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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
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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
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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

6

1

1. Introduction
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
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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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