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A B S T R A C T

Computational models of biomolecular systems have been employed to advance
knowledge in many research areas. They have particular impact in modern ar-
eas such as Synthetic Biology, Bioengineering, and Precision Medicine. Current
technologies can determine with high precision and throughput the molecules
that compose cells and, to a great extent, the interactions between them. These
interactions are usually grouped into cellular processes by their function and many
are the available models that can represent and simulate them to a certain level of
accuracy. Despite being commonly represented as separated systems, they are in
fact interconnected. The simple fact that they may share common molecules makes
their dynamics dependent on each other. Given the current high availability of data
and computational power, models to represent whole-cells are being considered.
However, current approaches to model and simulate cellular processes are chal-
lenging to be integrated given the high heterogeneity of methods employed. Thus,
a more homogeneous approach to represent and simulate could make easier this
integration. In this work, we propose a framework to model cellular processes by
means of their underlying biochemical reactions as well as a simulation method
that sources from this kind of representation. To investigate the capabilities of the
modeling framework, we used the organism Mycoplasma genitalium as a case study
aiming at representing all the molecules and interactions known to compose this
organism by means of a single biochemical network. Among the results obtained
from this model, we have that the obtained topology presents a good agreement
with the literature, as well as good accuracy on the prediction of essential genes of
the organism by employing cascade failure analysis. Additionally, we investigated
the characteristics and capabilities of the so proposed simulation algorithm, called
CBSA. It is shown to be able to perform efficiently discrete-stochastic evaluations of
the dynamics of large sets of interactions. It is also able to be computed in parallel
computing architectures such as GP-GPUs. We illustrate this by simulating several
theoretical models as well as a challenging real biochemical system. Despite the
advances reported in this work, much remains to be done in order to perform
simulations at a whole-cell scale by using the proposed methods. Nevertheless, we
point out possible future developments aiming at the ultimate goal of performing
simulations of whole-cells.
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R E S U M O

Modelos computacionais de sistemas biomoleculares têm sido utilizados para
avançar o conhecimento em muitas áreas do conhecimento. Eles têm um impacto
particular em áreas modernas como a Biologia Sintética, Bioengenharia e Medicina
de Precisão. As tecnologias atuais podem determinar com alta precisão e eficiência
as moléculas que compõem células e, em grande parte, as interações entre elas.
Essas interações são geralmente agrupadas em processos celulares por suas funções
e muitos modelos que podem representá-los e simulá-los com um certo nível de
precisão estão disponíveis na literatura. Apesar de serem comumente representa-
dos como sistemas separados, eles estão na verdade interconectados. O simples
fato de que eles podem compartilhar espécies moleculares torna suas dinâmicas
dependentes umas das outras. Dada a alta disponibilidade atual de dados e poder
computacional, modelos para representar células completas estão sendo construídos.
No entanto, a integração das abordagens atuais para modelar e simular processos
celulares é dificultada devido à alta heterogeneidade dos métodos empregados.
Assim, uma abordagem mais homogênea para representar e simular processos
celulares poderia facilitar essa integração. Neste trabalho, propomos um framework
para modelar processos celulares por meio de suas reações bioquímicas subjacentes,
bem como um método de simulação que utiliza esse tipo de representação como
base. Para investigar as capacidades do framework de modelagem, utilizamos o
organismo Mycoplasma genitalium como estudo de caso com o objetivo de represen-
tar todas as moléculas e interações conhecidas que compoem este organismo por
meio de uma única rede bioquímica. Entre os resultados obtidos com este modelo
estão as semelhanças encontradas entre sua topologia e as descritas na literatura,
bem como a predição de genes essenciais do organismo por meio de uma análise
de falha em cascata. Adicionalmente, investigamos as características e capacidades
do algoritmo de simulação proposto, denominado CBSA. Foi demonstrado que
este algoritmo é capaz de calcular simulações estocásticas discretas de grandes
conjuntos de interações de forma eficiente. Ele também pode ser calculado em
arquiteturas de computação paralela, como GP-GPUs. Ilustramos isso simulando
vários modelos teóricos, bem como um desafiador sistema bioquímico real. Apesar
dos avanços relatados neste trabalho, muito ainda precisa ser feito para realizar
simulações em escala de célula completa utilizando os métodos propostos. No
entanto, apontamos possíveis desenvolvimentos futuros deste trabalho visando o
objetivo final de realizar simulações de células completas.
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1
I N T R O D U C T I O N

Humans always tried to understand and explain how living systems work. It helps
us not only to answer our deepest philosophical questions but also provides means
to modify and enhance our quality of life. Since the discovery of the smallest living
unit, the cell, many researchers have focused on describing its components and
functioning. However, such tasks have shown not to be trivial, even for the simplest
forms of life [1].

Many advances have been made in order to provide precise descriptions of
cellular contents. All cells are now known to be made of basic molecules, such as
nucleic acids, amino acids, lipids, sugars, and so on, that are combined to form larger
structures [2]. The different combinations of these basic building blocks lead to
almost infinite possibilities, each organism having a similar but unique combination.
The similarities between these structures allow us to develop techniques to evaluate
the differences between them. For example, all living cells have a similar way to
combine nucleic acids forming what is called a DNA molecule. It is a polymer
composed of specific sequences of adenine (A), thymine (T), cytosine (C), and
guanine (G) nucleic acids. The sequences are characteristic to each organism and
are known to provide the basis for the formation of most other complex structures
inside cells [2]. Although the basic knowledge about cell composition is already
well established, the current challenge lays in obtaining precisely which structures
compose each organism. Also, the structures that can be found inside a cell can
vary in time.

The set of molecules that can be found inside a cell at a given time (e. g.DNA,
RNA, and proteins) is a result of interactions between the molecules available in a
previous moment. The interaction between molecules is what drives the dynamics
of an intracellular environment but evaluating them is even more challenging than
describing the molecules themselves. To reduce the complexity of the task, the usual
approach is to divide these interactions into groups according to their function
in the cell. These groups are called cellular processes [2]. For example, the set of
reactions that involves enzymes to transform small molecules is called metabolism.
The interactions between proteins and the DNA to produce RNA are grouped into
the transcription process. Many are the processes already described inside cells and
the understanding of their dynamics is fundamental to the understanding of an
entire organism.

One approach to understanding any natural phenomenon is to make models of
it. A model can be understood as a simplified representation of the real system that
can explain its functioning to a given acceptable accuracy [3]. To understand cellular
processes, several respective models have been proposed with ever-increasingly
precision and detail. Representations of such models can be obtained by different
means, such as networks [4], mathematical equations [5], and even circuits [6],
also considering different levels of abstraction. Once having a representation of a
given system, we can explore its dynamics through simulations [7]. It is a present
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2 introduction

challenge to have these representations of different cellular processes integrated in
such a way that the behavior of an entire cell could be investigated as a whole [8,
9]. In Figure 1.1 we illustrate the current problem of producing compatible models
of different cellular processes built on different sources of data, having them
integrated, and its dynamics evaluated as one unified model. Nevertheless, recent
advances are providing means to the construction and simulation of integrated
representations of cells [10]. These have been achieved by using hybrid approaches
to interchange information between processes represented and simulated using
different approaches. These large-scale cellular models are currently called whole-
cell models.

Figure 1.1: The scheme of an ideal workflow for modeling data from different processes and
sources with a common approach, integrate them by their shared components,
and evaluate the dynamics of the system as one.

Even though these cellular processes are generally represented as separated
systems at different levels of abstraction, they all can be ultimately reduced to their
underlying biochemical interactions. These interactions, even if considered by us as
part of different cellular processes, at some point will have overlapping reactants and
products, therefore, interconnecting them. This common ground could be used as a
means to naturally represent and integrate such systems. Several methodologies
have been developed in this direction but mainly focused on metabolism and
signaling [11]. Some of them, such as rule-based modeling [12], are proving to be
powerful tools to represent the highly combinatorial nature of biomolecular systems.
Additionally, biochemical networks can be stored using community standards, such
as SBML [13], expanding the usability of them. This last feature has been shown to
be a barrier for current hybrid approaches on whole-cell models [14].
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The methods employed to simulate biochemical systems are highly dependent
on how they are modeled in the first place. On hybrid approaches, the diversity
of representation leads to a necessary heterogeneity of simulation methods. This
increases the interfacing complexity between models that might lead to some
integration challenges, such as different time scales and competition for resources. If
all cellular processes could be represented using the same approach, e. g.biochemical
networks, they could be ideally simulated using the same methodology, thus
overcoming some of the integration issues.

Many are the simulation methods that can source from biochemical networks [15].
However, their particular assumptions may limit their applications. For instance,
ODEs can be derived from biochemical networks but are suitable only for systems
where the number of copies of molecular species is high enough and the stochastic
fluctuations are negligible [16]. This is because the molecular counts are represented
as continuous variables of their concentrations, thus being not suitable for describing
systems with low molecular counts where stochasticity plays an important role. On
the other hand, methods such as the Stochastic Simulation Algorithm (SSA) can
account for low molecular counts and their associated stochastic behavior, but this
comes with a high computational cost to evaluate the dynamics of larger biochemical
systems [17]. Other approaches based on constraint-modeling, such as the Dynamic
Flux Balance Analysis (dFBA) [18, 19], can perform efficient and parameterless
simulations of large systems but are subject to strong prior assumptions about the
system’s functioning.

The emergence of detailed computational models of whole-cells is believed to
mark the beginning of a new era of computer-aided biological research [20]. Despite
the promising potentials of initial whole-cell models, much needs to be improved
for these models to become tools in everyday lab routines. One important step
in this direction would be the development of more homogeneous approaches to
model and simulate cellular processes, thus being the focus of the present work.

1.1 motivation

Computational models of biological cells have been produced for decades [21]. The
level of detail and predictive capabilities are ever-growing along with the availability
of experimental data and advances in computational power [22]. In 2012, Karr et al.
published a comprehensive whole-cell computational model of a simple bacteria
that was capable of predicting its phenotype from given alterations in genotype [10].
The model accounted for all the 525 genes of the Mycoplasma genitalium organism
as well as for all known cellular processes. By adopting a hybrid approach, cellular
processes were separately modeled and simulated using the respective more ap-
propriate methods available in the literature and further integrated by exchanging
information from time to time. They were able to predict several aspects of the
organism such as growth rate and concentrations of metabolites, proteins, and
RNAs. They also could predict with a fair accuracy the effects of gene deletions
observed experimentally. Although M. genitalium is a relatively simple organism,
yielding the smallest known genome in nature, the resulting computational model
is already highly complex and its study can contribute to medical and synthetic
biology applications. More recently, comprehensive whole-cell models of more
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complex organisms, such as Escherichia coli [23] and Sacharomices cerevisiae [24], have
also been published using similar approaches.

The mentioned whole-cell computational models are paving the way for computer-
aided advances in synthetic biology, precision medicine, and bioengineering [25–27].
However, current modeling and simulation approaches are capable of providing
only highly specialized models making it difficult to extend or adapt them to other
organisms. In other words, if one wants to build a model of a different organism
using current approaches, it must be done almost from scratch. One of the char-
acteristics of these models that makes it so difficult to be adapted is that each
cellular process is modeled and simulated by very distinct methodologies that
might not be appropriate to every organism. Thus, we believe that more integrative
and homogeneous approaches for both modeling and simulation of organisms
could provide more scalable and transferable models.

1.2 objectives

The main goal of this project is to investigate approaches for homogeneous modeling
and simulation of biochemical systems in order to provide a common framework
to integrate different cellular processes. This is an attempt to enhance current
methodologies applied to the study and computer simulation of whole-cells. The
main goal can be detailed into the following more specific objectives:

• Homogeneous Modeling of Biochemical Interactions: We aim at developing a com-
mon framework that could model different types of interactions between any
type of molecules that can be found inside cells. For that purpose, we consider
extending current methodologies used to represent metabolic networks to
accommodate a broader range of molecular interactions.

• Integration of Biochemical Systems: Given that cellular processes are usually
modeled as separate systems, we want to integrate them in a more natural
way than current methodologies by having them modeled using a common
framework.

• Whole-Cell Scale Network Model of an Organism To evaluate the capabilities
of the so proposed framework, we want to apply it to real data aiming at
obtaining a large scale biochemical network that can represent the landscape
of molecular species and interactions of a given organism. To do so, we choose
the Mycoplasma genitalium bacterium because of its relative simplicity and
data availability.

• Topological Analysis of a Whole-Cell Biochemical Network The topological anal-
ysis of biological networks can unveil emergent properties of the respective
systems they represent that would otherwise be unnoticed by analyzing sepa-
rated parts. Similarly, we want to investigate the topology of a biochemical
network of integrated cellular processes and compare it with current literature
about separated processes.

• In Silico Experiment Simulation Gene knockout is an experimental technique of-
ten used to evaluate gene function and associated phenotypes of the organism.



1.3 main contributions 5

It consists of removing or inactivating a gene thereby inhibiting its actions in
the cell. We want to assess whether a whole-cell biochemical network of an
organism constitutes a useful source to perform such experiments in silico. To
do so, we perform cascading failure analysis for the removal of gene nodes in
the network.

• Network-Based Simulation of Biochemical Systems: Simulate different cellular pro-
cesses usually implicate in using different simulation methodologies. Given
that one of the goals of this project is to develop a homogeneous integrative
model of biochemical systems, here we aim at developing a network-based
simulation method that can estimate the dynamics. We also consider impor-
tant characteristics such as the discrete representation of molecular counts
instead of concentrations and stochasticity. Given the complexity of simulat-
ing a whole-organism, here we test the proposed methodology using smaller
theoretical models and some real subsystems.

1.3 main contributions

We believe that the work developed in this thesis provided important contributions
to the scientific community, with one of them being published in a peer-reviewed
scientific journal [28]. The main contributions of this work are listed as follows:

• Biochemical Modeling Framework: We developed a framework to model and
integrate biochemical reactions of several different cellular processes. It is an
extension of the current methodology applied for metabolic networks also
drawing concepts from rule-based modeling.

• Mycoplasma genitalium Whole-Cell Biochemical Network: Using the proposed
framework, we modeled a whole-cell biochemical network of the Mycoplasma
genitalium organism as a case study. The network comprises 15 cellular pro-
cesses that were integrated into a single-component network. Topological
analysis of the network showed agreement with the literature. By performing
in silico gene knockouts in the model we could predict with a high accuracy
essential genes for the organism comparing with experimental data [28].

• Constraint-Based Simulation Algorithm: A discrete-stochastic simulation algo-
rithm for biochemical systems was proposed using concepts of constraint-
based modeling. The algorithm, hence called Constraint-Based Simulation
Algorithm (CBSA), could provide simulations very similar to the ones ob-
tained using the SSA for some theoretical models while displaying superior
computational efficiency. This algorithm was also designed to be computed
using General-Purpose Graphics Computing Units (GP-GPUs) which arguably
yield the current highest computational power available for some parallel
algorithms [29].

1.4 thesis organization

The two chapters that follow this introduction will describe some basic concepts
involving the representation of chemical and biochemical interactions by means of
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reaction equations and networks. In Chapter 4 we propose a modeling framework
to homogenously represent cellular processes and its application in a case study is
presented in Chapter 5. The next chapter discusses some approaches to simulate
biochemical systems modeled as biochemical networks. There is also the proposal of
a new simulation algorithm called Constraint-Based Simulation Algorithm (CBSA)
in Chapter 7. Applications of the CBSA on theoretical and real biochemical systems
are shown in Chapters 9 and 10 respectively. The last chapter contains some
concluding remarks about this work as well as suggestions for further developments.

It is important to notice that Chapters 4 and 5 contain pieces of text from [28].
Chapters 6,7,9, and 10 contains pieces of text from [29]. All the texts used in this
document were written by the author of this thesis regardless of the source.



2
S Y S T E M S O F C H E M I C A L E Q UAT I O N S

In this chapter, we will introduce the basic concepts regarding representation of
chemical interactions through chemical equations, the mathematical description of
reaction velocities, and also introduce the concept of biochemical reactions.

2.1 chemical equations

Chemical interactions can be expressed by means of chemical equations. They are
symbolic representations of the relationship between reactants and products [30].
For example, equation {2.2} describes the methane combustion reaction with oxygen
resulting in carbon dioxide and two water molecules.

CH
4

+ 2 O
2

CO
2

+ 2 H
2
O {2.1}

On the left side, the reactants are indicated with a plus symbol between them.
The products are indicated on the right side. The number of each molecular species
required in the reaction, also called stoichiometry, is indicated before each molecular
species. In this particular reaction, two O2 molecules are required and two water
molecules are produced. For molecules that have their stoichiometry equals one,
the number omitted. The arrow in the middle indicates that the reaction occurs in
the direction pointed.

One important characteristic of chemical equations is that the mass-balance
between reactants and products must always be respected. In other words, the sum
of the masses of the reactants must be equal to the summed masses of the products.
It is related to the conservation of the number of atoms. In the case of {2.2}, the one
carbon, four oxygen, and four hydrogen from the reactants are conserved in the
products but bound differently.

Some reactions can occur in both directions, called reversible reactions. They are
usually represented using double harpoons, one to each direction. It is the case of
the following reaction:

CH
4

+ H
2
O CO + 3 H

2
{2.2}

. This reaction could be also represented as two different reactions, each one
representing one direction. When representing more than one reaction, we can say
we have a chemical system such as represented in {2.3}.

CH
4

+ H
2
O CO + 3 H

2

CO + 3 H
2

CH
4

+ H
2
O

{2.3}

7



8 systems of chemical equations

Other different reactions can also be represented together, increasing the size
of the chemical system indefinitely. For example, the following chemical system
consists of two reversible chemical reactions forming a system of four reactions.

CH
4

+ H
2
O CO + 3 H

2

CO + 3 H
2

CH
4

+ H
2
O

CO + H
2
O CO

2
+ H

2

CO
2

+ H
2

CO + H
2
O

{2.4}

2.2 reaction rates

Reactions can occur at different velocities depending on the environmental con-
ditions. The first determinant aspect of reaction velocities is the concentration of
their reactants. Usually, the higher the concentration of reactants, the faster is the
reaction’s velocity (or reaction’s rate) due to the higher probability of collision
between them in the environment. The second aspect is related to the likelihood
that the collisions between the reactants will result in a reaction, usually indicated
as a rate constant k [31]. Although it is called a constant, it is actually a function
of some physical parameters such as temperature. This relationship of the rate
constant and the temperature is usually described by the Arrhenius equation [32].
In conditions where the temperature is guaranteed to be constant, the value of k
can mostly be considered constant as well.

To illustrate the relationship between rate constants and concentration of reactants,
let us consider the following chemical reaction system:

aA + bB k
k-1

cC {2.5}

where a molecules A react with b molecules B resulting into c molecules C
with a rate constant k and C can be converted back into A and B molecules with
a backwards rate constant k−1. The mathematical relation that usually describes
velocities of such reactions of the forward (v f ) and backward (vb) direction can be
written as follows:

v f = k[A]a[B]b

vb = k−1[C]c
(2.1)

being k and k−1 in such units that the resulting units of v f and vb will be given
in mols per liter per second (mol/(Ls)). From this equation, we can derive the
variation of the concentrations in time for each molecule as the following system of
differential equations:

−d[A]

dt
= −d[B]

dt
=

d[C]
dt

= v f − vb (2.2)
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. The same reaction rates can be written in terms of absolute number of molecules
such as:

−dA
dt

= −dB
dt

=
dC
dt

= k
(

A
a

)(
B
b

)
− k−1

(
C
c

)
(2.3)

with appropriate units for k1 and k−1.

2.3 enzymatic reactions

The most common reactions found inside cells are those that are catalyzed by
proteins called enzymes [2]. These reactions are also known as enzymatic or bio-
chemical reactions for having the enzyme as the main player.

Enzymes are proteins capable of catalyzing very specific reactions in the cell by
binding to their substrates in a particular site of their structures [2]. Despite the
typical high specificity of the enzymes, there is a wide range of these molecules
aiming at catalyzing several different reactions, such as combination, modification,
and lysis of small molecules as well as catalyzing chemical modifications in other
macromolecules, such as other proteins, RNAs, and DNAs. Once bound to the
substrates, the enzyme reduces the energy required for the reaction to happen,
further releasing the products. This mechanism can be described by the following
chemical equations:

E + S
k1

k2

ES
k3

E + P {2.6}

where E is the enzyme, S is the substrate, ES is the enzyme-substrate complex,
and P is the product. This mechanism can also be simply described as follows:

S E P {2.7}

indicating that S is transformed into P by the enzyme E. Although the velocity of
an enzymatic reaction could be estimated from the underlying mechanism described
in {2.6}, the rate constants k1 and k2 are not easily measured. Instead, the most used
approach to mathematically model the kinetics of enzymatic reactions is by using
the Michaelis-Menten equation [2]. This equation is capable of correctly describing
most of enzymatic reactions in the form as that represented in {2.7}. Thus, the
velocity of an enzymatic reaction can be written as:

v = −d[S]
dt

=
d[P]
dt

=
kcat[E][S]
kM + [S]

(2.4)

where kcat is the turnover capability of the enzyme (related to the k3 in {2.6})
and kM is known as the Michaelis constant. Given that kcat[E] is also referred
as the maximum velocity of the reaction (vmax), kM is numerically equal to the
concentration of S when v = vmax/2. This constant kM is much easier to be obtained
experimentally than k1 and k2 from {2.6}.





3
C O M P L E X N E T W O R K S A N D B I O L O G Y

In this chapter, we will introduce the basic concepts about how to represent natural
systems using graphs, also called networks or complex networks, and their topolog-
ical study. Particularly, we will explore the use of networks to model biomolecular
interactions. It will be also introduced concepts about undirected, directed, and
bipartite graphs, using examples of applications in protein interactions, genetic
circuits, and metabolic networks respectively.

3.1 graphs , networks , and complex networks

Natural (and unnatural) systems can be studied by identifying their composing
parts and how they interact. One approach to represent such systems is by modeling
them using networks [33]. We can say that each part of the system is a node and
then link the nodes according to the interactions between the parts they represent.
For example, one could model a social system by representing people as nodes
and connecting them following a given social relationship, such as friendships. The
resulting network could be understood as a representation of friendship connections
within a group of people. Such an approach can be extended to any system that
can be divided into discrete parts and relationships.

In discrete mathematics, a set of vertices and edges connecting the vertices is
called a graph. They do not necessarily need to represent something, but the
study of the different structures that can be obtained using such a representation
and their associated mathematical properties provides a mathematical foundation,
called graph theory, that can be applied to many real problems [34]. Essentially,
“graphs” and “networks” are synonyms. However, the latter is usually associated
with representations of real systems while the former is more frequently used to
refer to pure mathematical entities. Also, the terms “vertices” and “edges” are used
in the context of graphs while the terms “nodes” and “links” are adopted when
regarding networks.

When studying graphs or networks, one of the most important features to be
analyzed is their topology [33]. It is related to the patterns of connections between
the nodes. When representing real systems, the topology of a network can unveil
many emergent properties of the system that would otherwise be impossible, or
very difficult, to assess considering only the system’s parts.

There are many ways to investigate the topology of a network. The most common
and often effective way is to analyze the degree distribution of the nodes [33, 35].
The degree of a node is simply the number of connections it has with other nodes.
Therefore, the distribution of nodes degree is the relative frequency (or probability)
of each degree in the network. In Figure 3.1, three different networks are depicted
with their associated degree distribution. The first one on the left has a regular
pattern of connections, with almost all nodes presenting the same degree. The
second one in the middle has its nodes connected in a uniformly random way [36].

11
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The probability distribution p(k) of finding a node in the network with a degree k
is represented in the respective plot resembling a Gaussian distribution .

Figure 3.1: Regular, random, and complex network topologies and their respective node
degree distributions.

The two networks mentioned in the last paragraph, having random or regular
connection patterns, are considered simple networks. That is because the connecting
pattern of any node is highly similar and predictable. On the other hand, some
networks may present connecting patterns that are not trivial, being called complex
networks. This is the case of the network depicted in the right on Figure 3.1 and
is also one of the most common types of topology found when modeling real
systems. The distribution of nodes’ degree often follows a power-law-like shape,
having few highly connected nodes, though typically more than in a uniformly
random network, and several less connected ones [37]. Other characteristics, such
as clusters, can also appear in complex networks as well as multi-modal degree
distributions [38].

When modeling biological systems using networks, the connecting patterns
obtained are usually non-trivial [39]. It has been suggested that network models
of many different biological realms, from ecological to molecular systems, share
similar topologies usually following power-law distributions of node degrees [40,
41]. One possible explanation about why this kind of topology is so ubiquitous is
that the relationships between biological entities are shaped by evolution leading to
robust structures that allow life to endure [42–44].

One important emergent characteristic of networks with power-law-like distri-
butions of nodes degrees is that they are highly resistant to random failures [37].
They have many nodes with few connections and few nodes highly connected. If
we randomly choose one node to fail in the system, there is a high probability that
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it will be a node with few connections and will perhaps not having much impact on
the whole structure. If we transfer this concept to a biological system, for example
to a molecular system, random mutations occur in the DNA all the time possibly
causing the malfunctioning of a gene product. If the molecular interactions follow
such a topology, most of the genes will have fewer connections in the cell thus
having a lower probability of causing significant damage to the whole system. Nev-
ertheless, the few highly connected entities can serve as week spots. A malfunction
of such entities can cause huge impacts in the molecular system, sometimes leading
to diseases or death [45].

3.2 undirected graphs and protein-protein interaction networks

A graph G can be mathematically represented by a set of vertices and edges G = v, e
where v = v1, v2, ..., vn and e = (va, vb), ..., (vc, vd) with a, b, c, d ∈ [1, n]. Considering
(va, vb) ≡ (vb, va), we have an undirected network. It means that a relationship
between two nodes is bilateral. One example of a system for which such type of
network can be a suitable representation is in protein-protein interactions within a
cell, such as complex formation [46]. If a protein A binds a protein B, it is the same
to say that a protein B binds a protein A.

Another characteristic that can be incorporated into a network representation is a
value associated with each edge, called weight, thus being mathematically expressed
as e = (va, vb, w) [33]. In protein-protein interaction (PPI) networks, this weight w
can for example represent the likelihood of that interaction to exist based on several
experimental data sources. In Figure 3.2 we show a graphical representation of a
PPI network of genes related to the p53 human gene as an undirected network with
weights associated with the edges represented as the edge thickness.

The P53 gene is considered a tumor suppressor involved in several processes such
as cell cycle regulation, apoptosis, and genomic stability [48–50]. Some mutations in
its sequence can lead to damage to its protein product function potentially leading
to diseases such as cancer [51]. In the context of PPI networks, it is usually a highly
connected node [52] as observed in Figure 3.2. Considering that PPIs usually have
degree distributions in a power-law form, the P53 can be considered a week spot in
the network structure evidencing its role in diseases [41].
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Figure 3.2: An example of an undirected weighted network where nodes and edges rep-
resent proteins and their physical associations respectively. The thickness of
each edge is proportional to the confidence of that interaction obtained experi-
mentally. The images inside each node display the tridimensional structure of
the protein. This network was obtained from STRING [47] by searching for the
human protein P53 and close interactions.

3.3 directed graphs and signaling networks

There are cases in which relationships between two entities are not bilateral. In
other words, we can mathematically express in a network that (va, vb) 6= (vb, va).
Networks with this kind of property are called directed networks and edges indicate
which direction the interaction occurs [33]. For example, protein A can catalyze a
chemical modification in protein B, but protein B can not catalyze a modification in
A.

Directed networks are often used to model signaling processes inside cells [55–57].
Proteins can suffer modifications due to environmental changes such as temperature,
osmotic stress, and the presence or absence of certain molecules. Once modified,
they can trigger modifications in other proteins leading to a cascade of events that
can ultimately lead to changes in gene expression as a response to that change
in the environment. These signaling cascades often have determined directions
to occur not being able to reverse the process by the same pathway of molecular
modifications. Figure 3.3 illustrates a signaling network where the protein p53 is
inserted (highlight in orange). The edges have arrows indicating the direction of
the interaction. Some edges have perpendicular bars at the end indicating that this
is an inhibitory interaction. Arrows and bars can indicate for example a positive or
negative value respectively of the weight associated with the edge.
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Figure 3.3: A signaling network where the p53 protein is inserted. It is represented by a
directed network where arrows and bars indicate the direction of the interaction
as well as if it is a stimulatory or inhibitory interaction respectively. This network
was obtained using the OmniPath [53] plugin in Cytoscape 3.8.2 [54] by searching
for the p53 protein. Node sizes are proportional to their degree.

3.4 bipartite graphs and metabolic networks

Bipartite networks are networks with a particular structure where nodes can be
divided into two groups that do not have connections between nodes of the same
group [33]. They are commonly used to represent interactions between two different
kinds of entities. It is the case of metabolic networks where we can have nodes
representing metabolites and nodes representing reactions [40]. In this case, all the
edges connect metabolites to reactions.

The relationships between metabolites and reactions are twofold: reactants and
products. This can be represented by the directionality of the edges, becoming
a bipartite-directed network. Figure 3.4 depicts a fraction of the central carbon
metabolic network from E. coli with metabolites colored in blue and reactions in
orange. Another characteristic that can be incorporated into this kind of network is
the stoichiometry of the reactions as edge weights. For example, if a reaction has
2 ATP molecules as reactants, the edge going from the ATP node to the reaction
node will have its weight equals to 2. In the same sense, if the reaction has 2 PI as
products, the edge going from the reaction node to the PI node will have its weight
equals to 2 as well.
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Figure 3.4: A fraction of the central carbon metabolic network from E. coli obtained at
BiGG Models [11] and visualized using Cytoscape 3.8.2 [54]. Node sizes are
proportional to their degree.
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B I O C H E M I C A L N E T W O R K S A N D I N T E G R AT I V E M O D E L I N G

All cellular processes can be understood by means of their underlying biochemical
reactions. By far, the most detailed cellular process in terms of specific biochemical
reactions is the metabolism [58]. For many organisms, we already have very detailed
and possibly complete metabolic maps [11]. Even though, metabolism is just a
small set of reactions complementing other cellular processes. While the interface
between metabolism and protein-protein interactions has already been tackled in
the literature [59], other cellular processes such as protein and RNA synthesis, DNA
replication, protein and RNA degradation, and cell cycle, are rarely represented at
the biochemical level. In this chapter, we propose a modeling framework that aims
at enabling the incorporation of a wide range of molecular species and interaction
types to accommodate cellular processes such as the ones mentioned above. The
methodology described here was published in [28].

4.1 biochemical reaction modeling framework

To better explain our modeling approach, a simple graphical notation will be used
to depict molecules and interactions in the form of a network. Thus, using network
science nomenclatures, representations of molecules and reactions will be called as
nodes. Relationships between molecules and reactions will be called as edges. Figure
4.1 shows the graphical notation adopted in this work.

Here, molecule nodes can represent any physical entity within a cell such as
metabolites, DNA regions, proteins, and RNAs. Each different state of a molecule
(e. g., the active and inactive form of a protein) will be represented by different
molecule nodes. Similarly, molecules in different cellular compartment locations
(e. g., intra and extracellular glucose) are also represented by distinct nodes.

We can represent any interaction between molecules by a reaction node. In
addition to biochemical reactions, such as in metabolism, more complex interactions
such as gene transcription, protein synthesis, transport, protein complex formation,
chromosome replication, and cell division can be incorporated into the model.

Reactions can be regulated and we can explicitly link the “modifiers” to their
respective reaction nodes. To do so, we use a distinct type of edge, called modifier
edge. In Figure 4.1a, the modifier edge is drawn as a circle-ended line connecting
molecule “Enz” to the reaction. This connection means that the Enzyme is needed
so that the reaction can occur, but it is neither consumed nor produced in the
reaction. For example, other molecules such as transcription factors, genes, and
mRNAs can act as modifiers, since their concentration does not change in some
reactions.

To illustrate the modeling of some molecular interactions, Figure 4.1 shows some
use cases derived from the generalizations we adopted. Example (a) depicts a
biochemical reaction where an enzyme combines Met1 and Met2 into Met3. In (b),
a given protein interacts with a ligand (e.g., in an allosteric site) producing the
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Figure 4.1: Graphical representation of the reaction modeling framework. Molecule nodes
are represented by blue circles. Red squares represent reaction nodes. Arrow-
ended edges indicate reactant or product relationships depending on direction.
Circle-ended edges indicate modifiers to the reaction. Some modeling examples
of distinct kinds of biochemical interactions are depicted as follows. (a) A

biochemical reaction Met
1

+ Met
2

Enz Met
3
; (b) inhibition of a protein by

a ligand; (c) molecular transport from compartment 1 to compartment 2 by
a transporter; (d) a polymerization reaction; (e) a tetrameric protein complex
formation. All detailed network visualizations in this and further figures were
generated using Cytoscape [54] unless stated otherwise.

protein’s inhibited form. Transport through a cellular membrane can be approached
as in example (c), where a given molecule is carried from extra to the intracellular
environment by a transporter protein. Example (d) illustrates a polymerization
process catalyzed by an enzyme where different stoichiometries of three basic
building blocks are combined into a single polymer, such as in a protein synthesis
reaction catalyzed by a ribosome. Protein complexation of four subunits (e.g., α and
β hemoglobin subunits) is represented in example (e).

4.2 cellular process modeling and integration

Certain cellular processes make use of the same molecular machinery to produce
different outputs given different inputs. It is the case of the synthesis of macro-
molecules such as proteins, RNAs, and DNAs. For instance, the synthesis of proteins
involves a set of reactions that repeats for each mRNA given as an input. Most of
the molecules involved in the process are the same for different mRNAs, sometimes
only changing the stoichiometry of amino acids. For such processes, we propose
the use of templates which are sets of reactions that can be replicated and adapted
for different substrates.

In Figure 4.2, an example of a template for the transcription process is shown
inside the red box. The template contains the reactions for the binding of an RNA
Polymerase to a DNA region and the transition of the complex through the gene
until completion of the transcription releasing an RNA molecule and the RNA
Polymerase. The process is the same for the transcriptions of all genes, as the
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template is able to be replicated only by changing the DNA region and the resulting
RNA molecule. Particularities of each reaction, such as the need for transcription
factors, can be incorporated as indicated by the dashed lines in the Figure 4.2. It is
important to notice that the templates need to be made specifically to the subject
organism and the modeling assumptions can vary from modeler to modeler.

Figure 4.2: On the left, a simplified version of a full cycle of network building starting
from a single metabolic reaction. For processes such as replication, transcription,
translation, and degradation, templates are used to represent the process with
adaptations for each specific case based on available data as shown on the right.

The integration of cellular processes modeled using the proposed framework
should occur naturally if they share molecular species. As an example, a simplified
representation of a full pathway from DNA to metabolite is depicted in Figure 4.2.
Starting from the bottom, a homodimeric enzyme that catalyzes a given metabolic
reaction has its biosynthesis pathway built upwards to the DNA level passing
through protein complexation, protein maturation, protein synthesis, RNA synthe-
sis, and DNA duplication. Degradation reactions for proteins and RNA are also
shown.
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M Y C O P L A S M A G E N I TA L I U M C A S E S T U D Y

In 2013, a public database called WholeCellKB was implemented aiming at gathering
complete biological information about specific organisms [60]. The first organism de-
posited in this database was the pathogenic bacterium Mycoplasma genitalium. This
organism yields the smallest genome known, with 580 kb and 525 genes. Because
of its relative simplicity, M. genitalium has served as the model organism for break-
through advances in synthetic biology [61] and whole-cell simulations [10]. The
simplicity of this organism, allied to the structured data provided by the database,
makes M. genitalium a particularly suitable model for the comprehensive integration
of cell-scale biochemical interaction into a whole-cell biochemical network.

In this chapter, we use the M. genitalium organism as a case study to assess the
capabilities of our proposed modeling framework. We use it to model the data
available at WholeCellKB and produce a whole-cell biochemical network of the
referred organism. Then, we characterize it topologically and perform in silico
knockouts experiments and compare to experimental knockout data to validate the
network. The methodology and results here described were published in [28].

5.1 network building process

To start building the biochemical network of the M. genitalium organism, we first
queried all metabolic reactions from WholeCellKB and included them as reaction
nodes in the model. Then, all metabolites which act as reactant or product, as well
as enzymes, were incorporated in the network as molecule nodes and properly
linked to their respective reactions. From this point, a recursive process starts by
adding biosynthesis and degradation reactions for each molecule already in the
network. For example, protein complexes are biosynthesized by macromolecular
complexation reactions. Protein monomers are produced by translation and protein
modification reactions. They also are degraded by proteolysis. For these newly
incorporated reactions, the necessary molecules are added as molecule nodes and
linked to them. This process repeats itself until all molecules have their respective
biosynthesis and degradation reactions. At the end of this recursive process, it is
expected the network to have all reactions from metabolism to DNA Replication,
passing through all the central dogma of molecular biology (Fig. 5.1).

On top of the so obtained network, we queried the WholeCellKB for reactions
that are still not included in the model, such as redundant reactions, and added
them. To finalize the network, we manually included the “Cell Division Reaction” to
which all necessary proteic complexes, such as FtsZ Ring, Chromosome Segregation
proteins, and the duplicated Chromosome, are linked as modifiers. A detailed
description can be found in the Supplementary Information.

In order to guarantee the coherence of the reactions in the network, we calculate
the mass-balance for all reactions. Following the principle of mass conservation, the
difference between the mass of reactants and products, weighted by their respective
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Figure 5.1: The hierarchical construction of the Mycoplasma genitalium’s whole-cell bio-
chemical network. Starting from the metabolism several cycles of introducing
necessary molecules to the reaction and their synthesis/degradation reactions.
When the network construction reach the DNA level, the chromosome is divided
in regions in order to better represent locus-specific protein interactions.

stoichiometry, should be zero. Although this approach can assure the mass-balance,
literature evidence is still needed to ensure their correctness.
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5.2 chromosome representation

Despite being the smallest known chromosome, M. genitalium’s still a large and
lengthy circular molecule having 580kb. In order to better represent locus-specific
protein interactions, we divided the chromosome into regions, each one being
represented by a molecule node.

We used as reference the M. genitalium G37 genome [62], available at the NCBI
database (NC_000908.2). In Figure 5.2 we can observe the circular chromosome
representation as well as the genes distributed along with it. The transcription units
(TUs) are the regions that are transcribed in RNA. One TU can encompass one or
more genes, the last case also being called “Polycistronic RNAs”. The RNAs from
TUs with more than one gene can be further cleaved into separated RNA molecules,
which is the case of tRNAs, or left as one molecule. In any case, each RNA molecule,
polycistronic or not, is represented by a single molecule node.

Figure 5.2: M. genitalium chromosome representation. Figure was partially generated using
CGView [63]

Although intuitive approaches would be to divide the chromosome regions
according to the TUs or even to split into regions of the same length, the more
granular the division, more details can be incorporated in the model. The DnaA
protein interacts with small ∼ 8 nucleotides long sequences repeated all over the
chromosome. Figure 5.2 depicts the distribution of DnaA binding sites annotated
in the WholeCellKB. The binding and polymerization of this protein at specific
nucleotide sequences in the chromosome are the main mechanisms to control
cellular replication and the binding sites present a more granular division of the
chromosome. Thus, we adopted the DnaA binding sites as division points to define
the chromosome regions, with the addition of the replication origin and terminus
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sites. More specifically, each DnaA biding site is defined as a chromosome region,
and each region between DnaA binding sites is also defined as a chromosome
region.

5.3 modeling canonical processes

Although some processes, such as metabolism, have a straightforward modeling
transition from WholeCellKB to the proposed framework, other processes require
more attention. For instance, it is not usual to describe chromosome replication, gene
transcription, protein synthesis, and some other processes as networks. Thus, we
manually created templates based on literature for these processes. Particularities
in the synthesis process of individual proteins, RNAs, and DNA are incorporated
accordingly to data availability in WholeCellKB. The naming references in the
computational model for the templates described in the following can be found in
the Supplementary Information from [28].

Chromosome Replication

The chromosome’s replication starts when the DnaA protein polymerizes in five
specific DnaA binding regions near the replication origin and recruits all necessary
molecular machinery to replicate the DNA. It is the formation of the two Replisomes
at the origin of replication in the chromosome, which we call the Replication
Complexes.

Figure 5.3: The template for Replication Initiation and Replication Elongation processes.
The network depicted shows three steps of Replication Elongation going both
chromosome directions. The dashed lines mask the rest of the process and go
straight to the final reaction, where the terminus region (2206) is replicated and
the Replisomes released. The actual molecules’ IDs in the network are listed
in the Supplementary Information. Although some stoichiometries are shown,
most of them are hidden for better visualization.
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Given that the chromosome is divided into regions, the formation of the Replica-
tion Complex also takes as a reactant a chromosome region. The two Replisomes,
bound to the Chromosome Regions 0 and 4534, undergo their respective replication
reactions where the free deoxy-nucleotides are consumed according to the regions’
sequence. Each replication reaction produces two copies of the current Chromosome
Region and consumes the next region, making the Replisome move through the
DNA molecule (Figure 5.3). The two Replication Complexes move in opposite
directions until they reach the replication terminus region, where the replication
completes and the Replisomes’ subunits are released. The collision of the Replisome
with other Protein-DNA complexes, such as DnaA and RNA Polymerases, are
handled separately.

RNA Synthesis

The RNA Synthesis is the process in which an RNA Polymerase makes an RNA
molecule based on a Transcription Unit (TU), a region of the chromosome that
may contain one or more genes. Given that a TU can be fragmented in several
Chromosome Regions, as observed in Figure 5.2, the transcription process follows a
similar approach to the Chromosome Replication, once the Transcription Complex
moves through the DNA and its template is shown in Figure 5.4.

Figure 5.4: The template for the Translation process. Dashed lines indicate relationships
that are not always required. For example, not all RNAs goes through RNA
Cleavage and Maturation reactions, such as tRNAs. Most of the RNA mod-
ifications available in WholeCellKB were not included in the model due to
systemic inconsistencies found in the database regarding the positions of the
modifications.

The binding of the RNA Polymerase Holoenzyme to the beginning of a TU
in the chromosome might require a Transcription Factor already bound to the
respective Chromosome Region, as indicated with dashed links to the “Transcription
Complex Formation” reaction in Figure 5.4. Then, given that the TU begins at the
Chromosome Region i, the Transcription Complex, the example in Figure 5.4 depicts



26 mycoplasma genitalium case study

a TU divided into only two Chromosome Regions, being the second one at the
position i + 1 or i− 1 depending on which strand of the DNA the TU is found. TUs
that are polycistronic and need to be cleaved to produce the individual functional
molecules, the so transcribed RNA goes through further cleavage and maturation
reactions.

Transcription Stall Reactions

A transcription reaction can be interrupted for several reasons. One of them is
the collision with other molecules in the same region of a DNA strand. Here we
modeled the stall reaction for transcribing complexes when a replication complex is
in the next chromosome region. Once the transcription reaction can be interrupted
at many chromosome regions, one incomplete RNA molecule is created for each
reaction. The name of the molecule carries its sequence.

Figure 5.5: Transcription Stall Template.

RNA Degradation Reactions

The RNA degradation reaction template is depicted in Figure 5.6. The Peptidyl-
tRNA Hydrolase is needed only in the case of aminoacylated tRNAs. Modifications
in RNAs were not taken into account due to inconsistencies in WholeCellKB.

Figure 5.6: RNA Degradation Template.
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Protein Synthesis

The template for the translation process is shown in Figure 5.7, including the
translation complex formation, translation elongation, and protein maturation.

Figure 5.7: The template for Translation and Protein Maturation processes. Dashed lines
indicate relationships that are not always required. For example, not all proteins
require Chaperones. Membrane Transporters, Peptidase, and the production
of the Signal Peptide are only required for secreted proteins. Only two of the
twelve amino acids are shown to better visualization. The small blue circles
illustrate the other amino acids and associated tRNAs.

The translation process starts with the complexation of the Ribosome 70S, Initia-
tion Factor (IF) 3, and the mRNA with IF-1 and IF-2 as auxiliary molecules. Then, the
translation complex proceeds to the elongation stage where aminoacylated tRNAs
and energy molecules (GTPs) are consumed according to the mRNA sequence while
the respective tRNAs without amino acids and the IF-3 are released. Elongation
auxiliary proteins act as modifiers and chaperones might also be linked depending
on the protein’s annotations in WholeCellKB. Similarly, post-translational modifica-
tions can be incorporated in the Maturation Reaction, transforming an immature
form of the protein into the functional one. Proteins that are secreted to the external
environment have also linked to the Maturation Reaction the necessary membrane
transporters, the peptidase to cleave the Signal Peptide, and the Signal Peptide
itself.

Translation Stall Reactions

Just as transcription reactions, the translation process can be interrupted by several
reasons too. However, when a transcription complex stalls, the incomplete protein
needs to be tagged with a specific amino acid sequence in order to be rapidly
degraded. Thus, this process is represented by two template reactions: the stall
of the translation complex and the translation of the signal peptide. Once we do
note represent intermediate molecules during the translation process, all stalled
translation reactions will only produce the same incomplete peptide, which contains
only the degradation signal sequence.
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Figure 5.8: Translation Stall Template.

Protein Degradation Reactions

The proteins produced by the cell can be degraded in order to recycle amino acids,
control proteins’ concentration, remove defective proteins from the cytosol, and
other reasons. Figure 5.9 shows the template for protein degradation reactions.
According to the protein’s location (cytosol or membrane), different proteases can
be recruited for its degradation. Proteins tagged with the Proteolysis Peptide are
degraded by the membrane protease.

Figure 5.9: Protein Degradation Template.
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Cell Division Reaction

The cell division is a biochemical and mechanical event involving several molecules
and structures. In the M. genitalium’s whole-cell network it was modeled as a single
reaction with all necessary molecules linked as modifiers. Figure 5.10 illustrates the
reaction.

Figure 5.10: Cell Division Reaction illustration.

5.4 software structure and implementation

The software called PiCell was developed to build the Whole-Cell Extended Bio-
chemical Network of Mycoplasma genitalium but also being adaptable for other
organisms. It is composed of three parts:

• Database Handler

• PiCell Core

• Network Constructor

that can be accessed by Python 3 scripts. The database handler is the interface
between databases and the PiCell core. One handler should be implemented for
each database to be used as a source of the model. The PiCell Core is responsible
for organizing the data obtained from databases and create intermediate molecules
and reactions in order to fulfill the central dogma of biology in the model. When all
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necessary information os gathered in the PiCell Core, it can be exported as a single
network model, with linked molecule and reaction nodes, following the framework
proposed in this work. This model is then further submitted to validation and
analyses. Figure 5.11 shows a schematic of the software implemented to build the
M. genitalium’s network.

Database Handler

The necessary information for the model was acquired from the WholeCellKB
through the WholeCellKB Handler, a piece of Python 3 code implemented specif-
ically for this database. The data in the WholeCellKB database was available in
several formats. The JSON format was chosen because of its easiness of access from
Python. In addition to the JSON database file, the Handler can read two other files:
one containing the database entries to be ignored, and another containing a name
mapping to be applied in the database.

Figure 5.11: The schematic implementation of the PiCell, a software to build Whole-Cell
Extended Biochemical Networks.

Model Builder

The control of the modeling is made through an IPython Notebook using the
Jupyter interface1. Before acquiring the database’s information, the model must be
configured. Information about the canonical cellular processes must be provided in
order to be constructed from the templates by the PiCell Core.

The genetic information about the organism must also be provided. In the case of
M. genitalium, it was also available in the WholeCellKB. The chromosome sequence,
chromosome features, genes, and transcription units are necessary to construct the
canonical processes.

1 https://github.com/pauloburke/whole-cell-network

https://github.com/pauloburke/whole-cell-network
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Molecules and reactions to be added in the model can be retrieved from the
database or inserted manually. An example of the latter is the cell division reaction
and its structure and components can be found in Figure 5.10. Reactions, such as
metabolic and aminoacylation, were retrieved from the database, as well as the
participant molecules.

PiCell Core

The PiCell Core is responsible for structuring the information acquired from
databases and inserted manually in such a way that it can be more easily ma-
nipulated, checked for inconsistencies, and be further translated into an extended
biochemical network.

chromosome representation The first function of the PiCell Core is to
create a representation of the cell’s chromosomes based on the genetic information
provided. Each chromosome is divided into regions according to annotated regions
and respecting a maximum region length. In the case of M. genitalium, the maximum
region length was set a very high value so that all the regions’ sizes are only
constrained by the annotations in the genome. Transcription Units’ starts and ends
were not considered in this process.

recursive creation of canonical reactions The second function of
the PiCell Core is to generate missing canonical reactions for macromolecules in
the model. This functionality is based on the premise that all macromolecules
in the model must have at least one biosynthesis and one degradation reaction.
Thus, this process can iterate from protein complexes needing their complexation
reaction, up to the expression of their respective genes. For example, consider
that a given metabolic reaction inserted in the model is catalyzed by a protein
complex. The complex must be synthesized by a protein complexation reaction.
The monomers required in this reaction must be synthesized by a translation
reaction from their respective mRNA. The mRNA then needs to be synthesized by a
transcription reaction from its respective DNA regions. Finally, DNA regions must
be synthesized by their replication reactions. This cycle of reactions must be created
for every macromolecule in the model. Similarly, the degradation reactions for each
macromolecule is created. All reactions created by the PiCell Core are based on the
templates described before. Particularities of each reaction created, such as specific
chaperones in protein translation, are added in the reactions according to data
availability in the database.

consistency checks Additionally to the premise presented in the last para-
graph, the PiCell Core performs a mass-balance check in order to probe for incon-
sistencies in the reactions. All metabolites must have their composition formula
described in the model. From their atomic composition, their mass is estimated.
Given that all macromolecules are combinations of basic metabolites, the mass of all
molecules can be estimated upwards. Then, to check the mass-balance consistency
of any reaction, we simply calculate the mass of reactants minus the mass of prod-
ucts. The absolute value obtained must be less than one, the mass of a hydrogen



32 mycoplasma genitalium case study

atom. It is important to notice that although this methodology adds an extra layer
of confidence in the model, the correctness of all reactions still relies on the data
sources.

biochemical network construction After the model completion, it is
ready to generate a working model following the extended biochemical network
framework. For each reaction described in the PiCell core, a respective reaction is
created in the network. The molecules are created respecting their location. If a
given molecule can occur in more than one location, one molecule node is created
for each location and linked to their respective reactions accordingly. Reversible
reactions are represented by two reaction nodes, one for each direction. The final
model can be exported in SBML, some network formats, and also as a networkx
graph. More technical details can be found in the Supplementary Information of
[28].

5.5 m . genitalium whole-cell biochemical network

Based on WholeCellKB’s [60] and genomic information, we built the whole-cell
biochemical network of M. genitalium, comprising the molecular types and cellular
processes indicated in Figures 5.13a and 5.13b.

Figure 5.12: Graphical visualization of the M. genitalium whole-cell network. Edges with
high associated stoichiometry (over 100) are hidden for better visualization. The
big circular group on the right is mainly composed by DNA-Protein complexes
and their respective formation reactions. Figure generated using unpublished
software.
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Figure 5.13: a) Number of molecules per functional group in logarithmic scale. b) Number
of reactions per cellular process in logarithmic scale.

Topological Analysis

The generated model is a bipartite, weighted, and directed network containing a
single connected component with 119,690 nodes and 480,094 links (Fig. 5.12). The
nodes comprise 37,028 molecules and 82,662 reactions. The network is available in
GML and SBML formats in a Github repository indicated in section “Availability
of Data and Materials”. We annotated molecule nodes with their functional group.
Figure 5.13a shows its distribution among the nodes. We also annotated reactions
according to the cellular process to which they belong. As shown in Fig. 5.13b,
almost all known cellular processes can be found among the reaction nodes.

Figure 5.14 depicts the distribution of nodes within the five considered loca-
tions: cytosol (c), cellular membrane (m), Terminal Organelle Cytosol (tc), Terminal
Organelle Membrane (tm), and extracellular environment (e). The 249 molecules lo-
cated in the extracellular environment account for nutrients, side-products expelled
from metabolism as well as secreted proteins.

Considering the degree of a node as the number of connections it owns, we an-
alyzed the degree distributions for molecule and reaction nodes. For both cases,
multi-modal distributions were obtained. It is known that metabolic and protein-
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Figure 5.14: Number of molecules per compartment in logarithmic scale.

protein interaction networks often have power-law-like degree distributions [39–41,
64]. Thus, we analyzed the distribution of proteins and metabolites separately (Fig.
5.15a). We found that their distributions corroborate literature, but this assumption
is not true for the whole system. The degree distribution for reactions showed differ-
ent well-separated distributions that were found to be related to different processes
(Fig. 5.15b). For instance, Protein Degradation reactions were found grouped in a
Gaussian-like region. Other processes have reactions with a signature degree, such
as DNA Replication and Ribosome Assembly, the former being accounted into the
Macromolecular Complexation process.

Figure 5.15: a) Degree distribution of molecule nodes. The subgraph in the figure is the same
degree distribution but showing only the protein and metabolite subgroups
of nodes. b) Degree distribution for reaction nodes where the degree is the
number of connections solely. c) Distribution of number of processes a given
molecule node participates. d) Spearman correlation between node degree and
number of processes for all molecule nodes. e) Spearman correlation between
node degree and number of processes for only proteins and metabolites.

Regarding the network completeness, 20% of the proteins monomers and protein
complexes (a total of 137 molecules) have no interactions described in the Whole-
CellKB. These molecules are connected only to their biosynthesis and degradation
reactions, participating in no other interactions. Many of these molecules with un-
known function are putative membrane proteins. Because there is still no signaling
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pathway reported in M. genitalium, these putative membrane proteins can be a
starting point for the elucidation of signaling processes in this organism.

Network models of natural systems usually share some topological characteristics.
The degree distribution through the nodes of a network is one of these shared
features [37]. Somehow, it is believed that the processes that create these natural
systems, particularly the biological systems, resulted in patterns of interaction
between its elements which follows a power-law distribution [39–41, 64]. We found
evidence that the degree distribution in our network resembles a power-law but
only for selected molecule groups. It is the case of proteins and metabolites. The
degree distribution when considering all the nodes is not trivial. Whilst having
found such power-law-like structures inside the network, they represent a small
fraction of all molecular entities represented in the model. The assumption of a cell’s
robustness explained by network topologies seems more limited in this perspective,
even though the so obtained distributions rely on our modeling assumptions.
Nonetheless, the properties of the power-law-like subsets could propagate to the
rest of the network by cascading failures.

Interface Between Processes

Molecules shared by reactions from different processes are interfaces between them.
It means that the concentration of such molecules can affect, and be affected by, the
dynamics of more than one cellular process. We found that 46.8% of the molecule
nodes participate in at least two cellular processes, making the bridges between
them. Parting from the hypothesis that the more connected a molecule is in the
network, the higher is the chance that it connects cellular processes, a positive
correlation is expected between the node’s degree and the number of processes that
it participates. Figure 5.15d shows that it is not the case, where we obtained a low
negative correlation between those measures. Nevertheless, we found a significant
positive correlation when analyzing only proteins and metabolites (Fig. 5.15e).

Remarks on the Mycoplasma genitalium Whole-Cell Biochemical Network

We chose the pathogenic bacterium M. genitalium organism as a case study to
illustrate the capabilities of the proposed framework because of its simplicity
and data availability in the WholeCellKB database. Despite its simplicity, the so
obtained network comprises thousands of biochemical interactions from which
several cellular processes emerge.

This approach provides a means such as that all cellular processes are explicitly
described as a unified network of biochemical interactions. To support this affirma-
tion, we mention the fact that the whole-cell biochemical network of M. genitalium
has only one component, which means that all biochemical interactions are in
some level interconnected. Moreover, 46.8% of the molecules participate in reactions
respective to more than one process, acting as the intrinsic interfaces between them.
Despite the analyses performed in this work, we believe that more information
about how processes are integrated could be extracted from this model.

Indications about the reliability of the obtained reactions can be derived from the
WholeCellKB, where each reaction is assigned to its respective literature evidence.
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The reactions in the network that were not explicitly described in the database,
such as replication, transcription, and translation reactions, were derived from
basic biological knowledge about these processes. Some of these reactions also
incorporated particular molecules such as transcriptional factors and chaperones,
which therefore have their literature evidence indicated in the database as well.

5.6 gene essentiality prediction

Some specific gene deletions can trigger a deadly cascade of failures in cells.
Other deletions might not cause such an impact, characterizing cellular robust-
ness [44]. Cascading failure analysis has been used to evaluate robustness on several
network-based systems [65–68]. Analogously, it has been successfully applied for
the estimation of essential genes in metabolic networks. They removed reactions
regulated or catalyzed by a given gene product, and the impact of cascade failure
propagation on the network structure revealed a correlation with gene knockout
lethality [69, 70].

The proposed framework and metabolic networks share many structural char-
acteristics. Because of their similarity, the same cascading failure approach can be
used to estimate the impact of gene deletion on a whole-cell biochemical network.

We adopted the same algorithm described by Mombach et al. [69] to perform the
cascading failure analysis. As demonstrated in their work, cascade failures were
started by removing reactions regulated by a given enzyme in order to quantify
its essentiality. However, enzymes and other regulators are explicitly connected
to their respective reactions in our framework. Thus, we use molecule nodes
which represent the functional molecule of each gene as starting points of the
cascade failure dynamics, instead of reaction nodes, as shown in Figure 5.16 and
described in the Algorithm 1. For genes that are further translated into proteins, we
selected the molecule nodes, which represent its protein monomers. For tRNAs and
ribosomal RNAs, the selected nodes were the ones representing the RNA molecules
themselves.

Figure 5.16: Example of cascading failure. The nodes with shaded color and dashed edges
were removed after cascading failure by removing the initial gene molecule
node.
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Algorithm 1 Cascading Failure

1: procedure recursiveNodeRemoval(N,TARGET_REACTION) . N is the
molecule node to remove

2: R← list of reactions where Nis reactant
3: M← empty list of molecules
4: remove(N)
5: while Length(R)> 0 do
6: for all r in R do
7: for all products of r do
8: if product.indegree = 0 then
9: append product to M

10: remove(r)
11: R← empty list of reactions
12: for all m in M do
13: append reactions where m is reactant to R
14: remove(m)
15: M← empty list of molecules

In order to observe the effect of gene deletion in the network, we checked if a
specific critical reaction, the cellular division, is still present in the network after the
gene deletion. In other words, we remove the node representing the respective gene
and perform the cascading failure analysis. Then, the gene is classified as essential
if the critical reaction is absent in the network. Otherwise, the gene is classified as
non-essential. Additionally to single gene deletions, we performed double gene
deletions to analyze relationships between pairs of genes.

We performed single and double gene deletion experiments. For single-gene
deletions, each gene was removed following by its cascading failure. Table 5.1
shows the comparison with experimental data achieving 54% of exact matches with
1.7% of false positives.

Table 5.1: Validation of gene essentiality predictions against experimental data

Match False Positive False Negative

Single 0.5409 0.0171 0.442

Double 0.56 0.0190 0.421

Only Essential 0.9524 0.0476 0.0

For double gene deletion, we simultaneously removed each pair of genes and
performed the cascading failure. The double gene deletion slightly enhanced the
classification, which resulted in 56% of correct matches. Among the genes classified
as essential only in the double deletions, three distinct groups could be outlined as
depicted in Figure 5.17. The first is composed of three genes (MG071, MG322, and
MG323) responsible for ion transport across the membrane. The second group is
composed of seven genes (MG020, MG046, MG183, MG208, MG239, MG324, and
MG391) involved in the protein degradation process. The deletion of almost any
combination of genes from these two groups, except for MG239 that is only essential
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with MG071, indicates a non-viability of the cell. The third group is composed of
two genes (MG013 and MG245) that are involved in the folate metabolism and are
only classified as essential if both are simultaneously removed.

It is important to observe that genes with unknown functions, which compose
22.24% of all genes, were included in this analysis. These genes might have a
considerable impact on the matches rate, once all were classified as non-essential.
Nonetheless, considering only genes classified as essential by the combined ap-
proach, the correct matches increase to 95%, indicating the high accuracy of the
model.

Figure 5.17: Genes classified as essential in double deletions. The connected pairs means that
their conjunct deletion resulted in the deletion of the cell division reaction. They
are grouped by colors respective to their functional groups: cross-membrane
ion transporters (green), protein degradation (yellow), and folate metabolism
(blue)

Network Rewiring

Randomization of network topologies is one of the most commonly applied methods
to investigate how much information is encoded within a model [71–73]. Here
we employ a randomization process that changes the source and target of each
edge with a probability p. For each edge, a random number between 0 and 1 is
generated from a uniform distribution. If this number is smaller or equal than
the probability p, the source and target of this edge are assigned to new nodes
randomly chosen. The new nodes are chosen among ones with the same type to
keep the bipartite characteristic of the network. In order to validate the M. genitalium
whole-cell biochemical network generated in this work, we simulated gene deletions
by performing the removal of nodes that represent each gene product, followed
by cascade failure, and then analyzed the damage caused on the network. The
simulation results regarding the 525 genes of M. genitalium were compared to
experimental gene essentiality classification by global transposon mutagenesis gene
disruption available in the literature [61]. The experimental data classified 382 genes
out of 525 as being essential to the organism so it can replicate itself.

In order to check the statistical relevance of the M. genitalium whole-cell biochem-
ical network, we generated randomly rewired networks based on the original one
by reconnecting each edge, preserving directionality, with a probability p. A total of
50 replicates were generated for each probability with p ranging from 0 to 1 with a
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Figure 5.18: Gene essentiality prediction of randomly rewired networks with probability p
from the original M. genitalium whole-cell biochemical network. Each rewiring
rate accounts for 50 replicates.

0.02 step. In Figure 5.18 we can observe that the higher the network randomization
level, the higher is the number of false positives in the essentiality classification.
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5.7 related modeling methodologies

Network-based models have been extensively used to represent cellular processes.
Besides to metabolic and signaling networks, which was already tackled in this
work, we can give as examples: a) genetic regulation network, representing positive
and negative relationships between gene expressions [6, 74]; and b) protein-protein
interaction (PPI) networks, indicating physical interactions between proteins [75–77].
Some of these networks, namely metabolic and signaling networks, are already
representing their processes based on their underlying biochemical reactions. On
the other hand, genetic regulation and PPI networks represent processes that
are composed sometimes by several intermediate biochemical reactions, therefore
providing a high-level representation.

If we consider a set of networks representing processes of the same organism
by using the network models above mentioned, there is currently no means for a
straightforward integration between them once they have very different modeling
assumptions. Studies addressing the integration of cellular processes often maintain
the respective underlying networks in separated layers [78–81].

No quantitative comparison can be established between the so constructed M.
genitalium network and any other network model for two reasons: a) there is no
other network model for this organism; b) no modeling approach have integrated
cellular processes that could be topologically addressed as a single network. Nev-
ertheless, the closest approach available in the literature is the one provided by
Reactome.org [82]. They aim at representing several different cellular processes
through biochemical reactions. However, biochemical pathways are organized in
a nested form, thus not providing a single integrated network. Also, processing
processes, such as transcription and translation, are not represented. Even so, Reac-
tome.org represents an accessible, curated, and annotated biochemical content which
can be further transcribed, with no much effort, into single whole-cell networks
using our approach.

Regarding the network’s construction process, our approach could further benefit
from related methodologies for metabolic networks. For instance, orthology-based
network reconstructions [83, 84] could be directly applied using the M. genitalium
whole-cell biochemical network and other networks of model organisms that can
emerge. The development of databases containing whole-cell biochemical networks
would be increasingly useful for such reconstructions as new models are provided,
also benefiting the study of non-model organisms.
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S I M U L AT I N G B I O C H E M I C A L S Y S T E M S

Computational models of biochemical reactions have proven to be useful tools
for a better understanding of molecular systems [85, 86], as well as in optimizing
experimental research [87, 88]. As a consequence of ever increasing data availability,
these models are significantly growing in size and complexity toward the scale of
entire cells [23–25].

Simulations of such models can be carried out by applying among a choice of
many available methods (e.g., Ordinary Differential Equations, Stochastic Simu-
lation Algorithms, and Dynamic Flux Balance Analysis) [18, 89]. However, each
simulation method has its advantages and limitations, which influence their choice
concerning specific applications. In this chapter, we will discuss important char-
acteristics to be considered when simulating biochemical systems at a cellular
scale and introduce two simulation methodologies that consider these important
characteristics. Part of the content presented in this chapter is also available in [29].

6.1 cellular-scale biochemical system characteristics

Complex reaction systems, such as biochemical interactions in a cellular environ-
ment, have some characteristics that are important to consider when modeling and
simulating them. One of these characteristics is that complex biochemical systems
often involve reactions taking place at significantly different time-scales. Also, the
number of copies of molecular species can vary from a single to thousands of
molecules [4, 90].

Another important characteristic is that the number of copies of a given molecular
species at any time takes a discrete value. However, when the system involves a
sufficiently high number of copies for all species involved, it is reasonable to
treat this quantity as a continuous variable [16]. With this assumption, the most
straightforward approach to simulate such systems is to solve a set of coupled, first-
order, ordinary differential equations called Reaction-Rate Equations (RE) [91–93].
Other approaches have been developed for the case when the rate-constants are not
available. It is the case of the Dynamic Flux Balance Analysis [18, 19]. Despite the
computational efficiency of these methods for the case of many molecules, when
it comes to smaller numbers, the results can be unsatisfactory in the sense that
they will provide real-valued approximations of quantities that are in fact discrete-
valued. Also, these methods provide deterministic solutions, while reactions are
better described as stochastic processes [17, 94].

A physical consequence of a small number of copies of a given molecule in a
biochemical system is that the reactions involving it will have their rate highly
influenced by thermal fluctuations and molecular crowding. A better description
of these reaction rate fluctuations can be achieved through stochastic formulations
of the system. Then, the evolution of molecular counts would be a consequence
of the reaction occurrences following a given probability rather than a rate. The

41
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single-valued function that gives the probability of finding a particular set of
molecular counts at a given time is called the Reaction Master Equation (RME) [95].
Its behavior in time can be formulated as a Markovian random walk in RME space.
Although it is often impossible to solve an RME analytically, the most frequently
used method being equivalent to numerically solving it is the Stochastic Simulation
Algorithm (SSA), also known as the Gillespie Algorithm [96, 97]. Even though SSA
can adequately account for the inherent discreteness and stochasticity of molecular
interactions, it typically implies a high computational cost. Some faster methods
were derived from approximations of SSA, such as the τ-Leaping method [98, 99].

So far, we pointed out some important characteristics shared by many complex
biochemical systems, such as different scales of reaction rates and molecular concen-
trations, discrete-valued number of molecules, and random fluctuations in reaction
rates. Therefore, an ideal simulation method for such systems should be able to
encompass all these features while being computationally efficient.

6.2 stochastic simulation algorithm

Since its publication by Daniel Gillespie in [96], the Stochastic Simulation Algorithm
(SSA) has been the standard approach to simulate stochastic systems. In the most
used form of this algorithm, called the Direct Method, a well-mixed solution where
M molecular species can react through R reaction channels is assumed. Given an
initial state X0 for the number of copies of each molecular species, we define a
time-step τ where only one of the R possible reactions can occur. For each reaction
channel µ in R, we must calculate its propensity such as:

aµ = hµcµ (6.1)

where hµ is the number of possible combinations between the reactant molecules
of µ in the current state of the system X(t). The cµ is a reaction constant that can be
understood as the probability of that reaction occurring in a period. It is related to
the rate constant of the reaction kµ and the volume of the system V as follows:

cµ =
kµ

V Iµ−1 (6.2)

given that Iµ is the number of molecules reacting in rµ. The simulation step is
then performed by selecting a pair of µ and τ such as:

a0 =
R

∑
i=1

ai

µ :
µ−1

∑
i=0

ai < r1a0 <
µ

∑
i=0

ai

τ =
ln(1/r2)

a0

(6.3)

where r1 and r2 are random numbers drawn from a unitary uniform distribution.
We then update the system state X by performing the reaction µ and then increase
time t by τ. This procedure is repeated until a stopping criterion is reached.
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Although SSA has been extensively tested and applied in the simulation of
several stochastic systems, it tends to be a computationally expensive algorithm
that may become prohibitive for very large systems [17]. There are some optimized
formulations and approximation of the SSA aimed at improving computational
performance [98]. In the following subsection, we present one of the most used
approximation methods, the τ-Leaping method.

The τ-Leaping Method

The τ-Leaping method, also proposed by D. Gillespie [98], is an approximation of
SSA which is considerably faster to compute. In this method, at each iteration, we
leap in time by τ so that the changes in the propensity function a will be slight.
Then, the number of occurrences kµ in the time step τ for each reaction channel
µ ∈ R will be sampled from the Poisson random distribution:

P(k; aµ, τ) =
e−aµτ(aµτ)k

k!
(k = 0, 1, 2, ...). (6.4)

6.3 flux balance analysis

Flux Balance Analysis (FBA) is a widely used mathematical method to study cell’s
metabolism behavior. The first works describing this technique drawback to the
’80s where they solved fluxes in metabolic pathways using linear programming
(LP) [100]. In the last decades, FBA has been successfully applied to genome-scale
metabolic networks being capable of accurately predict cell’s behavior [18, 101–103].

The formulation of an FBA problem [104, 105] starts with a metabolic network.
Such a network can be represented by a stoichiometric matrix S of size m × n.
Each row of the matrix S represents one of the m metabolites in the network.
Each column represents one of the n reactions. The entries in matrix S account
for the stoichiometry of each metabolite in each reaction. Negative values indicate
metabolites consumed and, positive values, metabolites produced by a reaction.
Metabolites that do not participate in a reaction have their values equals to zero in
the respective column.

Let v be a vector of size n that represents the fluxes through reactions of the
metabolic network and x is a vector of size m which represents the concentration of
all metabolites. The steady-state of the system can be given as

dx
dt

= 0 (6.5)

which can be represented as a system of mass-balance equations

S · v = 0 (6.6)

.
In any realistic metabolic network, the number of reactions is greater than the

number of metabolites (m > n). Thus, there are more variables than equations
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allowing more than one solution to the equation system. The space of solutions can
be reduced by adding boundary constraints for the fluxes

ai < vi < bi (6.7)

.
The constrained solution space is composed by all v that satisfies the Equations

6.6 and 6.7. However, we may be interested in solutions that maximize an objective,
such as, achieve a maximum growth rate or maximize the production of a specific
metabolite. That objective can be expressed as a linear combination of fluxes such

Z = cᵀv (6.8)

where c is a vector of coefficients for each flux. So, FBA uses linear programming
(LP) to find a v that maximize or minimize Z. Summarizing, the canonical FBA
problem can be stated as

maximize or minimize Z = cᵀv

subjected to S · v = 0,

ai < vi < bi

(6.9)

.
By the end of the optimization, the output is a flux vector v that maximizes or

minimizes Z.

6.4 dynamic flux balance analysis

Flux Balance Analysis is capable of estimate qualitatively the behavior of metabolism
with no parameter other than a stoichiometric matrix from a metabolic network.
However, its original formulation, even being capable of predict metabolism’s
response to environmental change or genetic regulation, is not time-linked and
can only predict instantaneous transitions. Also, the original FBA is not capable of
predicting metabolites concentrations. Some efforts have been made to produce time-
linked simulations of metabolism predicting transition phases due to environmental
or genetic changes as also time-series of metabolite’s concentration [106, 107].

In order to achieve flux profiles through time during transition phases between
steady-states, there was proposed an FBA variation called Dynamic Flux Balance
Analysis (DFBA) [18]. This framework was implemented in two different ways:
dynamic optimization where requires the solving of a non-linear programming
(NLP) problem and static optimization which requires the solving of multiple linear
programming (LP) problems. The dynamic optimization solves an NLP problem for
a particular spanning of time with a global objective function, returning temporal
profiles of fluxes and metabolites concentrations as well. The static approach divides
the spanning time of interest into smaller intervals and at the beginning of each
interval, an instantaneous optimization problem is solved in order to predict the
fluxes at the time point and then followed by integration over the interval to
compute metabolites concentration over time [18]. The DFBA approach could
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quantitatively predict the diauxic batch growth of E. coli when comparing with
experimental data and showed that static optimization performed a more accurate
prediction.

A similar approach called time-linked FBA (tFBA) extends DFBA by separating
process reactant consumption and byproduct return to occur between time steps
[107]. It adapts the model to allow a more confident data integration with long-term
reactions executed in whole-cell models.

Another approach that enhances dynamic models of FBA is called Integrated
Dynamic Flux Balance (idFBA) and it proposes an integrated dynamic analysis of
biochemical networks bringing together signaling, metabolic, and transcriptional
regulation processes [108]. For that, the signaling network is represented using
stoichiometric formalism expanding the metabolic network represented by S and
an incidence matrix Im′×tN where m′ is the number of reactions of the expanded
stoichiometric matrix S and tN the number of time steps. Each element ij of the
incidence matrix I has binary values representing whether a reaction i occurs at
time j or not. This approach allows integration of slow reactions by setting the value
of reaction i to 1 only at time steps which respect a delay τdelay. The transcriptional
regulation is represented by boolean formalism evaluating at each time step setting
fluxes upper bound (bi) to 0 of reactions regulated by a gene not expressed at this
time step. Fluxes are estimated at each time step similar to the static optimization
using LP described in [18]. This method showed good predictions when compared
with kinetic models of the S. cerevisiae high-osmolarity glycerol pathway in response
to osmotic stress [108].
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C O N S T R A I N T- B A S E D S I M U L AT I O N A L G O R I T H M

In the last chapter, we discussed some important characteristics to be considered
when aiming at simulating biochemical systems at a cell scale such as discreteness,
stochasticity, and efficiency. We also described two methodologies, one that encom-
passes the discreteness and stochasticity but lacks efficiency, and another that is
efficient but cannot account for stochasticity.

In this chapter, we propose a simulation method aimed at fulfilling all these
important characteristics. We use constraint-based modeling to mathematically
represent biochemical networks modeled using the framework proposed in Chapter
4. Additionally, we compare the proposed algorithm with the SSA using a theoretical
biochemical model. The content presented in this chapter is also available in [29].

7.1 constraint-based modeling

Let m = {m1, m2, ..., mM} be a set of M molecular species and r = {r1, r2, ..., rR} be
a set of R reactions where molecules in m play roles as reactants and/or products.
The stoichiometry of each reaction, i.e. how much of each molecular species is
consumed or produced, can be represented by means of a stoichiometric matrix
SM×R. Every entry Sij yields how much of the molecular species i is consumed
(negatively signed) or produced (positively signed) by the reaction j.

The stoichiometric matrix S cannot yield information about the molecular species
whose counts do not change by the end of the reaction. This is the case of catalysts,
modifiers, or auto-catalytic reactions (e. g.A A+A). Thus, to represent such
cases, we will define a regulation matrix R∗N×R where R∗i,j = γ if γmi molecules
are needed in reaction rj. Figure 7.1 illustrates how a biochemical network can be
mathematically represented.

Figure 7.1: An example of how a biochemical network modeled using the framework
presented in Chapter 4 can be represented by means of a stoichiometric and a
regulatory matrix.

47
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If we consider a vector x of length M, where xi is the number of mi molecules,
homogeneously distributed in a given volume V, the variation of x along time can
be written as:

dx
dt

= S · v, (7.1)

where v is a vector of fluxes and has length R. The flux vi can be understood as
how many times the reaction i occurs in a given period. The latter will henceforth
be considered as 1 second.

Although v is, for now, an unknown variable, its values are constrained by well-
known physical properties such as mass balance. Therefore, we can set the following
constraints to the solution space:

x ≥ 0, (7.2)

which assure that there are no negative number of molecules, and

Sv + x ≥ 0, (7.3)

asserting that a given flux is valid if, and only if, it does not result in any negative
number of molecules. An example of solution space for two parallel reactions
is depicted in Figure 7.2. The allowable space is upper-bounded the line that
determines the mass-balance constraint.

Figure 7.2: Example of a solution space for a system with two reactions. The flux for each
reaction is represented in the axes. Both reactions share the same reactant A, thus,
the combination of fluxes v1 and v2 must satisfy the mass-balance constraint.

7.2 simulation steps

Given an initial condition, each iteration of the algorithm is divided into five steps:
1) calculate the flux of each reaction based on the current system state; 2) add noise;
3) check if the calculated fluxes satisfy the mass-balance constraints (Eq. 7.3); 4) if
mass-balance constraint not satisfied, find a valid set of fluxes; and 5) update the
molecular counts. Figure 7.3 illustrates the algorithm scheme. These steps must be
repeated until a given stopping criterion is reached, such as a maximum time.

The following paragraphs describe in detail each step of the algorithm.
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Figure 7.3: Flowchart of the Constraint-Based Simulation Algorithm.

initial parameters The chemical system is defined by the stoichiometric
matrix S, which describes the reactants and products of every reaction, and the
regulation matrix R∗ that indicates other molecules necessary to given reactions
but without being consumed nor produced in the process. Each reaction must also
have an associated constant c, which is the fraction of all combinations between
its reactant molecules that would indeed result in a reaction by the time of one
second. Also, the initial state of the system x0 must be provided, defining the initial
molecular count for every molecular species. Finally, we need to set a maximum
time-step length ∆tmax.

flux estimation The flux vi(t) of a reaction ri in a given instant t can be
understood as how many times the reaction ri can occur along the next second.
Therefore, the flux of a given reaction can be any function g(x) multiplied by the
total number of combinations between the reactants. For the sake of simplicity,
we will consider g(x) as a constant ci for each reaction. Thus, following the same
reasoning used in SSA to estimate a, we can write vi(t + ∆t) as follows:

vi(t + ∆t) = ci ∏
j∀Sj,i<0

(
xj(t)
−Sj,i

)

−Sj,i!
∏

j∀R∗j,i>0

(
xj(t)
R∗j,i

)

R∗j,i!
∆t (7.4)

.

adding noise to fluxes In order to account for fluctuations which might
influence the velocity of reactions, specially in the case of lower molecular counts,
we will add noise to the calculated flux on each step using the chemical Langevin
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Equation [98, 109]. This equation introduces a Gaussian white noise η in the flux v
(Eq. 7.8) as:

vi = v′i + ηi

ηi =
√

v′iN (0, 1)
(7.5)

where N (0, 1) is a random variable drawn from the normal distribution with
mean zero, and standard deviation one. The variable v′i is equal to vi + vdeci which
will be introduced in the next paragraph.

discrete flux calculation In order to account for the inherent discreteness
of the system, the flux v must be always integer. However, Eqs. 7.4 and 7.5 can
output decimal results. In order to keep v ∈N, we will separate the integer from
the decimal part and store the later in vdec for the next iteration. Then, vdec and v at
each iteration can be calculated using the following operations:

vdeci = vi − bvic
vi = vi − vdeci

(7.6)

By storing the decimal part in vdeci , we assure that reactions in which vi < 1 will
occur at a delayed time when vi ≥ 1.

finding a valid flux Although each vi is mostly valid for every single
reaction, this might not hold when considering the whole system. To illustrate
such a case, consider a system in which a given molecular species mk is a reactant
for many different reactions. Once the estimation of each vi is independent of the
others, the total amount of mk required for all reactions might exceed the pool xk
and violate the mass-balance constraint from Eq. 7.3. It may also happen in the case
of ci >> 1. To avoid such a condition, if v fails the mass-balance constraint, we
may look for the maximal ∆t that assure non-negative values on x(t + ∆t). We do
that by multiplying the current ∆t by a constant 0 < α < 1, recalculating the fluxes,
updating the decimal part vdec, and testing the mass-balance constraint until a valid
solution is found, as shown in Eq. 7.7.

while (x + S · v < 0) :

∆t = α∆t
(7.7)

.
In the worst-case scenario, all vi will reach zero, and another calculation step

begins restoring ∆t to its initial value.

molecular count update Having a discrete flux v passing the mass-balance
constraint stated in Eq. 7.3, we simply update the molecular counts by solving Eq.
7.1 using Euler’s method. The update equation becomes:

x(t + ∆t) = x(t) + S · v (7.8)

.
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7.3 algorithm validation

In order to test the correctness of the solutions provided by the CBSA, we use here a
reaction system that can demonstrate several of the important characteristics of real
biochemical systems, such as different magnitudes of molecular counts and reaction
velocities, and regulated reactions while demonstrating the method’s capabilities
and limitations. Other examples can be found in the Supplementary Information.

Let us consider the reaction system {7.8} where a Transcription Factor (T f ) triggers
the production of a protein P when active. The Transcription Factor T f is activated
and deactivated spontaneously by a slow reaction. The activated T f triggers a swift
production of hundreds of protein P copies, which are spontaneously degraded.
With the system starting with only one T f molecule, it should transit between its
activated and inactivated states, triggering bursts on the production of P (Fig. 7.4a).

Tfactive
c1

c2
Tfinactive

Tfactive
c3

Tfactive + P

P
c4 ∅

{7.8}

Figure 7.4: (a)Simulation of the chemical system described in {7.8} using the CBSA with
c1, c2, c3, and c4 equals to 0.05, 0.05, 200, and 0.5 respectively. The initial state
of x contains only one T finactive molecule. Every time that T finactive turns into
T factive, a burst in P is observed. (b) With c1 = c2 = 0.05, the T f should transit
between states every 20 seconds in average. We can see the distribution of
switching times with mean 19.09 and standard deviation 17.06 obtained from
a simulation of 100,000 seconds. (c) The cumulative mean of T factive, named
< T fact >, at a given time t corresponds to the mean value of T factive in the
interval [0, t]. Once c1 = c2, they have the same transition probability, thus,
< T fact > should converge to 0.5 with t→ ∞. Likewise, the cumulative mean of
P should converge to 200 once the number of P molecules peaks at around 400

when T f is active, and it is approximately for half of the time. The parameter α
was fixed as 0.5 for all CBSA simulations.

The simulation depicted in Figure 7.4a was performed using the CBSA. The
biochemical system is represented employing the stoichiometric matrix S and the
regulation matrix R∗. As S can only represent the reaction’s final stoichiometry
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without accounting for intermediate molecules, we must represent the catalytic
T factive molecule in the regulation matrix R∗ as follows:

S =

r1 r2 r3 r4−1 1 0 0

1 −1 0 0

0 0 1 −1

T factive

T finactive

P

(7.9)

R∗ =

r1 r2 r3 r40 0 1 0

0 0 0 0

0 0 0 0

T factive

T finactive

P

(7.10)

where r1 to r4 are the respective reaction channels with rate constants c1 to c4.
The times between activation and deactivation of T f depend solely in the rate

constants c1 and c2. Thus, we could estimate these times as 1/c1 and 1/c2. In the
example depicted in Figure 7.4a we adopted c1 = c2 = 0.05 making the transition
times between activate and inactivate states equals to 20 seconds. However, the
system is stochastic and the observed transition times will compose a distribution
rather than an exact value. In Figure 7.4b we can observe the distribution of the
switching times between states of T f with the mean close to the expected value
of 20 seconds. Given any equal values for c1 and c2 and the initial condition with
only one T f molecule, we can estimate that the mean value for both activated
and inactivated states should converge to 0.5 with t→ ∞. This behavior is indeed
observed in Figure 7.4c.

Validation Respectively to the Stochastic Simulation Algorithm

The SSA is already a well-established method to perform stochastic simulations of
chemical systems. Thus, we use it as a gold-standard method in order to evaluate
the correctness of the simulations performed using the proposed Constraint-Based
Simulation Algorithm.

Regarding the reaction system described in {7.8}, we already observed agreement
between its simulations using CBSA and theoretical mean values expected, as
shown in Figure 7.4. Now, we shall compare these results with trajectories obtained
from simulations using the original Stochastic Simulation Algorithm and its approx-
imated form, the τ-leaping. Though all methods are stochastic, it is not necessary
to perform several runs of the same experiment to obtain statistics about the model
because this is a particular oscillatory system and does not diverge at any point in
time. Thus, we can make consistent statistics from the time-series with sufficiently
long simulation time.

The first comparison we make regards the distribution of switching times between
both states of T f . In Figure 7.5a we can see that the distributions for the three
considered methods have the same exponential-like shape with similar means and
standard deviations. With the SSA and τ-leaping method, we obtained the mean
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switching times closer to the theoretical value. It is also observed that the CBSA
allowed a lower standard deviation than the other methods. We believe this is a
consequence of the constraints imposed on the model after the addition of noise,
which can reject nonviable solutions. In this sense, the constraints may introduce a
bias in the distribution from which the random numbers are drawn mainly affecting
the standard deviation of reaction times.

Figure 7.5: (a) Distribution of T f switching times for the CBSA, SSA, and τ-leaping methods
with a simulation time of 100,000 seconds. Means and standard deviations
indicated in the legend. (b) The cumulative mean of P and T factive for the three
methods.

A consequence of the lower standard deviation of reaction times can be observed
in the time that the system takes to converge the mean number of molecules to
the theoretical value. The mean values of both P and T factive converge faster to the
expected values as depicted in Figure 7.5b. Another limitation of the methods is that
it does not necessarily lead to a linear relationship between the time step adopted
in the Euler integration and the error obtained when compared to the theoretical
value. The main reason for this possible non-linear relationship between time step
and error is that the noise ηi added to each flux vi goes with the square-root of the
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flux. So, when vi < 1, the smaller the value that vi takes, the greater is the noise
ηi introduced. Thus, by reducing the integration step ∆t we increase the chance o
obtaining a flux vi < 1 and the inverted noise proportion.

Despite the differences in the standard deviation of reaction velocities, all methods
agreed regarding the qualitative behavior of the system and molecular counts. Other
examples can be found in the Supplementary Information where similar conclusions
are obtained. We also discuss other aspects of the algorithm such as the influence
of ∆t and α in the results, relative errors, and in the number of steps to achieve the
simulation time.
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Parallel computing was a design principle when developing the Constraint-Based
Simulation Algorithm aiming at providing a scalable and efficient method. All
operations in the CBSA can be computed in parallel thanks to the relative indepen-
dence of the operations through the vectors and matrices. Therefore, we could take
advantage of the massive computing power of GP-GPUs to accelerate individual
simulations of large chemical systems. In this chapter, we describe optimizations in
the algorithm that makes use of sparse-matrix implementations. We also perform a
benchmark comparing the simulation times of sequential and parallel implementa-
tions of the CBSA with other methods such as SSA and ODE solvers. The content
presented in this chapter is also available in [29].

8.1 sparse-matrix implementation

In large chemical systems, it is likely that the representation using a constraint-based
model will result in very sparse S and R∗ matrices, having a large amount of zero-
valued entries. This means that the dot products involving these matrices will have
to compute several pointless operations, leading to an unnecessary computational
effort. To avoid such a situation and also reduce the memory usage of the system,
we use a different representation of the S and R∗ matrices which will be described
in more detail below.

Each step of the CBSA has two cost-wise major operations: the calculation of
fluxes v (Eq. 7.4) and the dot product S · v (Eq. 7.7 and 7.8). Both operations involve
multiplications and/or sums through rows or columns. Thus, we want to reduce the
number of operations by reducing the number of rows or columns of the matrices,
removing as many zero-valued entries as possible. To do so, we will construct a
substitution system for each of the two operations.

Expansion of x and v

The following substitution systems will only work after we expand the vectors x
and v by inserting the values 0 and 1 at their respective initial positions, making
their sizes M + 1 and R + 1 respectively.

V Substitution System

To calculate v in a more efficient way, let VSTO and VIDX be two matrices of size
T × R + 1 where R is the number of reactions in the system and T is the maximum
number of reactants plus modifiers which a reaction in the system can have.

Each column in matrix VSTO, starting at the second column, will be filled with
the stoichiometry of the reactants and modifiers of the corresponding reaction. The
entries not used in each column, as well as those from the first column, will be
filled with the value one.

55



56 high performance simulation

Figure 8.1: Example of the substitution system applied to the reaction system {7.8}. It
is important to notice that the indexes in VIDX and XIDX are relative to the
expanded vectors of v and x. Thus, the indexes are increased by one relatively
to the matrix S.

Each column in matrix VIDX, starting at the second column, will be filled with the
indexes of the reactants and modifiers of the correspondent reaction. The entries
not used in each column, as well as those from the first column, will be filled with
the value one (or zero depending on the initial index assumed).

Then, we can rewrite the Equation 7.4 as:

vi(t + ∆t) = ci ∏
j=1,2,...T

(
xVIDXji(t)

VSTOji
)

VSTOji!
∆t (8.1)

.
The new equation changes the number of multiplication operations from 2MR to

(R + 1)T. Given that 2M > T, the number of operations will necessarily be reduced.
Also, the greater the difference between 2M and T, the greater the gain obtained by
applying the V substitution system.

8.1.0.1 X Substitution System

Similar to the method presented in the last section, we will build a substitution
system to calculate S · v. Let XSTO and XIDX be two matrices of size M × P + 1
where M is the number of molecules in the system and P is the maximum number
of reactions a molecule participates in the reaction system.

Each line in matrix XSTO, starting at the second one, will be filled with the
stoichiometry in reach reaction that the correspondent molecule participates. The
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entries not used in each row, as well as those from the first row, will be filled with
the value zero.

Each line in matrix XIDX, starting at the second row, will be filled with the indexes
of the reactions that the correspondent molecule participates. The entries not used
in each row, as well as those from the first row, will be filled with the value one (or
zero depending on the initial index assumed).

Then, we can rewrite ∆x = S · v as follows:

∆xi = ∑
j=1,2,...P

XSTOijvXIDXij (8.2)

.
The new equation changes the number of multiplication and sum operations

from MR to (M + 1)P. Given that R ≥ P, the greater the difference between R and
P, the greater the gain obtained by applying the X substitution system.

8.2 computing time benchmark

One of the main constraints of the Stochastic Simulation Algorithm is its compu-
tational cost. The algorithm performs only one reaction for each time step and,
depending on the size of the system and the rate constants, it may demand a
very large number of steps to achieve the desired simulation time. The τ-leaping
approximation and some variations of it can reduce the number of steps in some
cases, usually being adopted for bigger chemical systems.

Another limitation of SSA is that the way the algorithm is designed makes it
difficult to be implemented for parallel environments. Although there are imple-
mentations of the SSA to be computed using many computer cores, or even using
General-Purpose Graphics Processing Units (GP-GPUs) [110–112], they can only
accelerate replicates of the same model, reducing the time to compute several
trajectories, but still limited regarding the size of the chemical system. There are
also implementations for computing the SSA in a discretized space [113] where the
subsystems in each subspace can be performed in parallel.

One of the goals of the present simulation method is to be computationally
scalable to a variety of chemical system sizes. By size, we mean both the total
number of molecules and the number of reactions. We shall then compare, for
some cases, the CBSA’s computational expense against the SSA and some of its
implementations, and also an ODE solver. 1 For the SSA, we use the implementations
from three Python libraries: StochPy2 [114], STEPS3 [115], and GillesPy2

4 [116]. The
ODE implementation is part of the latter library. We use pyOpenCL5 to distribute
computations of the CBSA on GPUs.

1 All simulations were performed using the same computational architecture: Linux Debian 10 on an
Intel i7-5930K, 64GB of DDR4 RAM, and NVidia GTX 1650 4GB.

2 StochPy: http://stochpy.sourceforge.net/
3 StochPy: http://http://steps.sourceforge.net/
4 GillesPy2: https://pypi.org/project/gillespy2/
5 pyOpenCL: https://pypi.org/project/pyopencl/

http://stochpy.sourceforge.net/
http://http://steps.sourceforge.net/
https://pypi.org/project/gillespy2/
https://pypi.org/project/pyopencl/
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Benchmark Model

We use as a benchmark model a diffusion process through a discrete toroidal
square-lattice space of length L, as depicted in Fig. 8.2. In this model, reactions will
represent transitions between neighbor sub-spaces with a diffusion coefficient kdi f f .
Therefore, a system with a space of length L yield 4L2 reactions and L2 molecular
species. The system will start with an initial amount of molecules in only one of the
sub-spaces and they will diffuse with a rate kd.

Figure 8.2: Benchmark using a diffusion model though a square-lattice discretized space
with periodic boundary conditions. Simulation of the system with length L = 5
and 100 initial molecules using CBSA. Each plot depicts the distribution of the
diffused molecules in the grid for the times t = {0.0, 0.2, 0.4, 0.6, 0.8, 1.0}.

Overall Performance Comparison

Given that the CBSA is designed to simulate large chemical systems, we first set two
distinct scenarios using the diffusion model (a small and a large system) to compare
the computational cost of the CBSA with other methods and implementations.
The hypothesis is that the larger the system, the more impact the effect of matrix
sparseness will have in reducing the CBSA computation time. For the small system
case, we considered a system with L = 2, 10 initial molecules, and kd = 10.0. For
the large system we set L = 16, 10240 initial molecules, and kd = 1.0. In Figure 8.3
we can see the mean computation time of 10 replicates for each of the considered
methods in both small and large system cases. For the small system case, the
sequential implementation of CBSA performed similarly to all SSA implementations
except for STEPS. It is also observed that the τ-leaping implementations have
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no improvement of performance for such cases. On the other hand, the GPU
implementation of CBSA obtained the worst performance for the small system. The
reason for such limited performance is that GPU computations have a computational
overhead due to memory transfers between host and device and also a lower clock
speed. However, when the system is large enough, the efficiency gained with
the computation distributed through the hundreds of GPU’s cores overcomes the
memory transfer times making it marginal. This situation can be observed when
considering the large system. Besides the higher efficiency of the sequential CBSA
compared to the SSA methods, the gain in computation time is even better when
using the GPU. For the large system, some methods were not able to conclude due
to excessive use of the system’s memory or reached the maximum time established.

Figure 8.3: Simulation times in logarithmic scale for a small and a large system. The parallel
implementation of the CBSA is denoted as “CBSA OpenCL”. Considering that
the CBSA is designed to simulate large systems, we selected two different
scenarios where we estimate we could get the worst and the best performance
of the algorithm when compared to the other considered methods. The small
system has the parameters L = 2, 10 initial molecules, and kd = 10.0. The large
system has the parameters L = 16, 10240 initial molecules, and kd = 1.0. In the
case of the large system, the methods marked with a red star were not able
to finish the simulations because of system memory shortage (specific to the
machine used) or for reaching the maximum computation time of 10 minutes
per replicate. All results shown are an average of 10 replicates.

Parameter Scaling Comparison

To better understand how each variable of the diffusion model affects computation
times, we performed simulations varying the square-lattice length L, the initial
number of molecules, the diffusion rate kd, and the total simulation time. Regarding
the system size, all the SSA implementations and the sequential CBSA showed an
exponential growth in computing time as the value of L increased (Fig. 8.4a). On
the other side, the GPU implementation of CBSA obtained a much lower growth
rate in computational time as the size of the system grows, also performing better
than all other methods when L ≥ 32. Similar exponential growth in computation
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time for all SSA implementations, except the StochPy Tauleap, was obtained when
increasing the number of initial molecules in the system (Fig. 8.4b). However, the
computational time is invariant to the number of molecular copies for both CBSA
implementations as well as for the ODE solver.

Figure 8.4: In (a),(b),(c), and (d) the computing time for varying number of reactions,
number of initial molecules, diffusion rate kd, and total time of simulation are
depicted respectively. The fixed parameters are L = 4, 100 initial molecules,
kd = 0.1, and total simulation time of 300 seconds. In (e) and (f) we plot the
Principal Component Analysis for results obtained from simulations using 100

and 1,000,000 initial molecules in the system. Given that L = 4 used PCA to
reduce the dimension of the vector of molecule counts x from 16 to 2 in order to
be able to visualize the data. The variance explained in each axis is indicated in
their respective labels.

It is expected in the SSA that the higher the reaction rates are, the more steps it
takes to achieve a given simulation time. In Figure 8.4c we can observe that all SSA
implementations present an exponential growth in the computation time as the
diffusion constant is increased, with the τ-leaping implementations presenting a
lower growth rate. The CBSA implementations only showed an increased computa-
tional time for the higher diffusion rate considered. This can happen when several
reactions compete for the same reactant and the sum of their fluxes is higher than
the available amount of the molecule. Thus, when several fast reactions share the
same reactant, the CBSA needs to decrease the time step ∆t implicating a higher
number of steps to be computed in order to achieve a given simulation time. The
variations in the time steps used in the CBSA are discussed in more detail in the
next chapter. For all methods, the computing time has a linear relationship with the
total time of the simulation (Fig. 8.4d).

Some Observations about the Simulation

It is worth mentioning that one of the reasons for the increased performance of
STEPS’ implementation in all the above-mentioned analyses is that it uses a limited
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number of random numbers generated before the actual simulation. One effect of
this implementation choice can be observed when analyzing the variance of the
molecular counts at the end of the simulations. In Figures 8.4e and 8.4f we can
see a Principal Component Analysis (PCA) where the final molecular counts of all
simulations are projected in a lower dimension space for two different number of
initial molecules in the system. Considering that the simulation using ODE can
be equivalent in some cases to the mean of several runs of a stochastic method,
we can observe that in both PCA plots that the solutions provided by CBSA and
SSA are scattered around the single solution provided by the ODE solver, with a
lower scattering when the number of molecules in the system is higher. However, in
Figure 8.4e we can observe only 2 out of 10 points simulated by STEPS because they
are overlapping. This result suggests that the limited number of random values
has an impact on the stochasticity of the method, mostly when a lower number of
molecules in the system is considered. It is also noticed that the solutions provided
by the StochPy Tauleap are more scattered in Figure 8.4f than all other methods,
which combined with the no variation in computation time might indicate an
inconsistency in the solutions for a high number of molecules in this particular
reaction system.

Although it is not the intent of this work to deliver a fully-featured software,
both sequential and parallel implementations of CBSA, along with several other
examples, are freely available at our GitHub repository6.

6 CBSA: https://github.com/pauloburke/CBSA

https://github.com/pauloburke/CBSA
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To further investigate the correctness and characteristics of the simulation algorithm
proposed in the last chapters, we present here more examples of biochemical
systems. The content presented in this chapter is also available in [29].

9.1 two reactions model

Let us consider the set of two reactions described in {9.9}. The molecule A can be
converted in a molecule B or C with reaction rates c1 and c2 respectively.

A
c1 B

A
c2 C

{9.9}

Figure 9.1 depicts several trajectories obtained by simulating this system using
the CBSA. A very similar result is obtained using the SSA. The histogram under
the plot shows the distribution of the time at which the number of molecules A
reaches zero as it is consumed by both reactions. The histograms on the right show
the distribution of the number of B and C molecules after 15 seconds.

Figure 9.1: Simulation of the chemical system described in {9.9} using the CBSA.

63
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9.2 n-reactions model

The CBSA first calculates the reaction fluxes as if they were independent. However,
if two or more reactions share the same reactants, they can compete for them and
their fluxes will no longer be dependent. Thus, if the amount requested of a given
molecule by the reactions is bigger than the available amount, the set of calculated
fluxes will not pass the mass-balance constraint. In such a case, the algorithm will
search for a ∆t that when multiplied by the fluxes will satisfy the constraint.

The search for valid fluxes is accomplished by multiplying the current ∆t by
a constant 0 < α < 1 until v∆t meets the mass-balance constraint. The number
of times that the multiplication by α is necessary in order to find a valid set of
fluxes depends on the system and the system‘s current state, impacting the time
demanded by each step in the simulation.

To better understand the impact of ∆t and α on the simulations using the CBSA,
consider the chemical system described in 9.10. The system contains n + 1 reactions
where the first is a spontaneous creation of molecule A at a rate c0 and the other
n reactions will convert A into B1, B2, ...Bn molecules with a rate c1. For some
combinations of n, c0, c1, and ∆t the reactions will compete for A, leading the
algorithm to search for a valid v∆t.

∅ c0 A

A
c1 B

1

A
c1 B

2

...

A
c1 Bn

{9.10}

We simulated the system described in {9.10} for different values of n. We also
considered different values of ∆t and α. Figure 9.2 shows some statistics from 50

simulation replicates for each combination of n, ∆t, and α. Overall, we can observe
that as n grows, the competition for A is intensified, implying a decreasing mean
step length from the initial δt. It also implies a higher computational cost.

The reduction in the step length is due to the multiplications of ∆t by α to find a
valid solution. In Figure 9.3 we can see how many α-iterations the algorithm takes
to find a valid solution given different initial ∆t and α. As n grows, the number
of α-iterations in each step of the algorithm increases, abbreviating the time-step
taken. Therefore, more steps are required to achieve the desired stopping criterion.

Regarding the error in the simulation outputs, we compared the final number
of B1, B2, ...Bn molecules with an expected theoretical mean value. Except when
∆t = 1.0, for almost all other combinations of parameters the error remained below
1%. To analyze the standard deviation of the final values, we compared them to
the ones obtained with the SSA. Excepting when ∆t = 1.0, all standard deviations
obtained presented an error lower than 10%.
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Figure 9.2: Analysis of mean step length, computing time, and relative errors from 50

simulation replicates of the system {9.10} for different number n of reactions.
The stopping criterion was set as 10 seconds. The errors for both final values and
standard deviations were calculated using the root-mean-square error (RMSE).
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Figure 9.3: Histograms of the number of α-iterations that each step in the algorithm takes
to find a valid solution.
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9.3 the oregonator

In the original publication of the Stochastic Simulation Algorithm (SSA) by Daniel
T. Gillespi [97], one of the models used to show the algorithm’s capabilities was the
Oregonator. This model is a chemical oscillator with closed limit cycles proposed
by Field and Noyes [117] and is composed as follows:

X1 + Y2
c1 Y1

Y1 + Y2
c2 Z1

X2 + Y1
c3

2Y1 + Y3

2Y2
c4

Z2

X3 + Y3
c5

Y2

{9.11}

.
Given that the number of X1, X2, and X3 will be constant along time, we can

rewrite the equations transferring their values to the reactions rates:

Y2
c2X1 Y1

Y1 + Y2
c2 ∅

Y1
c3X2

2Y1 + Y3

2Y2
c4 ∅

Y3
c5X3

Y2

{9.12}

.
In the same way as performed in [97], we rearranged the reaction rates as a

function of the initial amounts of Y1, Y2, and Y3 as well as two additional parameters
ρ1 and ρ2:

c1X1 = ρ1/Y2s

c2 = ρ2/Y1sY2s

c3X2 = (ρ1 + ρ2)/Y1s

c4 = 2ρ1/Y2
1s

c5X3 = (ρ1 + ρ2)/Y3s

(9.1)

.
The reaction system described in {9.12} can be written as a constraint-based model

in terms of S and R∗ as follows:

S =

r1 r2 r3 r4 r5 1 −1 1 −2 0

−1 −1 0 0 1

0 0 1 0 −1

Y1

Y2

Y3

(9.2)
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R∗ =

r1 r2 r3 r4 r50 0 1 0 0

0 0 0 0 0

0 0 0 0 0

Y1

Y2

Y3

(9.3)

.
In Figure 9.4 we can observe that the CBSA can reproduce the results shown

in [97]. The system presents a well-defined limit cycle after a small period of
convergence.

Figure 9.4: Simulation of the Oregonator using the CBSA with the following parameters:
Y1s = 500,Y2s = 1000,Y3s = 2000, ρ1 = 2000, ρ2 = 50000, alpha = 0.5, and
∆t = 0.001.
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In this chapter, we use the CBSA to simulate a real biochemical system and validate
the results with respect to experimental data. The model is computationally chal-
lenging to simulate and we show that the use of CBSA enables the development of
a more detailed version of the model.

10.1 bi-stable genetic switch

One of the goals of Synthetic Biology is to modify living organisms in order to
better control their behavior. In 2014, Jerala et al. managed to insert an artificial
genetic circuit into a human cell so that it could produce two different fluorescent
proteins as a response to the presence of two particular activator molecules in the
environment [118]. Additionally to the response to the signal, the cells could also
retain the memory of their state even when the activator molecule was no longer in
the medium or change their state if the signal molecule was changed. The state of
the cells could be visually checked through fluorescence microscopy.

The kind of behavior described above can be called a bi-stable switch. The system
has two stable states and can transit between each other given a respective stimulus.
It was implemented in [118] by employing positive and negative feedback loops in
the expression of genetic constructs that contain the genetic code for receptors to
signal molecules, promoter enhancers and inhibitors, and the fluorescent reporter
molecules. The genetic circuit scheme is depicted in Figure 10.1.

Figure 10.1: This genetic circuit implements a biological bi-stable switch by employing two
opposite positive and negative feedback loops [118]. Genetic scheme figures
adapted by permission from Springer Nature Customer Service Centre GmbH:
Springer Nature, Nature Communications [118] (2014)

69
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The presence of the PI (pir in the figure) molecule triggers the production of
A enhancers and B inhibitors. These last molecules will compete to bind the “a”
promoter sites. The higher the number of enhancers bound to the promoter sites,
the faster is the production of A enhancers, B inhibitors, and the reporter molecule
BFP (pink star). The opposite is achieved when the molecule ER (etr in the figure).
It will trigger the production of B enhancers, A inhibitors, and the mCT reporter
molecule (yellow star). Therefore, the presence of either PI or ER molecules can
change the cell state to produce BFP or mCT respectively.

Prior to the experimental implementation, they developed a computational model
of this system. However, the computational model is simpler than the actual
genetic circuit constructed. In Figure 10.1 we show how the promoter constructs
are composed in the real system and the computational model. Instead of the
10 binding sites for the regulation molecules, only two were considered in the
computational model. It is because the number of binding pattern combinations
produced by the two different regulators in the system grows fast with the number
of binding sites.

10.2 simulation of the simplified model

Here we reproduce the simulations of the simplified computational model of the
bi-stable genetic switch using the CBSA. The set of reactions and reaction rates
were obtained from Tables 15 and 7 respectively from the Supplementary Material
of [118]. The model comprises a total of 28 molecular species and 46 reactions.

In Figure 10.2 we can see how the levels of the GFP and mCitrine (mCT) reporter
molecules change in different scenarios, with or without the presence of the pristi-
namycin (PI) or erythromycin (ER) inducer molecules. Each curve corresponds to
an independent simulation which can be interpreted as an individual cell.

The results obtained using the CBSA are consistent with the simulations and
experimental data available in [118]. The presence of PI and ER induces the pro-
duction of BFP and mCT respectively. The removal of the inducers after a certain
period does not affect the production of the respective reporters evidencing the
system’s memory. The change of ER to PI triggers a change of state in the cell which
gradually stops producing mCT and begins to produce BFP.

It was shown experimentally in [118], but not considering simulations, that cells
treated with no inducer tend randomly to one of the two states due to random
fluctuations in the expression rates of enhancers and inhibitors. The same behavior
could be observed in the simulations shown in Figure 10.2.
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Figure 10.2: Simulations of the bi-stable genetic switch using the CBSA. The black dashed
lines indicate the moment when the inducer present in the environment was
changed or removed. Each curve corresponds to one of 30 independent simula-
tions, each one taking approximately 17± 3 minutes to compute using α = 0.5
and ∆t = 1.0 second.

10.3 increasingly detailed models

Given that we have enough knowledge about the real system, we can then scale
up the simplified model provided in [118] aiming at producing a more compre-
hensive description of the biomolecular interactions. We produced intermediary
representations of the system considering from 1 to 10 binding sites. Figure 10.3
shows network representations of the model considering two and ten binding sites.

In Figure 10.4 we replicate one of the experiments described in [118] where
ER is introduced in the medium first. It triggers the production of A inhibitors
and B enhancers, making the cells produce the mCT reporter. After 3h hours, ER
is removed and PI is added. In response, cells start producing B inhibitors and
A enhancers, thus stopping the production of mCT and starting to produce the
BFP reporter. Trajectories obtained by simulating the system considering 2 and 10
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Figure 10.3: Network representations of the bi-stable genetic switch model considering 2

and 10 binding sites. The ER and mCT are represented in yellow and the PI
and BFP are represented in pink.

binding sites are shown in the figure. We can observe that the point where the
levels of mCT and BFP cross each other is closer to the experimental point in the 10

binding sites version.
We tracked some of the costs associated with the simulations, such as the number

of molecules and reactions represented in the system and the time to compute each
simulation. We also obtained their error when compared to the experimental data
using the Root-Mean-Square Error (RMSE).

The costs and errors obtained from the simulation of each the number of binding
sites considered can be observed in Figure 10.4 in the plot on the top-right. It is
shown the normalized values for the number of molecular species, reaction channels,
computing time, and error obtained from experimental data for the simulation of
models considering from 1 to 10 binding sites. In the most detailed considered
model, there are 276 molecules and 1114 reactions represented and the simulations
took 46 hours and 45 minutes to complete in average 1. It can be observed that the
error to the experimental data obtained in the simulations decreases as the size
of the models and the computational cost grows. Although this pattern could be
expect, it is only a preliminary result. More models should be evaluated in order to
check to what extent this relationship is true.

1 All simulations were performed using the same computational architecture: Linux Debian 10 on an
Intel i7-5930K, 64GB of DDR4 RAM
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Figure 10.4: Simulation of the bi-stable genetic switch model considering several levels of
detail. All simulations were performed using the CBSA parameters α = 0.5
and ∆t = 1.0 second. Genetic scheme figures adapted by permission from
Springer Nature Customer Service Centre GmbH: Springer Nature, Nature
Communications [118] (2014)
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C O N C L U S I O N S A N D F U T U R E W O R K S

Computational models of biomolecular systems have been successfully employed in
the development of several applied research areas, such as Synthetic Biology [118],
Bioengineering [102], and Precision Medicine [119–122]. This has been boosted
by the advancements in data-generation technologies allied to the ever-growing
availability of computational power [123]. Despite important advancements in the
synergy between computational models and applied biomolecular sciences, current
models are still often limited to represent only subsystems of cells. Additionally, the
methodologies used to model and simulate these systems are highly heterogeneous.

Important advances have been made towards more comprehensive and inte-
grated biomolecular models of cells. These models, which now achieve the scale of
whole-cells, are believed to be one of the main prospects for future computational-
aided biological research [124, 125]. However, such models still approach cellular
subsystems as separated entities using heterogeneous modeling and simulation
methodologies to evaluate their dynamics. The integration is achieved by exchang-
ing information from time to time between subsystems as they are simulated
separately.

In this work, we proposed modeling and simulation methodologies to enable
more homogeneous representations of integrated biomolecular subsystems of cells.
We built on the assumption that all cellular systems can be understood by their
underlying biochemical interactions and that their integration can naturally oc-
cur if they share common molecular species. Therefore, we proposed a modeling
framework based on networks to enable such homogeneous and integrated rep-
resentations, and put it into test by modeling whole-cell scale data about the
Mycoplasma genitalium organism.

Once having a homogeneous representation of different biochemical processes,
we aimed at developing a simulation method that could account for the variety
of molecular concentrations, interaction types, and reaction velocities that can
be found within the intracellular environment and modeled using the proposed
framework. To do so, we employed constraint-based modeling to obtain convenient
mathematical representations of the network models and proposed a simulation
method that draws concepts from the Stochastic Simulation Algorithm (SSA) and
the Dynamic Flux Balance Analysis (dFBA). The so proposed simulation method,
called Constraint-Based Simulation Algorithm, has been verified to account for
important characteristics of biochemical systems such as discrete-valued molecular
counts and stochasticity of the reaction velocities. Also, the algorithm was designed
in such a way that it can be computed in high-performance parallel architectures
such as GP-GPUs thus enabling efficient simulations of large systems. We explored
the correctness and capabilities of the CBSA by simulating several theoretical models
and one real biochemical model.

The next two sections elaborate further on the conclusions about the results
obtained with the biochemical network modeling framework and the Constraint-
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Based Simulation method. Despite the results reported in this work, much still
remains to be done in order to achieve whole-cell simulations by applying the
CBSA to whole-cell scale biochemical networks. In Section 11.3, we elaborate on
the future developments that can be made from where this work stands, aiming at
the ultimate goal of simulating a whole-cell. In the last section we enumerate the
scientific literature publications which resulted from this work.

11.1 biochemical network modeling

In the Chapters 4 and 5, a framework was presented for integrating cellular pro-
cesses at a whole-cell scale, using rule-based modeling in a broader context. Besides
the incorporation of network-modeled processes, such as metabolism, we were also
capable to model processes that are not usually represented as networks, such as
replication, transcription, and translation. We applied the framework directives
to model whole-cell scale information about the Mycoplasma genitalium organism
stored in specialized databases aiming to probe the capabilities of the framework.
The obtained whole-cell biochemical network accounted for a great variety of
molecules and cellular structures, as well as the interactions between them covering
almost all processes known in the organism [28].

Many are the applications of whole-cell biochemical networks. In bioengineering,
for example, it could provide more extensive biochemical interaction maps of given
organisms, serving as a tool to better manipulate them. Also, the overlap between
whole-cell biochemical networks of interacting organisms could provide insights
into their relationship at the molecular level. Whole-cell biochemical networks can
also pave the way to more comprehensive complex networks-based investigations,
where we could study whole organisms through the topology of their biochemical
interactions in a broader sense.

Despite the promising applications of the framework, the current scripts are
limited to read data only from the WholeCellKB. Though impressive amounts of
biological data continue to be generated, they tend to flow into relatively specific
analyses and databases. The next step would be to develop software capable
of searching these databases, integrate information from different sources, and
therefore provide a more comprehensive and automated approach to whole-cell
modeling. Some initiatives are already heading in the direction of aggregating
available data [126], making it usable for simulation purposes, and performing
community-based development and validation of whole-cell models [22]. In this
sense, our framework could pave the way for community-based modeling, where
experts in different cellular processes can speak the same modeling language.

At any extent, the M. genitalium organism remains a suitable model for whole-cell
simulations, and its study has a medical interest as a consequence of its pathogenic
nature. Therefore, the so obtained whole-cell biochemical network can provide
useful information for the previously mentioned research fields, as can be further
enhanced with the emergence of new data.
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11.2 simulation of biochemical systems

In Chapter 7, we proposed a simulation method called Constraint-Based Simulation
Algorithm – CBSA, which employs constraint-based modeling of chemical reactions
in order to simulate large systems efficiently. We showed with theoretical examples
that it could provide solutions similar to those produced by the most used method,
the Stochastic Simulation Algorithm. It also yielded particularly good performance
when simulating several system configurations, especially for a high number of
molecules and reactions, thus proving to be a computationally scalable method [29].

Besides the use of the CBSA to simulate biochemical systems modeled using the
framework also proposed in this work, we may point out other possible outcomes
from this method. The so employed constraint-based modeling is widely used in
the representation of biochemical systems. It should then be straightforward to
apply CBSA on the simulation of virtually any model available in databases such
as BiGG Models [127], and BioModels [128]. The practical implications of its use
on real models should be assessed in future works. Furthermore, considering that
the presented method was conceived with large biochemical models in mind, it can
be a useful tool to investigate more realistic representations of currently available
models as tackled in Section 10.3.

11.3 future developments

The modeling framework and the simulation method proposed in this work were
developed to work together as a major tool to enable the representation and
simulation of large integrated biochemical systems. However, much has to be done
in order to simulate whole-cell scale systems using these methodologies.

With the modeling framework, we were able to map together all the processes
known about a specific organism. However, this model still has no comprehensive
information about reaction kinetics and rate constants for instance. To obtain any
dynamic information about the M. genitalium by applying the CBSA, we first need to
determine the rates of each reaction in the model. Similar to the process of modeling
homogenization, an approach to obtain homogeneous data regarding reaction rates
still needs to be developed. Databases such as the WholeCellKB already have
information about the kinetics of most of the reactions in the model. However, it
should be carefully assessed in order to be compatible with the templates developed
in this work.

Additionally to the problem of reaction kinetics, any simulation needs an initial
state of the system to start with. This is not a trivial task when dealing with thou-
sands of molecular species. Given that we can consider several types of molecules,
such as DNA, RNA, Proteins, and metabolites, several different experimental ap-
proaches are needed to obtain information about each of these groups of molecules.
For instance, transcriptomics can unveil RNA abundances while proteomics can
estimate protein counts. On top of that, such approaches should all be applied
in the context of single-cell analysis. This is because cells in a culture can be at
different states and, if not analyzed individually, the mean of these states might not
be a real state at all [129, 130].
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Out of the whole-cell context, these methodologies could also be readily applied
to very large subcellular systems, such as signaling processes in mammal cells, that
are already a big challenge to simulate. The stochastic characteristic of the CBSA
can be of much value to understanding heterogeneity in single-cell analyses of such
systems generated by intrinsic cellular noise [121, 130].

11.4 publications

Literature production resulted from the doctoral work.

Peer-Reviewed Journal Publications

Burke, Paulo E. P.; Campos, Claudia B. de L.; Costa, Luciano da F. ; Quiles, Marcos
G.; A biochemical network modeling of a whole-cell. Scientific Reports, 2020.

Pre-Print Publications

Burke, Paulo E. P.; Costa, Luciano da F.; Accelerated Simulation of Large Reaction
Systems Using a Constraint-Based Algorithm. BioRxiv, 2020.

Participation in conferences and symposiums

Burke, Paulo EP, and Luciano da F. Costa. "Towards Homogeneous Modeling and
Simulation of Whole-Cells", Inteligent Systems for Molecular Biology, Basel, Switzer-
land (2019).

Burke, Paulo EP, and Luciano da F. Costa. "Simulation of Biochemical Systems
Using Constraint-Based Methods and Complex Networks", Workshop Anual do Pro-
grama de Pós-Graduação em Bioinformática da USP, São Paulo - SP, Brazil (2019).

Burke, Paulo EP, and Luciano da F. Costa. "Simulation of Biochemical Systems
Using Constraint-Based Methods and Complex Networks", Conference on Complex
Systems, Thessaloniki, Greece (2018).

Burke, Paulo EP, and Luciano da F. Costa. "Dynamic Constraint-Based Methods on
Complex Networks", Workshop Anual do Programa de Pós-Graduação em Bioinformática
da USP, São Paulo - SP, Brazil (2017).
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