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Abstract

Mathematical modeling of intracellular processes is an actively developing field of study.
Different scientific groups use various approaches and principles for the modeling of all range
of processes, from single biochemical reactions to cellular metabolism. Each of the
approaches used has its advantages and disadvantages and requires different input. This article
includes the review and analysis of the modern works in the field. The main approaches to the
modeling of intracellular processes are discussed, including flux balance analysis, Petri nets,
thermodynamics approaches for systems far from equilibrium, “black-box” modeling etc.
Also the article involves the analysis of approaches to the structures of mathematical models,
organization of links between sub-models and the possibilities of use of various methods
while modeling a single metabolic process or a metabolism of a certain microorganism.

Keywords: mathematical modeling, intracellular processes, metabolism, systems far from
equilibrium, Petri nets

Introduction

Representation of intracellular processes as mathematical models allows researching in
silico and using the results as a base for planning further experimental work. Mathematical
models are expected to become very helpful in detection of functions of almost every gene in
cell and in the long term will make a significant contribution in general picture of processes in
biological systems [1].

Nowadays the modeling of metabolic fluxes became the object of greatest interest [2, 3].
First approaches to this kind of simulation formed in early 90° of last century [4, 5] and today
are widespread. This type of simulation is known as Flux Balance Analysis (FBA).
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Such models give an idea of the material balance of intracellular processes in stationary
conditions and in case of a complete model they allow to predict phenotype on the basis of
genotype [3].

One of the most important aspects of simulation process is to respect the order of the
reactions in a simulated metabolic pathway. At the same time it is necessary to count properly
the changes in amount of substance in each of the reactions. Such control should help, for
example, in identifying the limiting reaction in metabolic pathway. Currently there are
various approaches in solving this problem: using different types of algorithmization, using
mathematical apparatus, graph algorithms, in particular Petri nets [6-8].

In general today mathematical simulation of intracellular processes is actively developing
branch, which can be very useful both for scientific research and for solving practical biotech
problems. Below we will examine some approaches to simulation which are applied
nowadays.

Analysis of Metabolic Fluxes

Today the most widespread method of modeling is a method of analysis of metabolic
fluxes. It gained popularity on the grounds of its simplicity, informativity and relatively low
computational cost of developed models [9]. In this type of modeling metabolic flux means
the rate of transformation of substance in the metabolic pathway. So the rate of proceeding
reactions is analyzed when writing the equations. Consequently, the left side of the equation
will represent the speed of transformation of analyzed metabolite - dSi/dt, and the right side
will summarize the rates of reactions leading to increase or decrease in its concentration. For
example, consider the following reaction scheme:

U1
—===— 0
V1-3
v
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where:
S1, Sz, Sz — metabolites;
V1, Uy, V1_3, Ua_3, U3 — Feaction rate;
X — stoichiometric coefficient

For the offered reactions scheme we can write the following system of equations:
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as
d_: = XVq1_3 + XVUy_3 — V3

To sum this approach we can write down generalized equation:

2 = SVt — Svou @)
where:

v — rate of i reaction which leads to increasing the concentration of metabolite;

Voue j— rate of j™ reaction which leads to decreasing the concentration of metabolite.

A number of studies [10, 11] contains one additional summand in the equation (2) — rate
of growth L. It is noted that cell growth leads to a slight dilution of the metabolites, but the
study [11] emphasizes that the dilution is not significant and does not substantially affect
model accuracy. Taking into account the growth rate, the equation (2) can be written in a
following way:

as;
a Zvin_i - Zvout_j — uS; (3)

Offered equations are solved in stationary conditions, which means, on the assumption
that the system equilibrium is established [9]. In this case, the equality between fluxes leading
to the formation of metabolite and fluxes leading to decrease in its concentration must be

respected. Consequently, for example in the equation (3) the derivative % will be equal to
zero and the equation itself will look like:

XVini — XVourj — S =0 (4)

For stationary conditions solution of the system of equations is performed to maximize or
minimize one or more metabolic fluxes. For example the system of equations (1) for
stationary state can be written as:

v — xv;3=0 )
Uy — xvz_g =0
XVq1_3 + XVUy_3 — V3 = 0

The solution can be conducted to maximize the metabolic flux vs:
y = v3; = max (6)

where: y — the target function.

The complexity of these models depends on the number of analyzed fluxes.

Let us consider further some possible applications for the method of analysis of the
balance of metabolic fluxes. Today the use of metabolic models has shown its effectiveness in
the selection of potential strains, nutrient mediums, products and also in identifying ways to
increase efficiency in the production of biofuels or pharmaceutical preparations [12-14].
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In the study [11] the method of analysis of balance of metabolic fluxes was used to
compute metabolic fluxes associated with biological carbon fixation. The authors compared
six known types of fixation [11] on the criterions of maximizing the growth of biomass and
energy efficiency. Three of them are present in phototrophic organisms: reductive pentose
phosphate cycle (Calvin cycle), reductive citric acid cycle (Arnon cycle), 3-
hydroxypropionate cycle. Their needs of light quanta (the number of photons absorbed) was
calculated and compared. The most effective on this parameter is Arnon cycle (11 photons),
then goes Calvin cycle (13.9 photons), and the least effective is 3-hydroxypropionate cycle
(15.3 photons). The number of moles of photons for each photoautotrophic pathway of carbon
fixation was converted into the total amount of energy in kilojoules spent on fixation of CO».
Fixation of one mole of CO> in Calvin cycle requires 2439 kJ, in Arnon cycle — 2401 kJ, in 3-
hydroxypropionate cycle — 3152 kJ. It is interesting that overwhelming majority of all
primary products on the planet is made through Calvin cycle which is not the most effective.
Three more pathways of carbon fixation work for chemotrophic organisms: reductive acetyl-
CoA pathway (the pathway of Wood-Ljungdahl), 3-hydroxypropionate/4-hydroxybutyrate
and dicarboxylate/4-hydroxybutyrate pathways. After computing the thermodynamic
efficiency of all six pathways of carbon fixation it has been found that three chemotrophic
pathways (the pathway of Wood-Ljungdahl, 3-hydroxypropionate/4-hydroxybutyrate and
dicarboxylate/4-hydroxybutyrate pathways) are more effective than photoautotrophic
pathways (less than 1000 kJ/mole CO;). However, after inclusion to the analysis of the
parameter of energy consumption for the generation of hydrogen from sunlight it turned out
that energy consumption of chemotrophic pathways increases 5 times.

The overall efficiency, calculated by dividing the heat of biomass combustion by the
amount of energy spent on the biomass synthesis, is highest for the Arnon cycle (25.3%).
Calvin cycle is a little less effective (24.9%). Thus, from a practical point of view (taking into
account the spendings for hydrogen production), the most effective of the six pathways is
Arnoncycle, the Calvin cycle is not far behind. Chemotrophic pathway of carbon fixation can
become profitable only with the development of cheap hydrogen generation technologies. For
the synthesis of various metabolic precursors one pathways of carbon fixation may be more
effective than others.

Effectiveness of researches of microorganisms’ metabolism leads to the fact that today
there is an opportunity to simulate the maximum possible number of metabolic pathways of any
organism. In the study [3] its authors presented the results of the work on the comprehensive
model of the bacterium Mycoplasma genitalium. The reason for choosing this bacterium was its
extremely small genome, which consists of only 580 070 base pairs. Also, the genome of M.
genitalium was completely sequenced in the period from 1993 to 1995 [15]. In 2008 the results
of successful synthesis of the genome of the bacteria were published [16].

Before designing the model, the authors [3] have analyzed about 900 publications to
gather information about intracellular processes of M. genitalium. This modeling was aimed
to predict the phenotype by genotype and to try to describe the life cycle of cells, following
changes in metabolic fluxes, as well as to try to assess the balance of metabolites at different
periods of the cell life. In this study the metabolism was modeled by the method of balance of
metabolic fluxes. The work [17] where the most complete metabolic map of M. genitalium
was published, was taken as a basis for modeling. At the same time, degradation of RNA and
proteins were modeled as a Poisson process (detailed description of the stochastic process is
presented in [18]). In general, authors [3] developed 28 sub-models describing different
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intracellular processes. Thus, they faced the challenge of integrating all sub-models into a
single system. Today, these methods of integration are already under development [19-22].
For the integration of sub-models in this model, authors have assumed autonomy: each of the
sub-models for a very short period of time (less than 1 second) is autonomous and
independent from the other sub-models. During each iteration of the calculation each of the
sub-models makes calculation based on the data received by all sub-models during the
previous iteration.

All the variables in the model were divided into five major groups: processes associated
with DNA, processes associated with RNA, processes involving proteins, processes involving
various metabolites, and others which include all the processes excluded from first four
groups. Testing of the model was carried out according to published reports, using more than
1,900 different parameters. For testing key parameters have been chosen, and their known
values were compared with the simulation results. The point of testing itself was to simulate
128 cells of the wild strain of M. genitalium. The result of testing is R? = 0.68, considering
analysis of cellular chemical composition, weight, and gene expression.

In general, the developed model showed a strong correlation with real data. So, the model
was able to predict that the material flux through glycolysis was significantly higher than
through pentose phosphate pathway or through the biosynthesis of lipids, which corresponds
with experimental data [23].

One of the problems authors tried to solve by means of the developed model is prediction
of behavior of DNA-binding proteins. Today active researches in the field of distribution of
DNA-binding proteins [24, 25] and their diffusion dynamics [26] are being conducted.
Relying on published data authors [3] included into their model 30 DNA-binding proteins,
including DNA and RNA polymerases and replication initiator DNA.

Results of model calculations show that during the first 6 minutes of the cell cycle 50%
of the chromosome is getting connected with at least one protein, and within 20 minutes
already 90%. The basic protein is an RNA polymerase which binds to 90% of chromosome
during the first 49 minutes of the cell cycle.

The model [3] was used to conduct in silico the research aimed to determine single genes,
which significantly influence the growth of the microorganism. As a result of more than 3,000
simulations the authors were able to determine 284 genes that are essential for cell growth.
The comparison with the experimental data presented in [27] showed that accuracy of the
model for this task was 79%.

Global distribution of energy is one of most interesting problems solved with the help of
a mathematical model of M. genitalium cells. During the simulations provided by means of
this model authors [3] determined the dynamics of the synthesis and consumption of energy
intermediates ATP, GTP, FAD(H2), NAD(H) and NADP(H). Among the results of these
simulations the most interesting was the imbalance between consumption and energy
production, which amounted to 44%. It should be mentioned that the approach to
determination of energy balance through the balance of energy intermediates today is actively
studied by different research groups [2]. Let us consider further the results of this study in
details.

In the study [2] simulation was carried out by means of method of balance of metabolic
fluxes which was used by the authors to find the balance of intermediates ATP, GTP,
FAD(H2), NAD(H) and NADP(H). They looked into the processes taking place in the
microorganism Mycoplasma pneumonia, metabolism of which described sufficiently for
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modeling [23]. The developed model includes a number of subsystems, which describe
processes related to power production, amino acids, nucleotides, lipids and metabolism,
including cofactors, as well as the reaction of transport. Processes of biosynthesis of DNA,
RNA and proteins were also included into the model. The authors analyzed the literature data
and series of experiments to determine the balance of biomass in stationary conditions. As a
result, they took the following equation of biomass for the model:

By = Mpya + Mgya+ Mpros + Mlip + Mps + My, + Mfa + Mcf (7

where:

Bm — biomass;

Mbna, Mrna, MprotMiip, Mbs, Maa, Mra, M¢s — biomass of DNA, RNA, proteins, lipids,
bases, amino acids, fatty acids and cofactors respectively.

Model testing was carried out with use of own experimental data and results of published
researches [28, 29].

The first task for the developed model was simulation of biomass growth. In simulation
the growth was carried out within 4 days on glucose with pH value ranging from 5.5 to 8.8.
Under these conditions secretion of lactic and acetic acids was observed, as well as increase
of copies of lactate dehydrogenase in cell from 203 to about 1,000 for the entire simulation
period. These results are consistent with the experimental data presented in [30].

Analysis of energy balance of M. pneumonia in silico in the study [2] established that in
conditions of normal growth after 36 hours the rate of ATP synthesis is about 60,000
molecules per second. Then authors conducted a simulation of bacteria growth and compared
the growth of biomass with consumption of energy in the form of ATP. The result detected
significant difference between the experimental data (in particular [31]) and the model. The
authors [2] concluded that, apparently, at the stage of culture growth there is a number of
other reactions requiring ATP. The analysis of reactions requiring ATP in silico revealed that
approximately 71- 88% of the available ATP is not used in processes of biomass increase. It
was found out that after 36 hours of growth 9.8% of the total energy goes into protein
synthesis and degradation, 8.4% into RNA synthesis and less than 0.1% into DNA synthesis.
Lipid synthesis requires 0.5% of the available ATP molecules, 5.9% are consumed in the
synthesis of secondary metabolites, precursor’s consumption and for other processes. These
calculations considered information [30] concerning half-lives of proteins (23 hours) and
MRNA (1 minute). Authors decided to use this data in order to compare the energy
consumption of growth-related processes and processes which are not related to growth. They
found out that even during the exponential growth the input of ATP to maintain it do not
exceed 7%. This distribution correlates with the data presented in [3], and perhaps its analysis
in future will allow defining the calculated 44% imbalance between the production and
consumption of energy intermediates.

In the forecited examples there was talk of prokaryotes, however, to date simulations
using method of metabolic flux balance is also used for eukaryotes [32, 33]. Obviously, many
of the models are created for the most studied microorganism — yeast Saccharomyces
cerevisiae, genome of which has been completely sequenced by 1996 [34].

In the study [35] 234 reactions associated with the processes taking place in the
mitochondria of S. cerevisiae were simulates. The modeling showed that during growth 138
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reactions have zero rate, and stationary growth of mitochondria provided by the transport of
proteins, amino acids, GDP, CDP, ions Fe;O, protoporphyrin IX and ATP from cytoplasm.
Qualitatively, the calculations are generally match with the experimental data.

The genome-scale metabolic model of Geobactermetallireducens consisted of 747 genes
and 697 reactions including 118 unique reactions [36]. The central metabolism of G.
metallireducens contained some energy-inefficient reactions. Benzoate up-regulated the genes
for these reactions during growth on the complex electron donors for rapid energy generation.
The metabolic model also shows similarities and differences to the model of a related species
G. sulfurireducens.

The study of metabolically versatile organism Rhodoferaxferrireducens included iterative
modeling and experimental approach [37]. Some previously unknown physiological features
such as an expanded range of substrates that support growth have been discovered, as well as
the stoichiometry of the electron transport chain and the ability to grow via fumarate
dismutation. The genome study showed that subsurface growth is inherent to R. ferrireducens
due to the ability to deal with various environmental insults (heavy metals, aromatic
compounds, nutrient limitation and oxidative stress).

A three-dimensional reconstruction of the central metabolic network of
Thermotogamaritima has been generated [38]. The network consisted of 478 proteins, among
them 120 were determined by experiments and 358 were modeled. Among the proteins small
number of basic shapes (folds) performing diverse but related functions dominated. The
expansion of the essential core by nonessential proteins is gained with a few additional folds.

Ralstoniaeutropha is one of the most promising biotechnological objects. The genome-
scale lithoautotrophic metabolic model of R. eutropha was created [39]. The stoichiometric
model comprised 229 transport reactions and 1171 metabolites. The growth characteristics
under lithoautotrophic conditions under varying gas mixtures were studied. Then the
strategies for the production of poly-3-hydroxybutyrate under different pH values and
carbon/nitrogen source uptake ratios were designed using themetabolic model. The targets for
metabolic engineering essential for the production of 2-methylcitric acid in R. eutropha were
identified using in silico gene knockout simulations.

In the work of Montagud et al. [40] the metabolic model of a cyanobacterium
Synechocystis sp. PCC6803 including 882 reactions (669 genes and 790 metabolites). The
detailed biomass equation contained elementary building blocks for cell growth and detailed
stoichiometric representation of photosynthesis. The in silico metabolic engineering
simulations allowed to identify and assess a set of gene knock-out candidates towards
enhanced succinate production, as well as gene essentiality and hydrogen production
potential. Metabolic hot-spots were also found around which gene regulation was dominant
during light-shifting growth regimes.

The physiological group of purple nonsulfur bacteria consists of members possessing an
extremely versatile metabolism. They can respire in the dark in the presence of oxygen, or
grow by fermentation anaerobically on various organic substrates. In anaerobic conditions in
the light purple nonsulfur bacteria can grow photoheterotrophically using organic substrates
as carbon and electron source, or photoautotrophically with carbon dioxide as carbon source
and various electron donors (elemental sulfur, thiosulfate, sulfide, hydrogen, ferrous iron)
[41-43]. Bacteria can switch between different types of growth when the environmental
conditions change. This ability allows them to survive and even thrive in diverse natural and
anthropogenic ecosystems [44-48]. The modelling of the complex metabolic network of
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purple nonsulfur bacteria is a challenge largely solved in a recent paper by Hédicke et al. [49].
The authors studied the central metabolism of three purple nonsulfur bacteria
(Rhodospirillumrubrum, Rhodobactersphaeroides and Rhodopseudomonaspalustris) and
made its stoichiometric model. Different environmental scenarios were studied then with the
help of the flux variability analysis: photoautotrophic growth with hydrogen as electron
donor, photoheterotrophic growth on different substrates and the role of Calvin cycle in this
process, photoheterotrophic acetate metabolism (which is different in all three species
studied), aerobic and anaerobic growth in darkness. The authors showed that biomass yield
and CO- release could be calculated for a certain substrate and catabolic pathway. It
correlated well with the experimental data. The role of Calvin cycle and other pathways in
photoheterotrophic growth were discussed. The metabolic pathway model constructed by the
authors allowed to interpret the experimental biological data and to understand better the
global redox balancing mechanisms in purple nonsulfur bacteria. Moreover, the model gives
the opportunity to design in silico new genetically engineered bacterial strains capable of
biohydrogen, biopolymers, porphyrine production.

Thus, the forecited review shows that today the method of analysis of the balance of
metabolic fluxes found an extensive use and allows getting adequate predictions on the results
of the simulation. At the same time, this method has several drawbacks, in particular it gives
opportunity to analyze only the steady metabolic flux distribution and does not take into
account such factors as transportation, diffusion processes in cytoplasm, and others. And
lastly, the stationarity of method prevents from effective analyze of dynamics of intracellular
processes.

Models Based on Petri Nets

The method based on Petri nets is also widespread in the modeling of intracellular
processes [6, 7]. Let us begin the review of models with short brief of these nets and
principles they are based on.

Petri net is a set of mathematical procedures made for the simulation of dynamic systems
[50-52]. In fact the net is a bipartite directed graph, where there are two types of points —
positions and transitions. Positions are passive net elements, and in modeling of intracellular
processes it can be certain factors, condition or chemical mixtures. Transitions respectively
are active elements of the system - like, certain events and actions, such as chemical
reactions. Points are connected to each other via arcs which represent interrelation between
the active and passive elements. In fact the arcs describe which reactants transform into
products due to a chemical reaction. It is also possible to assign to arc a multiplicand which
will make allowance for stoichiometry of the modeled reaction. Shifts of material balance
which become a result of reactions and transportation are modeled using tokens that move
from one node to another in the direction of the process. All relocations of tokens are made in
a way so their number in any given point characterizes the state of the system at a certain
time. Thus, the work of Petri net in effect is relocation of tokens through the nodes. Where in
following conditions are satisfied:
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1. Moving of token is possible only if all the previous nodes are filled, so at least a
stoichiometric amount of reactants is available for the reaction and arc factor is taken
into consideration;

2. During operation all the tokens move from the basic (input) to the output points
according to the multiplicands;

3. All events in net (token passing) occur automatically or in accordance with selected
timeline.

Let us examine the same reaction we described for the method of analysis of metabolic
fluxes balance and create a simple Petri net, that will describe it.

S+ S, - xS, (8)

For the sake of simplicity, let us assume that stoichiometric coefficient x is 3. Figure 1
represents the initial state of the net and the result of the reaction. In the initial state (the left
part of the Figure) there are two moles of substance S; and one of Sy, in the Figure they are
marked with black dots in the objects S and S. The right part of the Figure shows the result
of reaction: three moles of substance Sz and one of S;, which didn’t enter the reaction as
stoichiometric odd. In this example S3, Sz and Sz are the positions and r is transition.

5, d T’O A i —3>®
O ol

Figure 1. Petri net functioning, which describe the reaction 8.

As is seen from the description, the models based on Petri nets are not strictly formal
reflection (or even approximation to it) of intercellular processes. The principles of net
functioning are adaptive enough to create a rough analogue of modeled processes on the
ground of already developed set of rules. As the work of this analogue is based on known set
of rules, it can be successfully used for the analysis of the simulated process. That’s why Petri
nets are actively used nowadays for modeling of intracellular processes [6]. Next we will
consider some successful examples of their application.

Let us begin with the work [53] in which the authors constructed a model based on Petri
nets for modeling of such a complex phenomenon as apoptosis. This phenomenon stirs a
significant scientific interest [54, 55]. Cell apoptosis is a subject of numerous studies [55-58].
In their model, authors [53] have tried to reflect two most-studied signaling pathways [56] —
receptor-dependent and mitochondrial. Authors did not include inhibitors of apoptosis to the
model as in their opinion, the influence of these substances is external to the simulated
process and so they can be neglected not to complicate the model. Adding of inhibitors’
influence is also possible by making changes in original data of the model. In developing the
model, its authors took into account the intersection of two signaling pathways through a
regulatory protein Bid. For purposes of accounting of enzymes involvement in reactions
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authors implemented test arcs which doesn't suppose the reduction of number of enzyme
molecules catalyzing the reaction. Input signals generate tokens at initial positions and they
cut in the net in accordance with the set of rules. At the ending positions tokens are absorbed
and removed from the net as the output signals.

Verification of model was carried out by analyzing the transitions resulting in changes in
the amount of substance during the reaction [53]. In case of model inadequacy inadequate
growth or reduction of the amount of substance can be shown, or the model will demonstrate
the cyclical behavior. When authors introduced to the model various combinations of basic
data, they received one of described in literature apoptosis signaling pathways, and so they
didn’t get variants with in-progress job of net, with impossible signaling pathways or endless
accumulation of the substances. Thus the authors' analysis with different input signals showed
that model adequately describes the given signaling pathways of apoptosis.

An important advantage of Petri nets is accountability of temporal factors. They can be
accounted after extending the set rules that govern the token movements or after adding new
positions, which would carry out the calculation using those or other systems of equations. An
example of such a hybrid Petri net is described in a study [59]. Its authors modeled the signal
circuit of dopamine and used it for analyzing delays and noise in the circuit. Another interesting
example is presented in work [60], where the authors introduced the stochastic set of rules to
account the temporal factor of signaling pathway of interleukin 1. This method helped to define
limitative steps of this signaling pathway, which are much slower than others and so have a
significant influence on the entire signal way.

As you can see from the above examples Petri nets are sufficiently flexible and
interesting method of modeling of intracellular processes. However, this modeling method is
a system of mathematical rules, which is not an explicit reflection of simulated processes and
carries a substantial degree of conditionality. Thus, this method has lower capabilities in the
matter of gaining of new information about the object in comparison with the method of
metabolic fluxes balance. At the same time in modeling using Petri nets set of rules can be
significantly expanded what is successfully shown in works [59, 60]. Complication of factors
and positions also looks like a promising trend in application of this type of modeling. For
example, the introduction of positions with inscribed formulas calculates given process with
more accuracy than modeling with set of net rules. It is quite easy to integrate into such a nets
degradation of proteins and RNA, model them, for example, by analogy with [3] as a Poisson
process. In general we can conclude that Petri nets due to their flexibility are very interesting
tool for modeling the intracellular processes.

Thermodynamics of Systems Far from Equilibrium and Some Aspects of Its
Application in Modeling of Intracellular Processes

Thermodynamics of chemical reactions with fluctuations in concentrations today became a
point of interest as a theoretical basis for description of various biochemical systems [61, 62].
The theoretical possibility of chemical reactions and diffusion, resulting in spontaneous
evolving of the system into spatially-nonhomogeneous structures was originally demonstrated
by Alan Turing [63]. The basic equation for reaction with regard for diffusion can be written as:
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Z—: = DV?u + f(u,p) 9)
where:

u — vector of concentrations of substances involved in the process;

D — matrix of diffusion coefficients;

p — parameters describing the kinetics of the process.

Function f(u,p) characterizes the system under study. Kinetic equations of ongoing
reactions serve as the description. A classic example [64] of such a description is the
following system of reactions:

XA (10)
2X+Y-3X
B-Y

For the system (10) this type of equations (9) will look like [63]:

% = D1V2u1 + kza - klul + k3u12u2 (11)
ou,

? = D2V2u2 + k4b - k3u12u2
where:
ui, Uz, a m b — concentrations of X, Y, A, B respectively;
K1...ks — Kinetic constant.

Obviously, if f(u,p) = 0, the steady state is observed in the system. Turing in his work
[63] has shown that for certain values of the kinetic parameters and diffusion coefficients
such a stationary state can pass into unstable, and in case of diffusion, can evolve in a
spatially inhomogeneous structure. This effect is observed if one of the parameters is
subjected to bifurcation.

Belousov was the first who observed a chemical reaction with auto-oscillations. His work
was published in 1959 [65]. In this work Belousov tried to find an analogue of the Krebs
cycle in the non-living systems. Then this reaction has been studied by Zhabotinsky. The
results [66, 67] caused considerable interest, both from the point of view of studying the auto-
oscillatory processes in chemistry, and also concerning the possibility to get mathematical
description of autowave processes. Starting out from the Belousov-Zhabotinsky reaction, by
now was discovered a big number of autowave chemical reactions. Among these systems we
can mention:

e Briggs-Rauscher reaction [68];

e PA-MBO - polyacrylamide—Methylene Blue—sulfide—oxygen system [69];
e FIS - hexacyanoferrate(ll)-iodate—sulfite reaction [70, 71];

o CIMA - chlorite-iodide—malonic acid—starch reaction [72].
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Detailed description of theoretical questions concerning autowave chemical reactions is
presented in studies [9, 73, 74].

In this article we will take a closer look only on certain issues related to the autowave
processes that are more interesting from the point of view of possible application in modeling
of intracellular processes.

CIMA reaction is so appealing because in a great measure it reflects the results of
calculations Turing introduced in his work [63]. For this reaction a mathematical model [75-
76] was developed. The fundamental principles of this model we will consider below. It is
based on the following reactions:

MA + I —» IMA +T + H* (12)
ClO;+I"—>ClOy + % 1,
ClOy + 41"+ 4H" — CI" + 21, + 2H,0

MA — malonic acid.
Reaction rates are determined according to the following equations:

_ falMAlL)
1= wq+[I3]
ry = ky[CLO,][17]
10~ [cL07 111,117
1y = ksg [CLOFIUIIH ] + ks (20N

(13)

where:
k1, K2, K3a, K3p, W1, W3 — constants.

The main difficulty in modeling of the system is to determine the diffusion coefficients.
The authors [77] assumed that iodide — gel or starch reaction may be applied to reduce the
rate of diffusion of the activating reaction substance. Basing on this effect we can get the
diffusion coefficients which lead to formation of Turing structures as a result of CIMA
reaction. In this case, the model will look like:

ou 4u U

a—’;:kl—u—ﬁ-l-vzul (14)
Ous _ _ Wik 2 ]
e = [ks (w0 = 308) + P

Computational modelings showed the formation of Turing structures in the system.

The key parameter in development of such models is diffusion coefficients [61]. In study
[78] presented an approach to determining of these coefficients. Let us consider it by the
example of a simple reaction (description by [61, 78])

U+SeoC (15)
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After writing down the equation (9) for each of the substances we get the following
system:

ou

= fwv) —rus+nc+ D, V*u (16)
a
a—’; = g(u,v) + D,V?v
dc _
E - TluS - TZC
where:
U, s u ¢ — concentrations of U, S u C respectively;
71— On-rate;
r,— off-rate.

In case the reaction rates are high, the analysis of system (16) can show the S
concentration is close to initial.

Addition of the first and third equations in the system (16) derives the equation for
concentration of u:

(1+7) Z—l: = f(u,v) + D,V*u 17)

wherer = s, :—1 so — initial concentration of the substance s.
2
Thus if r is much greater than unity, diffusion of substance U significantly reduced.
This approach to modeling of chemical systems has been used in work [79] to simulate
the process of glycolysis. Later have appeared modifications of this model [80-82] which

altogether resolve into following equations:

filug,up) =uy — ulu% + ki (1—uy) (18)
fi(ug, up) = uy +ugus — (ke + kp)u,

The results of computational simulations performed by means of this model [83], have
shown a correlation with experimental data acquired subsequently [70].

Model of bifurcation has been applied for the analysis of epigenetic regulation [84].
Model developed by the authors may help to clarify the mechanisms of epigenetic regulation
in the process of the cell evolvement.

In study [85], its authors dispersed the reaction mixture for the Belousov-Zhabotinsky
reaction in oil droplets and thus got a kind of “chemical cages”, which demonstrated that
reaction-diffusion process leads to a chemical differentiation. This differentiation in its turn
led to physical morphogenesis. Authors observed five of the six structures predicted by
Turing in his work [63], and as well, in the two-dimensional hexagonal arrays seven
previously undescribed structures were detected. It was demonstrated that the addition into
Turing theory of some factors related to the heterogeneity of proceeding processes helps to
explain these new structures.

From this review we can conclude that today there are some methods of modeling of
auto-oscillating and non-equilibrium processes. It is obvious that by far we don’t have enough
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experimental data for a wide use of this approach for intracellular processes modeling.
However, now it is already possible to rely on this method in the analysis of some processes
and include received systems of equations in the general model.

Modularity in Metabolic Processes and Signaling Pathways

Analysis of dynamic characteristics of metabolic and signaling pathways is another
interesting approach to modeling of intracellular processes. It also supposes division into
modules, but it is carried out by means of unification of groups of metabolic reactions
according to their pathways [86-88] and not on basis of additional rules. It is obvious that
with such modularity significant attention should be paid to the possible impact of the next
modules in metabolic pathway on the previous ones and on cycles as well. Under this
approach this processes are considered as feedback, and simulation is performed in much the
same way as in the electronic circuits or in control systems [88, 89]. This method gives a
good mathematical tool for gene engineering projects, as it provides an opportunity to analyze
the effectiveness of changes made to genome taking into account the rate of various processes
[90]. For example, this approach offers possibility to analyze the combination of relatively
slow processes (such as gene expression) with fast ones (as transmission of signals in the
signal paths) [90].

In order to confirm the applicability of this method to the intracellular process authors of
the work [90] created four recombinant strains of S. cerevisiae. In each of them were
represented different pathways of synthesis of green fluorescent protein GFP. Some strains
had implemented circuits comprising feedback, others had not. For all the strains the signal to
start synthesis was the presence of doxycycline in substrate. Control of synthesis of GFP
protein gave opportunity to monitor proceeding metabolic pathway and to describe it
mathematically by means of analysis of the curves of varying amount of GFP [84].

Discussion

The results of studies provided by different research groups show that by far we don’t
have enough data for compilation of mathematical model, which would involve all known
intracellular processes for any microorganism or cell culture. Therefore authors of models
have to make a set of assumptions, such as ignoring transportation or using stochastic
approach. At the same time, today we can find enough works on modeling the properties of
various biomolecules in different solutions (for example, [91]), and works on formalized
physical description of specific processes, such as functioning of certain enzymes or
complexes, also exist. Thus, in [92] quite detailed description of the process of photosynthesis
is presented. By far modeling of intracellular processes goes in two lines: general processes
and their subsequent clarification, and functioning of specific systems or even reactions with
further compilation. Both approaches are schematically illustrated in Figure 2 made by
analogy with “pyramid of the complexity of the living” presented in [93].

Obviously, both of the approaches described above in the long run will lead to creation of
a complete model of microorganism or animal cell which will include even physicochemical
processes associated with specific reactions and biomolecules, comprising conformational
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changes. However, information we have today is not enough to create these models,
nevertheless approaches for integration of various elements and sub-models into an integrated
complex already exist.

«Microorganism as an integral object» model — Modeling of specific physical processes at
the level of isolated biomolecules
(conformational changes, electron transfer)

modeling of external metabolism

+ modeling of basic v y + modeling of

metabolic pathways mass balance specific reactions
including enzymes-

assisted reactions

+ modeling of biosynthesis - modeling of metabolic
pathways and processes of

biosynthesis

processes energy balance

+ modeling of processes associated y modeling of specific systems
with generation and transportation of '\

energy

associated  with  generation and
transportation of energy

Complete microorganism model which include physico-chemical interactions of biomolecules

Figure 2. The main approaches to mathematical modeling of intracellular processes.

The first way has already been presented in work [3] where the whole model is made up of
sub-models, each of which is responsible for its own process group. Thus, authors divided all
processes into the groups by their functionality. Assuming the autonomy of sub-models, this
approach gives an opportunity to combine different methods of modeling in each of the sub-
models. In this case, an important task is to provide data exchange between the sub-models as it
may occur, for example, that one sub-model will return results in quantitative terms (e.g.,
concentrations) and the other will be represented by Petri net and it will work with tokens which
are converted into physical quantities in accordance with built-in set of rules.

Another approach is the spatial separation of processes, when each sub-model simulates
specific system localized in space. Localization can be not strict in physical dimension, but,
for example, attached to a specific organelle. With this method appears a problem of verifying
the material flows between sub-models, but these flows are, in fact, a source of information of
the intracellular transport. Creation of such a model is obviously a very difficult task,
considering available information about intracellular processes and volumes of contained
substances [94, 95]. On the other hand, after localization of sub-models in spatial system,
spatial effects and their role in metabolism can be simulated.

To continue with this idea we can mention that in models divided into sub-model on the
principle of the spatial localization further division into the estimated elements of sub-models
on the principle of functionality is also theoretically possible.

The problem of uncertainty of modeled system leads to the analysis of possible use of
external algorithms, which in any way would provide quantitative assessment of uncertain
processes. Such an approximation will surely reduce the accuracy of the model. Use of
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Poisson process as a model of RNA and proteins degradation described in work [3] can be an
example of this approach. To date, there is no lack in algorithmic methods of dealing with
complex data that are difficult to formalize, as in case there are experimental data only in a
small part of the theoretically possible value. As an example we may cite artificial neural
networks, which are actively used for so-called black-box modeling [96]. Black-box
modeling is type of simulation where modeled system is represented as a black box and the
goal is to define correlation between system output and input parameters through a variety of
mathematical methods.

Apart from spatial effects an important model element is time tracking. For models
similar to [3] tracking is conducted with reference to the known reaction rates. When using
Petri nets track of time can be carried out, for example, in the following ways: by updating
the set of rules, by artificial accelerating or slowing down movement of tokens along the arcs,
or by implementing additional positions that would restrain tokens.

As mentioned earlier, the set of rules that governs model functioning is an integral part of
Petri nets. But if the model contains several sub-models, there is a need to develop a set of rules
for their interaction. Assumption of autonomy applied in [3] is quite effective if sub-model have
been selected only by criterion of functionality. But it may be not effective enough in case of
use of black-box as any of sub-models or in case of a spatial decomposition. The fact is that in a
spatial decomposition each of sub-models may comprise component responsible for the material
flow of matter from one sub-model to neighboring, which in turn causes a procedure for
computing in the direction of the material flow motion. Thus, more serious system which will
regulate functioning of various sub-models may be necessary.

Apart from approaches mentioned above solutions based on results of study of mass-
tranfer in microstreams and nanostreams may appear. Today, this area of hydrodynamics is
actively developing, and among recent publications [53, 54] should be mentioned. In first one
the authors analyze the flow of binary fluids through a number of microcylinders located at a
certain angle to the flow. By means of computer simulation, authors determine the parameters
of such a system of microcylinders where it would be possible to separate components from
their mixture. In work [54], authors are exploring such an interesting phenomenon as
thermodiffusion. Research is also conducted by means of computer modeling. In the future,
these works can help in the study of intracellular traffic of substances, and that of course will
be reflected in the mathematical models of intracellular processes.

Conclusion

Development of mathematical models gives opportunity to simulate various types of
experiments and choose those of them which have shown high-quality results for further
experimental work. At the same time the process of modeling itself helps to organize and
structure the definite volume of data and show the direction for further experimentations.

As is seen from above review, questions of modeling of intracellular processes are highly
relevant nowadays. On the one hand, enough information about these processes has been
accumulated in order to get an adequate model. On the other hand a lot of things still remain
unknown, what makes possible using of the models as a tool in the research process. Growth in
the number of works and the diversity of approaches to modeling in recent years only confirms
foregoing thesis.
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Consideration of contemporary models and approaches to modeling shows that today
there is a need for implementation to the model of issues related to the intracellular substance
transport. Currently we don't have enough data for complete mathematical description of
these processes. However, in some cases, certain elements and approaches already can be
used. For example, the work on non-equilibrium thermodynamics and dissipative systems is
extremely interesting as a tool for modeling of systems of metabolic reactions in respect of
diffusion processes.

In general we can expect that the concept of mathematical modeling of intracellular
processes will bourgeon rapidly in the near future and we can expect new interesting models
of both individual reacting systems and entire cells.

References

[1] Di Ventura, B; Lemerle, C; Michalodimitrakis, K; Serrano, L. From in vivo to in silico
biology and back. Nature, October 2006, 443, 527-533.

[2] Wodke, JA; Puchalka, J; Lluch-Senar, M; Marcos, J; Yus, E; Godinho, M; Gutiérrez-
Gallego, R; dos Santos, VA; Serrano, L; Klipp, E; Maier T. (2013). Dissecting the
energy metabolism in Mycoplasma pneumoniae through genome-scale metabolic
modeling. Molecular System Biology, 9:653.

[3] Karr, JR; Sanghvi, JC; Macklin, DN; Gutschow, MV; Jacobs, JM; Bolival Jr, B; Assad-
Garcia, N; Glass, JI; Covert, MW. A Whole-Cell Computational Model Predicts
Phenotype from Genotype. Cell, July 2012, 150, 389-401.

[4] Schuster, R; Schuster, L. Refined algorithm and computer program for calculation all
non-negative fluxes admissible in steady states of biochemical reaction system with or
without some flux rates fixed. Comput. Appl. Biosci., 1993, 9, 79-85.

[5] Savinell, JM; Palsson, BO. Network analysis of intermediary metabolism using linear
optimization. |. Development of mathematical formalism. J. Theor. Biol., February
1992, 154, 421-454.

[6] Koch, I; Heiner, M. Petri nets. In: Junker BH, Schreiber F editors. Analysis of
biological networks. Hoboken, New Jersey: John Wiley & Sons Inc; 2008; 139-179.

[7] Zbhang, S; Jin, G; Zhang, XS; Chen, L. Discovering functions and revealing
mechanisms at molecular level from biological networks. Proteomics, August 2007, 7,
2856-2869.

[8] Sackmann, A; Heiner, M; Koch, I. Application of Petri net based analysis techniques to
signal transduction pathways. BMC Bioinformatics, November 2006, 7, 482.

[9] Jackson, MB. Molecular and Cellular Biophysics. Cambridge University Press 2006 p.
528.

[10] Stephanopoulos, GN; Aristidou, A.A; Nielsen, J. Metabolic Engineering: Principles
and Methodologies. 1% Edition. San Diego: Academic press; 1998.

[11] Boyle, NR; Morgan, JA. Computation of metabolic fluxes and efficiencies for
biological carbon dioxide fixation. Metabolic Engineering, March 2011, 13, 150-158.

[12] Boghigian, BA; Seth, G; Kiss, R; Pfeifer, BA. Metabolic flux analysis and
pharmaceutical production. Metabolic Engineering, March 2010, 12, 81-95.

www.manaraa.com



120 P. M. Gotovtsev, Ya. E. Sergeeva, A. V. Komova et al.

[13] Fischer, CR; Klein-Marcuschamer, D; Stephanopoulos, G. Selection and optimization
of microbial hosts for biofuels production. Metabolic Engineering, November 2008, 10,
295-304.

[14] Nicolaou, SA; Gaida, SM; Papoutsakis, ET. A comparative view of metabolite and
substrate stress and tolerance in microbial bioprocessing: From biofuels and chemicals,
to biocatalysis and bioremediation. Metabolic Engineering, July 2010, 12, 307-331.

[15] Fraser, CM; Gocayne, JD; White, O; Adams, MD; Clayton, RA; Fleischmann, RD;
Bult, CJ; Kerlavage, AR; Sutton, G; Kelley, JM; Fritchman, RD; Weidman, JF; Small,
KV; Sandusky, M; Fuhrmann, J; Nguyen, D; Utterback, TR; Saudek, DM; Phillips, CA;
Merrick, JM; Tomb, JF; Dougherty, BA; Bott, KF; Hu, PC; Lucier, TS; Peterson, SN;
Smith, HO; Hutchison 3rd, CA; Venter, JC. The minimal gene complement of
Mycoplasma genitalium. Science, October 1995, 270, 397-403.

[16] Gibson, DG; Glass, JI; Lartigue, C; Noskov, VN; Chuang, RY; Algire, MA; Benders,
GA; Montague, MG; Ma, L; Moodie, MM; Merryman, C; Vashee, S; Krishnakumar, R;
Assad-Garcia, N; Andrews-Pfannkoch, C; Denisova, EA; Young, L; Qi, ZQ; Segall-
Shapiro, TH; Calvey, CH; Parmar, PP; Hutchison Ill, CA; Smith, HO; Venter. JC.
Creation of a bacterial cell controlled by a chemically synthesized genome. Science,
July 2010, 329, 52-56.

[17] Suthers, PF; Dasika, MS; Kumar, VS; Denisov, G; Glass, JI; Maranas, CD. (2009). A
genome-scale metabolic reconstruction of Mycoplasma genitalium, iPS189. PLOS
Computational Biology, 5(2).

[18] Ross, SM. Stochastic Processes. 2" Edition. New York-Chichester-Brishane-Toronto-
Singapore: John Wiley & Sons, Inc; 1996.

[19] Covert, MW; Schilling, CH; Palsson, BO. Regulation of gene expression in flux
balance models of metabolism. J. Theor. Biol., November 2001, 213, 73-88.

[20] Covert, MW; Knight, EM; Reed, JL; Herrgard, MJ; Palsson, BO. Integrating high-
throughput and computational data elucidates bacterial networks. Nature, May 2004,
429, 92-96.

[21] Covert, MW, Xiao, N; Chen, TJ; Karr, JR. Integrating metabolic, transcriptional
regulatory and signal transduction models in Escherichia coli. Bioinformatics,
September 2008, 24, 2044-2050.

[22] Chandrasekaran, S; and Price, ND. Probabilistic integrative modeling of genome-scale
metabolic and regulatory networks in Escherichia coli and Mycobacterium
tuberculosis. Proc. Natl. Acad. Sci. USA, October 2010, 107, 17845-17850.

[23] Yus, E; Maier, T; Michalodimitrakis, K; van Noort, V; Yamada, T; Chen, WH; Wodke,
JA; Glell, M; Martinez, S; Bourgeois, R; Kihner, S; Raineri, E; Letunic, I; Kalinina,
OV; Rode, M; Herrmann, R; Gutiérrez-Gallego, R; Russell, RB; Gavin, AC; Bork, P;
Serrano, L. Impact of genome reduction on bacterial metabolism and its regulation.
Science, November 2009, 326, 1263-1268.

[24] Vora, T; Hottes, AK; Tavazoie, S. Protein occupancy landscape of a bacterial genome.
Molecular Cell, July 2009, 35, 247-253.

[25] Harada, Y; Funatsu, T; Murakami, K; Nonoyama, Y; Ishihama, A; Yanagida, T. Single-
molecule imaging of RNA polymerase-DNA interactions in real time. Biophys. J.,
February 1999, 76, 709-715.

[26] Bratton, BP; Mooney, RA; Weisshaar, JC. Spatial distribution and diffusive motion of
RNA polymerase in live Escherichia coli. J. Bacteriol., October 2011, 193, 5138-5146.

www.manaraa.com



Mathematical Modeling of Intracellular Processes 121

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

Glass, JI; Assad-Garcia, N; Alperovich, N; Yooseph, S; Lewis, MR; Maruf, M;
Hutchison 3rd, CA; Smith HO; Venter JC. Essential genes of a minimal bacterium.
Proc. Natl. Acad. Sci. USA, January 2006, 103, 425-430.

Hames, C; Halbedel, S; Hoppert, M; Frey, J; Stulke, J. Glycerol metabolism is
important for cytotoxicity of Mycoplasma pneumoniae. J. Bacteriol., February 2009,
191, 747-753.

Guell, M; van Noort, V; Yus, E; Chen, WH; Leigh-Bell, J; Michalodimitrakis, K;
Yamada, T; Arumugam, M; Doerks, T; Kihner, S; Rode, M; Suyama, M; Schmidt, S;
Gavin, AC; Bork, P; Serrano, L. Transcriptome complexity in a genome-reduced
bacterium. Science, November 2009, 326, 1268-1271.

Maier, T; Schmidt, A; Guell, M; Kuhner, S; Gavin, AC; Aebersold, R; Serrano L.
Quantification of mMRNA and protein and integration with protein turnover in a
bacterium. Molecular Systems Biology, July 2011, 7, 511.

Seybert, A; Herrmann, R; Frangakis, AS. Structural analysis of Mycoplasma
pneumoniae by cryo-electron tomography. J. Struct. Biol., November 2006, 156, 342—
354.

Forster, J; Famili, I; Palsson, BO; Nielsen, J. Large-scale evaluation of in silico gene
deletions in Saccharomyces cerevisiae. OMICS, Summer 2003, 7, 193-202.

Duarte, NC; Herrgard, MJ; Palsson, B@. Reconstruction and validation of
Saccharomyces iIND750, a fully compartmentalized genome-scale metabolic model.
Genome Res., July 2004, 14, 1298-1309.

Goffeau, A; Barrell, BG; Bussey, H; Davis, RW; Dujon, B; Feldmann, H; Galibert, F;
Hoheisel, JD; Jacq, C; Johnston, M; Louis, EJ; Mewes, HW; Murakami, Y; Philippsen,
P; Tettelin, H; Oliver, SG. Life with 6000 genes. Science, October 1996, 274, 563-567.
Nazipova, NN; Panjukov, VV; Zvyagilskaya, RA; Drozdov-Tikhomirov, LN.
Mathematical modelling of a metabolism of the living growing cell by a method of
steady state metabolic fluxes balance. Ovchinnikov bulletin of biotechnology and
physical and chemical biology 2007, 3(1), 5-20 (in rus).

Sun, J; Sayyar, B; Butler, JE; Pharkya, P; Fahland, TR; Famili, I; Schilling, CH;
Lovley, DR; Mahadevan, R. Genome-scale constraint-based modeling of
Geobactermetallireducens. BMC systems biology, January 2009, 3, 15.

Risso, C; Sun, J; Zhuang, K; Mahadevan, R; DeBoy, R; Ismail, W; Shrivastava, S;
Huot, H; Kothari, S; Daugherty, S; Bui, O; Schilling, CH; Lovley, DR; Methé, BA.
(2009) Genome-scale comparison and constraint-based metabolic reconstruction of the
facultative anaerobic Fe(l11)-reducer Rhodoferaxferrireducens. BMC genomics, 10:447.
Zhang, Y; Thiele, I; Weekes, D; Li, Z; Jaroszewski, L; Ginalski, K; Deacon, AM;
Wooley, J; Lesley, SA; Wilson, IA; Palsson, B; Osterman A; Godzik, A. Three-
dimensional structural view of the central metabolic network of Thermotogamaritima.
Science, September 2009, 325, 1544-1549.

Park, JM; Kim, TY; Lee, SY. (2011). Genome-scale reconstruction and in silico
analysis of the Ralstoniaeutropha H16 for polyhydroxyalkanoate synthesis,
lithoautotrophic growth, and 2-methyl citric acid production. BMC systems biology, 5.
Montagud, A; Navarro, E; Fernandez de Cérdoba, P; Urchueguia, JF; Patil, KR. (2010)
Reconstruction and analysis of genome-scale metabolic model of a photosynthetic
bacterium. BMC systems biology, 4.

www.manaraa.com



122 P. M. Gotovtsev, Ya. E. Sergeeva, A. V. Komova et al.

[41] Schultz, JE; Weaver, PF. Fermentation and anaerobic respiration by
Rhodospirillumrubrum and Rhodopseudomonascapsulata. Journal of Bacteriology,
January 1982, 140, 181-190.

[42] Truper, HG; Fischer, U. Anaerobic oxidation of sulphur compounds as electron donors
for bacterial photosynthesis. Philosophical Transactions of the Royal Society B:
Biological Sciences, 1982, 298, 529-542.

[43] Straub, KL; Rainey, FA; Widdel, F. Rhodovulumiodosum sp. nov. and
Rhodovulumrobiginosum sp. nov., two new marine phototrophic ferrous-iron-oxidizing
purple bacteria. International journal of systematic bacteriology, April 1999, 49, 729—
735.

[44] Kalashnikov, AM; Gaisin, VA; Sukhacheva, MV; Namsaraev, BB; Panteleeva, AN;
Nuyanzina-Boldareva, EN; Kuznetsov, BB; Gorlenko, VM. Anoxygenic phototrophic
bacteria from microbial communities of Goryachinsk thermal spring (Baikal Area,
Russia).Microbiology, July 2014, 83, 407-421.

[45] Karr, EA; Sattley, WM; Jung, DO; Madigan, MT; Achenbach, LA. Remarkable
diversity of phototrophic purple bacteria in a permanently frozen Antarctic lake.
Applied and environmental microbiology, August 2003, 69, 4910-4914.

[46] Kompantseva, El; Komova, AV; Sorokin, D.Yu. Communities of anoxygenic
phototrophic bacteria in the saline soda lakes of the Kulunda Steppe (Altai Krai).
Microbiology, February 2010, 79, 89-95.

[47] Oda, Y; Star, B; Huisman, LA; Gottschal, JC; Forney, LJ. Biogeography of the purple
nonsulfur  bacterium Rhodopseudomonaspalustris. Applied and environmental
microbiology, September 2003, 69, 5186-5191.

[48] Okubo, Y; Futamata, H; Hiraishi, A. Characterization of phototrophic purple nonsulfur
bacteria forming colored microbial mats in a swine wastewater ditch. Applied and
environmental microbiology, September 2006, 72, 6225-6233.

[49] Hadicke, O; Grammel, H; Klamt, S. (2011). Metabolic network modeling of redox
balancing and biohydrogen production in purple nonsulfur bacteria. BMC systems
biology, 5.

[50] Heiner, M; Ventre, G; Wikarski, D. A Petri net based methodology to integrate
qualitative and quantitative analysis. Information and Software Technology, July 1994,
36, 435-441.

[51] Heiner, M; Deussen, P; Spranger, J. A case study in design and verification of
manufacturing system control software with hierarchical Petri nets. Int. J. Adv. Manuf.
Technol., 1999, 15, 139-152.

[52] Reising W. Petri Nets — An Introduction. Springer, Berlin Heidelberg New York Tokio,
1985.

[53] Heiner, M; Koch, I; Will, J. Model validation of biological pathways using Petri nets—
demonstrated for apoptosis. Biosystems, July 2004, 75, 15-28.

[54] Alberts, B; Johnson, A; Lewis, J; Raff, M; Roberts, K; Walter, P. Molecular biology of
the cell. 5 Edition. New York: Garland science; 2008.

[55] Kerr, JF; Wyllie, AH; Currie, AR. Apoptosis: a basic phenomenon with wide-ranging
implications in tissue kinetics. Br. J. Cancer, August1972, 26, 239-257.

[56] Wyllie, AH. Apoptosis: an overview. Br. Med. Bull., 1997, 53, 451-465.

[57] Burek, MJ; Oppenheim, RW. Cellular interactions that regulate programmed cell death
in the developing vertebrate nervous system. In: Koliatsos VE, Ratan RR editors. Cell

www.manaraa.com



Mathematical Modeling of Intracellular Processes 123

Death and Disease of the Nervous System. Totowa, NJ: Humana Press Inc; 1999; 154—
179.

[58] Gordeeva, AV; Labas, YA; Zvyagilskaya, RA. Apoptosis in unicellular organisms:
mechanisms and evolution. Biochemistry (Moscow), October 2004, 69, 1055-1066.

[59] Wu, J; Qi, Z; Voit, EO. Impact of delays and noise on dopamine signal transduction. In
Silico Biology, January 2010, 10, 67-80.

[60] Miwa, Y; Li, C; Ge, QW; Matsuno, H; Miyano, S. On determining firing delay time of
transitions for Petri net based signaling pathways by introducing stochastic decision
rules. In Silico Biology, January 2010, 10, 49-66.

[61] Maini, PK; Painter, KJ; Chau, HNP. Spatial pattern formation in chemical and
biological systems. J. Chem. Soc., Faraday Trans., 1997, 93, 3601-3610.

[62] Dolnik, M; Zhabotinsky, AM; Epstein, IR. Modulated and alternating waves in a
reaction-diffusion model with wave instability. J. Chem. Soc., Faraday Trans., 1996,
92, 2919-2925.

[63] Turing, AM. Chemical Basis of Morphogenesis. Philosophical Transactions B, August
1952, 237, 37-72.

[64] Schnakenberg, J. Simple chemical reaction systems with limit cycle behaviour. J.
Theor. Biol., December 1979, 81, 389-400.

[65] Belousov, BP. A periodic reaction and its mechanism. In: Field RJ, Burger M editors.
Oscillations and Travelling Waves in Chemical Systems, New York: Wiley; 1985; 605—
613.

[66] Zhabotinsky, AM. Periodic liquid phase reactions. Proc. Ac. Sci. USSR, 1964, 157,
392-395.

[67] Zaikin, AN; Zhabotinsky, AM. Concentration wave propagation in two-dimensional
liquid-phase self-oscillating system. Nature, February 1970, 225, 535-537.

[68] Briggs, TS; Rauscher, WC. An oscillating iodine clock. J. Chem. Educ., July 1973, 50,
496.

[69] Resch, P; Field, RJ; Schneider, FW; Burger, M. Reduction of methylene blue by sulfide
ion in the presence and absence of oxygen: simulation of the methylene blue-O,-HS
CSTR oscillations. J. Phys. Chem., December 1989, 93, 8181-8186.

[70] Lee, KJ; McCormick, WD; Ouyang, Q; Swinney, HL. Pattern formation by interacting
chemical fronts. Science, July 1993, 261, 192-194.

[71] Lee, KJ; McCormick, WD; Swinney, HL; Pearson, J.E. Experimental observation of
self-replicating spots in a reaction-diffusion system. Nature, May 1994, 369, 215-218.

[72] De Kepper, P; Epstein, IR; Kustin, K; Orban, M. Batch oscillations and spatial wave
patterns in chlorite oscillating systems. J. Phys. Chem., 1982, 86, 170-171.

[73] Oscillations and traveling waves in chemical systems. Field RJ, Burger M editors. John
Wiley and Sons, Inc. 1985.

[74] Kondepudi, D; Prigogine |. Modern Thermodynamics. From Heat Engines to
Dissipative Structure. 1%t Edition. Chichester: John Wiley and Sons, Ltd; 1998.

[75] Lengyel, I; Rabai, G; Epstein IR. Batch oscillation in the reaction of chlorine dioxide
with iodine and malonic acid. J. Am. Chem. Soc., May 1990, 112, 4606-4607.

[76] Lengyel, I; Rabai, G; Epstein IR. Experimental and modeling study of oscillations in
the chlorine dioxide-iodine-malonic acid reaction. J. Am. Chem. Soc., December 1990,
112, 9104-9110.

www.manaraa.com



124 P. M. Gotovtsev, Ya. E. Sergeeva, A. V. Komova et al.

[77] Lengyel, I; Epstein IR. Modeling of turing structures in the chlorite-iodide-malonic
acid-starch reaction system. Science, February 1991, 251, 650-652.

[78] Kapral, R. Pattern formation in chemical systems. Physica D, 1995, 86, 149-157.

[79] Sel’kov, EE. Self-oscillations in glycolysis. 1. A simple model. Eur. J. Biochem., 1968,
4, 79-86.

[80] Gray, P; Scott, SK. Autocatalytic reactions in the isothermal, continuous stirred tank
reactor: isolas and other forms of multistability. Chem. Eng. Sci., 1983, 38, 29-43.

[81] Gray, P; Scott, SK. Autocatalytic reactions in the isothermal, continuous stirred tank
reactor: oscillations and instabilities in the system A + 2B — 3B; B — C. Chem. Eng.
Sci., December 1984, 39, 1087-1097.

[82] Gray, P; Scott, SK. Sustained oscillations and other exotic patterns of behavior in
isothermal reactions. J. Phys. Chem., January 1985, 89, 22-32.

[83] Pearson, JE. Complex patterns in a simple system. Science, July 1993, 261, 189-192.

[84] Jost, D. Bifurcation in epigenetics: Implications in development, proliferation, and
diseases. Physical Review E, January 2014, 89, 010701(R).

[85] Tompkins, N; Li, N; Girabawe, C; Heymann M;, Ermentrout, GB; Epstein, IR; Fraden,
S. Testing Turing’s theory of morphogenesis in chemical cells. PNAS, March 2014,
111, 4397-4402.

[86] Alon, U. Biological networks: the tinkerer as an engineer. Science, September 2003,
301, 1866-1867.

[87] Hartwell, LH; Hopfield, JJ; Leibler, S; Murray, AW. From molecular to modular cell
biology. Nature, December 1999, 402, C47-C52.

[88] Del Vecchio, D. Modularity in signaling systems. Phys. Biol., August 2012, 9, 045008.

[89] Del Vecchio, D. Modularity, context-dependence, and insulation in engineered
biological circuits. Trends in Biotechnology, February 2015, 33, 111-119.

[90] Mishra, D; Rivera, PM; Lin, A; Del Vecchio, D; Weiss, R. A load driver device for
engineering modularity in biological networks. Nature Biotechnology, December 2014,
32, 1268-1275.

[91] Fedorov, MV; Goodman, JM; Schumm, S. To switch or not to switch: The Effects of
potassium and sodium ions on a-poly-L-glutamate conformations in aqueous solutions.
J. Am. Chem. Soc., August 2009, 131, 10854-10856.

[92] Bioenergetics of Photosynthesis. Edited by Govindjee. New York, San Francisco,
London: Academic press, 1975.

[93] Oltvai, ZN; Barabasi. AL. Systems biology. Life's complexity pyramid. Science,
October 2002, 298, 763-764.

[94] Feijé Delgado, F; Cermak, N; Hecht, VC; Son, S; Li, Y; Knudsen, SM; Olcum, S;
Higgins, JM; Chen, J; Grover, WH; Manalis SR. Intracellular water exchange for
measuring the dry mass, water mass and changes in chemical composition of living
cells. PLOS One, July 2013, 8, e67590.

[95] Volkmer, B; Heinemann, M. Condition-dependent cell volume and concentration of
Escherichia coli to facilitate data conversion for systems biology modeling. PLOS One,
July 2011, 6, €23126.

[96] Haykin, SO. Neural networks and learning machines. 3rd Edition. New Jersey: Pearson
Education Inc; 2009.

www.manaraa.com



Mathematical Modeling of Intracellular Processes 125

[97] Devendra, R; Drazer, G. Deterministic fractionation of binary suspensions moving past
a line of microposts. Microfluidics and Nanofluidics, September 2014, 17, 519-526.

[98] Goya, M; Bhargava, R. Numerical study of thermodiffusion effects on boundary layer
flow of nanofluids over a power law stretching sheet. Microfluidics and Nanofluidics,
September 2014, 17, 591-604.

www.manharaa.com




Reproduced with permission of copyright owner.
Further reproduction prohibited without permission.

www.manharaa.com



