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Several systems in organic chemistry are so large and complex that formulating the rate equations for their
kinetics is difficult. Examples include polymerization of bio-derived materials, such as natural oils and resins,
and metabolic oxidation reactions, as in the Krebs cycle. The challenge lies in the diversity of reaction products
and their growth in size, which may be unbounded due to the polymerization-like reactions. Here we demon
strate an algorithm that formulates the kinetics of chemical systems of unlimited size in terms of a fine number of
fragment species, and therefore, renders such structures tractable for kinetic modelling. We study a complex
system of ethyl linoleate polymerization using such an algorithm. Additionally, we show that the algorithm may
assist interpreting experimental measurements from electrospray ionization mass spectrometry.

1. Introduction
Simply defined design tasks, such as synthesis planning [1,2], often
involve a large number of choices. In the present paper, we address a
problem of formulating a large system of ordinary differential equations
(ODEs) that implements autoxidation reaction kinetics of a bio-based
polymer. Constructing such a system poses a challenge due to a large
number of possible reaction pathways and growing number of species
that soon becomes computationally intractable. This means that we do
not possess a priori knowledge of the underlying reaction network, and
that such a network may eventually appear too large to be represented
in full on a computer. This paper explores algorithms for automated
reaction network generation (ARNG) to overcome the aforementioned
challenges.
The ARNG concept was introduced in the works by Yoneda [3] and

⁎

Clymans and Froment [4], and was later adapted to handle a wide
range of chemical systems [5–11]. ARNG was applied to metabolic
processes [12,13], prebiotic scenarios [14], protein interaction ex
ploration [15–18], pharmaceutical design [19] and design of regulation
for cell functions [20]. Oakley et al. [21,22] 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 [23], a polymer is thought to be
fragmented into a finite number of monomer structures, and the reac
tion network is formulated in terms of the latter species. Such a frag
mentation approach is inspired by polymer reaction engineering
[24–26] and allows one to obtain a finite system of ODEs describing
reaction kinetics of a virtually infinite polymer, as we operate with
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reactions that act on small structures rather than on the entire polymer.
In the present work we demonstrate that much of the information about
the structure of the whole polymer can nevertheless be inferred using
the concept of random graphs [27–31].
We explore the polymerization of ethyl linoleate (EL) by for
mulating the reaction network for monomer fragments and further
transforming it into a system of ODEs for species concentrations. 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
[32,33]. We present evolution profiles of selected byproducts of such
reactions, such as: alcohols, peroxides, aldehydes, carboxylic acids, and
epoxides. We also report the properties of soluble polymeric fractions,
such as the buildup of the average molecular weight and the distribu
tion of molecular sizes. 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 (ESIMS) of EL, as the model provides mass data that are comparable to the
measurements [34].
Polymerization of ethyl linoleate (EL) is an accepted model system
for the autoxidative drying process of linseed oil under the influence of
light and oxygen. Understanding the kinetics of autoxidative drying of
linseed oil is relevant to oil paint characterization and design of pre
servation techniques for ageing oil paintings [35–39]. Our study also
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
describes the influence of a drier, commonly added to accelerate drying,
on the rate of formation of all investigated functional groups in dif
ferent temperature regimes. Surprisingly, the model also predicts longlasting effects of the drier on the structural properties of the ethyl li
noleate polymer.

hydroperoxides dissociate into alkoxy and peroxy radicals. Alkoxy ra
dicals are also active in hydrogen abstraction. Alkoxy, peroxy and
carbon radicals actively undergo termination by recombination forming
ether, peroxy and alkyl crosslinks, respectively. Additionally, termina
tion by disproportionation between two peroxy radicals, also known as
Russell termination, produces ketones and alcohols. In the addition
reaction the peroxy 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 poly
merization, where the radical undergoes either propagation or termi
nation reactions in competition. It should be noted that Fig. 1 by no
means represents the whole reaction network, but only a small frag
ment of it, preceding actual polymer.
We describe two more reactions, -scission and epoxide formation.
-scission is thought to be responsible for the formation of volatile al
dehydes [50,60] according to several mechanisms. As shown in Fig. 1,
we account for two pathways. Pathway 1 starts with an alkoxy radical
located near a conjugated double bond. Scission takes place at the
carbon connected to the oxygen radical leading to an aldehyde frag
ment with a conjugated double bond and R2, and a fragment R1’.
Pathway 2 has been proposed by Oakley et al. [60] and presumes the
existence of an alkoxy 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 ep
oxide formation have also been included in the reaction scheme [58].
2.2. Automated reaction network generator
ARNG is a methodology designed for an algorithmic reconstruction
of complex reaction mechanisms. This methodology is applicable to
chemical systems involving a large number of intermediate and product
species. Reconstructing such reaction networks manually is virtually
impossible. A number of software packages [61] have been developed
for automatic generation of reaction networks for various types of
chemistry. Here, we will discuss several important concepts of such
methodology.
In ARNG, molecules are represented as molecular graphs [62,63]. A
graph is a mathematical object that consists of nodes connected by
edges. A direct analogy between molecules and graphs can be easily
understood: atoms are nodes and edges represent the bonds between
atoms. A node is assigned a label corresponding to an atom and an edge
has a weight corresponding to the bond order. Graphs are usually re
presented by their adjacency matrix (or adjacency list) and a list of
labels for the nodes. This notation is further extended by indicating the
number of unpaired electrons, or radicals, on the diagonal of the ad
jacency matrix. The molecular graph of the initial state of EL is shown
in Fig. 2 a.
Describing reactions requires defining transformations of molecular
graphs representing the change of a reactant into a product. For this
purpose, we define a ’pattern’ to be a reactive part of a molecule. The
idea of patterns has been employed before in the field of synthesis
planning [64]. In terms of a graph representation, a pattern is a sub
graph of a molecular graph that undergoes changes due to a reaction. A
reaction is defined as a transformation applied to a reactant pattern and
resulting in a product pattern. In a large chemical system one molecule
may consist of more than one pattern, which implies that it can undergo
changes according to more than one reaction pathway. Furthermore,
the same pattern may appear repeatedly during different ’states’ that a
monomer unit is passing through during the chain of transformations.
As a consequence, a limited set of reaction rules suffices to define a
reaction mechanism, although the repeated application of these rules
will still result in many reactions between various states of the mole
cules. In the ARNG methodology we defined patterns manually and did
not employ a method that utilizes machine learning techniques to ex
tract patterns and reaction rules from large chemical databases [65].

2. Materials and methods
2.1. 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 [40–43]. While exploring various aspects of drying (drying
rate, emission of volatile compounds), a better understanding of ele
mentary reaction steps of the autoxidation process has been achieved.
Studies regarding drier influence on autoxidation of EL and linseed oil
have been performed [44–49]. In these studies, concentration profiles
of peroxides, oxygen uptake and production of small volatile com
pounds are reported. Reviews exist [46,50–52] that provide detailed
descriptions of the autoxidation reaction mechanism that in part go
back to many studies of the organic chemistry of lipid autoxidation by
the group of Porter et al. [53–56]. Work by Muizebelt et al. [57] pro
vides insights on how relative amounts of bis-allylic carbons, con
jugated 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. [58] and others [51,59]. 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.
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 Fig. 1. The polymerization starts with the
abstraction of hydrogen from bis-allylic carbon. The carbon radical
reacts with molecular oxygen and forms a peroxy radical. Peroxy ra
dicals form hydroperoxides by abstracting more hydrogens from bisallylic carbons. Under the influence of UV light or a metal drier,
2

Chemical Engineering Journal 405 (2021) 126485

Y. Orlova, et al.

Fig. 1. 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. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

To initialize the ARNG one needs to define the reaction rules and
construct the molecular graph of an initial state of the molecule of in
terest. Furthermore, the algorithm scrutinizes the reactive sites of each
discovered molecule and applies transformations to them according to
the reaction rules. Such transformations result in new molecular states
that expand the list of molecules available for the reactions. Every time
a molecule is created, it is compared to all existing molecular structures.
If the molecule is not already in the list of previously created molecules,
it is enlisted as a new molecular species. Consecutively applying reac
tion rules to newly generated molecules allows to reconstruct the

reaction network of all possible molecular states that may appear under
the given conditions and reaction rules. Finally, all the transformations
uncovered are assembled into a reaction network – a bipartite graph
that captures all the interactions between reconstructed molecular
states. The adjacency matrix representing the reaction network is then
used to automatically construct the rate equations for the species con
centrations[23]. Calculation of the rate coefficients is described in the
following subsection. The main steps of ARNG algorithm are shown as a
flow-chart in Fig. 2 b.
We assume the pre-exponential factor, intrinsic energy and transfer
3
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Fig. 2. (a) Chemical structure of EL (reactive site is highlighted) and its representation as a molecular graph. (b) The scheme that describes the key steps in ARNG.

coefficient to be the same within a reaction family, and we take these
values from the literature. However, heat of reaction is the value that
we calculate for each reaction individually. Heat of reaction is the
difference between enthalpy of products and enthalpy of reactants,
where enthalpy of formation for each molecular structure can be esti
mated using the group additivity principle. Thus, the heat of reaction is
the value that is calculated for each reaction individually. However,
there are some reactions, like cobalt chemistry, for which the pre-ex
ponential factor, intrinsic energy and coefficient α are not available in
the literature. For these reactions, we indeed use rate coefficients from
the literature. It is a valid point to mention, and we adjusted the text in
the “Rate parameters” subsection accordingly.

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 [68]. The forward and reverse reaction transfer coefficients sum to 1
and share an intrinsic kinetic barrier, E0 . The frequency factors of re
actions of a given family are roughly entropically consistent, so a re
presentative A may be derived from theory for that family. Ad
ditionally, the frequency factors of forward and reverse reaction pairs
are thermodynamically consistent related to the change in free energy.
In this work, we assume irreversibility of reactions resulting in pro
ducts, 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 BaeyerVilliger 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
[69,70]. A list of reaction families with parameter values is given in
Table 1. We assume the pre-exponential factor A, intrinsic energy E0
and transfer coefficient to be the same within a reaction family, and
we take these values from the literature. However, heat of reaction is
the value that we calculate for each reaction individually.
The heat 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 [72]. 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

2.3. Rate parameters
Since using experimental rates or state-of-the-art estimation tech
niques (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’ [66,67] with a
procedure from Oakley et al. [58]. Rate coefficients for the reaction
families involving cobalt chemistry are taken directly from the litera
ture, as there are no parameters available to calculate them for each
individual reaction. The rates coefficients of other reaction families 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 re
lationship relates enthalpy of reaction, Hrxn , to activation energy by
4
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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.
Reaction family
Primary initiation: Co(II) + O2 ⟶ Co(III) OO.

Secondary initiation: RH + Co(III) OO. ⟶ R. + Co(III) OOH
Secondary initiation (no drier mode): RH + O2

Hydrogen abstraction: RC(O) H + RO.
Hydrogen transfer: RH + R.

α

Reference

0.666 [21]

1013

0

1

[69]

1

[69]

5

2.7 * 108
2
0.0095 [21]
900 [21]
0.0095 [21]
0.0095 [21]
108
6.6 [21]

R. + ROH

RC(O). + ROOH
RC(O). + ROH

Hydroperoxide decomposition: ROOH

RO. + HO.

Recombination:RO. + RO.
Recombination:R. + RO.

Disproportionation:ROO. + ROO.

ROOR decomposition: ROOR

107
107

6.2

108
108
108

ROR

2RO. + O2 Russell termination: ROO. + ROO.
ROH + R(O) + O2
Addition (see Fig. 5)

108
106

RO. + RO. (assumed value, same as ROOH decomposition [69])

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

3.05

1014

ROOR

2RC(O) OH

0

1.1

11.9

0.91

11.9

0.91

9.1
0

[69]

[21]

[21]
[49]
[49]
[49]
[49]
[69]

[69]
[21]

1

[22]

0.4

[21]

1

[69]

[69]

9.5

0.85

R*T

0

[69]

0

[69]

8.7

R*T
R*T
R*T

0.85
0
0

[60]
[60]

[69]
[69]

0

0

[58]

108

11.24

0.24

[71]

0

[69]

0.51

[58]

1015
1011.6

Epoxidation from ROOH (see pathway 2 in Fig. 5)

1

106

1.2 * 10 4

Epoxidation from ROOR (see pathway 1 in Fig. 5)

0

108
107

1014

ROOR

0

[49]

1015

RC(O) H + R.

-scission from dimer (see pathway 2 in Fig. 5)
Recombination: R. + R.
RR
Recombination:R. + ROO.

0

1013 1019 (value used)

107
107

R. + RH

-scission (see pathway 1 in Fig. 5): RO.

[21]

0.5
0.5 [21]

R. + ROOH

Hydrogen abstraction: RC(O) H + ROO.

E0 (kcal/mol)

1015

R. +.OOH

ROOH + [Co(III) OH−]
[Co(III) OOR] + H2O
Co(III) OOR decomposition: [Co(III) OOR]
Co(II) + ROO
[Co(III) OOR] + ROOH
[Co(III) OOR, HOOR]
RO. + [Co(III) OOR,OH]
[Co(III) OOR, HOOR]
[Co(III) OOR,OH]
ROO. + [Co(III) OH−]
Oxidation: R. + O2
ROO.
Hydrogen abstraction: RH + RO.

A

5 * 10

Co(III) OOH
Co(II) + HO2.
RO. + [Co(III) OH−]
ROOH decomposition with catalyst ROOH + Co(II)
0.0643 [49]

Hydrogen abstraction: RH + ROO.

k (293 K)

1013

0

8.5

21.9
19.3

1

0.51

[58]

values from [73–77]. We use group additivity values assuming homo
geneous gas phase, as the literature for 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. Group additivity values impose an uncertainty of 0.5–1.5
kcal/mol [77] in the heat of reaction, which then influences the model
coefficients and the final output of the kinetic model. In this work, we
report parameter sensitivity for the families of kinetic parameters,
however proper uncertainty quantification remains an open question.
Analysis of the output uncertainty it is a very important question that
we will separately address in our future work.
2.4. Experimental details
Fig. 3. 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. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web
version of this article.)

Paint models for study with ESI-MS were prepared with ethyl li
noleate (Sigma-Aldrich) and inorganically-coated titanium dioxide
(rutile form) pigment (Tronox CR-826), which was chosen for its che
mical inertness towards linseed oil binding medium as compared to
other pigments [78]. 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. [34].

a species, respectively. Such a network can be directly transformed into
a system of ODEs for the reaction kinetics.
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 an algorithm due to a large size of the network. In their core,
such algorithms perform multiple rounds of a subgraph isomorphism
test to identify pairs of species that can react. The computational cost of
this test is known to be sensitive to the sizes of the graph and the
template subgraph. Due to the dependence on this test, ARNG cannot be

3. Results and discussion
3.1. Algorithmic construction of the reaction network for EL
Consider, a set of distinct molecular species. All reactions that take
place between the species comprise the reaction network, which is a
directed bipartite graph that consists of 1) reaction nodes and 2) species
nodes [79] (see Fig. 3). The reactions and species nodes have weights
that correspond to the rate coefficient of a reaction and concentration of
5
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Fig. 5 illustrates a projected reaction network composed solely of spe
cies nodes, with two nodes being connected with a directed edge if they
participate in the same reaction as a reactant and a direct transforma
tion product, respectively. Such an illustration allows to explore
transformation pathways. In Fig. 5, the nodes are coloured according to
the degree of the species they represent, that is the number of half
crosslinks that the species is bearing. Such a colouring reveals nuances
of the degree distribution dynamics: the nodes with the largest degree
turn out to appear at the intermediate stages of the reaction pathways,
that is between the centre and periphery of the network. This is a
consequence of the secondary fragmentation reactions ( -scission) and
relative instability of peroxy crosslinks, which are the most abundant
crosslinks in the system.
3.2. Molecular species identification and Mass Spectrometry
The reaction network of EL autoxidation, as generated by the abovedescribed procedure, captures the formation of infinitely-large mole
cules, while reproducing the exact structures of the fragments as mo
lecular graphs. Such a description is complementary to the measure
ments by mass spectrometry (MS) [34]. The comparison is only limited
to the possible identity of the species detected by MS with the species
predicted by the algorithm.
In this work, the computational output is enhanced by the inclusion
of dimers in the interpretation of the mass spectrum, as compared to
our previous work [34]. 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 looking
solely at species diversity, and not their concentration, species with
zero and one half crosslink amount to 68% of all species in the reaction
network, see Fig. 5. Such a variety of species is confirmed by ESI-MS
measurements of the artificially aged EL sample, in positive and nega
tive 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 al
lows 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 in
the spectrum and at least one reactant that makes the species is mat
ched. 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 com
bining 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 ad
justed using the exact masses of the possible ionizing ions for each
mode, thus adding masses of H+, Na+ or NH4+ for positive mode and
subtracting mass of H− or adding mass of CH3COO− for negative mode.
The comparison of the calculated masses with the masses measured
by ESI-MS of artificially aged EL is demonstrated in Fig. 6. The algo
rithm 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 of distinct structures share the same
molecular mass. Supplementary Table lists the molecular structures of
all matched species.
In the mass spectra presented, measured peaks identified by calcu
lation 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 di
mers. The peaks not identified with this procedure may correspond to

Fig. 4. The random graph representation of polymer network. Grey nodes
correspond to monomers fragments, and coloured edges correspond to 3 dif
ferent 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]. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

applied to polymerization systems without a compromise. Recall that
during polymerization, the size and number of chemical species con
tinuously grows in time, and therefore, such species have virtually no
bound on their size. The novelty that we introduced in our previous
work [23] and further extend with approximation of the rate para
meters in this work is that we formulate an ARNG algorithm acting on a
special kind of a random graph. Our random graph[31] consists of a set
of conventional molecular graphs, in which nodes additionally bear
labelled half-edges. A half edge is a bond that is connected to a defined
atom on one side, but has many possible candidates on the other side,
and thus brings the notion of combinatorics to graph representation of
molecules. This concept is illustrated in Fig. 4, where nodes are species
and bonds are (half) crosslinks, and in expanded version in Fig. 2 a,
where the entire atomistic molecular graph of EL is shown. The algo
rithm successively applies the reaction rules formulated for the sub
graphs, which we call reactive patterns [64], and thus generates new
species. This procedure increases the number of monomer structures
until possibilities for a new reaction have been exhausted. The half
crosslinks may be conserved, appear, or disappear as a result of such a
transformation. As an output, the algorithm generates the list of all
(fragment) species and the complete reaction network for them.
To apply the algorithm to EL, we have manually identified 74
subgraph patterns, see Appendix A, and formulated 82 reaction rules,
see Appendix B, acting on such patterns that summarise reports on oil
autoxidation [42,44,46,50,51,57,80] with our standardised notation. A
large part of the reactions involves radicals as they are the most reactive
species. We make a common assumption that multiradicals have neg
ligible concentration, and thus exclude them from the reaction network.
The final reaction network of EL polymerization consists of 3 887 frag
ment species and 3 444 003 reactions, and indicates that initially dis
connected species gradually attain alkyl, ether, or peroxy half crosslinks
as the reactions progress in time, Fig. 1. Each species bears at most
three of such half crosslinks, and therefore the degree distribution has a
maximum degree of three. In this work, the aim of the reaction network
is to account for the formation of all stable products that are found
experimentally and might play a role in paint degradation process, al
though their concentration might be minor. Moreover, reducing the size
of reaction network by formulating it in terms of functional groups is
not a straightforward task due to the presence of patterns that consist of
more than one functional group (patterns 17, 24, 33–36 in Appendix A).
The entire bipartite reaction network has of the order 106 nodes.
6
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Fig. 5. 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. As noted in the legend, colours
of the nodes correspond to the number of half edges they bear, and the inset chart reports the total number of fragment species with 0,1,2,3. and 4 half-edges. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

trimers and higher order oligomers formed by low molecular weight
products, as well as to the products of the reaction pathways not in
cluded 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. Assignment of MS measured masses
to specific chemical species is accompanied by the structural formulas
of the matched molecules, see Supporting information for MDL Molfiles.
Knowing the identity of the majority of the peaks measured by MS
allows us to determine the ranges of peaks produced by particular re
action pathways. General lipid polymerization is characterized by oxi
dation 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 [80]. 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 Fig. 6). As the MS measurements
are performed on the aged EL sample, products of scission span most
of the considered MS interval for both positive and negative modes
indicating the degradation of polymer network [80].

3 887 nonlinear ODEs that describe the time evolution of concentrations
of all (fragment) species. Reconstruction of a reaction network into a
kinetic model is thoroughly described in [23]. The initial concentration
of EL is 3.71 mol/L corresponding to 40 g of technical grade EL [45]. The
concentration of the catalyst is 0.01 M, 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
[49]. 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 measurements for soybean oil, which is representative for
EL as it has high linoleic acid content [81,82].
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 EvansPolanyi approximation [58,60,69,70], see Methods for more details. In
this work we disregard diffusion effects and assume that rate coeffi
cients are constant over reaction time.
Starting with the initial concentrations and pre-calculated rate
coefficients, the kinetic model is solved numerically using a semi-im
plicit multi-step integrator of 5th order (ode15s), assuming a reaction
time of 1000 h as a realistic time span for drying of EL. The ODEs are
solved in 8276 s for the model with drier and in 9301 s for the model
without drier. The outcome of the simulation is the evolution of the
concentrations of all species over the drying time. By aggregating these

3.3. Kinetic modeling
The reaction network for EL autoxidation directly yields a system of
7
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Fig. 6. 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. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

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. Fig. 7 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, oxygen is assumed to play a role of
the initiator. This assumption is based on the results of the work by
Lazzari et al. [80], where the authors show that polymerization of oil
happens in natural lab conditions without additives. The work by
Pfaendtner and Broadbelt [69] suggests that the pre-exponential factor
for this reaction is 1013 L/mol s and the activation energy equals to the
heat of reaction. With this value of the pre-exponential factor, the so
lution of the kinetic model at the room temperature did not exhibit any
observable changes in 1000 h, thus we investigated the behaviour of the
system with higher values for this parameter. Appendix C demonstrates
the sensitivity of concentration profiles to various values of pre-ex
ponential factor of the initiation with oxygen. Starting form the value of
1017 L/mol s, we could observe changes in the system, and with the perexponential factor on the order of 1019 L/mol s the system demon
strated full consumption of EL in simulated time span of 1000 h. Thus,
we used the latter value to obtain the results in Fig. 7 and demonstrate
the difference in the behaviour of the system with and without drier.
The effect of the cobalt drier is visible in all concentration profiles
shown in Fig. 7. An EL conversion of 50% is reached in 20 h without
drier and in 3 h with drier. The drier significantly increases hydroper
oxide decomposition causing a lower maximum of the hydroperoxide
concentration profile. Fig. 7 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 quali
tative behaviour of various functional groups. The concentration de
crease 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 by Oyman et al. [45]. Oxygen uptake
measurements are done in a stirred flask at room temperature in the
presence of cobalt drier. The model predicts less oxygen uptake then the
experimental measurements. This mismatch can be caused by the as
sumption 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 ra
dicals 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 h drying time, as is
shown by the experimental profile from the work by Oyman et al. [45].
The model reproduces the maximum in the peroxide value much ear
lier, at around 1 h 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 dif
fusion 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
8
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Fig. 7. Concentration profiles of various functional groups from the solution of the kinetic model for the case with drier and without drier.

the drying process and then reach a constant concentration. The con
centration of volatiles is under-predicted by the model as an experi
mentally reported concentration reaches the value of 2.5 mmol/mol EL
after 30 h of drying [22]. Epoxides are formed via the reaction me
chanism recently studied by Oakley et al. [58]. Several studies [57,83]
observe epoxide decomposition occurring at late drying stages, how
ever this reaction is not accounted for in the current work, as the re
action 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 h. The concentration of crosslinks reaches a
constant value of 0.5 mol/mol EL, which implies that on average, each
EL monomer takes part in the formation of one crosslink.
The concentration profiles of intermediate species, such as con
jugated double bonds, radicals and hydroperoxides reveal that these
species are consumed at late drying stage. Most reactions contribute to
the formation of crosslinks, but the presence of alcohol, epoxide, al
dehyde 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 5 temperatures in the range of
25–65 °C, as presented in Fig. 8 for the model in the presence of drier
and in Appendix D for the model without drier. It is generally assumed
that drying oil at temperatures less than 80 °C accelerates the auto
xidation without introducing new reactions in the system [80]. The
model seems to confirm this assumption, as the increase in temperature
indeed leads to accelerated formation and decomposition of all func
tional groups, while concentration profiles for different temperature for
most of the groups ultimately converge to the same steady state.

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 [57,83], 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 [45,80].
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 (transC]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 [80]. 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
Fig. 8 in the concentration profiles predicted by the model at 75 °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 [84], so here the
model serves to mitigate experimental limitations and to aid quanti
fying the amount of carboxylic acid in the system. Note that, with re
spect to carboxylic acid, that in the field of restoration and conservation
of oil paintings, the presence of this oxidation product is an important
marker of the condition of the painting as, interacting with metal pig
ments, it triggers the formation of metal soaps that are harmful to a
painting [36]. 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
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Fig. 8. Effects of different temperatures on the solution of the kinetic model with drier.

Fig. 9. 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 the white dots.

Exceptions are formed by end products like alcohols and carboxylic
acids. The steady-state concentration of alcohols at late drying stage
decreases with the increase of temperature, whereas carboxylic acid
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 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
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Fig. 10. (a, b) Relative fractions of fragments with different configurations of half crosslinks are plotted as a functions 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 steady state. 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 on the late stage of drying (at 1000 h); (f) average molecular weight of
soluble fractions.

and on whether or not they have undergone -scission. Hence, there are
significantly more different monomer units (namely, 3 887) than in most
synthetic copolymers.
In addition to the heterogeneity of the monomer units there is also a
variety of crosslinking types. EL monomers form up to three different
crosslinks per monomer of three different types: alkyl, ether and
peroxy. Fig. 10 a,b shows the concentration profiles of all chemically
possible crosslink configurations per monomer for the cases with and
without drier. Only the most probable configurations of crosslinks per
monomer are included in the plot. Both plots demonstrate that the
peroxy crosslink is the most abundant in the system.
The heterogeneity in monomer units and crosslink types makes it
virtually impossible to arrive at two identical large polymer molecules,
even when they are formed under the same conditions. In view of this
fact, one should not regard exact instances of the structural polymer
networks but rather the average properties of network ensembles – thus
random graphs. For instance, one may characterize the ‘size’ of a
polymer molecule by reporting the number of constituent fragment
units, which can be directly derived from the degree distribution of the
monomer units by using the properties of the underlying random graph
[31]. Here, we will elucidate the variety of higher order oligomers’ and
finite polymer’s properties that can be extracted from connectivity
profiles.

future may be expanded and lead to a model reduction [85]. The preexponential 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 Fig. 9. 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 ra
dicals. This analysis confirms the expectation that the peroxy groups
play a decisive role in the autoxidative drying processes.
3.4. Concentration of oligomers
Solving the ODE system associated to the reaction network of EL
provides the concentration profiles of polymer constituents with their
connections and of small species that do not belong to the polymer
network. The random graph interpretation of such fragments allows
discussing the macromolecular or global properties arising from the
model for the oligomers, which are still finite in their size molecules
(sol). It should be noted that the fragment species have sizes varying
around the size of the EL monomer, depending on their oxidation state
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Some units, see Fig. 4, 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. Such a combinatorial matching procedures
are studied using random graphs [29,30,31,86–89]. Ref. [31] specifi
cally addresses the implications of crosslinks of different types (colours)
and provides analytical expressions for several quantities relevant in
chemistry. Here, we answer questions about two of such chemically
motivated quantities, 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?.
We start with the evolution of the coloured degree distribution [31]
as predicted by the model, see Fig. 10c, d, in the presence of drier and
without it, and present the resulting macromolecular size distributions.
It turns out that in presence of drier monomer units are dominantly
appearing as three-functional nodes, whereas under no-drier conditions
two-functional nodes are most abundant – a considerable difference in
the local connectivity pattern. In both cases, the fraction of crosslinks is
sufficient to achieve a highly connected network resulting in around
94% of the material being present as gel. However, the remarkable
difference in the local connectivity pattern may suggest that the ma
terial might feature different physical and mechanical properties, such
as elasticity [90].
Fig. 10e, 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 CoEH consists mainly of dimers. The result is in agreement with the ex
perimental data by Muizebelt et al. [91], where same conclusion is
drawn for the long-term behaviour of EL in the presence of the same
drying 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 struc
ture 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 pre
sent in the system until the final state, amounting to about 5% of all
fragments.

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 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 ad
dition, bis-allylic hydrogen abstraction by peroxy radical, and peroxy
radical recombination are the most influential reactions on the con
sidered set of functional groups. Such sensitivity results may indicate
which reaction families are worth considering in the parameter esti
mation procedure.
A major challenge for the developed model was to obtain the
properties of higher order oligomers resulting from EL autoxidation.
Using the ideas from random graphs, namely the coloured configura
tion model we were able to calculate the average molecular weight in
the sol part of the system and weighted size distribution of finite
polymer molecules, which is in line with experimental data.
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 estima
tion. 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. Additionally, uncertainty quantification is an im
portant next step for such large systems involving numerous para
meters. 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. Furthermore, we will use the concept of fragment species to
reconstruct kinetic models of larger molecules than EL, such as trigly
cerides. The methodology presented in this work is generic, and we
expect it can be applied to model complex polymerization of many oils
and hydrocarbons.
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Appendix A
Fig. 11.

Fig. 11. All patterns used to define the reaction scheme.
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Appendix B
Reaction family

reaction

Co(III)OOR decomposition: [Co(III)OOR]
Hydroperoxide decomposition: ROOH

Co(II) + ROO

R25 → P23
R32
P24
R10
P3
R31
P18
P4
R17
P15
R24
R35
P19
R36
P19
R3
R1

RO. + HO.

-scission (see pathway 1 in Figure 1): RO.
RC(O)H + R.
-scission (see pathway 2 in Figure 1)
Epoxidation from ROOH (see pathway 2 in Figure 1)
Co(III)OOH
Co(II) + HO2.
Primary initiation:
Co(II) + O2
Co(III)OO.
Oxidation: R. + O2
ROO.

Secondary initiation: RH + Co(III)OO.
Hydrogen abstraction: RH + ROO.

Hydrogen abstraction: RH + RO.

R 1 + R4
R 8 + R4
R20 + R4
R19 + R4
R39 + R4
R 2 + R7
R2 + R 7
R 9 + R7
R9 + R 7
R21 + R7
R21 + R7
R11 + R7
R11 + R7
R29 + R7
R29 + R7

R. + Co(III)OOH

R. + ROOH

R. + ROH

ROOH decomposition with catalyst
RO. + [Co(III)OH-]
ROOH + Co(II)
Recombination: R. + R.

ROOR

Recombination:RO. + RO.

ROOR

#
Recombination:R. + RO.

R10 + R1
R11 + R5
R31 + R1
R29 + R5
R 8 + R8
P13 + P13
R19 + R19
P8 + P8
R20 + R8
R26 + P13
R20 + R19
R26 + P8
R20 + R20
R26 + R26
R19 + R8
P8 + P13
R39 + R8
P27 + P13
R39 + R19
P27 + P8
R39 + R20
P27 + R26
R 8 + R9
P11 + R14
R19 + R9
P9 + R14
R20 + R9
R27 + R14
R21 + R8
R27 + P11
R21 + R19
R27 + P9
R21 + R20
R27 + R27
R39 + R9
P28 + R14
R39 + R21
P28 + R27
R11 + R11
R14 + R14
R29 + R11
R27 + R14
R29 + R29
R27 + R27
reaction
R11 + R8
R15 + P12
R19 + R11
P14 + R15
R20 + R11
R28 + R15
R29 + R8
R28 + P12
R29 + R19
R28 + P14
R29 + R20
R28 + R28
R39 + R11
P29 + R15
R39 + R29
P29 + R28
R18 + R9
R20 + R10
R18 + R21
R20 + R31
R18 + R11
R20 + R13
R18 + R29
R20 + R23
R22 + R18
R23 + P6
R10 + R5
R25 + R6
R31 + R5
R32 + R6
R14 + R14
P30 + P30
R27 + R27
P31 + P31
R27 + R14
P31 + P30
R9 + R12
R14 + R33
R9 + R12
R14 + R34
R33 + R14
P32 + P30
R34 + R14
P32 + P30

RR

Recombination:R. + ROO.

ROR

Hydrogen abstraction: RC(O)H + ROO.
Hydrogen abstraction: RC(O)H + RO.

RC(O). + ROOH
RC(O). + ROH

Bayer Villiger:RC(O)OOH + RC(O)H
2RC(O)OH
ROOH + [Co(III)OH-]
[Co(III)OOR] + H2O
ROOR decomposition: ROOR

R2
P10
R21
P7
P26
R3 + P1
R3 + P2
R10 + P1
R10 + P2
R31 + P1
R31 + P2
R13 + P1
R13 + P2
R23 + P1
R23 + P2

RO. + RO.

Addition (see Figure 1)
Epoxidation from ROOR (see pathway 1 in Figure 1)
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Hydrogen transfer: RH + R.

Recombination:ROO. + ROO.

R. + RH

ROOR + O2

[Co(III)OOR] + ROOH
[Co(III)OOR, HOOR]
[Co(III)OOR,OH]
ROO. + [Co(III)OH-]

Russell termination:ROO. + ROO.

RO. + [Co(III)OOR,OH]

ROH + R(O) + O2

R 8 + R7
P33 + P1
R8 + R 7
P33 + P2
R19 + R7
P34 + P1
R19 + R7
P34 + P2
R20 + R7
R18 + P1
R20 + R7
R18 + P2
R 9 + R9
R14 + R14 + R4
R21 + R9
R27 + R14 + R4
R21 + R21
R27 + R27 + R4
R25
R25
R32
R32
R30

+
+
+
+
+

R10
R31
R10
R31
R30

R11 + R9 + R5
R11 + R21 + R5
R29 + R9 + R5
R29 + R21 + R5
P21 + P22 + R4

Reaction rules formalising the chemical reactions on the level of reactive (Ri) and nonreactive (Pi) patterns, as defined in Table 1.
Appendix C
Fig. 12.

Fig. 12. Concentration profiles of various functional groups from the solution of the kinetic model for the case without drier with various pre-exponential factors of
the initiation with oxygen.
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Appendix D
Fig. 13.

Fig. 13. Effects of different temperatures on the solution of the kinetic model without drier.

Appendix E. Supplementary data
Supplementary data associated with this article can be found, in the online version, at https://doi.org/10.1016/j.cej.2020.126485.
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