusing molecules. A fraction of reactive functional
groups, like radicals, may become trapped inside the polymer network. Therefore, as
another future challenge we consider the development of models predicting visco-elastic
and diﬀusion properties in relation to network structure.
The grammar-based modeling approach is generic and applicable to model other
oils, their mixtures and further bio based materials. The work in this thesis has been
performed with the ambitious goal: to predict network topology of linseed oil polymer.
As this goal is computationally challenging, the methodology has been demonstrated
on one fatty acid ester, EL, and has been extended to model triglycerides of triolein by
introducing an extra hierarchical level in the molecules’ structure.
Consequently, the next step is to model all three common fatty acids, oleic, linoleic
and linolenic acid and assemble them into a triglyceride of linseed oil. Having such a
model will open the possibilities to investigate the behaviour of various triglycerides,
such as linseed oil, soybean oil, poppy seed oil and other oils relevant to food, cosmetics
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and paint industries. In the field of cultural heritage science, knowing the molecular
structures of low molecular weight degradation products of oils may help to answer
questions about the mixtures of oils used by a certain artist and about the age of the
painting. Such information is important for authenticity investigations.
As the binding medium of oil paint, linseed oil forms a dense polymer network enveloping pigment particles and fixing them on the surface of the canvas. It is not
surprising that pigment particles are prone to chemical reactions themselves and interfere with the drying process by speeding up or slowing down autoxidation reactions.
With the developed modeling methodology, adding interactions between linseed oil and
pigments narrows down to including extra reaction rules acting on functional groups of
oil molecules and pigment particles. Although for numerous pigments these reaction
rules are not well studied yet, the demand of such information may inspire future research, which can be investigated using the advances of experimental as well as modeling
techniques.
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Appendix A
A1. Molecular weight distribution
In this appendix we demonstrate how the generalised directed networks configuration
model, as described in Ref. 1 , can be used to process the degree distribution u(k, l)
and obtain the size distribution of weakly connected components 0  w(n)  1, n =

1, 2, . . . , which is the model for the molecular weight distribution in the context of polymer networks. From a probabilistic perspective, w(n) is the probability that a randomly
chosen node belongs to a weakly connected component of size n. Size distribution w(n)
can be obtained analytically under the assumption of the thermodynamic limit and that
any in-functional group is equally likely to be connected to an arbitrary out-functional
group. In order to introduce the equation for w(n) we need some auxiliary notation.
Let us define

(k + 1)u(k, l)
uin (k, l) = P
,
1
(k + 1)u(k, l)
k,l=0

and

(l + 1)u(k, l)
uout (k, l) = P
.
1
(l + 1)u(k, l)
k,l=0

A convolution of two discrete functions u1 (k, l) and u2 (k, l) is a function
u3 (k, l) =

X

u1 (k1 , l1 )u2 (k2 , l2 ),

k1 +k2 =k,
l1 +l2 =l

where k1 , k2 , l1 , l2

0. A convolution power, u⇤n (k, l), is defined as an iterated, n-fold

⇤n

convolution: u (k, l) = u⇤n

1

(k, l) ⇤ u(k, l), u⇤0 (k, l) = (k, l). Then the expression

for the size distribution of connected components reads:
w(n) =

X

i+j=n 1

u(k, l) ⇤ uout (k, l)⇤i

1
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⇤ uin (k, l)⇤j

1

⇤ d(k, l)

k=i
l=j

, n > 1,
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where i, j

0 and

d(k, l) = [uout (k, l)

kuout (k, l)] ⇤ [uin (k, l)

luout (k, l) ⇤ kuin (k, l).

luin (k, l)]

In practice, the Fast Fourier Transform algorithm is useful to compute convolutions while
spending computational resources in an optimal way. Moreover, in the copolymerisation
of IM/IB, the degree distribution has a simple shape: u(k, l) = 0 for k > 1. In this
special case, the expression for w(n) can be rewritten so that it only contains univariate
convolutions:
w(n) =

1
n
[ku0 (k) ⇤ u⇤n
1
C (n 1)

1

(k)](n

where
u(0, l)
u(1, l)
u0 (l) = P
, u1 (l) = P
, C=
1
1
u(0, l)
u(1, l)
1
l=0

l=0

2),

1
P

lu0 (l)

l=0
1
P

+ 1.
lu1 (l)

l=0
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B1. Reaction templates of the autoxidation, -scission
and hydrolysis of triolein
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Figure 1: Reaction rules that are necessary to describe triolein autoxidation and hydrolysis (part 1)
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Figure 3: Set of auxiliary patterns to represent products of some reactions in the implementation of the
ARNG

B2. Hydrolysis products

Possible configurations of glycerol after hydrolysis
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Figure 4: Schematic representation of all possible configurations of triglyceride molecule after hydrolysis:
TAG (triacylglycerol), DAG (diacylglycerol), MAG (monoacylglycerol) and fully hydrolyzed glycerol.
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B3. Reaction network as phylogenetic tree
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Figure 5: A “phylogenetic” tree indicating shortest path of transformations from the oleic part of triolein
(the root) to all its derivative products.
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B4. Peak with more than one contribution
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Figure 6: Example of mass spectrum measured in positive mode in the range between 635 m/z and
640 m/z featuring measured mass of 637.57 m/z (red vertical line). Two grey dashed lines represent
calculated masses of 637.53 m/z and 637.46 m/z that may contribute to the same peak. Both calculated
masses are located in the range of the 637.57 m/z peak and correspond to two very diﬀerent molecular
structures: the monomer with the mass of 637.53 m/z has one fatty acid hydrolyzed and an added
alcohol group on one of the remaining acids, while the monomer corresponding to the mass of 637.46
m/z is a result of two beta scission reactions occurring on two of its fatty acids resulting in two chains
of eight carbons ending in aldehydes.

B5. Oxidation and

scission products of MAG, DAG and TAG, negative mode

B5. Oxidation and
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scission products of MAG, DAG

and TAG, negative mode

Figure 7: Spectra of extracts from triolein aged with titanium dioxide measured in negative mode
highlighting products of hydrolysis, oxidation and
scission. Products of oxidation and
scission
pathways of MAG (a), DAG (b), TAG (c). Dark vertical lines in the upper part of each spectrum
highlight the peaks that were matched with oxidation products, dark vertical lines on the lower mirrored
spectrum highlight the peaks that were matched to the products formed after scission reaction. Light
grey areas in the upper part of each spectrum correspond to the approximate regions for oxidation
products, light grey areas in the lower part of each spectrum correspond to the approximate regions for
scission products.
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B6. Matched peaks with diﬀerent ions
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Figure 8: Spectra of extracts from triolein aged with titanium dioxide showing measured peaks (cyan)
and identified peaks (purple) per ion. Negative mode is featured on the left with plots showing the
peaks that were identified with H (top) and CH3 COO (bottom). Positive mode is featured on
+
the right with plots showing the peaks that were identified with H+ (top), NH+
4 (middle) and Na
(bottom).

B7. Matched peaks per functional group
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B7. Matched peaks per functional group

a) Identiﬁed aldehydes
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b) Identiﬁed alcohols
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Figure 9: Spectra of extracts from triolein aged with titanium dioxide showing the measured peaks
(cyan) and identified peaks (purple) per functional group. Negative mode is featured on the left with
plots showing the peaks that correspond to aldehydes (top) and alcohols (bottom). Positive mode
is featured on the left with plots showing the peaks that correspond to aldehydes (top) and alcohols
(bottom).

164

Appendix B

B8. Isomers formed via

scission

STRUCTURAL ISOMERS CONTRIBUTING TO THE SAME PEAK (POS MODE) : 695.53 M/Z
CALCULATED MASS + H = 695.47 M/Z

beta 7
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H
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beta 11

O
O

O

O
O

O

O

beta 10

O
H

O
O
O

beta 8

O
O

H

O
O

O

Figure 10: Example of two structural isomers formed via

scission pathways.

B9. High resolution spectrum in positive mode
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B9. High resolution spectrum in positive mode
High resolution spectra of extracts from triolein aged with titanium dioxide measured
in positive mode. Red vertical lines on each spectrum highlight the peaks that were
matched with computationally generated molecular structures.
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B9. High resolution spectrum in positive mode
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B10. High resolution spectrum in negative mode
High resolution spectra of extracts from triolein aged with titanium dioxide measured
in negative mode. Red vertical lines on each spectrum highlight the peaks that were
matched with computationally generated molecular structures.

B10. High resolution spectrum in negative mode
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Appendix C
C1. Reaction rules
#

reaction

11.1

R3

12.1

R25

12.2

R32

12.3

R10

12.4

R31

12.5

R17

12.6

R24

12.7

R35

! R1

! P23
! P24
! P3

! P18
! P4

! P15
! P19

12.8

R36

21.1

R1 + R4

21.2

R8 + R4

21.3

R20 + R4

21.4

R19 + R4

21.5

R39 + R4

22.1

R2 + R7

22.2
22.3

R2 + R7
R9 + R7

22.4

R9 + R7

22.5

R11 + R7

22.6

R11 + R7

22.7

R10 + R1

22.8

R31 + R1

22.9

R8 + R8

22.10

R8 + R9

22.11

R11 + R11

! P19

! R2

! P10

! R21
! P7

! P26

! R3 + P1

! R3 + P2
! R10 + P1
! R10 + P2

! R13 + P1
! R13 + P2

! R11 + R5
! R29 + R5

! P13 + P13

! P11 + R14

! R14 + R14
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Appendix C
reaction

22.12

R11 + R8

22.13

R18 + R9

22.14

R18 + R21

22.15

R21 + R7

22.16

R21 + R7

22.17

R29 + R7

22.18

R29 + R7

22.19

R18 + R11

22.20

R18 + R29

22.21

R22 + R18

22.22

R19 + R8

22.23

R19 + R9

22.24

R19 + R11

22.25

R19 + R19

22.26

R20 + R8

22.27
22.28

R20 + R19
R20 + R20

22.29

R20 + R11

22.30

R20 + R9

22.31

R21 + R8

22.32

R21 + R19

22.33

R21 + R20

22.34

R29 + R8

22.35

R29 + R19

22.36

R29 + R20

22.37

R29 + R11

22.38

R29 + R29

22.39

R10 + R5

22.40

R31 + R5

22.41

R14 + R14

22.42

R27 + R27

22.43

R27 + R14

#

reaction

! R15 + P12

22.44

R9 + R12

22.45

R9 + R12

! R20 + R31

22.46

R33 + R14

! R31 + P1

22.47

R34 + R14

! R31 + P2

22.48

R39 + R8

! R23 + P1

22.49

R39 + R19

! R23 + P2

22.50

R39 + R20

! R20 + R13

22.51

R39 + R9

! R20 + R23

22.52

R39 + R21

! R23 + P6

22.53

R39 + R11

! P8 + P13

22.54

R39 + R29

! P9 + R14

22.55

R8 + R7

! P14 + R15

22.56

R8 + R7

! P8 + P8

22.57

R19 + R7

! R26 + P13

22.58

R19 + R7

! R26 + P8
! R26 + R26

22.59
22.60

R20 + R7
R20 + R7

! R28 + R15

23.1

R9 + R9

! R27 + R14

23.2

R21 + R9

! R27 + P11

23.3

R21 + R21

! R27 + P9

23.4

R25 + R10

! R27 + R27

23.5

R25 + R31

! R28 + P12

23.6

R32 + R10

! R28 + P14

23.7

R32 + R31

! R28 + R28

23.8

R30 + R30

! R20 + R10

! R27 + R14

! R14 + R33
! R14 + R34

! P32 + P30
! P32 + P30

! P27 + P13
! P27 + P8

! P27 + R26

! P28 + R14

! P28 + R27
! P29 + R15
! P29 + R28

! P33 + P1
! P33 + P2

! P34 + P1
! P34 + P2

! R18 + P1
! R18 + P2

! R14 + R14 + R4

! R27 + R14 + R4

! R27 + R27 + R4
! R11 + R9 + R5

! R11 + R21 + R5
! R29 + R9 + R5

! R29 + R21 + R5
! P21 + P22 + R4

! R27 + R27
! R25 + R6
! R32 + R6

! P30 + P30
! P31 + P31
! P31 + P30

Table 2. Reaction rules formalising the chemical reactions on the level of reactive (Ri )
and nonreactive (Pi ) patterns, as defined in the preceding table.
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C2. Reaction templates of the autoxidation of EL
List of auxiliary patterns
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Figure 11: Auxiliary patterns used to define the reaction scheme
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C3. Rate parameters
Reaction family

k (293 K)

Primary initiation:

0.666

Co(II) + O2

! Co(III)OO ·

Secondary initiation: RH + Co(III)OO ·
Co(III)OOH

! Co(II) + HO2 ·

ROOH decomposition with catalyst
ROOH + Co(II)

! RO · + [Co(III)OH – ]

ROOH + [Co(III)OH – ]

! [Co(III)OOR] + H2 O

Co(III)OOR decomposition: [Co(III)OOR]
[Co(III)OOR] + ROOH
[Co(III)OOR, HOOR]
[Co(III)OOR, OH]

! Co(II) + ROO

! [Co(III)OOR, HOOR]

! RO · + [Co(III)OOR, OH]
! ROO · + [Co(III)OH – ]

Oxidation: R · + O2

! ROO ·

Hydrogen abstraction: RH + ROO ·

! R · + ROOH

Hydrogen abstraction: RH + RO ·

Hydroperoxide decomposition: ROOH

Recombination:R · + RO ·

Recombination:ROO · + ROO ·

0

0

2

107

11.9

0.91

1

107

6.2

1

4

10

11.9

0.91

2

107

9.1

0.4

1

1015

0

1

2

1014

9.5

0.85

5

108
7

6.6

10

7

8.7

0.85

5

108

R*T

0

2

108

R*T

0

2

8

R*T

0

2

8

10

R*T

0

2

106

0

0

6

108

11.24

0.24

7

1015

0

1

106

0

0

1

1.2 ⇤ 104

8.5

0

2

17.8

0.8

6

10

14

10

! ROR

! ROOR + O2

! RO · + RO ·

Epoxidation from ROOR (see Figure 5)

3

1

! ROOR

Epoxidation from ROOH (see Figure 5)

3

108

! RO · + HO ·

! 2 RC(O)OH

3

2.7 ⇤ 108

1

! R · + RH

! ROH + R(O) + O2

1

0.0095

! ROOR

Bayer Villiger:RC(O)OOH + RC(O)H

2

0.0095 1

(assumed value, same as ROOH decomposition 2 )
Russell termination:ROO · + ROO ·

1

3

Addition (see Figure 5)

ROOR decomposition: ROOR

0

900

! RR

Recombination:RO · + RO ·

1015

1

-scission from dimer (pathway 2 in Figure 5)
Recombination:R · + ROO ·

1

2

! RC(O)H + R ·

Recombination: R · + R ·

0

0.0095 1

! RC(O) · + ROH

Hydrogen transfer: RH + R ·

-scission (pathway 1): RO ·

0.0643 3

Reference
2

0.5
0.5 1

! RC(O) · + ROOH

Hydrogen abstraction: RC(O)H + RO ·

alpha

5

1

! R · + ROH

Hydrogen abstraction: RC(O)H + ROO ·

E0 (kcal/mol)

13

10

1

5 ⇤ 10

A

106

10

11.6

1013

19.3

6

Table 1: Kinetic parameters used in the model, values for k and A and in L/mol s for bimolecular
reaction and in s-1 for unimolecular reaction.

C4. Temperature profiles for the model with no drying agent
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C4. Temperature profiles for the model with no drying
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Figure 12: Eﬀects of diﬀerent temperatures on the solution of the kinetic model without drier
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Summary
Scientific advances of chemistry and physics allow us to create synthetic materials and
tune their properties in a desired way. Chemical material production is a result of a
carefully designed pipeline of reaction steps that maximises the yield while keeping the
whole reaction network as simple as possible. Nature is also preoccupied with synthesis,
although, diﬀerent objectives seem to guide this process, and simplicity of the reaction
pathways is not Nature’s priority. Development of computer generated solutions in the
field of chemistry is governed by human eagerness to understand complex chemistry of
natural processes, which are not easily accessible by experimental means.
Varying in complexity and level of detail, computational models provide the solutions
to the problems ranging from quantum states of atoms to the global properties of polymers. In the area of reaction kinetics, such computer aided tools and methods translate
chemistry into a mathematically robust system of rules. Therefore, it is not surprising
that a variety of software packages formalize principles of organic chemistry as a formal
language that operates with reaction templates derived from chemical knowledge.
While comparing chemistry to language, we develop a computational approach to
model the drying process of oils in the context of oil paint. Our modeling approach
typically deals with large numbers of molecular species - in the order of thousands - and
facilitates modeling the properties of infinite size polymeric structures.
Chapter 2 introduces concepts and definitions needed to implement the modeling
method. The methodology is inspired by the idea of automatizing the assessment of
chemical reactions of molecules, which in our work is modified to deal with the case of
polymerization. As in previously developed algorithms on auto-generated chemistry, we
use molecular graphs to represent molecules, which undergo transformations according
to predefined reaction rules. The modification of the method lies in introduction of the
monomer approach, which maps infinite size polymers on the finite set of their unique
monomer constituents. The reaction network generated, of finite size, is automatically
transformed into a kinetic model of the system describing the evolution of the concentrations of the monomer constituents of a polymer. The degree distribution of the
monomer units determining its connectivity to other units is extracted from the solution
of the kinetic model as a starting point to predict the topology represented as a random
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graph. The results from the configuration model for the random graph provide the
global properties of the polymer network. To illustrate this methodology, we modeled
copolymerization of inimer and isobutylene and verified molecular weight distribution of
the resulting polymer with data obtained by means of Monte Carlo simulation.
The new methodology will be applied to the drying process of linseed oil and its
model systems. As our modeling method requires the definition of chemistry in terms of
reaction rules, in Chapter 3 we review key research works that investigate the underlying
autoxidation chemistry of the drying process of linseed oil. We describe the reaction
steps together with their kinetic parameters, as far as the latter are available in the
literature. For our modeling methodology, this survey will serve us as a chemical library,
or chemical database, which we reference for the construction of the reaction rules.
In Chapter 4 we apply the automated reaction network generation methodology to
uncover the reaction network of triolein. Thus, the interpretation of the experimental
measurements done by electrospray ionization mass spectrometry (ESI-MS) is improved.
We present a systematic way to identify the degradation products present in the aged
sample of triolein, which is a triglyceride with three oleic esters. For this purpose,
masses measured by ESI-MS are compared to those calculated from molecular graphs
generated by our algorithm. Hence, assigning particular molecular structures to the
measured peaks, samples are characterized in terms of relative amounts of functional
groups. Moreover, we identify the areas of the spectra that correspond to the products
of such reactions as hydrolysis, oxidation and -scission.
Finally, in Chapter 5 we apply our grammar-based approach to model the drying
process of ethyl linoleate (EL) as a model system of linseed oil. Chemistry is compared
to language on the example of polymerization of EL molecules, revealing an interesting
parallel between the collocations in language and collocations in chemistry. Chemical
collocations occur when two reactive patterns appear next to each other and compose
a new complex pattern, which obeys an additional reaction rule. Likewise, in language,
two words next to each other may gain a new meaning, which is diﬀerent from their
separate meanings. As a complicating factor, the existence of complex patterns was
found to impose restrictions on the model reduction. The results of the kinetic model
are obtained in terms of concentration profiles of each monomer that contributes to the
polymer. In total, we have identified 3,887 of such monomer species. After comparing all
monomer and potential dimers to the ESI-MS data, a kinetic model is reconstructed from
the reaction network and solved numerically. To help interpreting this vast amount of
data, the resulting concentrations were lumped according to functional groups and local
connectivity of the monomers, e.g. their degree distribution. The latter serves as input
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for a random graph model, which predicts global properties on the polymer network, such
as the size distribution of soluble fraction and the formation of the insoluble fraction,
and therefore sheds light on the liquid-to-solid phase transition taking place during the
drying process.
The grammar-based modeling approach has been applied to study the polymerization
of EL and triolein, as model systems of linseed oil. The approach is generic and applicable
to model other oils, their mixtures and other bio based materials. Concluding the thesis,
Chapter 6 provides the outlook of our work and suggests several challenges that may
inspire further research in the fields of polymer network, network theory and cultural
heritage.

Samenvatting
Wetenschappelijke vooruitgang in de chemie en fysica heeft ons in staat gesteld om synthetische materialen te maken en de daarbij behorende eigenschappen af te stemmen.
Het produceren van chemische materialen is het resultaat van een zorgvuldig ontwerp
van reactiestappen die de opbrengst maximaliseert en tegelijkertijd het volledige reactienetwerk zo simpel mogelijk behoudt. De natuur houdt zich ook bezig met synthese,
en terwijl beweegredenen verschillend zijn, is eenvoud van een reactiepad geen prioriteit
van de natuur. De ontwikkeling van computergestuurde oplossingen binnen de chemie
wordt gedreven door menselijke nieuwsgierigheid om de complexe chemie van natuurlijke
processen beter te begrijpen, iets wat niet eenvoudig te achterhalen is door middel van
experimenten.
Computationele modellen, variërend in complexiteit en detailniveau, bieden oplossingen voor problemen uiteenlopend van de quantumtoestanden in atomen tot eigenschappen van polymeren. In het vakgebied van de reactiekinetiek zorgen dergelijke
computergestuurde methodes ervoor dat de chemie in een wiskundig robuust systeem
van regels vertaald kan worden. Derhalve is het niet verrassend dat een breed scala aan
softwarepakketten de principes van de organische chemie vastlegt als een formele taal
die werkt met reactie-sjablonen afgeleid van chemische kennis.
Gebruikmakend van deze vergelijking tussen chemie met taal, ontwikkelen we een
computationale benadering om het drogingsprocess van oliën, gebruikt binnen olieverf,
te modelleren. Onze aanpak behandelt een groot aantal moleculaire soorten, in orde
van duizenden, en staat toe om eigenschappen van oneindig grote polymeer structuren
te modelleren.
Hoofdstuk 2 introduceert concepten en definities die nodig zijn om de modelleermethode te implementeren. De methodologie is geïnspireerd op automatisering van
beoordeling van chemische reacties van moleculen die in ons werk aangepast zijn om
polymerisatie te kunnen behandelen. Net zoals in eerder ontwikkelde algoritmes van
automatisch-gegenereerde chemie, gebruiken wij moleculaire grafen om moleculen te
beschrijven die transformaties ondergaan op basis van voorgedefinieerde reactieregels.
De aanpassing van deze methode volgt uit de introductie van de monomeerbenadering
die oneindige grote polymeren weergeeft op een eindige set van unieke monomeercom181
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ponenten. Het gegenereerde reactienetwerk van eindige grootte wordt automatische
omgezet naar een kinetisch model van het systeem die de evolutie beschrijft van de
concentraties van de monomeercomponenten van een polymeer. De graadverdeling van
de monomeereenheden, die de connectiviteit van andere eenheden bepalen, wordt verkregen uit de oplossing van het kinetische model, en wordt gebruikt als startpunt om de
topologie te voorspellen die beschreven wordt als een willekeurige graaf. De resultaten
van het configuratiemodel van de willekeurige graaf vormen de globale eigenschappen
van het polymeernetwerk. Deze methode wordt geïllustreerd door het modelleren van
de copolymerizatie van inimeer en isobutyleen. De moleculaire gewichtsverdeling van de
resulterende polymeer wordt geverifieerd door middel van Monte Carlo simulaties.
De nieuwe methodologie wordt toegepast op het drogingsproces van lijnzaadolie en
de bijbehorende modelsystemen. Aangezien onze modelleringsmethode definities van de
reactieregels nodig heeft uit de chemie wordt in hoofdstuk 3 belangrijk onderzoekswerk
besproken die de onderliggende auto-oxidatie chemie beschrijft van het drogingsproces
van lijnzaadolie. We beschrijven de reactiestappen tezamen met de kinetische parameters - voor zover die beschikbaar zijn in de literatuur. Voor onze modellering methodologie dient dit overzicht als een chemische bibliotheek of chemische database waar we
naar toe verwijzen voor het opstellen van de reactieregels.
In hoofdstuk 4 passen we de automatische reactienetwerk-generatie methodologie toe
om het reactienetwerk van trioleine te onthullen. Daarmee is de interpretatie verbeterd
van de experimentele electrospray-ionisatie massaspectrometrie (ESI-MS) metingen. We
presenteren een systematische manier om de degeneratieproducten te identificeren in
verouderde monsters van trioleine: een triglyceride met drie oliezuuresters. Voor dit
doeleinde zijn de massa’s gemeten met ESI-MS, en vergeleken met de massa’s berekend
uit de moleculaire graven die gegenereerd zijn met ons algoritme. Aldus, door het
toekennen van specifieke moleculaire structuren aan de gemeten pieken kunnen monsters
gekarakteriseerd worden in termen van de relatieve hoeveelheid functionele groepen.
Verder identificeren we de gebieden van de spectra die overeenkomen met de producten
van reacties zoals hydrolyse, oxidatie en beta-splitsing.
Tot slot, passen we in hoofdstuk 5 onze grammatica-gebaseerde benadering toe om
het drogingsprocess te modeleren van ethyllinoleaat (EL) als modelsysteem voor lijnzaadolie. Chemie wordt vergeleken met taal in het voorbeeld van de polymerisatie van
EL-moleculen en laat een interessante parallel zien tussen de collocaties in taal en de
collocaties in de chemie. Chemische collocaties ontstaan wanneer twee reactieve patronen naast elkaar ontstaan en een nieuw complex patroon vormt die een additionele
reactieregel volgt. Op dezelfde manier kunnen in taal twee woorden naast elkaar een
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nieuwe betekenis krijgen die anders is dan de betekenis die apart van elkaar hebben. Een
complicerende factor is het bestaan van complexe patronen die restricties oplegt op de
modelreductie. De resultaten van het kinetische model worden verkregen in termen van
de concentratieprofielen van elke monomeer die bijdraagt aan het polymeer. In totaal
hebben we 3887 van zulke monomeersoorten geïdentificeerd. Na het vergelijken van
alle monomeren en potentiële dimeren met de ESI-MS data, is een kinetische model geconstrueerd van het reactienetwerk en is deze numeriek opgelost. Om te helpen bij het
interpreteren van deze grote hoeveelheid data zijn de resulterende concentraties samengevoegd volgens hun functionele groepen en lokale connectiviteit van de monomeren;
de graadverdeling. De laatstgenoemde dient als invoer voor het willekeurig grafenmodel
die globale eigenschappen van het polymeernetwerk voorspelt, zoals de grootteverdeling
van de oplosbare fractie en de formatie van de niet-oplosbare fractie, en biedt daarmee
inzichten tot de vloeistof-naar-vast faseovergang die plaatsvindt tijdens het drogingsproces.
De grammatica-gebaseerde modelbenadering is toegepast om de polymerisatie van
EL en trioleine te bestuderen, als modelsysteem voor lijnzaadolie. Deze benadering is
generiek en kan worden gebruikt om andere oliën, de bijbehorende mengsels, en andere
biogebaseerde materialen te modelleren. Ter afronding van het proefschrift wordt in
hoofdstuk 6 een vooruitzicht van dit werk en meerdere uitdagingen uiteengezet wat
kan dienen als inspiratie voor verder onderzoek in polymeernetwerken, netwerktheorie
en cultureel erfgoed.
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