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Abstract
Aberrant behavior of biological signaling pathways has been implicated in diseases
such as cancers. Therapies have been developed to target proteins in these networks in
the hope of curing the illness or bringing about remission. However, identifying targets
for drug inhibition that exhibit good therapeutic index has proven to be challenging
since signaling pathways have a large number of components and many interconnections such as feedback, crosstalk, and divergence. Unfortunately, some characteristics
of these pathways such as redundancy, feedback, and drug resistance reduce the efficacy of single drug target therapy and necessitate the employment of more than one
drug to target multiple nodes in the system. However, choosing multiple targets with
high therapeutic index poses more challenges since the combinatorial search space
could be huge. To cope with the complexity of these systems, computational tools
such as ordinary differential equations have been used to successfully model some
of these pathways. Regrettably, for building these models, experimentally-measured
initial concentrations of the components and rates of reactions are needed which are
difficult to obtain, and in very large networks, they may not be available at the
moment. Fortunately, there exist other modeling tools, though not as powerful as
ordinary differential equations, which do not need the rates and initial conditions to
model signaling pathways. Petri net and graph theory are among these tools.
In this thesis, we introduce a methodology based on Petri net siphon analysis
and graph network centrality measures for identifying prospective targets for single
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and multiple drug therapies. In this methodology, first, potential targets are identified in the Petri net model of a signaling pathway using siphon analysis. Then, the
graph-theoretic centrality measures are employed to prioritize the candidate targets.
Also, an algorithm is developed to check whether the candidate targets are able to
disable the intended outputs in the graph model of the system or not. We implement
structural and dynamical models of ErbB1-Ras-MAPK pathways and use them to
assess and evaluate this methodology. The identified drug-targets, single and multiple, correspond to clinically relevant drugs. Overall, the results suggest that this
methodology, using siphons and centrality measures, shows promise in identifying and
ranking drugs. Since this methodology only uses the structural information of the signaling pathways and does not need initial conditions and dynamical rates, it can be
utilized in larger networks.
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Chapter 1
Introduction
In this thesis, we introduce a methodology for finding single and multiple drug targets
in signaling pathways and use a model of the EGFR-Ras-MAKP signaling pathway
(which will be introduced in Chapter 2) as a working example to show how this
methodology works. Aberration in signaling pathways, such as the EGFR-Ras-MAPK
pathway, can lead to the development and progression of cancer [2]. One of the
major challenges in drug development strategies is finding drug targets in combination
therapies [3]. The methodology we introduce here tries to address this problem.
This methodology uses tools from the fields of computer science and engineering
(siphon and centrality measures) and is intended to be used as a complement to other
computational methods currently employed in combination therapies.
A very simplistic definition of signaling pathways is that they consist of a series of
chemical reactions in the cells that transfer information and are implicated in regulating cellular functions such as survival, proliferation, and differentiation. Functional
irregularities in the proteins in these pathways have been strongly implicated in initiation and progression of cancers [4]. This implication has motivated the development
of drug therapies to inhibit proteins in signaling pathways to achieve clinical remission or disease stabilization [2, 5, 6]. Unfortunately, attacking a single protein with
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these drugs has shown little therapeutic efficacy in cells [7]. Some of the reasons are
the existence of feedback, redundancy in signaling pathways, and acquired drug resistance [6]. To address these problems, combination-drug therapy, in which two or
more nodes in the system are targeted, has been suggested. However, the existence
of feedback, divergence, convergence, and redundancy (will be explained in the next
chapter) result in complex signaling patterns which make these pathways very difficult
to understand. Also, the number of combinations of prospective targets which can
be selected grows very fast as the size of the signaling network grows [3]. The huge
number of possible combination of targets and the complex signal patterns in signaling pathways make effective target selection very difficult. Furthermore, due to the
large number of drug combinations, it is not practical to test all of the combinations
since these tests can be very expensive and time-consuming.
Due to the aforementioned complexities with targeting signaling pathways, it is
necessary to have a system-level understanding of these systems [3]. To achieve this,
many different mathematical and engineering tools have been utilized to model and
analyze these systems. The application of mathematics and engineering concepts
and tools in biology has been rapidly increasing and in the larger scope there is a
movement in science and technology to converge physical sciences, biology, and engineering branches together [8] and consequently new branches of science by the names
of computational biology, systems biology, mathematical biology have been developed. One of the primary reasons for the need for convergence and new tools is that
the biological systems are complex. First, we need to define what a complex system
is. Merriam-Webster defines a system as “ a regularly interacting or interdependent
group of items forming a unified whole”; usually, we define a system to model and
understand a group of interrelated parts that work together as a process [9]. Systems
can be divided into three groups: simple, complicated, and complex [10, 11]. Simple
systems are characterized by having few components where those components act by
2

well-known laws [10]. A double pendulum is an example of a simple system. However, being governed by few and well-known laws does not make the behavior of these
systems simple; they can have complex dynamics as a double pendulum does. Complicated systems are systems with many components where the role of each component
is based on well-defined and known rules, like a ship or an airplane. One characteristic
of these systems is that they are not usually robust; failure in a small component can
halt the activities of these systems. Therefore, redundancy is needed in these systems
to make them more fault-tolerant. The other characteristic of these systems is that
they have a limited range of operation. Complex systems usually have many components which may behave by some rules, but these rules may change as time goes
by. The connectivity of components can change or may not be known and the roles
of each component may vary in time. Complex systems are usually self-organized
without a central authority. They are adaptive to their environment. Also, it is not
always possible to predict the full behavior of a complex system by analyzing its components individually since the behavior of the system is not the sum of the behavior of
its components. In summary, complex systems can be characterized as systems that
have adaptation, self-organization, and emergence. Biological systems are complex
heterogeneous systems with myriad interconnected and interacting components [10].
Understanding these systems may not be possible by inspecting each individual component, hence, for analyzing these systems mathematical and computational tools
have been exploited [12, 13].
In modeling signaling pathways, depending on the size and complexity, the information available, and the questions we are trying to answer, we would need different
models and tools. Some of these tools are ordinary differential equations (ODEs), partial differential equations (PDEs), stochastic methods, Boolean networks, Bayesian
network, cellular automata, Petri nets, and network theory. Ordinary differential
equation models give us a time-varying overview of the system behavior, which could
3

be helpful in understanding the temporal characteristic of the signaling pathways.
This is useful for finding adaptive or emergent properties of the system. However,
these models suffer from several shortcomings. They ignore the stochasticity in the
system, they assume the cell is a well-stirred medium which may not always be a very
good assumption, and they need relatively accurate values of kinetic rates and initial
conditions, which can be difficult to estimate [14–18]. PDEs, in addition to capturing
temporal properties, can capture the spatial information of signaling pathways; however, for solving them, besides rates, we need to know the initial distribution of model
components and boundary conditions, which are far more difficult to measure and
estimate in cells. Also, solving PDEs is more computationally expensive [17, 19–22].
Stochastic models can incorporate the stochasticity of the system (which is introduced
by the intrinsic and extrinsic nature of the system) and give a more accurate perspective, but they are very computationally expensive [12,23–25]. Petri net models can be
used as an umbrella formalism since with the same graphical representation, different
analyses are possible, such as structural analysis (static), dynamical analysis (like
ODEs) and stochastic analysis. Petri nets also have the capability of capturing spatial information by adding some extensions, for example using colored Petri nets [26].
Also, when they are used for dynamical and stochastic analysis, they suffer the same
problems as ODEs and stochastic simulations [27–30]. Process calculi are used to
model systems with concurrent communication processes. These methods have been
used to implement signaling pathways and can incorporate structural and stochastic
analyses on the system. However, they may suffer from state-space explosion. Also,
they cannot model spatial aspects of biological systems [31,32]. In Boolean modeling,
the presence or absence of activity in a node is modeled by a 1 or 0, respectively.
Then, we assign a function to each node that determines its state as a function of
the nodes connected to it. Boolean networks are capable of modeling the structural
properties of the system and also, to some extent, the dynamics of the model in the
4
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steady state. There is a variation of Boolean networks that incorporate stochasticity.
However, this method suffers from the large state-space needed for the functions that
model the relations among the species. Also, it cannot capture all the dynamical
properties and cannot model the spatial information of biological systems [33–37].
Bayesian network models can be used in signaling pathways to infer the structure of a
network from the experimental data. They can only be used in the structural analysis
and cannot model the dynamics or spatial properties of the signaling pathways [38].
Cellular automata have been employed in modeling biological systems at the intercellular level for many years. They can also be used to model signaling pathways and
are capable of modeling temporal and spatial aspects of these pathways. However,
neither building them nor finding the stochastic rates they need to model the signaling pathways is easy [39]. Network theory has been used in biological systems to
determine the relationships among the various components of the system. They are
only capable of capturing the topological properties of the system and cannot be used
in analyzing the temporal behavior of signaling pathways [40–43]

1.1

Objective

Some of the aforementioned tools have been employed in finding targets for drug
therapies [3, 44–46]. Among these tools, the most widely used and important tool in
finding drug targets is differential equations [12]. Recent high-throughput experimental technologies have enabled generation of genome- and proteome-scale molecular
networks. However, as discussed above, differential equations, despite being powerful,
cannot be employed in many of the larger networks due to the difficulty of obtaining
dynamical rates and initial conditions.
To summarize the discussion so far, we need a methodology that is able to narrow
the search space of prospective targets for multiple drug inhibition and at the same

5
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time can to be employed in large networks where the dynamical rates are lacking. We
suggest using siphon analysis in Petri nets. We will formally define siphons in the
next chapter, but in simple words, we can say that siphons are nodes that if they are
emptied, they will remain empty. Hence, we may consider them hypothetically to be
potential candidates for drug inhibition. Siphons strictly depend on the topology of
the network and are independent of the dynamical rates of the system. However, they
might pose a problem; depending on the network topology, it is possible to have many
siphons which makes it difficult to prioritize which ones constitute optimum targets.
To deal with this issue, we suggest using centrality measures from mathematical graph
theory (which will be defined in the next chapter) to prioritize the computed siphons
in the network. Another problem that might be encountered in a large network is
that not all the siphons in the system will inhibit the desired output. To solve this
problem, we have developed an algorithm that checks the inhibitory effect of disabling
the nodes in the siphons on the intended downstream output.

1.2

Contributions

• We provide programs which convert Systems Biology Markup Language (SBML)
models into Petri nets and perform structural, stochastic, and dynamical analyses and simulations on Petri nets. Also, programs for computing centralities
are developed.
• We propose a framework for finding prospective candidate targets for multipledrug inhibition. This framework consists of three parts (finding siphons, prioritizing them using centralities, and checking their capability in disabling a
specific target) as follows.
• We suggest using siphons and P-semiflows (Chapter 2) in the system as prospective drug targets. This is due to the siphon property that if their marking drops
6
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below a threshold, they will remain empty.
• In a large network, there can be many siphons. To deal with this issue, We
employ network centrality measures for prioritizing siphons (P-semiflows) in
the system.
• Siphons found in the siphon computation could have no effects on the intended
downstream output. An algorithm is devised to check whether the proposed
siphons (P-semiflows) actually disable the intended downstream signal (in the
network sense) or not.
• A physiological ErbB1-Ras-MAPK (ODE) model is fitted to experimental data
using a simulated annealing algorithm. A Petri net model based on the physiological model is developed for siphon analysis. Also, a graph model of the
ErbB1-Ras-MAPK pathway is developed for centrality analysis. Differential
equations based on the fitted model are built to evaluate the inhibition of the
proposed targets (siphons) on the dynamical model and system’s temporal behavior. Drugs are modeled as inhibition coefficients.
• Synergy analysis is used as one of the criteria to evaluate identified drug-targets
(siphons) using the physiochemical model. The existence of synergy between
drugs can be used as another criterion for choosing prospective targets.

1.3

Organization of the Thesis

In Chapter 2, we review the necessary background from biology, Petri nets, and graph
and network theory. Chapter 3 reviews the features we provided in the software that
we developed for our research. Chapter 4 introduces the main idea in this thesis,
namely using siphon (and P-semiflow) analysis in target therapies. First, we describe
a physiochemical model of the ErbB1-Ras-MAPK pathway which we use in this thesis.
7
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Then, we convert the model into a Petri net that retains structural aspects of the
dynamical model which is required for identification of candidate drug-targets using
siphon analysis. Next, we present the use of siphon analysis in identifying prospective
drug-targets in Petri nets. We discuss the results from siphon and P-semiflow analyses
on the Petri net model of the ErbB1-Ras-MAPK pathway and compare them with
the results from the literature. Also, the algorithm for checking a siphon’s ability to
disable targets is presented in this chapter. Chapter 5 introduces the application of
network centrality measures in prioritization of siphons found in the previous chapter.
In Chapter 6, first, we describe how the inhibitors are modeled in this thesis. Then,
we present the physiochemical model’s responses to single and multiple inhibitors as
well as the results from the synergy analysis for evaluating the priority predictions
made in Chapter 5. In Chapter 7, we summarize the results and discuss possible work
that can extend upon the results presented in this thesis.
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Chapter 2
Background
In this thesis, we used Petri nets and network theory for finding siphons in signaling
pathways, rank them using centrality analysis, and evaluate this ranking approach
using an ErbB1-Ras-MAPK model. In this chapter, we provide the preliminary background on the biology of ErbB1-Ras-MAPK pathway, centrality measures in network
theory, Petri nets, and differential equation modeling required for the rest of this
thesis.

2.1

ErbB1-Ras-MAPK Signaling

For survival, cells are required to communicate and interact with their surroundings.
One of the ways in which this task is accomplished is through signal transfer using (bio-) chemical components (signals). In cells, external cues start cascades of
biochemical reactions which eventually reach specific targets inside the cells. These
cascades of biochemical reactions, signaling pathways, are implicated in regulating
cell growth, differentiation, and proliferation. In this thesis, we used a model of the
Epidermal Growth Factor Receptor (EGFR or ErbB1 ) signaling to the Ras-MAPK
pathway. This pathway has been extensively studied and is one of the pathways which
uses phosphorylation reactions to propagate signals initiated by external cues such as
9
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growth factors [47, 48]. Abnormal activity of the ErbB1-Ras-MAPK network is associated with the development of a wide range of cancers [2, 5]. In many pathways,
ligands (signals), atoms or molecules which bind to a part of polyatomic molecular
entity [49], attach to the extracellular part of the receptors located on the cell membrane and start a series of reactions in the cytoplasm that can lead to changes in the
cell’s behavior.
Signal transduction in the ErbB1-Ras-MAPK pathway is mainly accomplished by
phosphorylation. In phosphorylation, a phosphate group from Adenosine TriPhosphate
(ATP ) is transferred to a protein and activates it. This process is achieved by a class
of enzymes called kinases.
In the ErbB1-Ras-MAPK pathway (see Figure 2.1), Epidermal Growth Factor
(EGF ), a protein that behaves as a ligand, binds to the extracellular domain of ErbB1
and induces dimerization, autophosphorylation, and activation of the receptor [48].
Activated ErbB1 (ErbB1* ) binds to the adaptor proteins Grb2 (G) or Shc (adapter
proteins lack enzymatic activities and mediate protein-protein interactions [48]). Shc
can also recruit Grb2. Grb2 or Grb2-Shc then recruit SOS (S ), which belongs to a
class of proteins known as Guanine Exchange Factors (GEF ), to give rise to receptor
Grb2(-Shc)-SOS complexes. GEFs promote the exchange of Guanosine DiPhosphate
(GDP ) for Guanosine TriPhosphate (GTP ) on another class of proteins known as
GTPases (enzymes that convert GTP to GDP). Receptor-(Shc)-Grb2-SOS complexes
(GS ) convert the GTPase Ras from an inactive state (RasGDP ) to an active state
(RasGTP ) [48]. RasGTP has intrinsic GTPase catalytic activity which constitutively
switches RasGTP to RasGDP but at a very slow rate. Intrinsic RasGTPase activity
can be accelerated by a class of proteins called GTPase-Activating Proteins(GAPs).
GAP proteins bind to RasGTP and accelerate the hydrolysis of GTPs to GDPs, which
converts RasGTPs to its inactive GDP-bound state [48]. Then, RasGTP (active Ras;
Ras*) binds to and allosterically activates Raf (Raf* ) at the plasma membrane. Raf*
10
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then binds to Mek and activates it (Mek* ). Next, Mek* binds to and activates Erk
through a series of phosphorylation reactions. Activated Erk (Erk* ) translocates to
the nucleus where it activates a wide array of transcriptional regulators that induce
or suppress gene transcription, (Figure 2.1). The last three kinases, Raf, Mek, and
Erk, comprise the MAPK enzymatic cascade.
The ErbB1-Ras-MAPK pathway is very important and well studied and as mentioned above, aberrations in the proteins of this pathway are considered to be responsible for many cancers. For example, in breast cancer EGFR is over-expressed
in approximately 35% of cases and correlates with poor relapse-free survival [50, 51].
Also, amplification of Ras-MAPK signaling is strongly implicated in the development
and progression of a large number of carcinomas [52] and has been associated with
over-expression or with oncogenic mutations in EGFR, Ras and Raf [53].
There are mechanisms which negatively regulate signal transduction. For example,
receptor signaling can be terminated by internalization and degradation mechanisms
and signaling proteins can be dephosphorylated by a class of proteins known as phosphatases [48].
There are essential connectivity features of signaling pathways that make their
interpretation highly non-intuitive; these features include divergence, convergence,
crosstalk, and feedback [54]. In divergence, a signal initiated from one receptor diverges
into multiple parallel signals. Conversely, convergence is when several different signals
may converge to one signaling node. In feedback, a downstream protein can positively
or negatively affect an upstream protein on the same path that activates that protein.
Feedback, divergence, and convergence are depicted in Figure 2.2.
In crosstalk, a signaling protein can have activating or inhibiting effects on parallel
pathways, adding to the non-intuitive behavior of signaling networks.
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Figure 2.1: The schematic diagram of the reactions in the ErbB1-Ras-MAPK pathway.

Figure 2.2: Different connections in pathways. (a) feedback, (b) divergence, (c) convergence [54].

Figure 2.3: Crosstalk in a hypothetical network.
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2.2

Petri Nets

Petri nets, introduced by Carl Petri in 1962, are a formalism employed for modeling
concurrent systems [55,56]. This formalism has a graphical front end and is equipped
with many analysis methods, which make it a powerful tool for visualization and
analysis of biological systems. Petri nets are directed bipartite graphs consisting of
two sets of nodes: places and transitions. Places represent the passive component
in the system [56], such as memory in a computer or protein in a biological network,
whereas transitions model the active components [56], such as storing or removing
programs from memory or the occurrence of reactions in a biological system. In this
thesis, places are shown by circles ( ) and transitions by boxes (). Places and
transitions are connected by weighted directed arcs. The weights of the arcs are
demonstrated by numbers near the arcs; if the weight of an arc is one, that weight
is not shown. We assign a number called the number of tokens to each place, which
represents the number of entities in that place. For instance, this number can show
the number of programs currently in the memory or the number of molecules of a
protein. If this number is small, the tokens are shown by dots (•). However, if the
number of tokens in a place is large, a number is written inside that place instead of
dots. We can gather together the number of tokens of all the places of a Petri net in a
vector which is called the marking of that Petri net; this vector shows the state of the
system at each instant of time. As an example of modeling a system using Petri nets,
we can think of a system composed of several proteins where these proteins interact
with each other through some reactions. In the Petri net, each protein is modeled
by a place, the number of molecules of that protein is represented by the number of
tokens assigned to that place, the state of the system (the number of molecules of
different proteins in the system at each instant) is shown by the marking of the Petri
net, and the reactions are modeled by transitions. The direction of the arcs defines
the direction of the movement of the tokens in the model. The places connected to
13
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a transition as inputs (i.e., arcs go from those places to the transition) are called
input places or preplaces. Places connected to the output of the transitions (i.e., arcs
emanate from the transitions to those places) are called output places or postplaces.
Figure 2.4 (drawn in the software package Snoopy [57]) shows the Petri net model
of a chemical reversible reaction with the formula R : A + B  2C, where R is
the name of the reaction, A and B are the reactants of the reaction, and C is the
product of the reaction. Since this formula represents a reversible reaction, we have
two transitions in the model, one for forward reaction R f orward and one for reverse
reaction R reverse. In this figure, the places are {A, B, C}, the transitions are
{R forward, R reverse}, the numbers on the arcs represent the weight of the arcs
which correspond to stoichiometry of the reaction (and no number on an arc means
that the weight of that arc is one), the direction of the arcs shows the direction of
the reactions, and the numbers inside the places indicate the number of molecules in
those places. In this figure, Places A and B are input places to Transition R f orward
and Place C is an output place for that transition.
Firing of a transition means that as many tokens as the weight of the arcs connecting the input places to the transition are taken from the input places and as many
tokens as the weight of the arcs connecting the transitions to the output places are deposited into the output places. A transition is fireable if the number of tokens in each
preplace of that transition is greater than or equal to the weight of the arc connecting
that preplace to the transition. In Figure 2.4, Reaction R f orward is fireable, since
the number of tokens in A and B (6 and 5, respectively)is greater than the weights of
the arcs (both of which are 1) connecting them to R f orward. Reaction R reverse
is not fireable, since the number of tokens in C is one, which is less than two, the
weight of the arc connecting it to R reverse. If R f orward is fired, one token is
removed from each of A and B (equal to the weights of the arcs connecting them to
R f orward) and two tokens are added to C (equal to the weight of the arc linking
14
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Figure 2.4: Petri net representation of Reaction A + B  2C.
R f orward to C).
In mathematical notation a Petri net can be represented by a five-tuple (P, T, I, O, M0 )
where [58]
P = {p1 , p2 , . . . , pm } is the set of places.

T = {t1 , t2 , . . . , tn } is the set of transitions.

I : P × T → N is the input function that specifies the number of edges from each
place to each transition, where N = {0, 1, 2, . . .}.

O : P × T → N is the output function that specifies the number of edges from each
transition to each place.

M0 : P → N is the initial marking

In Figure 2.4, the initial marking is M0 = {6, 5, 1}.
Petri nets have many properties and are equipped with rich sets of tools and techniques for analyzing those properties [55, 56, 59–61]. Petri nets can be studied using
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different groups of methods, including graph-based methods for analyzing structural
properties of Petri nets and state-space methods for analyzing dynamical properties
of Petri nets.
In the rest of this section, we will introduce the structural properties of Petri nets.
However, before doing so, we need to introduce some notation and concepts.
The following notation will be used in this thesis.
•

Pi is the set of input transitions of Pi .

Pi• denotes the set of output transitions of Pi .
•

Tj is the set of input places of Tj .

Tj• denotes the set of output places of Tj .
In Petri nets, we can define the following matrices:
1-Input incidence matrix:
C − [i, j]= weight of the arc connecting Pi ∈

•

Tj and Transition Tj .

2-Output incidence matrix:
C + [i, j]= weight of the arc connecting Pi ∈ Tj• and Transition Tj .
3-Incidence matrix:
C = C+ − C−
For instance, in Figure 2.4, the matrices



1 0
0



+


C− = 
1 0 C = 0



0 2
2

C − , C + , and C can be built as follows.



1
−1 1 





1
 C = −1 1 



0
2 −2

The incidence matrix of a Petri net is equivalent to the stoichiometry matrix in
biochemistry [62].
Firing of transitions changes the number of tokens in the places and, therefore,
changes the state of the system. The dynamics of Petri nets can be expressed by the
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following formula (2.1) which shows the relation among the marking of the system,
the initial state, and the firing of the transitions.

M = M0 + C v

(2.1)

where M0 is the current (initial) state of the Petri net, C is the incidence matrix, M is
the state of the Petri net after firing the transitions, and v is called the characteristic
vector [55] or transition count vector [59] and is defined as

vi =




1 if transition i is enabled


0 otherwise

We can extend the definition of v for more than one firing; for instance, if transition
Ti fires m times, vi = m.
Structural properties of a Petri net are those properties that depend only on the
topology of the model and are independent of the initial marking of the system [55].
Here, we briefly introduce two structural properties of Petri nets: siphons and place
invariants. Informally, a place invariant or P-invariant for short is a set of places
whose weighted sum of tokens remains constant by the firing of the transitions [55].
Non-negative P-invariants are called P-semiflows. More formally, if C is the incidence
matrix of the Petri net, P-semiflows are the non-negative integer solutions to the
following equation:

xC = 0

(2.2)

where C is the incidence matrix of the Petri net and the non-negative integer vector
x, if such a vector exists, is a P-semiflow. The set of places corresponding to the
non-zero entries in a P-semiflow is called the support of that P-semiflow.
If we premultiply both sides of (2.1) by x, we will have
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T3
2

A
2

B

C

T1

T2

D

Figure 2.5: A simple example of P-semiflows and siphons. In this figure {A, C, D} is
a P-semiflow and {B} and {A, C, D} are siphons.

xM = xM0 + xCv
which by (2.2) implies

xM = xM0

(2.3)

Equation (2.3) states that regardless of the order or the number of firing of transitions in a Petri net, the weighted sum of the number of tokens in a P-semiflow of that
Petri net is constant. In Figure 2.5, the set {A, C, D} is the support of the P-semiflow
x = [1, 0, 2, 2], which implies 1 × MA + 2 × MC + 2 × MD is a constant.
The other structural property of Petri nets which we will use in this thesis is
siphons. A siphon is a set of places that if their number of tokens reach below a
certain threshold, all the transitions connected to those places become disabled from
then on [55]. In mathematical terms, a set of places is a siphon if

•

P ⊆ P•

This equation states that the set of transitions that removes tokens from P is a
superset of the set of transitions that provides input to P , and therefore, if we fire
18
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the output transitions enough, we can remove sufficient tokens from P to disable the
output transitions. In Figure 2.5, sets {B} and {A, C, D} are siphons. If we empty
B, there is no way for the system to activate T 1.
According to the definition of siphons, the union of siphons is also a siphon. Therefore, in Figure 2.5, {B} ∪ {A, C, D} = {A, B, C, D} is a siphon.
It is worth mentioning that P-semiflows are siphons [63]. However, the converse is
not necessarily true; siphons may or may not be P-semiflows. For instance, in Figure
2.5, {B} is a siphon but is not a P-semiflow.
A siphon is minimal if it cannot be generated by the union of other siphons [64,65].
In Figure 2.5, siphons {B} and {A, C, D} are minimal, but siphon {A, B, C, D} is
non-minimal.
Computing minimal siphons can be very challenging since the number of minimal siphons can increase very rapidly (exponentially) when the size of the Petri net
increases [64, 66]. In some cases, the number of minimal siphons can expand exponentially with the number of places [66].
Since the introduction of Petri nets, many extended versions of these nets have
been devised. Some of these extended versions have been utilized in modeling biological systems. Among those extended Petri nets that have been used in modeling
biological networks, we can mention colored Petri nets [67–71], time Petri nets [72–74],
continuous Petri nets [29, 75–77], hybrid Petri nets [30, 78–81], and stochastic Petri
nets [29, 82–88]

2.3

Centrality Measures in Networks

Network theory is a subset of graph theory. A graph is an ordered pair G = (V, E),
where V is the set of vertices or nodes and E is the set of edges or arcs which
connect the nodes.

A graph can be directed or undirected.
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edges have direction, while in undirected graphs, we do not assign any direction
to edges. If we exclude the graphs that have multiple edges between two nodes
(multigraphs), we can use the pair of nodes which are connected by an edge to
show that edge. If two nodes A and B are connected by an edge in an undirected
graph, that edge can be written as {A, B}. In a directed graph, if the direction of
the edge is from B to A, the edge is shown by an ordered pair (B, A) where the
first entry shows the start of the edge and the second entry shows the end of the
edge. For instance, in Figure 2.6, V = {1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12} (circles), and
E = {{1, 3}, {2, 3}, {3, 4}, {3, 5}, {5, 7}, {5, 6}, {7, 9}, {6, 8}, {11, 8}, {9, 11}, {10, 11},
{11, 12}} (lines connecting the circles). Graphs can be used in modeling biological
systems where proteins and reactions can be modeled as nodes and their interactions
as edges. Edges could also be any other property that defines the relationship between
nodes. For example, an edge could be be defined by homology to a related protein.
Graph theory provides us with a variety of analysis tools which may lead to a
better understanding of the underlying biological systems. In targeted drug therapy,
we are interested in finding the nodes, which when targeted (inhibited), have the
largest impact on the activities of specific proteins in the pathway. In this case,
the graph-theoretic analysis could be a potential tool for analyzing the influence of
components of a biological network, especially in cases where the knowledge of the
dynamics of the system is not available, or where the biochemical circuitry is very

Figure 2.6: This graph is used as an illustrative example for demonstrating graph
concepts in this section.
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complex. Centrality measures in network theory focus on finding which vertices are
the “most important” or “central” in a graph [89, 90]. In this thesis, we will utilize
centrality measures to find the most influential nodes in the system for prioritizing
drug targets. In the following, we will briefly introduce several centrality measures
and review some basic concepts from graph theory.
In this section, the graph in Figure 2.6 will be used as an illustrative example for
introducing centrality measures and demonstrating various graph concepts.
In an undirected graph with n vertices, the adjacency matrix is defined as an n×n
matrix such that [89, 90]

Aij =




1 if there is an edge between i and j


0 otherwise

For example, the adjacency matrix for the graph in Figure 2.6 is

0

0



1


0


0



0
A=

0


0



0


0


0


0


0 1 0 0 0 0 0 0 0 0 0

0 1 0 0 0 0 0 0 0 0 0



1 0 1 1 0 0 0 0 0 0 0


0 1 0 0 0 0 0 0 0 0 0


0 1 0 0 1 1 0 0 0 0 0



0 0 0 1 0 0 1 0 0 0 0


0 0 0 1 0 0 0 1 0 0 0


0 0 0 0 1 0 0 0 0 1 0



0 0 0 0 0 1 0 0 0 1 0


0 0 0 0 0 0 0 0 0 1 0


0 0 0 0 0 0 1 1 1 0 1


0 0 0 0 0 0 0 0 0 1 0

In a directed graph, the adjacency matrix is defined as
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Aij =




1 if there is an edge from i to j,


0 otherwise

In an undirected graph, the degree of a vertex is defined as the number of edges
that are connected to that vertex. This number can be computed using the adjacency
matrix as
k =A×1
where k is a vector containing the degree of the vertices and 1 is a vector where all
the entries are one. Therefore, the degree of vertex i, ki , is given by ki = k(i).
The mean degree is defined as [89, 90]
n

1X
1
ki
c = 1T k =
n
n i=1
In directed graphs, two notions of degree can be defined: in-degree and out-degree.
The in-degree is the number of edges that come into a vertex and the out-degree is
the number of edges that go out of a vertex. For instance, in Figure 2.7, the in-degree
of node 5 is 2 and its out-degree is 1. The in-degree vector can be computed as [89]

kin = (1T A)T
and the out-degree vector as [89]

kout = A1
A path is a sequence of vertices such that each consecutive pair of vertices in the
sequence are connected by an edge, and all the vertices are distinct. For instance, in
Figure 2.6, {1, 3, 5, 6, 8, 11, 10} is a path between node 1 and node 10. A geodesic path
or shortest distance between two vertices is the shortest path between those vertices
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Figure 2.7: Directed graph of the graph in Figure 2.6.
[89]. For example, in Figure 2.6, {1, 3, 5, 6, 8, 11, 10} is a geodesic path between nodes
1 and 10. These paths may not be unique. The graph diameter is the length of the
longest geodesic path between any pair of vertices in the network. In Figure 2.6 the
diameter of the graph is six since the shortest path between vertices 1 and 10 is six
and no other geodesic path is longer.
In the rest of this section, we will briefly review some of the centrality measures
defined for networks. It should be noted that there is not one measure that can
be used to show the “importance” of the nodes in all the networks. Depending on
the application, different topological features of a node might make it important.
For instance, one might think that having many links (larger degree) makes a node
more important. However, this might not always be the case. For instance, in an
organization, the number of connections one have might not always be a good indicator
of their influence; one might have fewer connections but those connections are with
more influential nodes. Or when building a hospital, we might want to build it in
a city that has the shortest distance to all the other cities. Therefore, for different
applications, different centrality measures are defined.
Degree centrality is the number of edges connected to a vertex [89, 90]. In this
centrality, the vertices with larger degrees are more important. The degree centrality
for the graph in Figure 2.6 is shown in Figure 2.8 where the labels of the vertices in
Figure 2.6 are replaced by numbers indicating the degree centrality of each node in
Figure 2.8.
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Figure 2.8: Degree centrality: the degree centrality for each node is shown inside the
node.

Figure 2.9: Eigenvalue centrality: the eigenvector centrality of each node is shown
inside it.
In eigenvector centrality, the importance of a node is calculated based on the
importance of its neighbors [89, 90]. In this measure, the centrality score of a vertex
is proportional to the sum of scores of its neighbors; a vertex will have a high score if
its neighbors have high scores. This measure can be computed as [89]

χi =

1 X
Aij χj
λ1 j

where χi is the centrality of vertex i and λ1 is the largest eigenvalue of adjacency
matrix A. Figure 2.9 shows the eigenvalue centrality for each node of the graph in
Figure 2.6 (computed by NetworkX [91]).
Closeness centrality is defined as the inverse of the mean distance from a vertex
to all the other vertices of the network [89, 90].
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Figure 2.10: Closeness centrality: the closeness centrality of each node is indicated
inside it.

n
j dij

Ci = P

where n is the number of vertices and dij is the distance between node i and node j.
This centrality shows how much a node is close to the other nodes in the network.
In a given network, the closeness centrality measure scores may span over a small
range, which can make the comparison of different nodes’ importance difficult [89].
The closeness centrality has been computed for the graph in Figure 2.6 and is shown
in Figure 2.10 (computed by NetworkX [91]).
Betweenness centrality measures the proportion of geodesic paths that pass through
a vertex [89, 90]. It can be expressed as

χi =

X ni
st
g
st
s.t∈V

where nist is the number of geodesic paths between vertices s and t that pass through
vertex i, and gst is the overall number of total shortest paths between s and t. The
betweenness centrality for the graph of Figure 2.6 is shown in Figure 2.11 (computed
by NetworkX [91]). Betweenness centrality assumes that the information between
nodes goes through the geodesic paths in the system. This assumption might not
be correct in all systems. In some systems, information flow is not confined to the
geodesic path and can go through all the paths that connect two nodes. For these
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Figure 2.11: Betweenness centrality: the betweenness centrality of each node is shown
inside it.
systems, current flow betweenness centrality has been defined [89,92]. In this measure,
the information flow is modeled as the flow of the current in an electrical network of
resistors.
For computing the current flow betweenness, we need to define some notation and
functions. An electrical network, N , of a graph G is defined as N = (G, g), where g
denotes the conductance of each edge of G, g : E → R+ [90]. Let b : V → (R) denote
the external supply current that enters and leaves the network, bst denotes the current
that enters at s and leaves at t, and p : V → R denotes the potential of any vertex
compared to a common reference. Then i(e) = i(v, w), the current of edge e = (v, w),
can be computed by Ohm’s Law

i(v, w) = (p(v) − p(w)) ∗ g(v, w)

(2.4)

Using Kirchhoff’s Current Law, one can compute the Laplacian matrix of N as [90]

Lv,w =



P




 v∈e


1
g(e)

1

− g(e)






0

if v = w
if e = {v, w}
otherwise
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Figure 2.12: Current flow betweenness centrality: the centrality of each node is indicated inside it.
Using the Laplacian, p can be found by solving the following equation

Lp = b

Once we have found p, current i can be computed easily in (2.4). If there is a unit
current supply between nodes s and t, the throughput of a vertex v is defined as [90]
!

1
τst (v) =
2

X

|i(e)|

v∈e

Now we can define the current flow betweenness centrality CF B : V → R for an
electrical network N = (G, g) as [90]

CF B(v) =

1
(n − 1)(n − 2)

X

τ (v)

s,t∈V −{v}

The current flow betweenness centrality for example in Figure 2.6 can be seen in
Figure 2.12 (computed by NetworkX [91]).
Along with the concept of current flow betweenness, closeness can be defined.
Current flow closeness centrality, CF C is defined as [90]

CF C(v) = P

n−1
t6=v pvt (v) − pvt (t)

where pxy (x) means the potential at node x if there is unit current source between
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Figure 2.13: Current flow closeness centrality: the current flow centrality measure of
each node is depicted inside it.
nodes x and y. Since we assumed that current is one, pvt (v) − pvt (t) is equal to the
effective resistance between v and t, which can be construed as a measure of distance
between v and t [89]. This measure for the graph of Figure 2.6 is shown in Figure
2.13.
Closeness vitality measures the importance of a node or an edge by computing
how much the closeness of the graph is changed if that node or edge is removed from
the graph [90]. This centrality is based on the Wiener Index. The Wiener Index,
IW (G), of a graph G is calculated by summation over the distances of all the vertex
pairs [90]:

IW (G) =

XX

d(v, w) =

v∈V w∈V

X 1
Cv
v∈V

where d(v, w) is the distance between v and w, and Cv is the centrality of v. The
closeness vitality of v is then defined as [90]

CVv = IW (G) − IW (G − {v})
The closeness vitality for the example of Figure 2.6 can be seen in Figure 2.14 (computed by NetworkX [91]).
In eigenvector centrality, we assume that a node is important if its neighbors
are important, that is, if it is connected to important nodes. However, for instance
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Figure 2.14: Closeness vitality centrality: the centrality of each node is indicated
inside it.
in the World Wide Web, this may not be an appropriate measure of centrality. A
website might be connected to an important site, for instance, a blog might have
links to Wikipedia, but it does not mean that blog is very important. Clearly in this
example, the direction matters; the blog may cite Wikipedia but not vice versa. To
capture the direction of information flow a directed graph must be used. To address
this problem in eigenvalue centrality, PageRank centrality was introduced on directed
graphs. PageRank centrality is defined as [89]

χi = α

X

Aij

j

χj
+β
kjout

where α and β are two positive numbers. We can choose β = 1−α. In this case, α acts
as a damping factor. This centrality can be found by using the following formula [89]

χ = β(I − αAD−1 )−1
where D is a diagonal matrix with elements Dii = max(kiout , 1).
If we assume that Figure 2.7 is the directed version of the graph in Figure 2.6,
then the PageRank centrality for Figure 2.7 can be seen in Figure 2.15 (computed by
NetworkX [91]).
The complexities of computing the centrality measures used in this thesis are
shown in Appendix B.
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Figure 2.15: PageRank centrality: the centrality of each node is indicated inside it.

2.4

Modeling Chemical Reactions using Ordinary
Differential Equations

In physiochemical modeling of signaling pathways, chemical and physical principles
as well as knowledge about regulatory pathways and experimental data are used to
model molecular transformations in signaling pathways [93]. Physiochemical models
are based on ordinary differential equations and are widely employed for temporal
simulations of signaling pathways [12,94]. In this section, we very briefly explain how
to model simple chemical reactions using ordinary differential equations (ODEs).
For modeling chemical reactions using ordinary differential equations, we assume
that the following two conditions hold [95, 96]. First, we assume that the reactions
take place in a well-stirred environment, and therefore, we do not have to consider the
spatial distribution of the chemical components. Second, we assume that the number
of reactants is very large so that we can consider their concentration as a continuous
variable. If these conditions are met, we can use the law of mass action to compute
the concentration of reactants and products in the system. The law of mass action
states that the rate at which the product of a reaction is created is proportional to
the product of the concentration of the reactants [96]. For example, according to
the law of mass action, in the reaction A → B, the rate of production of B is equal
to k[A], where [·] denotes the concentration and k is the constant of proportionality.
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Note that [A] and [B] are time dependent; however, we do not explicitly express
the time dependency of the concentration in the formulas in this section. If initial
concentrations of A and B at time zero are [A]0 and [B]0 , respectively, and the rate of
reaction is k, the concentrations of [A] and [B] are obtained by solving the following
differential equations

d[A]
= −k[A]
dt
d[B]
= k[A]
dt

(2.5)

It can be seen that the concentrations of A and B are not independent and the
following relation holds

[A] + [B] = const

(2.6)

Therefore, we only need to solve one of the differential equations in (2.5) to find the
concentration of one of the substances and obtain the other concentration by (2.6)
The same approach can be applied to more complex reactions. For example, in
the reaction A + B → C, if the initial concentrations of A, B, and C are [A]0 , [B]0 ,
and [C]0 , respectively, and the rate of reaction is k, the following equations govern
the concentrations of A, B, and C.

d[A]
= −k[A][B]
dt
d[B]
= −k[A][B]
dt
d[C]
= k[A][B]
dt
Again in (2.7), only one of the equations is independent.
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If a reaction is reversible, we need to consider both forward and reverse reactions
for computing the concentrations. For example, in the reaction A + B  C, with
initial concentrations of [A]0 , [B]0 , and [C]0 , the concentrations of the substances are
given by

d[A]
= −kf [A][B] + kr [C]
dt
d[B]
= −kf [A][B] + kr [C]
dt
d[C]
= kf [A][B] − kr [C]
dt

(2.8)

where kf is the constant of proportionality for the forward reaction and kr is the
constant of proportionality of the reverse reaction.
Enzyme reactions can be written as

S + E  SE

(2.9)

SE  EP
EP → P + E

where S is the substrate (the chemical entity that an enzyme acts on), E is the
enzyme, SE is the enzyme-substrate complex, EP is the enzyme-product complex,
and P is the product. If we know the rates of the reactions in (2.9), we can compute
the concentrations of the chemical components in (2.9) using the same approach used
in (2.8). However, if some conditions are met, we can simplify (2.9) for finding the
concentrations of the substrate and the product. First, we assume the SE  EP
reaches the equilibrium very fast, and we can approximate (2.9) by the following
reactions [96]
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kf 1

S+E  C

(2.10)

kr1

kf 2

C −−→ P + E

If the concentration of S, the substrate, is much higher than E, the enzyme, it can
be assumed that the enzyme is used at its maximum capacity and the concentration
of C is almost constant and therefore

dC
≈0
dt

(2.11)

This condition is called quasi-steady-state hypothesis [95, 96]. Using the quasi-steadystate hypothesis, the concentration of substrate can be computed by

d[S]
Kmax [S]
= −
dt
kn + [S]
Kmax [S]
d[P ]
=
dt
kn + [S]

(2.12)

where

Kmax = kf 2 ∗ [E]0
kn =

kr1 + kf 2
kf 1

and [E]0 is the initial concentration of enzyme. The constant kn is called the Michaelis
constant or half-saturating constant [96]. The reaction rate Kmax is known as the
Michaelis-Menten rate.
In (2.10), if the reaction that converts the complex C to the product P is reversible,
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the Michaelis-Menten Law can be written as [96]

[S]
[P ]
Kf max K
− Krmax K
d[S]
s
p
= −
[P
]
[S]
dt
+
1+
Ks

(2.13)

Kp

[S]
[P ]
Kf max K
− Krmax K
d[P ]
s
p
=
[S]
[P
]
dt
1 + Ks + Kp

where Kf max and Krmax are maximal rates for the forward and reverse reactions,
respectively, and KS and KP are the Michaelis constants for substrate S and product
P , respectively.
In the pathway we used in this thesis, which will be explained in Chapter 4, we
used (2.10) for modeling the conversion of RasGTP to RasGDP

RasGT P → RasGDP ; GAP
and (2.13) for the conversion of RasGDP to RasGTP.

RasGDP  RasGT P ; GEF
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Chapter 3
Software
In this chapter, we will introduce the software we developed for our research. This
software is capable of converting reactions from physiochemical models into Petri nets
and other types of network graphs for analysis. This software is used in Chapter 4 for
converting an ErbB1-Ras-MAPK model to a Petri net model and running siphon and
P-semiflow analyses. Also, we use this software in Chapter 5 for finding centrality
measures in a network graph of the model.

3.1

Software Structure

The physiochemical model presented in this thesis was originally created in software
for modeling and simulating biochemical systems [97]. For converting a physiochemical model to a Petri net model, first, the model needs be exported as an SBML file,
a format for exchanging data in biological systems. At the time we started working
on our models, there was no software that could convert the model into a Petri net
completely and accurately, and at the same time gave us the control we would need
to run different simulations we were intending to carry out. Therefore, we developed
software that could perform customized conversions and simulations as needed. Using our software, we converted the SBML files into different Petri nets and graphs
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representations. We started writing our software in Java. However, during several
years of model analysis, more functionality was required; to ease the programming
challenges and improve performance, C++, Matlab, and Python were employed in
the software. In the following sections, we will give an overview of the different parts
of this software package.
Before discussing the software, we provide a brief outline of an SBML file’s structure. As the number of biological models and software packages increased, sharing
and exchanging models became more challenging and complicated due to the incompatibility of the representations of these models in different databases. To address this
problem and to facilitate the process of sharing models, Software Platforms for Systems Biology Forum was set up. This forum led to the development of SBML, which is
a language for representing the biological models [98]. This language is based on eXtensible Markup Language (XML) which is a text-based document format for storing
structured data [99]. The extensible markup language has been used widely in computer science for many years, is portable, and has widespread acceptance [98]. Hucka
et al. [98] define SBML as “a software-independent language for describing models
common to research in many areas of computational biology, including cell signaling
pathways, metabolic pathways, gene regulation, and others.”
The major editions of SBML are called levels, and minor revisions are called
versions [100]. At the time of writing this thesis, the most recent version of SBML is
Level 3 version 1.
The overall structure of an SBML file is as follows [100].
• beginning of the model definition
– list of function definitions: contains the functions used in the model
– list of unit definitions: contains the names and definitions of the new units
of measurements used in the model
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– list of compartments: list of compartments (well stirred, finite size containers)
– list of species: list of chemical entities in the model
– list of parameters: list of the names of the variables and constants with
their values
– list of initial assignments: list of mathematical expressions for calculating
the initial conditions in the model
– list of rules: this option is used to define how to calculate the value of a
variable from the other variables
– list of constraints: define the constraints on the variables’ bounds during
dynamical simulations
– list of reactions: list of the reactions in the model
– list of events: define the discontinuous changes in the variables
• end of the model definition
All of the above items, except for the beginning and ending statements, are optional.

3.1.1

Converting SBML Files to Petri Nets

The first part of our software package (converter part) is responsible for reading
SBML files and converting them into different representations which could be Petri
net models or the edge lists representing the graphs of the systems.
In the first step, an object of ReadSBML class (Figure 3.2(a)) is called. This class
is responsible for reading SBML files and building the required objects. In this part,
we use libSBML library [101] to parse SBML files. The libSBML library provides
routines for reading, parsing, manipulating, validating, creating, and writing files in
SBML format [101]. This library is originally in C and C++; however, we used the
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language bindings for Java which are provided for this library [101]. First, ReadSBML
reads the compartments’ volumes and units and stores them in the objects derived
from Compartment class (Figure 3.1(a)). These values will be utilized in building
differential equations in continuous Petri nets and for converting concentrations (real
number values) into the number of molecules (integer numbers) in stochastic Petri
nets. Also, the compartments’ volumes and units are needed for converting the units
of the reaction rates into the appropriate units in stochastic Petri nets. Then the
program reads the global parameters of the model and stores them in the objects of
GlobalParameter class (3.1(c)). In the next step, the functions used in the model
are extracted and stored in the objects of Function class (3.1(d)). These functions
are used in building differential equations as well as in building stochastic Petri net
models.
Then, the place objects, which correspond to the chemical entities in biochemical
models, are built using the chemical entities’ data. In this step, an ID and a name
are assigned to each place. The chemical entity’s concentration and a reference to
the compartment in which this chemical entity belongs are also stored in the place
object. The attributes and the methods of Place class are shown in Figure 3.1(b).
Having created the places, in the next step, the program creates the transitions using the Transition class (see Figure 3.2(c)) In this step, the reactions’ information is
used to build the corresponding transition objects. For building transitions, we need
to store the input places, input arcs’ weights, output places, output arcs’ weights,
modifiers (if they are any), and weights of the arcs connecting the modifiers to the
transitions (in case there are modifiers in the model). These data are obtained from
the reactants, products, and stoichiometric data provided by the SBML file. Also
in this stage, the rate functions and/or reaction rates are assigned to the transitions
using the data provided in the kinetic laws of the reactions. The rate function assignment is error-prone since it is not always straightforward to extract the functions’
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<<Java Class>>
Place
pn

<<Java Class>>
CellCompartment

numOfTokens: double
name: String
ID: String
compartment: CellCompartment

pn
id: String
name: String
volume: double

Place(String)
Place()
getNumOfTokens():double
setNumOfTokens(double):void
getName():String
setName(String):void
getID():String
toString():String
getCompartment():CellCompartment
setCompartment(CellCompartment):void

CellCompartment(String,String,double)
getId():String
setId(String):void
getName():String
setName(String):void
getVolume():double
setVolume(double):void

(a)

(b)
<<Java Class>>
Function
pn
name: String
id: String
functMath: String

<<Java Class>>
GlobalParameter
pn

Function(String,String)
Function(String,String,String)
getName():String
setName(String):void
getId():String
setId(String):void
getFunctMath():String
setFunctMath(String):void

id: String
name: String
value: double
GlobalParameter(String,String,double)
getId():String
setId(String):void
getName():String
setName(String):void
getValue():double
setValue(double):void

(c)

(d)

Figure 3.1: The Java section’s Classes (part 1). ((a)) Cell Compartment class’s methods and attributes, ((b)) Place class’s methods and attributes, ((c)) GlobalParameter
class’s methods and attributes, ((d)) Function class’s methods and attributes.
information correctly from SBML files. If there are reversible reactions in the model,
each reversible reaction is modeled as two transitions, one for the forward reaction
and the other for the reverse reaction. The Transition class has varieties of methods
for storing and retrieving information. Also, this class has methods for checking the
fireability of transitions and for firing them.
We have several routines for exporting models to files. Figure 3.2(d) shows the
functions available in this part of the software. Petri net models can be exported
in the text format or XML format. For the places, the IDs, names, and concentrations of the chemical entities are stored. For the transitions (corresponding to the
reactions) the IDs, names of transitions, their input places (reactants), their output
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<<Java Class>>
PetriNetODE

<<Java Class>>
ReadSBML

pn

pn
document: SBMLDocument
kineticLaw: KineticLaw
tempRate: double
function: ArrayList<Function>
globalParameter: ArrayList<GlobalParameter>
compartment: ArrayList<CellCompartment>
ReadSBML(String)
ReadSBML()
getSBML(String):void
fillPlaces():ArrayList<Place>
writeReactionsToFile():void
fillTransitions(ArrayList<Place>):ArrayList<Transition>
getFunctions():ArrayList<Function>
getGlobalParameters():ArrayList<GlobalParameter>
getCellCompartment():ArrayList<CellCompartment>
getDataFromKineticLaw(ASTNode):void
findPlaceIndex(ArrayList<Place>,String):int

places: ArrayList<Place>
trans: ArrayList<Transition>
functions: ArrayList<Function>
home: String
ode: FirstOrderDifferentialEquations
PetriNetODE(ArrayList<Place>,ArrayList<Transition>,ArrayList<Function>
createPythonEquationFile(String,double,double,int):void
solveODE(double):void

<<Java Class>>
PNODE
pn
PNODE()
computeDerivatives(double,double[],double[]):void
getDimension():int

(a)

(b)

<<Java Class>>
Transition
pn
inputPlaces: ArrayList<Place>
outputPlaces: ArrayList<Place>
inputWeight: ArrayList<Integer>
outputWeight: ArrayList<Integer>
modifiers: ArrayList<Place>
modifierWeight: ArrayList<Integer>
name: String
ID: String
rateIDs: ArrayList<String>
rates: ArrayList<Double>
functionName: Function
Transition()
Transition(String)
getID():String
addInputPlace(Place,int):void
getName():String
setName(String):void
addOutputPlace(Place,int):void
addRates(double):void
isEnable():boolean
fire():void
printInputPlaces():void
printOutputPlaces():void
getWeight(String):int
getoutputWeight(String):int
getInputWeight(String):int
toString():String
getProbability():double
getInputPlacesData():ArrayList<String>
getInputPlacesNamesAsString():String
getInputPlacesIDsAsString():String
getmodifiersIDsAsString():String
getmodifiersNamesAsString():String
getOutputPlacesData():ArrayList<String>
addModifier(Place,int):void
getModifiersData():ArrayList<String>
getRates():ArrayList<String>
getNumOfModifiers():int
setFunctionName(Function):void
getFunctionName():Function
getNumberOfInputPlaces():int
getNumberOfOutputPlaces():int
isOutputTransition(String):boolean
isInputTransition(String):boolean
getInputArcsAsCSV():String[]
getOutputArcsAsCSV():String[]
getModifierArcsAsCSV():String[]
getModifierArcsOneDirectionAsCSV():String[]
getArcCVSwithouReactions():String[]
isInputPlace(String):boolean
isOutputPlace(String):boolean
isModifier(String):boolean
computeODE():double
getDiffEquStr():String
getRateIDs():ArrayList<String>
setRateIDs(ArrayList<String>):void

<<Java Class>>
UtilityMethods
pn
home: String
UtilityMethods()
writeIncidentMatricesToFile(ArrayList<Place>,ArrayList<Transition>,String):void
generateIncidenceMatrix(ArrayList<Place>,ArrayList<Transition>):Integer[]
generateDplusMatrix(ArrayList<Place>,ArrayList<Transition>):Integer[]
generateDminusMatrix(ArrayList<Place>,ArrayList<Transition>):Integer[]
writeTransitionNamesToFile(ArrayList<Transition>,String):void
writePlaceNamesToFile(ArrayList<Place>,String):void
isSiphon(ArrayList<Place>,ArrayList<Transition>):boolean
isTrap(ArrayList<Place>,ArrayList<Transition>):boolean
findSiphons(ArrayList<Place>,ArrayList<Transition>,int):void
findSiphonsAndSaveInFile(ArrayList<Place>,ArrayList<Transition>,int,String):voi
findSiphonsAndSaveInFileForSpecificSubset(ArrayList<String>,ArrayList<Place>,ArrayList<Transition>,int,String):vo
findTrapsAndSaveInFile(ArrayList<Place>,ArrayList<Transition>,int,String):voi
printc(int[],int):void
readMatrixFormTextFile(String):double[][]
printMarix(double[][]):void
generateEdgeListFromPetriNet(ArrayList<Place>,ArrayList<Transition>,String):void
generateEdgeListFromPetriNetOnlyForwardDirection(ArrayList<Place>,ArrayList<Transition>,String):voi
generateEdgeListFromPetriNetOnlyForwardReactions(ArrayList<Place>,ArrayList<Transition>,String):voi
generateEdgeCSVwithoutReactionsforGephi(ArrayList<Place>,ArrayList<Transition>):void
generateEdgeCSVwithoutReactionforGephiOnlyForwardDir(ArrayList<Place>,ArrayList<Transition>):voi
generateFileWithSpeciesAndNames(ArrayList<Place>):void
writeAdjacencyMatricesToFile(ArrayList<Place>,ArrayList<Transition>):void
generateAdjacencyMatrix(ArrayList<Place>,ArrayList<Transition>):int[]
matrixMultiplication(int[][],int[][]):int[][
matrixTranspose(int[][]):int[][
writeAdjacencyMatrixUnidirToFile(ArrayList<Place>,ArrayList<Transition>):void
writeMatrixToFile(String,T[][]):void
generateAdjacencyMatrixUnidir(ArrayList<Place>,ArrayList<Transition>):int[]
generateAdjacencyMatrixUnidir1(ArrayList<Place>,ArrayList<Transition>):int[]
generateEdgeListFromAdjMatrix(ArrayList<Place>,int[][],String,boolean):void
generateEdgeListUsingdjMatrix(ArrayList<Place>,ArrayList<Transition>,String,boolean):void

(c)

(d)

Figure 3.2: Java section’s Classes (part 2), ((a)) ReadSBML class’s methods and
attributes, ((b)) ODE class’s methods and attributes,((c)) Transition class’s methods
and attributes,((d)) the procedures available in the software.
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places (products), modifiers (enzymes), weights of the input and output arcs (correspond to stoichiometric coefficients), and functions describing the dynamics of the
reactions, if they are different from the law of mass action, are saved in the file.
There are also routines for generating and exporting the input incidence matrix,
C − , output incidence matrix, C + , and incidence matrix, C, of a Petri net into text
files. These files are used in finding P-invariants, T-invariants, siphons, and traps.
Our software does not include a graphical front-end. We used Snoopy [57] to draw
graphical representations for the Petri nets.

3.1.2

Creating Graph Representation

In the graph analysis section of the software, we use the NetworkX package [91] in
Python. For providing the structures of graphs to this package, there is a section in
the software that produces edge-list representations of the models. An edge list is a
data structure that in its simplest form can be stored as

node1

,

node2

node2

,

node3

(3.1)

The structure in (3.1) defines three nodes and two edges, one edge from node1
to node2, and another edge from node2 to node3. Edge lists can be interpreted as
directed or undirected graphs. The corresponding directed and undirected graphs of
the above edge list can be seen in Figure 3.3.
Depending on the types of analyses we intend to perform, we might need different
graph representations of the system. The software package is capable of producing
the structures of Figure 3.4.
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(a)

(b)

Figure 3.3: Graph representation of the edge list in (3.1). ((a)) Undirected representation, ((b)) directed representation.

(a)

(b)

(c)

Figure 3.4: Different graph representations of reactions. ((a)) Graph representations
of a reaction, ((b)) graph representations of an enzymatic reaction, ((c)) graph representations of an enzymatic reaction with an intermediate step.
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3.1.3

Computing P-invariants and Siphons

We used C++ for implementing the algorithms for structural analyses. This part reads
the incidence matrices, C + , C − , and C from the corresponding files and produces the
required data structures for computing invariants (P-semiflows) using Algorithm 3.1
introduced by Martinez and Silva [102].
T-invariants are computed by transposing the incidence matrix C and sending the
transposed matrix to Algorithm 3.1. There are several functions in the software for
exporting the P-semiflows and T-invariants (with or without weights) to text files.
Algorithm 3.1 Minimal Support P-semiflows(C) [102]
Input: incidence matrix C
Output: matrix X where the non-zero elements of its rows represent the minimal
support P-semiflows
1: define X as an identity matrix with dimensions n × n, where n is the number of
rows of C
2: create matrix M = [X|C]
3: for j = 1 to the number of transitions do
4:
append all the non-negative integer-coefficient linear combination of rows
of M , where the column n + j in the combination is zero, to M
5:
discard all the rows of M where column n + j is non-zero
6: end for
7: for all lines in M do
8:
if support of Row i of X in M = [X|C] is subset of Row j of X then
9:
discard Row j
10:
end if
11: end for
12: return X
For computing siphons, we used the algorithm in Ezpeleta et al. [103]. In this
algorithm, using the input and output incidence matrices, C − and C + , we define two
matrices CΘ− and CΘ+ as follows.

CΘ− = C −

43

(3.2)

3.1. Software Structure

and
CΘ+ (p, t) = Kt × C + (p, t),

∀p ∈ P,

∀t ∈ T

(3.3)

where
Kt ≥

X

C − (p0 , t)

(3.4)

p0 ∈•t

If we define

CΘ = CΘ− − CΘ+

(3.5)

then, the siphons in the system are the non-negative integer solutions to the following
inequality

xT × C Θ ≤ 0

(3.6)

We can find x by introducing the slack variables z and solving the following system
of equations for nonnegative integer solutions.





xT z T

 
CΘ 
 =0
I

(3.7)

For solving (3.7), we can use Algorithm 3.1. Once the siphons and traps are
computed, they can be saved as text files. Table 3.1 shows the functions available in
this part of the software.

3.1.4

Stochastic Simulations

The software we wrote is also capable of running stochastic simulations, as we had
originally planned to do a more extensive study of stochastic simulation. For completeness, we include here a review of stochastic Petri nets and the algorithms used
in that part of the software, and in Appendix A, we provide the preliminary progress
44

3.1. Software Structure

Table 3.1: List of functions in the P-invariant, T-invariant, siphon, and trap computation section
Function Names
linked list* create list(const int16 t* const int num elements)
linked list* add to list(const int16 t* row, const int num elements, bool
add to end)
linked list* delete from list(struct linked list* del ptr)
void findInvariants( int16 t** C,const int num rows,const int num cols, bool
isSiphon)
int16 t gcd(int16 t a, int16 t b)
int compareVectores(int16 t* A,int16 t* B,int n)
void printMarix(int16 t** c,int row, int col)
void transpose(int16 t** M,int16 t** M trans, int num rows, int num cols)
void Pinvariants(int16 t** M,const int num rows, const int num cols)
void Tinvariants(int16 t** M,const int num rows, const int num cols)
void clear List(void)
void readMatrixfromFile(const char* filename, int16 t** C)
int16 t** readMatrixfromFile(const char* filename,int* num rows,int*
num cols)
int16 t** Matrix(const int num rows, const int num cols)
int16 t** freeMatrixMemroy(int16 t** C, const int num rows)
void findSiphons(int16 t** Dplus, int16 t** Dminus, const int num rows, const
int num cols,const char* filenameToSave)
void findTraps(int16 t** Dplus, int16 t** Dminus, const int num rows, const
int num cols,const char* filenameToSave)
void readNamesFromFile(const char* filename, char** names)
void print list by name(char** names, int num elements)
void save list by name(char** names, int num elements,const char* filename)
struct linked list* delete from list with direction(struct linked list* del ptr,int
direction)
void copyData(struct linked list* destination, struct linked list* source,const
int length)
void print list by name and weight(char** names, int num elements)
void save list by name and weight(char** names, int num elements,const
char* filename)
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we made on stochastic simulation.

Stochastic Petri Nets
When we model a biological system using differential equations, we assume that variables have continuous values and the system is deterministic. However, these assumptions are not always met by a biological system. In reality, in biological systems,
we are dealing with molecules which are discrete in nature. When the number of
molecules is large, the assumption of continuity of concentration can be justified by
good approximation. However, if the number of molecules is low, then the continuity of concentrations is not satisfied [104]. For instance, low concentration can be
observed in molecules that control gene regulatory circuits [105], or in signaling pathways. The deterministic assumption cannot always be justified as well; stochasticity
can be observed from DNA to proteins in cells [106]. Stochasticity can be introduced
in biological systems from different sources such as random fluctuations in the cells’
surroundings [106] or from the regulatory process of transcription [107]. Therefore,
in some cases, it is necessary to use stochastic models for biological systems. In the
following, we briefly introduce stochastic Petri nets.
The concept of time can be introduced into Petri net models by assigning a firing
time to each transition. In these Petri nets (timed Petri nets), a transition will be fired
if it is enabled and when the firing time assigned to that transition comes. A Stochastic
Petri Net (SPN ) is a timed Petri net whose firing times of transitions follow a probability distribution. An SPN can be represented by a six tuple (P, T, I, O, M0 , Λ) [108]
where
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P = {p1 , p2 , . . . , pm } is the set of places,
T = {t1 , t2 , . . . , tn } is the set of transitions,
I : P × T → N is the input function that specifies the number of edges from each
place to each transition, where N = {0, 1, 2, . . .},
O : P × T → N is the output function that specifies the number of edges from each
transition to each place,
M0 : P → N is the initial marking,
Λ is a vector (λ1 , λ2 , · · · , λn ) representing the firing rates associated with each transition.
It is assumed that when a transition is fired, tokens are instantly removed from
input places and deposited in the output places.
In an SPN, the firing time can be viewed as a delay in the firing of each transition
Ti where the delay is a random variable with a negative exponential distribution with
the parameter λ(• Ti ). The argument • Ti demonstrates that λ might be dependent on
the markings of the input places of Ti .
For instance, for the simple system of Figure 3.5, with λT 1 = 0.1·(Number of tokens
of Place A) and λT 2 = 0.01 · (Number of tokens of Place B), one realization of the firing of the system is depicted in Figure 3.6.

T2

10

B

A
T1

Figure 3.5: A simple SPN.
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Figure 3.6: A sample of the firing of the transitions of Figure 3.5.
Stochastic Simulation Algorithms
In this part, we describe three stochastic simulation algorithms. Here, we assume
that a biological system has N chemical entities and M reactions. We denote the
state of each chemical entity (the number of molecules of that chemical entity) by
xi , i = 1 · · · N .
Gillespie’s Stochastic Simulation Algorithm
Gillespie’s Stochastic Simulation Algorithm is an algorithm for simulating the dynamics of chemical systems using a stochastic approach. For using this algorithm some
assumptions must be made. First, Gillespie’s algorithm deals only with elemental
reactions. Elemental reactions are reactions that occur instantaneously. In this algorithm, there are only two elemental reactions, unimolecular and bimolecular. In
unimolecular reactions only single molecules are involved, while in bimolecular reactions two molecules interact and change form. All other kinds of reactions can be
reduced to these two elemental forms [109]. Second, this algorithm assumes that the

48

3.1. Software Structure

system is well-stirred, therefore, only the number of molecules contained in the compartment needs to be specified. We assume that the above conditions are met from
now on, unless unless we state otherwise.
In Gillespie’s algorithm, the following notations are used. We show the reaction j
by Rj and the number of chemical entity I by xi . If we show the change in the state
of the system by vij , then we can represent how the system states change by firing
of Rj as x ← x + vj , where x = {x1 , x2 , ..., xn } is the vector of the states. For each
reaction Rj in the system, the propensity function aj is defined such that aj (x)dt is
the probability that Rj will happen in the time interval [t, t + dt] given that X(t) = x.
For elemental reactions, the propensity functions are defined by the equations in (3.8):
cj

Si −
→ products :aj (x) = cj xi
cj

Si + Sk −
→ products :aj (x) = cj xi xk

(3.8)

cj
1
→ products :aj (x) = cj xi (xi − 1)
2Si −
2

Algorithm 3.2 was developed by Gillespie using probability theory and the above
definitions and assumptions [109–111].
Algorithm 3.2 Stochastic Simulation Algorithm (t0 , c, x0 )
Input: initial time t0 , reaction rate constants c = {c1 , c2 , . . . , cm }, and initial state
of the system x = x0
Output: trajectory of the system X and time evolution T
1: Initialize the system (t = t0 , and x = x0 ) and set termination conditions
2: while termination conditions are not met do
3:
Evaluate the propensity
functions as shown in (3.8)
P
4:
Calculate a0 (x) = M
a
k=1 k (x)
5:
Generate two random numbers r1 and r2 from uniform distribution
in unit interval
6:
Generate τ = a01(x) ln r11 and find j=smallest integer such that
Pj
k=1 ak (x) > r2 a0 (x)
7:
Run the reaction Rj and update t and x as t ← t + τ and x ← x + vj .
8:
Save x in X and t in T
9: end while
10: return X and T
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The disadvantage of this algorithm is that it can be slow. The problem originates
in the term 1/(a0 (x)). If there are chemical entities in the system in large number, this
factor will be small, which, in turn, can make the simulation very slow [109, 111, 112].
Tau-Leaping
The Tau-Leaping Method was devised to resolve the aforementioned issue. In Gillespie’s Algorithm, τ is chosen in such a way that only one reaction occurs in the
interval [t, t + τ ]. In the Tau-Leaping Method, we preselect τ and allow more than
one reaction to occur in the interval [t, t + τ ]. In this method, it is supposed the τ
satisfies the Leap Condition which states that the propensity function aj will remain
approximately constant at its value at t during the time interval [t, t + τ ]. In practice,
this condition can be guaranteed if [109, 111].

|

∆τ aj (x)
| < ε, j = 1, . . . , M
aj (x)

where ∆τ aj (x) denotes the changes in aj during the interval [t, t + τ ] and ε is a
sufficiently small positive number. If this condition holds, then the firing of reaction
Rj follows a Poisson distribution with parameter aj (x)τ , denoted by P (aj (x)τ ). In
this case, the state of the system can be calculated from (3.9):

X(t + τ ) = x +

M
X

Pj (aj (x)τ )vj

(3.9)

j=1

where vj is the change in the system due to the firing of Rj . Using (3.9), the TauLeaping Method (Algorithm 3.3) is defined. [109, 111].

The Chemical Langevin Equation
If the parameter λ of a Poisson distribution is large enough, the Poisson distribution
can be approximated by a normal distribution with mean λ and variance λ. Therefore,
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Algorithm 3.3 Tau-Leaping (t0 , c, x0 )
Input: initial time t0 , reaction rate constants c = {c1 , c2 , · · · , cm }, and initial state
of the system x = x0
Output: trajectory of the system X and time evolution T
1: Initialize the system (t = t0 , and x = x0 ) and set termination conditions
2: while termination conditions are not met do
3:
Evaluate the propensity functions as shown in (3.8)
4:
Find suitable τ that satisfies the Leap Condition
5:
Calculate Pj (aj (x)τ ) for each reaction Rj
P
6:
Update each state xi ←− xi + M
k=1 Pk (ak (x)τ )vik
7:
Save x in X and t in T
8: end while
9: return X and T
if the system satisfies the Leaping Condition and also aj (x)τ  1 for all j = 1, . . . , M ,
then we can approximate (3.9) by

X(t + τ ) = x +

M
X

Nj (aj (x)τ, aj (x)τ )vj

j=1

which can be rearranged to

X(t + τ ) = x +

M
X

vj aj (x) +

j=1

M
X

q
√
vj aj (x)Nj (0, 1) τ

(3.10)

j=1

which is called the chemical Langevin equation [109]. Equation 3.10 consists of two
p
P
PM
√
aj (x)Nj (0, 1) τ .
terms, a nonrandom term M
j=1 vj aj (x), and a random term
j=1 vj
Therefore, if the value of aj (x)τ is large enough, i.e., more than 10 to 20, we can change
Step 4 in the Tau-Leaping Method a to normal distribution Nj (aj (x)τ, aj (x)τ ) [109].
Calculating τ
For selecting τ , we can use the following procedure [113]. Let Irs ={indices of all
reactants}. We define HOR(i), i ∈ Irs , to be equal to the highest order of the
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reactions in which chemical entity i appears as a reactant. We define εi as

εi = εi (ε, xi ) =





ε





HOR(i) = 1

ε

2








HOR(i) = 2 but not the same reactant

ε
2+(xi −1)− 1

HOR(i) = 2 and we have 2Si reactant molecules

Then τ can be calculated from the following formula
max{εi xi , 1} max{εi xi , 1}2
}
τ = min{ P
, P 2
i∈Irs |
j vij aj (x)
j vij aj (x)|

(3.11)

Due to the rules of firing a transition in Petri nets, we do not have to worry about
making a concentration (marking) negative by using the τ calculated in (3.11).
The stochastic simulation section is implemented in C++. This part implements
the Gillespie’s Stochastic Simulation Algorithm (SSA) and Tau-Leaping Method.
The code responsible for the stochastic simulations reads the places (Figure 3.7(e))
and transitions (Figure 3.7(f)) data files produced by the Java section and instantiates
the places (Figure 3.7(a)) and transitions objects. There are two classes for the transitions, one for the transitions with modifiers (enzymatic reactions) (Figure 3.7(d))
and one for the transitions without modifiers (Figure 3.7(c)). Both of these classes
have methods for checking the fireability of the transitions and for firing them.

3.1.5

Computing Centralities

As mentioned in Section 3.1.2, for computing the centrality measures, we use the
NetworkX [91] package in Python. This library has a very rich collection of functions
for analyzing graphs and networks. Our program reads edge lists and creates the
corresponding graphs in NetworkX. Then, using the functions available in NetworkX,
it computes and saves different centrality measures. The closeness, betweenness, flow
current closeness, current flow betweenness, and closeness vitality are calculated for
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TransitionGeneral
#Name: char
#ID: char
#inputPlaces: vector <Place*>
#inputWeight: vector <unsigned int>
#outputPlaces: vector <Place*>
#outputWeight: vector <unsigned int>
#transitionType: int
<<create>>-TransitionGeneral(: char, : char)
<<create>>-TransitionGeneral(: void)
<<destroy>>-TransitionGeneral()
+getName(): char
+getID(): char
+setID(val: char): void
+setName(val: char): void
+addinputPlace(place: Place, weight: unsigned int): void
+addoutputPlace(place: Place, weight: unsigned int): void
+isEnabled(): bool
+fire(): void
+printInputPlaces(): void
+printOutputPlaces(): void
+printToFile(filename: char): void
+inputPlacesTokensMultiplied(): double
+setRate(rate: double): void
+getTranstionType(): int
+getInputPlacesData(): vector<string>
+getOutputPlacesData(): vector<string>
+getPlaceWeight(place: Place): int
+isAnInputPlace(place: Place): int
+isAnOutputPalce(place: Place): int
+getNumInputPlaces(): unsigned int
+getNumOutputPlaces(): unsigned int

Place
-ID: char
-Name: char
-numOfTokens: double
<<create>>-Place(: char, : char, : double)
<<destroy>>-Place()
+GetID(): char
+SetID(val: char): void
+GetName(): char
+SetName(val: char): void
+GetnumOfTokens(): double
+SetnumOfTokens(val: double): void

(a)

(b)
TransitionsWithModifiers

Transition
#rate: double
<<create>>-Transition(: char, : char)
<<destroy>>-Transition(: void)
+isEnabled(): bool
+inputPlacesTokensMultiplied(): double
+getRate(): double
+setRate(rate: double): void
+printToFile(filename: char): void

#modifiers: vector <Place*>
#modifierWeight: vector <unsigned int>
#rates: vector <double>
#functionType: functionTypes
<<create>>-TransitionsWithModifiers(ID_val: char, Name_val: char)
<<create>>-TransitionsWithModifiers(: void)
<<destroy>>-TransitionsWithModifiers(: void)
+addModifiers(place: Place, weight: unsigned int): void
+printModifiers(): void
+isEnabled(): bool
+inputPlacesTokensMultiplied(): double
+setRate(rate: double): void
+getRates(): vector<double>
+setFunctionType(functionType: functionTypes): void
+getFunctionType(): string
+printToFile(filename: char): void
+getModifiersData(): vector<string>
-rateFunction_R79_Borisov_f(kcat1: double, km1: double, modifier: double, substrate: double): double
-rateFunction_R79_Borisov_r(k1: double, product: double): double
-rateFunction_R3_f(modifier: double, kcatGDP: double, kmGDP: double, kmGTP: double, substrate: double, product: double): double
-rateFunction_R3_r(modifier: double, kmGDP: double, kcatGTP: double, kmGTP: double, substrate: double, product: double): double
-rateFunction_R5(kcat: double, km: double, modifier: double, substrate: double): double

(c)

(d)
ReadTransitions

<<create>>-ReadPlaces(: void)
<<destroy>>-ReadPlaces(: void)
+readPlacesFromTextFile(places: vector<Place*>): void

<<create>>-ReadTransitions(: void)
<<destroy>>-ReadTransitions(: void)
+readTranstionsFromTextFile(trans: vector<TransitionGeneral*>, places: vector <Place*>): void
+trim(s: char): char
+rtrim(s: char): char
+ltrim(s: char): char

(e)

(f)

ReadPlaces

Figure 3.7: The classes in the stochastic simulation section. ((a)) Place class’s methods and attributes, ((b)) TransitionGeneral class’s methods and attributes, ((c)) Transition class’s methods and attributes, ((d)) TransitionWithModifier class’s methods
and attributes, ((e)) ReadPlaces class’s methods and attributes, ((f)) ReadTransitions
class’s methods and attributes.
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Table 3.2: List of functions for computing centralities, labeling, and checking inhibition
Function Names
computeCentralityMeasures(EdgeList g)
computeCentralityMeasuresForSiphons(EdgeList g)
labelGraph(EdgeList g)
checkInhibtion(EdgeList g)
undirected graphs. The degree centrality can be computed for both directed and
undirected graphs. The PageRank centrality is calculated for directed graphs. The
functions available in this part of the software are shown in Table 3.2.

3.1.6

Checking the Inhibition of Node by a Set of Prospective
Targets

A section in the Python part of the package reads edge lists and using Algorithms
4.1 and 4.2 checks the disablement of specific node by inhibiting a set of prospective
targets in the graph. The details of the algorithms are discussed in Section 4.6.
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Chapter 4
Using Structural Analysis for
Identifying Drug Targets
In this chapter, first, we present a physiochemical model of the ErbB1-Ras-MAPK
pathway introduced in Chapter 2. Then, we convert it into a Petri net (Section 4.1)
in order to use siphon analysis (Section 4.2) as a method of identifying prospective
targets for single and multiple drug targeting. Next, we compare the results of siphon
analysis with the literature. At the end of this chapter, we present an algorithm for
checking the siphons’ ability in disabling specific targets.

4.1

ErbB1-Ras-MAPK Models

The physiochemical model that will be presented here is based on a previouslydeveloped deterministic ODE models of EGFR-Ras-MAPK signaling pathway (see
Appendix C). A graph of this model in which kinetic and concentration parameters are removed will be used for centrality analysis to prioritize targets (Chapter 5).
Temporal simulations of the physiochemical ErbB1-Ras-MAPK model (Chapter 6)
will also be used to evaluate the validity of the results of centrality analysis.
The model consists of 67 species and 96 reactions. Many of the reactions of this
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Table 4.1: ErbB1 activation
1
2
3
4

ErbB1 Synthesis → ErbB1
ErbB1 + EGF  ErbB1 EGF
2 ∗ ErbB1 EGF  ErbB1 EGF ErbB1 EGF
ErbB1 EGF ErbB1 EGF  ErbB1∗

Table 4.2: Recruiting adaptor proteins and SOS by active ErbB1
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

ErbB1∗ + Shc  ErbB1∗ Shc
ErbB1∗ Shc  ErbB1∗ pShc
ErbB1∗ pShc  ErbB1∗ + pShc
pShc  Shc
ErbB1∗ pShc + Grb2  ErbB1∗ pShc Grb2
ErbB1∗ pShc Grb2  ErbB1∗ + pShc Grb2
pShc + Grb2  pShc Grb2
ErbB1∗ pShc Grb2 + SOS  ErbB1∗ pShc Grb2 SOS
ErbB1∗ pShc Grb2 SOS  ErbB1∗ + pShc Grb2 SOS
pShc Grb2 + SOS  pShc Grb2 SOS
pShc Grb2 SOS  pShc + Grb2 SOS
ErbB1∗ pShc + Grb2 SOS  ErbB1∗ pShc Grb2 SOS
ErbB1∗ + Grb2  ErbB1∗ Grb2
Grb2 SOS  Grb2 + SOS
ErbB1∗ Grb2 + SOS  ErbB1∗ Grb2 SOS
ErbB1∗ Grb2 SOS  ErbB1∗ + Grb2 SOS

model have been discussed in Chapter 2. In the following we give an overview of the
reactions used in the model. The first step in activating this pathway is the activation
of ErbB1 by the external signal EGF. Table 4.1 shows the reactions that model the
ErbB1’s activation.
In the next step, activated ErbB1 recruits adaptor proteins and the GEF, SOS.
The reactions that represent these recruitment steps are shown in Table 4.2.
Next, ErbB1* SOS complexes activate Ras. The reactions for the activation and
degradation of Ras are shown in Table 4.3.
Activated Ras then activates Raf which is shown in Table 4.4. In this table,
P hosphatase1 (P ase1) is the phosphatase that removes the phosphate group from
Raf* and deactivates it.
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Table 4.3: RasGDP and RasGTP formation
1
2
3
4
5
6
7
8

Ras + GDP  RasGDP
Ras + GT P  RasGT P
RasGDP  RasGT P ; ErbB1∗
RasGDP  RasGT P ; ErbB1∗
RasGT P → RasGDP
RasGT P → RasGDP ; GAP
RasGDP  RasGT P ; ErbB1∗
RasGDP  RasGT P ; ErbB1∗

pShc Grb2 SOS
Grb2 SOS

Int pShc Grb2 SOS
Int Grb2 SOS

Table 4.4: Raf activation and degradation
1
2
3
4
5

RasGT P + Raf  RasGT P Raf
RasGT P Raf → RasGDP + Raf
RasGT P Raf  Raf ∗ + RasGT P
Raf ∗ + P ase1  Raf ∗ P ase1
Raf ∗ P ase1 → Raf + P ase1

Then, Raf* double-phosphorylates Mek and activates it, which is shown in Table
4.5. In this table, P hosphatase2 (P ase2) is the phosphatase that deactivates Mek.
The protein Mek, after activation, double-phosphorylates Erk and activates it.
The reactions involved in this process are shown in Table 4.6. The deactivation of
Erk is accomplished by a phosphatase referred to as P ase3.
There are two negative feedback loops in this model. The first feedback loop is from
active Erk (Erkpp) to SOS. This feedback is carried out by the phosphorylation of SOS
complexes by Erkpp; the phosphorylated SOS complexes cannot activate RasGDP to
RasGTP and therefore, the concentration of RasGTP will decrease, which in turn,
Table 4.5: Mek activation and degradation
1
2
3
4
5
6
7
8

Raf ∗ + M ek  Raf ∗ M ek
Raf ∗ M ek → Raf ∗ + M ekp
Raf ∗ + M ekp  Raf ∗ M ekp
Raf ∗ M ekp → Raf ∗ + M ekpp
M ekpp + P ase2  M ekpp P ase2
M ekpp P ase2 → M ekp + P ase2
M ekp + P ase2  M ekp P ase2
M ekp P ase2 → M ek + P ase2
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Table 4.6: Erk activation and degradation
1
2
3
4
5
6
7
8

Erk + M ekpp  Erk M ekpp
Erk M ekpp → Erkp + M ekpp
Erkp + M ekpp  Erkp M ek P P
Erkp M ek P P → Erkp P + M ekpp
Erkpp + P ase3  Erkpp P ase3
Erkpp P ase3 → Erkp + P ase3
Erkp + P ase3  Erkp P ase3
Erkp P ase3 → Erk + P ase3

Table 4.7: Negative feedback from Erk to SOS
1
2
3
4
5
6
7

ErbB1∗ pShc Grb2 SOS  ErbB1∗ pShc Grb2 SOS P ; Erkpp
ErbB1∗ Int pShc Grb2 SOS  ErbB1∗ Int pShc Grb2 SOS P ; Erkpp
ErbB1∗ Grb2 SOS  ErbB1∗ Grb2 SOS P ; Erkpp
ErbB1∗ Int Grb2 SOS  ErbB1∗ Int Grb2 SOS P ; Erkpp
pShc Grb2 SOS  pShc Grb2 SOS P ; Erkpp
SOS  SOS P ; Erkpp
Grb2 SOS  Grb2 SOS P ; Erkpp

will eventually reduce the concentration of active Erk (Erkpp). Table 4.7 shows the
reactions that model this feedback.
The second negative feedback loop is from active Erk (Erkpp) to active Raf (Raf* ).
In this feedback, active Erk binds to Raf* and deactivates it by phosphorylation. The
reduction in Raf* concentration, in turn, will eventually reduce the amount of active
Erk. This feedback is modeled by the reactions in Table 4.8.
Endocytosis (internalization) is a process by which cells internalize large molecules
and proteins such as receptors [114]. ErbB1 and its complexes are internalized in cells
where some of the internalized proteins still contribute to the signaling process. Table
4.9 shows the internalization for the complexes of ErbB1 . The reactions that model
Table 4.8: Negative Feedback from Erk to Raf
1
2
3
4

Raf ∗ notactive P ase1 → Raf + P ase1
Raf ∗ + Erkpp  Raf ∗ Erkpp
Raf ∗ Erkpp → Raf ∗ notactive + Erkpp
Raf ∗ notactive + P ase1  Raf ∗ notactive P ase1
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Table 4.9: Internalization and degradation reactions
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

ErbB1  ErbB1 Int
ErbB1 Int → ErbB1
ErbB1 Int →
ErbB1 EGF Int →
ErbB1 EGF ErbB1 EGF Int  2 ∗ ErbB1 EGF Int
ErbB1 EGF Int  ErbB1 Int + EGF Int
EGF Int →
ErbB1∗ Int  ErbB1 EGF ErbB1 EGF Int
ErbB1∗ Int →
ErbB1∗ Int pShc Grb2  ErbB1∗ Int + pShc Grb2
ErbB1∗ Int pShc Grb2 + SOS  ErbB1∗ Int pShc Grb2 SOS
ErbB1∗ Int pShc Grb2 SOS  ErbB1∗ Int + pShc Grb2 SOS
ErbB1∗ Int Grb2 + SOS  ErbB1∗ Int Grb2 SOS
ErbB1∗ Int Grb2 SOS  ErbB1∗ Int + Grb2 SOS
ErbB1∗ Int + Shc  ErbB1∗ Int Shc
ErbB1∗ Int + Grb2  ErbB1∗ Int Grb2
ErbB1∗ Grb2  ErbB1∗ Int Grb2
ErbB1∗ Grb2 SOS  ErbB1∗ Int Grb2 SOS
ErbB1∗ Shc  ErbB1∗ Int Shc
ErbB1∗ Int Shc  ErbB1∗ Int pShc
ErbB1∗ Int pShc  ErbB1∗ Int + pShc
ErbB1∗ Int pShc + Grb2  ErbB1∗ Int pShc Grb2
ErbB1∗ Int pShc + Grb2 SOS  ErbB1∗ Int pShc Grb2 SOS
ErbB1∗ pShc  ErbB1∗ Int pShc
ErbB1∗ pShc Grb2  ErbB1∗ Int pShc Grb2
ErbB1∗ pShc Grb2 SOS  ErbB1∗ Int pShc Grb2 SOS
ErbB1∗ pShc Grb2 → ErbB1∗ Int pShc Grb2
ErbB1∗ pShc Grb2 SOS → ErbB1∗ Int pShc Grb2 SOS
ErbB1∗ Grb2 → ErbB1∗ Int Grb2
ErbB1∗ Grb2 SOS → ErbB1∗ Int Grb2 SOS
ErbB1∗ pShc Grb2 SOS P → ErbB1∗ Int pShc Grb2 SOS P
ErbB1∗ Grb2 SOS P → ErbB1∗ Int Grb2 SOS P
ErbB1∗ pShc Grb2 SOS P  ErbB1∗ Int pShc Grb2 SOS P
ErbB1∗ Grb2 SOS P  ErbB1∗ Int Grb2 SOS P
ErbB1  ErbB1 Int

degradation and recycling in the ErbB1-Ras-MAPK pathway are show in Table 4.9.
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4.1.1

Parameterizing the ErbB1-Ras-MAPK Model

The model is trained on the experimentally measured EGF-induced profiles of EGFR,
Shc, Mek, and Erk (0–1 hour). The majority of rates and initial conditions were
extracted from the literature (see Appendix C). Ten rates and 15 initial conditions
were estimated from the data using simulated annealing. For parameter estimation
and time course simulation the software Copasi [97] is used. A python program
was written to use Copasi in batch-processing mode. The program ran the Copasi’s
parameter estimation and time-course simulation 100 times (Figure 4.1). Further, the
program extracted the computed parameter estimations (Figure 4.2) from the output
files generated by Copasi. The medians of the initial concentrations and rates are
used in this thesis. Since the model has not been calibrated to vitro data, the units
are arbitrary (A.U.). In some cases, the initial concentrations of Ras and RasGTP are
adjusted manually to create a steady state response of about 5% of peak Erk activity
(Erkpp) [115].

4.1.2

Conversion of the ErbB1-Ras-MAPK Physiochemical
Model to a Petri Net for Identification of Drug Targets.

The physiochemical model was converted to a Petri net using the software described
in Chapter 3 leaving only the essential structure. This involved removing dynamical
rates and initial conditions. The Petri net model of Tables 4.1 to 4.9 is shown in
Figures 4.3 – 4.5. Figure 4.3 shows the reactions from EGFR to GEFs (EGFR* GS
and EGFR* Shcp GS); Figure 4.4 depicts the internalized counterparts of Figure 4.3;
and Figure 4.5 represents the reactions from Ras and GEFs to Erkpp.
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Figure 4.1: Outputs from multiple model training using simulated annealing. ((a))
ErbB1, ((b)) Shc, ((c)) Mek and ((d)) Erk in MCF10A cells. The gray lines show the
time-course simulations, the dark red line shows the average of time course responses,
light red lines show the standard deviations, and triangles show experimental data.
A.U., arbitrary units [1].
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Figure 4.3: Petri net model from ErbB1 to SOS complexes.
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Siphons and P-semiflows as a Basis of Identification of Drug Targets

As discussed in Chapter 2, in Petri nets, a siphon is disabled if tokens in the places
that make up that siphon are reduced below a threshold number, in which case the
number of tokens cannot increase again. In Petri net signaling models, proteins and
concentrations are represented by places and tokens, respectively. In this context, it
can be hypothesized that a siphon is also disabled if the concentrations of proteins
that make up that siphon are reduced below a threshold by drugs and then, the
concentrations will not increase again. This led us to assess whether the proteins
(places) which comprise minimal siphons exhibit similar properties by analogy and
hence constitute potentially important drug targets for inhibiting signal flow. For
larger networks, since finding siphons could be computationally prohibitive (since
siphon numbers increase rapidly with the size of the Petri net [64,66]), we suggest that
(P)-semiflows could be employed (see Table B.1 for the computational complexities
of finding siphons and P-semiflows). P-semiflows are non-minimal siphons; they are
both siphons and traps at the same time [63]; by adding drugs, they can be modified
to be only siphons and not traps and their computation can be less expensive.
As stated above, siphons – by virtue of their properties – may constitute potential
drug targets. In the following, we will show that introducing drugs that interact with
siphons does not change their intrinsic siphon properties and hence their suitability as
drug targets. Similarly, we will show that adding drugs that interact with P-semiflows
can change them into siphons.
Theorem 1. Suppose a Drug (D) targets a protein (p) in a Siphon S (represented
by (4.1) where p D is the protein-drug). The addition of the drug D does not change
the siphon property of S.
Rd : p + D → p D
66

(4.1)

4.2. Siphons and P-semiflows as a Basis of Identification of Drug
Targets

D

Siphon
p

p_D
Rd

Figure 4.6: Interaction of one of the proteins of a siphon with a drug.
Proof. Prior to the addition of the drug to the system (adding Rd), the following
property holds for the places (P ) in Siphon S.

•

P ⊆ P•

(4.2)

Let’s call the input transitions after adding the drug to S as • P 0 and the output
transitions to S as P 0• . As can be seen from Figure 4.6, adding transition Rd does
not change • P , therefore

•

P 0 = •P

(4.3)

Reaction Rd, however, changes the output transitions as

P 0• = P • ∪ {Rd}.

To prove that the new structure is a siphon we can see that by (4.3)

∀x ∈ • P 0 → x ∈ • P
and by (4.2)
∀x ∈ • P 0 → x ∈ P •
and finally by (4.4)
∀x ∈

•

P 0 → x ∈ P 0•
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Figure 4.7: Multiple drugs target the same siphon.
therefore,
•

P 0 ⊆ P 0•

which shows that the proteins comprising S still satisfies the siphon property after
the addition of D.



The argument in Theorem 1 can be extended to multiple drugs targeting the same
siphon. Multiple drugs’ action is shown in Figure 4.7.
Corollary 1. Suppose that proteins {p1 , · · · , pk } in a siphon S of a Petri net are
targeted by drugs {D1 , · · · , Dk } and complexes {p1 D1 , · · · , pk Dk } are produced as
shown in (4.5), then S is still a siphon in the resulting Petri net.

Rdi : pi + Di → pi Di , 1 ≤ i ≤ k

(4.5)

Proof. As can be seen from (4.5) and Figure 4.7, if we denote the input transitions
•
to S by • Pmd and output transitions by Pmd
, this arrangement does not change the
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input transitions in (4.2) (• Pmd =

•

P ) and only extends the output transition as

•
= P • ∪ {Rd1 ∪ · · · ∪ Rdk }. Therefore, as argued in the proof of Theorem 1,
Pmd

∀x ∈

•

•
Pmd → x ∈ Pmd

•
and • Pmd ⊆ Pmd



Corollary 2. In Corollary 1, if instead of k drugs, only one drug targets several
proteins in a siphon, the result is still a siphon.
Proof. In Figure 4.7, if a drug D targets places {pi , · · · , pk }, it means that places
{Di , · · · , Dk } can be combined in one place and represented by the place D. However,
still the number of input places to the siphon does not change and the output places
will be P • ∪ {Rd1 ∪ · · · ∪ Rdk }. Therefore, as argued in Corollary 1, the result is a
siphon.



We also suggested that the support of a P-semiflow can be used instead of siphons
for finding prospective targets. The following theorem justifies this claim.
Theorem 2. Suppose a drug D targets a protein p in a P-semiflow as shown in
(4.6) where p D is the protein-drug complex), then the support of the P-semiflow will
become a siphon.

Rd : p + D → p D

(4.6)

Proof. The support of a P-semiflow is a siphon and a trap at the same time [63].
Therefore, if P represents the places in the support of a P-semiflow, the following
properties hold.

•

P ⊆ P•

P• ⊆
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Figure 4.8: Interaction between the protein in the support of a P-semiflow and a drug.
We denote the input transitions in the new system as • P d and output transitions
as P d• . As can be seen from (4.6), the addition of the drug does not change the input
transitions to the support of the P-semiflow

•

P d = •P

(4.9)

and changes the output transitions as follows

P d• = P • ∪ {Rd}

(4.10)

To prove that this new structure is a siphon we can see that by (4.9)

∀x ∈ • P d → x ∈ • P
and by (4.7)
∀x ∈ • P d → x ∈ P •
and finally by (4.10)
∀x ∈ • P d → x ∈ P d•
therefore,
•

P d ⊆ P d•

(4.11)

which shows that the new structure is a siphon. To show that the structure ceases to
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be a trap, we can see that
Rd ∈ P d•
but
Rd ∈
/ •P d
therefore,
P d• 6⊂

•

Pd

(4.12)

which shows that the new structure is not a trap.



It can be shown that targeting more than one protein in the support of a P-semiflow
also changes it to a siphon.
Corollary 3. Suppose that proteins {p1 , · · · , pk } in the support of a P-semiflow
are targeted by drugs {D1 , · · · , Dk } and complexes {p1 D1 , · · · , pk Dk } are produced
(please see (4.6 and (4.13)), then the support of the P-semiflow will be a siphon.

Rdi : pi + Di → pi Di , 1 ≤ i ≤ k

(4.13)

Proof. As can be seen from (4.13) and Figure 4.9, if we denote the input transitions
•
to the support of the P-semiflow by • Pmd and output transitions by Pmd
, this addition

does not change the input transitions in (4.7) (• Pmd =

•

P ) and extends the output

•
transition to Pmd
= P • ∪ {Rd1 ∪ · · · ∪ Rdk }. Therefore, as argued in the proof of

Theorem 2,
•
∀x ∈ • Pmd → x ∈ Pmd
•
and • Pmd ⊆ Pmd

Also,
Rdi ∈ P dm• , 1 ≤ i ≤ k
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Figure 4.9: Interaction between multiple drugs and proteins in the support of a Psemiflow.
but
Rdi ∈
/ • P dm
therefore,
P dm• 6⊆

•

P dm

which shows that the new structure is not a trap.



If we extend the places in the support of the targeted P-semiflow to include the
drug and the drug complex, in some cases, it can be shown that the new structure is
a new P-semiflow.
Corollary 4. Suppose the reaction shown in Figure 4.8 is represented by the following
formula
Rd : αp + βD → γp D

(4.14)

and the weight of p in the P-semiflow is wp , then the extended support of the Psemiflow x with the drug (D) and drug-protein complex p D in Figure 4.8 is a new
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Figure 4.10: The format of Cnew.
P-semiflow provided that the following condition holds.

αwp = k gcd(γ, β), for some k ∈ Z

(4.15)

Proof. Suppose that C is the incidence matrix for the Petri net without the drug and
drug complex, and C has M rows (places) and N columns (transitions). As mentioned
in Chapter 2, a P-semiflow x is a vector that is a non-negative integer solution to

x×C =0

Suppose that p is represented by the last row of C. If this is not the case and p is
represented by row k, then we can left-multiply C by an appropriate matrix1 and
right-multiply x by the same matrix to move p to the last row.
Now, we add the drug (D) and protein-drug (p D) complex and transition Rd to
C such that D and p D are the last two rows and Rd is the last column. Let’s call
the new incidence matrix Cnew. Cnew will have the format shown in Figure 4.10.
All the P-semiflows for which p is not in their support can be easily extended to
1

A matrix P where {Pii = 1,
1 ≤ i < M & i 6= p,
1, and all the other elements equal to 0}
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be P-semiflows for Cnew by adding zeros to the end of them. For example, if y is a
P-semiflow for C, it can be extended to ynew = [y, 0, 0]. If we denote the column j
of C and Cnew as C∗j and Cnew∗j respectively, then

ynew × Cnew∗j = y × C∗j + 0 · 0 + 0 · 0 = 0, 1 ≤ j ≤ N

and
ynew × Cnew∗N +1 = y × [0, · · · , 0, −α]T + 0 · −β + 0 · γ = 0
The product of y and [0, · · · , 0, −α]T is zero since all the elements of [0, · · · , 0, −α]T
except the last one are zeros, and the last element of y is zero since p is not in the
support of y.
We extend x to include two new elements v and z and call it xnew

xnew = [x, v, z]

(4.16)

We denote the element x[N ] as wp , the column j of C and Cnew as C∗j and
Cnew∗j , respectively. If we left-multiply Cnew by xnew

xnew × Cnew∗j = x × C∗j + 0 · v + 0 · z = 0, 1 ≤ j ≤ N

and
xnew × Cnew∗N +1 = x × [0, · · · , 0, −α] − β · v + γ · z
which results in
−α · wp − β · v + γ · z
In order to have a P-semiflow (xnew × Cnew = 0), the above equation must be zero.

−α · wp − β · v + γ · z = 0
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Therefore, we need to solve

−β · v + γ · z = α · wp ; v, z, wp , α, β, γ ∈ Z+

(4.17)

This is a Diophantine equation, and it can be shown that if

α · wp = n · gcd(β, γ) for some n ∈ Z

(4.18)

then (4.17) has solutions in Z in the form of
γ
gcd(β, γ)
β
z =n·f +k·
gcd(β, γ)

v = −n · e + k ·

(4.19)
(4.20)

where k ∈ Z and e and f are Bezout’s coefficients of β and γ.
We are interested in v and z which are greater than or equal to zero. Let’s use c
to denote α · wp and d to denote gcd(β, γ), then n = dc . We want to prove that we
can find v and z such that
γ
c·e
+k·
≥ 0
d
d
c·f
β
z=
+k·
≥ 0
d
d

v=−

(4.21)
(4.22)

Multiply both sides of (4.21) by ( γd ) and (4.22) by ( βd ) (and we know that d > 0, β >
0, γ > 0)
c·e
+k ≥ 0
γ
c·f
+k ≥ 0
β

−
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which results in
c·e
γ
c·f
k ≥ −
β
k ≥

(4.23)
(4.24)

If k is chosen as
k ≥ max(

c·e c·f
,−
)
γ
β

(4.25)

the conditions in (4.23) and (4.24) will be met. Hence, if (4.18) holds, xnew = [x, v, z]
will be a P-semiflow where v and z are obtained from (4.21) and (4.22) with a k which
meets (4.25).



Remark 1. Corollary 4 does not contradict Corollary 3, since although we have a new
P-semiflow if the condition of Corollary 4 is met, but still there will be a siphon inside
the support of the new P-semiflow.
Remark 2. Corollary 4 shows that after altering the network by introducing a drug into
the system, it is still possible to have (an extended) P-semiflow. The new P-semiflow
shows that by firing Rd, the weighted sum of the tokens in the old P-semiflow will be
reduced (tokens will be added to p D, which is a trap).
Corollary 4 can be easily extended to some other situations.
Corollary 5. Suppose a drug targets a protein that is shared between k P-semiflows
and the reaction between the protein and drug is as follows

Rd : αp + βD → γp D

(4.26)

Also, suppose that the weight of p in the P-semiflow i,P SFi , is wpi . The incidence
matrix in this scenario is shown in Figure 4.10 (the same as Corollary 4). The
extended support of the P-semiflow i, xi , with the drug (D) and drug-protein complex
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p D is a new P-semiflow provided that all the wpi s are the same, and an m can be
found such that the following conditions hold.

αwpi = m gcd(γ, β), for some m ∈ Z and i = 1, · · · , k

(4.27)

Proof. The argument of Corollary 4 can be applied here. For each P-semiflow P SFi ,
we have the following Diophantine equation

−β · v + γ · z = α · wpi ; v, z, wpi , α, β, γ ∈ Z,

and i = 1, · · · , k

(4.28)

This system of Diophantine equations has a solution only if all the wpi s are the
same. If this the case, then as mentioned in Corollary 4, the Diophantine equations
have a solution if

αwpi = m gcd(γ, β), for some m ∈ Z and i = 1, · · · , k

(4.29)

and the solutions are
γ
gcd(β, γ)
β
z =n·f +l·
gcd(β, γ)

v = −n · e + l ·

(4.30)
(4.31)

where k ∈ Z, e and f are Bezout’s coefficients of β and γ, and k is

k ≥ max(

c·e c·f
,−
)
γ
β

(4.32)


Corollary 6. If one protein is targeted in several non-overlapping supports of different
P-semiflows {P SF1 , · · · , P SFk }, and these proteins are different from each other,
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then the old P-semiflows with the drugs and drugs complexes can still be P-semiflows
if for each separate support the following condition holds

αj wpj = m gcd(γj , βj ); for some m ∈ Z, 1 ≤ j ≤ k

(4.33)

where wpj is the weight of the protein pj in the support of the old P-semiflow P SFj ,
and αj , βj , and γj are the stoichiometry of the reaction between pj and drug Dj .
Proof. The incidence matrix of the system with the drugs can be seen in Figure 4.11.
The proteins which interact with the drugs are moved to the bottom of C. As can be
seen from the matrix, with the same argument made in Corollary 4, we will have one
additional equation for each P-semiflow j




−α1 · wp1 − β1 · v1 + γ1 · z1 = 0






..


.




−αj · wpj − βj · vj + γj · zj = 0





..


.







−αk · wpk − βk · vk + γk · zk = 0
Since all of the above equations are independent, they can be solved with the same
approach as Corollary 4.



Corollary 7. If different proteins are targeted with different drugs in the support of a
P-semiflow P SF , the extended P-semiflow which includes the drugs and drugs-protein
complexes will be a new P-semiflow if the conditions in Corollary 6 hold.
Proof. This case has the same incidence matrix as Corollary 6, and the same argument is true here.
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Figure 4.11: The incidence matrix of a Petri net with multiple drugs.
Corollary 8. Suppose a drug targets several proteins in the support of a P-semiflow
P SF and these proteins are not members of the other P-semiflows’ supports. The extended P-semiflow with the drug and drug-protein complexes will be a new P-semiflow
provided that the following conditions hold (see Figure 4.12).

αj · wpj = n · gcd(β, γj ) for some n ∈ Z and for some j ∈ {1, 2, · · · , k}

and
γl | αl · wpl + βl · v,

f or

l = 1 · · · k,

l 6= j

where αl , βl , γl are the stoichiometry coefficients of the reactions involved in drugprotein interactions in the P-semiflow, wpl is the coefficient of protein (place) l in
P SF , and v is the solution of the Diophantine equation for protein j and the drug D.
Proof. The incidence matrix for this case is shown in Figure 4.12. We move all the
proteins of P SF to the end of the incidence matrix. As argued in Corollary 4, it can
easily be shown that all the extended P-semiflows except P SF are P-semiflows. For
extended P SF we have
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−α1 · wp1 − β1 · v + γ1 · z1 = 0






..


.




−αj · wpj − βj · v + γj · zj = 0



.


..








−αk · wpk − βk · v + γk · zk = 0
Suppose we can solve one of these equations, for instance, −αj ·wpj −βj ·v+γj ·zj = 0
using the same approach as Corollary 4, namely

αj · wpj = n · gcd(β, γj ) for some n ∈ Z

(4.34)

and the solutions in Z are,
γj
gcd(β, γj )
β
zj = n · f + m ·
gcd(β, γj )

v = −n · e + m ·

(4.35)
(4.36)

In this case, all the other equations will have the form of

−αl · wpl − βl · v + γl · zl = 0,

f or

l = 1 · · · k,

l 6= j

(4.37)

f or

l = 1 · · · k,

l 6= j

(4.38)

which can be written as

γl · zl = αl · wpl + βl · v,
and

zl =

αl · wpl + βl · v
,
γl

f or
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l = 1 · · · k,

l 6= j

(4.39)

4.3. Identifying drug targets in the ErbB1-Ras-MAPK Petri Nets
using siphon analysis

Rd1
0

pk
D1 0
p1D1 0
.
0.
.

.

.

.

.

.

.
.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

0 . .
0 -b1 . .
0 g1 0 .
.
0. 0.
.
.

.

0
0

0
0

.
.

0
0
.
.

.

.

Rdk
0
.
.
.

0 .
-a1 0
0.

.

pk-1Dk-1 0
pkDk 0

.

.
.
.

C

p1

.

.
.

-ak
-bk
. 0

.

.
.

.
.

0
gk

Figure 4.12: The incidence matrix of a Petri net with a single drug and multiple
targets in one P-semiflow.
If the following holds,

γl | αl · wpl + βl · v,

f or

l = 1 · · · k,

l 6= j

(4.40)

then (4.38) has solutions and therefore, the extended P SF is a P-semiflow.


4.3

Identifying drug targets in the ErbB1-Ras-MAPK
Petri Nets using siphon analysis

As mentioned in Chapter 2, finding minimal siphons in a Petri net can be very computationally expensive. Unfortunately, this is the case with the model we have in
this thesis. The model contains many biochemical activation and deactivation mechanisms involving highly-transient, biochemically modified signaling complexes which
are unsuitable for targeting. Therefore, we removed the transient complexes from
the model and created a simplified model. The simplified model contains 17 proteins
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and 18 reactions (Table 4.10). The simplified model was converted to a Petri net
model with 17 places and 25 transitions (Figure 4.13) using our software, described
in Section 3.1.1.
Table 4.10: List of the reactions in the simplified model [1]
No.

Reaction

1

EGF + ErbB1  ErbB1 EGF

2

ErbB1 EGF  ErbB1∗

3

ErbB1∗ + GS  ErbB1∗ GS

4

ErbB1∗ + Shc  ErbB1∗S hc

5

ErbB1∗G S + Ras → ErbB1∗ GS + Ras∗

6

ErbB1∗ Shc GS + Ras → ErbB1∗ Shc GS + Ras∗

7

Ras∗ + Raf → Ras∗ + Raf ∗

8

cRaf ∗ + M ek → M ek ∗ + Raf ∗

9

M ek ∗ + Erk → Erk ∗ + M ek ∗

10

ErbB1∗ → ErbB1

11

ErbB1∗ Shc GS → ErbB1∗ + Shc + GS

12

Ras∗ → Ras

13

Raf ∗ → Raf

14

M ek ∗ → M ek

15

Erk ∗ → Erk

16

ErbB1∗ GS + Erk ∗ → Erk ∗ + ErbB1∗ + GS

17

ErbB1∗ Shc GS + Erk ∗ → pErk ∗ + ErbB1∗ + Shc + GS

18

ErbB1∗ Shc + GS  ErbB1∗ Shc GS

Using this model and the algorithm of Ezpeleta et al. [103], our software (Section
3.1.3) identified eight minimal siphons. These minimal siphons are shown in Table
4.11.
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Table 4.11: List of minimal siphons in the simplified model [1]
No.
1

Siphon

Implicated target

EGF , ErbB1∗ , ErbB1∗ GS , ErbB1∗ Shc GS ,

ErbB1

ErbB1∗ Shc , ErbB1 EGF
2

ErbB1∗ GS , ErbB1∗ Shc GS , GS

ErbB1

3

ErbB1∗ Shc GS , Shc , ErbB1∗ Shc

ErbB1

4

ErbB1 , ErbB1∗ , ErbB1∗ GS , ErbB1∗ Shc GS ,

ErbB1

ErbB1∗ Shc , ErbB1 EGF
5

Erk , Erk ∗

Erk

6

M ek , M ek ∗

M ek

7

Raf , Raf ∗

Raf

8

Ras , Ras∗

Ras

In Table 4.11, each row represents the places that constitute each siphon and the
target that the siphon implicates. For instance, siphon 7 contains species Raf and
Raf ∗ and it indicates that we should target Raf .
Minimal siphons 1 and 4, which were distinguished by EGF and inactive ErbB1 respectively, shared active ErbB1 (ErbB1∗ ), receptor-ligand complexes (ErbB1 EGF ),
and ErbB1∗ -adaptor complexes (ErbB1∗ GS, ErbB1∗ Shc GS and ErbB1∗ Shc)
with minimal siphons 2 and 3. Activation of ErbB1 (ErbB1∗ ) is required for initiation
of receptor signaling, and subsequent complexation with Shc2 and/or GS is essential
for early signal propagation. The prevalence of ErbB1∗ and ErbB1∗ -adaptor complexes in half of the minimal siphons highlights their importance as prospective drug
targets. In line with this, studies to date have strongly implicated EGFR signaling
in oncogenesis. Amplified EGFR activity has been detected in numerous carcinomas
including head and neck, colorectal, non-small cell lung cancer (NSCLC), gastric, pancreatic, ovarian, breast, and prostrate [ [116–119]. As a result, EGFR became a major
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target of drug-development initiatives that fueled early development and clinical application of two classes of targeted anti-EGFR therapeutics [120]. One of these classes
includes so-called ATP-competitive small-molecule kinase inhibitors (SMKI ) such as
erlotinib and gefitinib [120] as well as dual-agent inhibitors such as lapatinib which
targets both EGFR and ErbB2/HER2. Erlotinib and gefitinib have shown clinical
benefit in colon, lung, and other carcinomas [121]; while lapatinib has been indicated
for use in combination with capecitabine in breast cancer [122]. The second class of
EGFR targeted therapies includes recombinant humanized/chimeric monoclonal antibodies such as cetuximab (C225, IMCC225). Cetuximab is a human/mouse chimeric
antibody designed to inhibit EGFR kinase activity by disrupting the EGF-EGFR
binding site [119]. Cetuximab was approved in 2004 for use in patients with EGFRexpressing meta-static colon cancer [119, 123].
The four remaining minimal siphons (5-8) consist of Ras, Raf, Mek, Erk and their
corresponding activated states (Table 4.11). Initial strategies for inhibiting proliferative and survival signal initiated by upstream RTKs such as EGFR involved the development of anti-Ras peptidomimetic therapies directed against Ras prenylation [124].
The enzyme farnesyl transferase (FT) normally catalyzes Ras prenylation by conjugating the isoprenoid, farnesyl, to the Ras carboxy-terminal. Farnesylated Ras is then
recruited to the plasma membrane, a step that is essential for its activation. Anti-Ras
peptidomimetics were designed to competitively inhibit the binding of FT to Ras.
Such FT inhibitors (FTIs) ultimately failed in the clinic due to compensatory Ras
function from other more cancer-relevant Ras isoforms which could be prenylated by
an alternate pathway [124]. This failure did not detract from the importance of Ras
targeting as anti-Ras therapeutic initiatives are still under development [125]. However, in the wake of these difficulties alternative strategies focusing on the development
of inhibitors targeting downstream Raf and Mek took center stage. The Raf inhibitor
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sorafenib (BAY 43-9006; Nexavar), which targets cRaf as well as wild type and mutant bRaf isoforms, has demonstrated clinical benefit in advanced renal, hepatocellular and thyroid carcinoma [53, 126]. Vemurafinib (PLX4032), a bRaf inhibitor which
specifically targets the highly oncogenic V600E mutant variant of bRaf, has shown
dramatic anti-cancer efficacy in melanoma. However, this success was marred by profound relapse within months of the initial response [127,128]. Highly-specific non-ATP
competitive allosteric Mek inhibitors such as trametinib (GSK1120212, JTP74057),
selumetinib (AZD6244, ARRY-142886) and PD-0325901 have shown benefit in numerous clinical settings including colorectal carcinoma, NSCLC, melanoma, renal cell
carcinoma and metastatic breast cancer [53, 129–135]. Erk SMKIs have also recently
entered clinical trials [136]. Importantly, Erk inhibition has shown promise in overcoming resistance incurred from targeting Raf and Mek and may be an important
future therapeutic strategy in cancers resistant to upstream inhibition [137–139].
The identification of siphons that correspond to clinically relevant drug-targets
such as ErbB1, Ras, Raf, Mek, and Erk suggests that siphon identification may be
useful for identifying novel drug targets. Although this analysis was limited to a
single pathway, it is compelling that nodes which had properties of minimal siphons
corresponded to clinical drug-targets. The reduction of concentrations of proteins beyond a threshold—as would be expected if the nodes representing these proteins are
siphons—may result in signal flow patterns unconducive to their reactivation; hence,
such proteins may be ideal targets for abolishing downstream signaling propagation.
According to the properties of siphons, such proteins, if targeted, could be considered
biochemically disabled, resulting in inhibition of signal transmission further downstream. Taken together, these results support the notion that siphons constitute
potentially important candidate drug targets with respect to inhibiting signaling flow
through the network.
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Physicochemical modeling is useful for theoretically identifying targets, but requires detailed rate and concentration data, much of which is currently unavailable
for modeling large networks. In contrast, minimal siphon set identification requires
only topological and directional information; hence, siphon detection may be a suitable alternative for identifying novel targets in larger networks. High-throughput
analytical techniques such as yeast two-hybrid screens and mass-spectrometry have
provided means to generate proteome-scale interaction networks [140]. Directionality
can be incorporated by computational inference [141–144], manual literature mining,
or by searching curated pathway databases such as REACTOME or KEGG [145,146].
Hence, application of siphon analysis to larger networks would enable searches for potential drug targets present in a dynamical network space without the need for rate
and concentration parameters. Such siphon-based anti-cancer targets could be preclinically validated in cell- or xenograft-mouse models of cancer for further propagation
down the drug-development pipeline.

4.4

Strategy for Identifying Prospective Drug Targets in Larger Networks

As mentioned previously, if the network is large and finding siphons is not feasible,
P-semiflows can be employed. Re-analysis of the Petri net to detect P-semiflows using the algorithm presented in [55, 102] showed a similar set of siphons (Table 4.12).
It should be emphasized that the identity of siphons and P-semiflows may not be
identical in complex networks, as P-semiflows only represent a subset of siphons.
Hence, if computational resources are limited, P-semiflows could be exploited as
an alternative—though less efficient—strategy for identifying candidate drug targets
in proteome scale networks, although they might suffer from the same problem as
siphons.
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Table 4.12: List of P-Semiflows in the simplified model [1]

4.5

No.

P-Semiflows

Implicated target

1

ErbB1∗ GS , ErbB1∗ Shc GS , GS

ErbB1

2

ErbB1∗ Shc GS , Shc , ErbB1∗ Shc

ErbB1

3

Erk , Erk ∗

Erk

4

M ek , M ek ∗

M ek

5

Raf , Raf ∗

Raf

6

Ras , Ras∗

Ras

Siphons as a Strategy for Identifying Prospective Combination Drug Therapies

According to the definition of siphons, if we compute the union of siphons, the resulting set will be a siphon as well. Therefore, one could combine the siphons in Table
4.11 and obtain multiple targets. For instance, we can combine i.e. take the union of
Siphons 6 and 7 and obtain new siphon {Raf , Raf ∗ , M ek, M ek ∗ }.
To improve efficacy and stem the onset of drug resistance, recent therapeutic efforts
have focused on co-targeting multiple nodes of the ErbB1-Ras-MAPK pathway. Since
mathematically, the union of siphons constitutes a siphon, combination of any two
or more siphons increases the number of targetable proteins of a siphon (Table 4.11);
and together, the number of potential co-targets. Thus, unions of siphons constitute
a basis for identifying multiple targets for combination drug-targeting. For example, the union of Siphons 6 and 7 in Table 4.11 gives a new siphon consisting of {Raf,
Raf*, Mek, Mek*}, which implicates Raf and Mek as potential targets for combination
therapy. Notably, Raf and Mek have been recently recognized as a promising combination therapy [147–149]. Clinical trials consisting of combination arms of the Mek
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inhibitor, trametinib, and the bRaf inhibitor, dabrafenib, improved progression-free
survival compared to patients only receiving dabrafenib [150]. The union of siphons 5
and 6 gives a siphon consisting of Erk, Erk*, Mek Mek*. As mentioned, co-targeting
Erk and Mek may represent a future strategy to combat resistance associated with
anti-Mek mono-therapies [137–139].

4.6

Checking the Inhibition of Targets

Disabling siphons does not necessarily guarantee that downstream signaling output
in the network will be inactivated. For example, this problem can arise if the intended target is situated after the merging point of two converging pathways and the
siphon only disables one of them, or, the siphon disables an irrelevant part of the system. Hence, disabling some siphons may not have the intended inhibitory effects on
downstream signaling, especially in larger systems characterized by many components
and complex interconnections. In this section, we present a structural algorithm for
identifying those siphons which may fail to exhibit inhibitory effects on the intended
outputs. This algorithm is not limited to siphons and can be used to check whether
the disabling of any sets of proteins which are candidates for inhibition leads to the
disablement of specific outputs in the system or not.
In our approach, to check if a siphon can disable the intended outputs, first, for
each protein species S, we determine which reactions produce a product S without
the need of S (Algorithm 4.1). Then, we use this information to determine whether
the end-target protein is inhibited by disabling the proposed set of protein species or
not (Algorithm 4.2).
First, we need to mention that in this section, the terms “species” and “protein(s)”
are used interchangeably. For using Algorithms 4.1 and 4.2, we need to have a graph
representation in which each reaction or protein species is modeled as a node and the
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relations between reactions and species are represented as directed arcs. Since in this
representation, reactions are only connected to species and species are only connected
to reactions, our graph representation of the pathways, like Petri nets, is bipartite.
This structure will help us in identifying causal relationships among the proteins in
the network using Algorithm 4.1, whose output will be employed later in Algorithm
4.2.
In the following, by an active reaction we mean that the reaction can proceed, by
an active species we mean that the species has a concentration more than zero, and
by an input protein we indicate that the concentration of that species is not zero at
the beginning of the analysis. Input species are specified by a biologist.
We assume that the following conditions are met by the system:
• For inhibiting a species, we only need to inhibit the independent input reactions
to a species S. By an independent input reaction to S, we mean that the
activation of that input reaction does not depend, directly or indirectly, on S.
• The system is commutative. By commutative, we mean that the order of activation of the input species is not important; if we activate species A and then
activate species B, we get the same result as if we first activate B and then
activate A.
• We assume that when species are generated in the system (become active), they
will be degraded after some time (become inactive) and will not remain active
permanently unless some reactions constantly produce them.
We explain why we need to determine the independent input reactions. If a species
has only one parent (only one reaction produces that species), the inhibition of the
parent will disable that species. However, if a species has more than one reaction as
inputs, then it is not straightforward to determine whether that species is inhibited or
is still enabled when we disable a subset of its parent reactions; there are two types of
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Figure 4.14: Example for types of inputs in a system.
input reactions to each species in the graph: one type is independent of that species,
and the other is dependent on it. For instance in Figure 4.14, if we disable R1, C is
still enabled since R2 is independent of C and can produce C. However, if we disable
R1 and R2, C will be disabled, despite having R4 as an input reaction; the reaction
R4 depends on D which depends, in turn, on R3, which depends on C; therefore, R4
depends on C and cannot be enabled independently of C.
To check inhibition, we need a mechanism to distinguish these two types of inputs
in the system. To accomplish this, we developed Algorithm 4.1 to produce a list of
species and their corresponding independent input reactions.
Algorithm 4.1 needs the graph of the system and the list of the input species, and
it returns the list of species and their corresponding independent input reactions. In
the following algorithm, by children of a node, we mean the successors of the current
node in the graph; if the current node is a reaction, its children are the products of
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that reaction; if the current node is a species, its children are the reactions for which
the current node is an input. By the parents of a node, we mean the predecessors of
the current node; if the current node is a reaction, its parents are the input species
to this reaction; if the current node is a species, its parents are the reactions that
produce that species.
Note that in this section and especially in Algorithms 4.1 and 4.2, the words
“species” and “protein(s)” are used interchangeably.
Algorithm 4.1 Labeling
1:

function createIndependentReactionList(graph, INPUTSPECIES )

Input: graph : bipartite directed graph (S ∪ R, ESR ∪ ERS ) where S denotes the set
of “species (proteins)” vertices, R the set of “reaction” vertices, ESR the set of
directed edges from the elements of S to the elements of R and ERS the set of
directed edges from the elements of R to the elements of S, INPUTSPECIES : list
of the input species (proteins) to the system
Output: SPECIES REACTIONS LIST : list of species (proteins) and their corresponding
independent input reactions
2:

activeReactions = empty set

3:

activeSpecies = empty set

4:

for species in INPUTSPECIES do

5:

nodeLabels = empty list

6:

speciesToVisit = empty list

7:

nextLevelSpecies = empty list

8:

add species to speciesToVisit, and activeSpecies

9:

nodeLabels[species] = 0

10:

label = 1

11:

if species not in SPECIES REACTIONS LIST then

12:
13:

SPECIES REACTIONS LIST

[species] = [’NULL’ ]

end if
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14:

while speciesToVisit is not empty do

15:

nextLevelSpecies = empty set

16:

for all node in speciesToVisit do

17:

store children of node, which are not in activeReactions, in
reactOf CurrentNode

18:

for all react in reactOf CurrentNode do

19:

store parents of react in inputT oReaction

20:

if any element of inputT oReaction is not in nodeLabels but is in
activeSpecies then

21:

nodeLabels[element] = 0

22:

end if

23:

if each element of inputT oReaction is in nodeLabels or its label
is less than label then

24:

nodeLabels[react] = label

25:

add react to activeReactions

26:

// examine all children (product)of node react

27:

for all product of react do

28:
29:

if product not in activeSpecies then
add product to activeSpecies

30:

end if

31:

if product is not in nodeLabels then

32:

nodeLabels[product] = label + 1

33:

add product to the nextLevelSpecies

34:

end if

35:

end for

36:

// examine all children (product)of node react

37:

for all product of react do
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if product is an input species then

38:
39:

SPECIES REACTIONS LIST

[species] = [’NULL’ ]

else if label of product > label of react then

40:
41:

SPECIES REACTIONS LIST

[species] = react

else

42:

if not isReachable(graph, IN P U T SP ECIES,

43:

product, react, activeReactions, activeSpecies) then
SPECIES REACTIONS LIST

44:

end if

45:

end if

46:

end for

47:

end if

48:

end for

49:
50:

end for

51:

label = label + 2

52:

speciesToVisit = nextLevelSpecies

53:

[species] = reaction

end while

54:

end for

55:

return SPECIES REACTIONS LIST

56:

end function

57:

visitedNodes = empty set

58:

function isReachable(graph, INPUTSPECIES, startNode, endN ode, activeReactions, activeSpecies)

Input: graph : directed graph of the system, INPUTSPECIES : list of input species to
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the system, startNode: search is started from this species, endN ode: the reaction
that we want to check if there is a path from startNode to it, activeReactions:
list of reactions that have been activated so far, activeSpecies: list of species that
have been activated so far.
Output: TRUE if there is a path from startNode to endN ode considering only activeReactions and activeSpecies in the graph, otherwise FALSE

59:

add startNode to visitedNodes

60:

for all reaction in children of startNode do

61:
62:

if reaction is in activeReactions and is equal to endN ode then
return TRUE

63:

end if

64:

if reaction is not in visitedNodes and reaction is in activeReactions then

65:

add reaction to visitedNodes

66:

for all species child of reaction do
if species not in visitedNodes and not in INPUTSPECIES

67:

and in activeSpecies and species and reaction are both in
SPECIES REACTIONS LIST

then

if isReachable(graph, IN P U T SP ECIES, product, react,

68:

activeReactions,activeSpecies) then
return TRUE

69:

end if

70:

end if

71:
72:
73:

end for
end if

74:

end for

75:

return FALSE
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76:

end function
In Algorithm 4.1, the function isReachable is a depth-first search. It searches the

graph to check whether there exists a path among enabled reactions and species that
starts from startNode (a species) and ends in endN ode (a reaction). We use this
function to check if we can start from a species (s in Figure 4.15) and reach a reaction
(R in Figure 4.15);
In Algorithm 4.1, function createIndependentReactionList is a breath-first search
and creates a list containing the independent reactions for each species. In this algorithm, we enable each input species (a species with concentration different from zero
and marked as an input by a biologist) one by one and check which reactions and
species will become active when these inputs become active. We label the reactions
and species as they become active to keep the order of the activation which can help
us find the causality relationships between the reactions and species. If a reaction R
labeled as a is an input to a species S with label b and if a < b, it means that R is
activated before S and therefore, can produce S without the need for S. Hence, R
is an independent input reaction to S. However, the converse is not true; since we
use breath-first search in this algorithm, if a reaction R0 , producing a species S 0 , is
located at a greater depth in the graph than S 0 , R0 can be labeled after S 0 (therefore,
has a greater label than S 0 ) while R0 does not depend on S 0 .
In Algorithm 4.1, the variables activeReactions and activeSpecies contain the activated reactions and species so far, respectively. The variable visitedNodes stores
the nodes that have been visited thus far. On Line 4, the f or statement iterates
through the input species and activates them one by one. At each step of the algorithm, we use label to store the depth we are exploring. The variables speciesToVisit
and nextLevelSpecies specify the species to be inspected in the current round of the
execution of the for statement (Line 16) and the next round of the execution of this
loop, respectively. Line 9 indicates that all the input species have level zero, and
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Figure 4.15: A reaction and its output.
do not have any reactions that are independent inputs to them. In Lines 17-20, we
find the reactions which are the children of the current species and have not been
activated in the previous iterations and store them in reactOf CurrentNode. Then,
we check the inputs of these reactions. If any of those input species are active but not
labeled in this round of the loop (they have been activated in the previous rounds),
we assign label zero to these species (Line 21). If after this process, there still exist species that have no labels (not active) or have labels greater than label (since
species activated at this level have labels greater that label), then the reaction is not
active, and we go back to Line 18. If the reaction is active, then we label the reaction
with label and add it to activeReactions (Lines 24-25). Next, we find the products
of this reaction; we add them to activeSpecies (Lines 27-29); if they have not been
labeled, we label them to label + 1, and add them to nextLevelSpecies (Lines 31-34).
Having finished the labeling, we check the product of the current reaction. If they
are in inputSpecies and not already in SPECIES REACTIONS LIST, we add them to
SPECIES REACTIONS LIST

with entry “NULL”. If they are not input species, for each

of them that has a label greater than label (it has been activated after the current
reaction) and is not in activeSpecies, we add an entry to SPECIES REACTIONS LIST
for that product and assign the current reaction as one of its independent reactions.
If the previous condition is not true, we call isReachable to check if there is an active
path from the product to the current reaction. If such path does not exist, we add
the current reaction and product to SPECIES REACTIONS LIST.
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Using labeling and breath-first search enable this algorithm to find the causality
relationships between the reactions and species. We have two situations: the label
of a reaction, R, is less than its output species S or the label of R is greater than
the label of S. If the label of R is less than the label of S, it means that R has
been activated before S; reaction R can produce S independently of S, therefore, R
is an independent input reaction to S. Line 35 does this. If the label of R is greater
than the label of S, then we need to investigate further. The Procedure isReachable
checks whether there exists an active path from S to R. If isReachable returns true, it
means that there exists an active path from S to R, which implies that S, directly or
indirectly, has a role in the activation of R. Hence, R is not an independent reaction
for S. If isReachable returns false, it means that there is no active path from S to
R and R is an independent input reaction to S. Figure 4.16 shows the output of the
labeling function on a network. Labels are shown inside the boxes. In this figure,
the labeling shows the causality relations between reactions and species except for
Species F . For F , since R4 has a label 3 which is less than the label of F , R4 is an
independent input reaction to F . For R5, isReachable will return false, therefore, R5
is an independent input to F . For R9, isReachable will return true, consequently, R9
is not an independent input reaction to F .
The next algorithm, using the list produced by Algorithm 4.1, checks whether the
intended target is actually disabled by the set of the proposed species. It should be
mentioned that it is possible to produce that list manually by a biologist and therefore,
Algorithm 4.2 can be used without Algorithm 4.1. A biologist can manually provide
the independent input species list, although, for large networks, it would be very
time-consuming.
Algorithm 4.2 CheckInhibtion
1:

function checkIfTargetDisalbed(disabledSpecies, targetNode, INPUTSPECIES )

Input: disabledSpecies: list of disabled species, targetNode: the target node we wish
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Figure 4.16: A part of a network labeled by Algorithm 4.1.
to inhibit, INPUTSPECIES list of species which are considered as always active and
we cannot disable
Output: Return TRUE if the target can be disabled by inhibiting disabledSpecies
and FALSE otherwise.
= empty list

2:

DISABLEDREACTIONSLIST

3:

disabledNodes = disabledSpecies

4:

while disabledNodes is not empty do

5:
6:

if targetNode in disabledSpecies then
return TRUE

7:

end if

8:

currentNode = pop the first element from disableN odes
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9:
10:

add currentNode’s children (reactions) to DISABLEDREACTIONSLIST
CS = nodes (species) which the current node is the second predecessor to
them (product of the current species) and not in disabledSpecies

11:

for all node in CS which is not in INPUTSPECIES do

12:

find the parent reactions (prCS) of node

13:

if (all elements of prCS are in DISABLEDREACTIONSLIST ) or (some of
them are in DISABLEDREACTIONSLIST and the ones not in
the list are not in SPECIES REACTIONS LIST for the node) then

14:

add node to disableN odes and disabledSpecies

15:

add all the children reactions of node to DISABLEDREACTIONSLIST

16:
17:

end if
end for

18:

end while

19:

return FALSE

20:

end function
Algorithm 4.2 is a breath-first search. We send to the function checkIfTargetDisalbed

a set of species (disabledSpecies) whose ability to disable the target (targetNode)
we wish to check. The algorithm, in a breath-first fashion, starts with the set of
disabledSpecies stored in disabledNodes (a queue) and finds and disables the reactions that become inactive due to the inhibition of disabledSpecies. Then, it adds the
newly disabled species to disabledSpecies and disabledNodes. The algorithm repeats
this procedure until either it reaches the target and disables it, or it inspects all the
nodes in disabledNodes and cannot disable the target.
Theorem 3. Algorithm 4.2, using an independent reaction list, determines if a specific node is disabled by disabling a set of nodes in the graph of a signaling network.
Proof. We use induction to prove that this algorithm works correctly, namely that
it does, indeed, determine if a node is disabled as a result of disabling some other
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nodes in the graph that represents the signaling network. We use induction on the
levels (hops on species), n, that a species is away from the target. Since the graph is
bipartite, the graph alternates between species and reactions. However, here, n is the
level we are away from the target only considering the species).
 Base case:
This algorithm works correctly for n = 1; if the target is among the set of
disabledSpecies, the algorithm will return true (Line 5).
 Inductive hypothesis:
Suppose this algorithm works correctly for all the inputs up to level n. We show
the inputs at level n by DSn = {s1 , s2 , · · · , sj }.
 Inductive step:
We are at level n+1 and the input at this level is the set DSn+1 = {s1 , s2 , · · · , sk }.
This algorithm, using breath-first approach, will disable all the reactions that
have inputs from the species in DSn+1 . Let us call the set of these reactions
DRn+1 . Then the algorithm, using the list of independent input reactions,
checks whether there exist species such that all their independent input reactions are disabled. If all those reactions for a species are disabled, that species
is considered disabled and is added to the set DSn (Lines 13-15), the set of disabled species at level n. Note that this algorithm uses a breath-first approach,
therefore, it disables all the reactions that could be inactivated by disabling the
set DSn+1 at this step; we use the assumption that if even only one of the input
species to a reaction is disabled, that reaction is disabled (Line 8). Also in this
run, the algorithm will disable all the species at level n which could be disabled
by DSn+1 . This is due to the way that we have defined the independent input
reactions. If all the independent input reactions of a species S are disabled,
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there are no other ways for the system to produce S; only independent input reactions can produce S independently of S. On the other hand, only one enabled
independent input reaction is enough to produce S. At this stage, we have all
the disabled reactions, DRn+1 , and therefore, we are capable of checking them
against the list of independent input reactions. Hence, we are guaranteed that
all the species that could be disabled by DSn+1 are identified and are included
in DSn . According to the hypothesis of the induction, we assume that the
algorithm works correctly for the level n, consequently, this algorithm works
correctly for the level n + 1.
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Chapter 5
Centrality as a Strategy to
Prioritize Siphons as Prospective
Drug Targets
Graph-theoretic properties of centrality measures are routinely employed to analyze
computer, social and large-scale protein-protein interaction networks [89, 151–153].
These measures try to identify the most “central” nodes in complex systems, where
being “central” captures some aspect of importance to a system. For example, in a
graph representing a network of computers, a node may be considered to be highly
central if it has a large number of other computers routed through it. Since in Petri
nets, there may exist many siphons, in such cases, we need a method to prioritize the
siphons and choose the siphons with higher priority to limit the candidate targets.
In the following, we discuss the possible use of centrality measures for prioritizing
siphons in signaling pathways.
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5.1

Building an EGFR-Ras-MAPK Pathway Graph

A graph of the EGFR-Ras-MAPK, using the reactions in the physiochemical model
(Tables 4.1 to 4.9), was first generated by the software described in Chapter 3. In
this graph proteins (places) were modeled as vertices and reactions (transitions) were
modeled as arcs. For mass-action equations of the type, A → B, A and B were added
as nodes and connected by an arc. For enzymatic reactions of the type A → B ; E
(where “; E” means E is a catalyst in this reaction), A, B and E were added as nodes,
where E is the enzyme and A, B are substrate and product, respectively. Arcs were
created connecting A to B and E to A (since E acts on A directly and catalyzes B
from A). Note that reversible enzymatic reactions are split into two reactions. Also,
the redundant edges between nodes are removed (i.e. the graph is not a multigraph).

5.2

Centrality Measures in the Graphs of EGFRRAS-MAPK Pathway

Using the software described in Chapter 3, we computed various centrality measures
on the complete ErbB1-Ras-MAPK signaling network to explore whether minimal
siphons (Table 4.11) could be prioritized with respect to their impact on signal flow
through the network. Accordingly, proteins with high centrality scores are hypothesized to have stronger effects on inhibiting signal flow and hence stronger effects on
the network output. Centrality scores for individual protein nodes were calculated to
rank minimal siphons in Table 4.11. All possible paths of signal flow through the system were accounted for by computing centralities for all nodes of the physiochemical
model (centralities for protein species of Table 4.10 are shown in 5.1).
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1-4
1-4
1-4
1-4
1-4
1-4
1-4
5
5
1-4
7
6
7
7
8
8
1-4

EGF
ErbB1
ErbB1*
ErbB1* GS
ErbB1* Shc
ErbB1* Shc GS
ErbB1 EGF
Erk
Erk*
GS
Mek
Mek*
Raf
Raf*
Ras
Ras*
Shc

Deg
score
0.0034
0.0103
0.031
0.031
0.0207
0.0379
0.0103
0.0069
0.0586
0.031
0.0069
0.0138
0.0103
0.0172
0.0276
0.0345
0.0103
1-Erk
2-ErbB1
3-Ras
r
11
9
4
4
6
2
9
10
1
4
10
8
9
7
5
3
9

Close
score
r
0.0096 17
0.0099 15
0.0179 7
0.0195 3
0.0167 8
0.02
2
0.0116 13
0.0098 16
0.0213 1
0.0185 5
0.0103 14
0.0143 10
0.0128 12
0.0154 9
0.0183 6
0.0186 4
0.013 11
1- Erk
2- ErbB1
4- Ras

BTW
score
r
0
17
0.0115 10
0.0589 2
0.0316 6
0.0053 13
0.0429 5
0.0273 9
0.0007 15
0.1304 1
0.0085 12
0.0024 14
0.0311 7
0.0092 11
0.0497 4
0.029
8
0.0502 3
0.0003 16
1-Erk
2-ErbB1
3-Ras

CFC
score
r
0.0063 17
0.0083 16
0.0205 6
0.0209 3
0.0189 8
0.0215 2
0.0092 15
0.01
13
0.0224 1
0.0208 4
0.0095 14
0.0142 11
0.0129 12
0.0162 9
0.0201 7
0.0206 5
0.0148 10
1-Erk
2-ErbB1
3-Ras

CFB
score
0
0.0159
0.0417
0.025
0.0129
0.0305
0.0185
0.0062
0.0793
0.0176
0.0061
0.0292
0.0134
0.0391
0.0281
0.0385
0.0049
1-Erk
2-ErbB1
3-Raf
r
17
11
2
8
13
5
9
14
1
10
15
6
12
3
7
4
16

Eig
score
0.0001
0.0001
0.0289
0.0494
0.0206
0.0611
0.0005
0.0002
0.0711
0.0571
0.0001
0.0015
0.0016
0.003
0.0381
0.0398
0.0041
1-Erk
2-ErbB1
3-Ras
r
15
15
7
4
8
2
13
14
1
3
15
12
11
10
6
5
9

CV
score
0.0184
0.0381
-0.0296
0.0065
0.0102
0.0043
0.0272
0.0181
-0.0867
0.0083
0.0172
-0.0009
0.0129
-0.0125
0.0224
0.0318
0.0136
1-ErbB1
2-Ras
3-Erk

r
5
1
16
12
10
13
3
6
17
11
7
14
9
15
4
2
8

Deg=Degree Centrality; Close=Closeness Centrality; BTW=Betweenness Centrality; CFC=Current Flow Closeness Centrality;
CFB=Current Flow Betweenness Centrality; Eig=Eigenvector Centrality; CV=Closeness Vitality; PR=PageRank; r=rank.

Implicated target(s)

Siphon

Protein nodes

Table 5.1: Centrality measures for individual protein species [1]
PR
score
0.0077
0.0155
0.0236
0.0167
0.0154
0.0212
0.0196
0.0098
0.0094
0.0208
0.0099
0.017
0.015
0.0211
0.0607
0.0654
0.0096
1-Ras
2-ErbB1
3-Raf

r
17
10
3
9
11
4
7
14
16
6
13
8
12
5
2
1
15

5.2. Centrality Measures in the Graphs of EGFR-RAS-MAPK
Pathway

5.2. Centrality Measures in the Graphs of EGFR-RAS-MAPK
Pathway
One approach in using these centralities for prioritizing siphons (i.e. targets) is
finding the proteins with the highest centrality and then finding a siphon or siphons
containing those proteins and prioritizing the siphons accordingly. Among the proteins
in Table 5.1, Erk*, complexes of ErbB1, and Ras* have the highest centrality scores in
many of the centrality measures. Hence, we can rank the siphons as siphon 5, siphons
1 to 4, and then siphon 8.
Disabling any minimal siphon—by definition—requires disabling all the protein
species of that siphon. Using another approach, in our final ranking, we considered
the sum of all the protein species comprising each siphon (Table 5.2, and Figures
5.1(a) and 5.3). One problem with using sum is that it favors the siphons with more
proteins over the siphons with fewer ones. In cases where attacking many nodes is not
desirable, we need to take the number of proteins into account; one way of achieving
this could be using average instead of sum to compensate for the difference in the
number of proteins in siphons. The result of using the average instead of the sum is
shown in Table 5.3.
Based on the summation ranking strategy, minimal siphons 1-4, which contained
EGFR(*) and associated signaling complexes ranked among the four highest with
most centrality types (5.1(a)). This was not completely supported when an average
of centrality scores across centrality types was computed (Figures 5.1(b), and 5.2).
However, ErbB1 still has a high score. ErbB1 activation by EGF and subsequent
signaling propagation through recruitment of Grb2, Shc and SOS are essential for
signal initiation. Thus, targeting siphons containing proteins that initiate and maintain signaling through the pathway are likely to have the highest priority with respect
to their influence on signal flow. This is consistent with the success of anti-EGFR*
inhibitors observed in clinical trials [2].
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Implicated Targets

EGF , ErbB1*
, ErbB1* GS ,
ErbB1* Shc GS
, ErbB1* Shc ,
ErbB1 EGF
ErbB1* GS
,
ErbB1* Shc GS ,
GS
ErbB1* Shc GS ,
Shc , ErbB1* Shc
ErbB1 , ErbB1*
, ErbB1* GS ,
ErbB1* Shc GS
, ErbB1* Shc ,
ErbB1 EGF
Erk , Erk*
Mek , Mek*
Raf , Raf*
Ras , Ras*

Siphon

Erk
Mek
Raf
Ras

1

4

3

0.0655 5
0.0207 8
0.0276 7
0.0621 6
1- ErbB1
2- Erk
3- Ras

ErbB1 0.1414

ErbB1 0.0690

ErbB1 0.1000

2

Deg
score r

ErbB1 0.1345

Target

1

4

3

2

0.0310 6
0.0245 8
0.0283 7
0.0370 5
1- ErbB1
2- Ras
3- Erk

0.0956

0.0497

0.0581

0.0953

Close
score r

1

7

4

2

0.1311 3
0.0335 8
0.0589 6
0.0792 5
1- ErbB1
2- Erk
3- Ras

0.1776

0.0486

0.0830

0.1661

BTW
score r

1

4

3

2

0.0324 6
0.0237 8
0.0291 7
0.0407 5
1- ErbB1
2- Ras
3- Erk

0.0993

0.0551

0.0632

0.0973

CFC
score r

1

7

4

2

0.0855 3
0.0352 8
0.0525 6
0.0666 5
1- ErbB1
2- Erk
3- Ras

0.1445

0.0483

0.0732

0.1286

CFB
score r

2

4

1

3

0.0713 6
0.0016 8
0.0046 7
0.0779 5
1- ErbB1
2- Ras
3- Erk

0.1607

0.0858

0.1676

0.1606

Eig
score r

1

4

5

3

-0.0686 8
0.0163 6
0.0004 7
0.0542 2
1- ErbB1
2- Ras
3- Mek

0.0568

0.0281

0.0191

0.0370

CV
score r

2

5

4

3

0.0192 8
0.0269 6
0.0361 7
0.1262 1
1- Ras
2- ErbB1
3- Mek

0.1120

0.0461

0.0587

0.1041

PR
score r

Deg=Degree Centrality; Close=Closeness Centrality; BTW=Betweenness Centrality; CFC=Current Flow Closeness Centrality;
CFB=Current Flow Betweenness Centrality; Eig=Eigenvector Centrality; CV=Closeness Vitality; PR=PageRank; r=rank.
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7
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Table 5.2: Sum of centrality measures for the siphons in the model
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Erk
Mek
Raf
Ras

4

1

5

0.0328 2
0.0103 8
0.0138 7
0.0310 3
1- ErbB1
2- Erk
3- Ras

ErbB1 0.0236

ErbB1 0.0333

ErbB1 0.0230

6

Deg
score r

ErbB1 0.0224

Target

Implicated Targets

EGF , ErbB1*
, ErbB1* GS ,
ErbB1* Shc GS
, ErbB1* Shc ,
ErbB1 EGF
ErbB1* Shc GS
,
Shc
,
ErbB1* Shc
ErbB1* GS ,
ErbB1* Shc GS
, GS
ErbB1
,
ErbB1*
,
ErbB1* GS ,
ErbB1* Shc GS
, ErbB1* Shc ,
ErbB1 EGF
Erk , Erk*
Mek , Mek*
Raf , Raf*
Ras , Ras*

Siphon

4

1

3

5

0.0155 6
0.0123 8
0.0141 7
0.0185 2
1- ErbB1
2- Ras
3- Erk

0.0159

0.0194

0.0166

0.0159

Close
score r

3

6

8

5

0.0656 1
0.0167 7
0.0295 4
0.0396 2
1- Erk
2- Ras
3- ErbB1

0.0296

0.0277

0.0162

0.0277

BTW
score r

4

1

3

5

0.0162 6
0.0119 8
0.0146 7
0.0204 2
1- ErbB1
2- Ras
3- Erk

0.0166

0.0211

0.0184

0.0162

CFC
score r

0.0428
0.0176
0.0263
0.0333
1- Erk
2- Ras
3- Raf

0.0241

0.0244

0.0161

0.0214

1
7
3
2

5

4

8

6

CFB
score r

5

1

4

6

0.0356 3
0.0008 8
0.0023 7
0.0389 2
1- ErbB1
2- Ras
3- Erk

0.0268

0.0559

0.0286

0.0268

Eig
score r

2

5

3

6

-0.0343 8
0.0082 4
0.0002 7
0.0271 1
1- Ras
2- ErbB1
3- Mek

0.0095

0.0064

0.0094

0.0062

CV
score r

3

2

6

5

0.0096 8
0.0134 7
0.0181 4
0.0631 1
1-Ras
2- ErbB1
3- Raf

0.0187

0.0196

0.0154

0.0174

PR
score r

Deg=Degree Centrality; Close=Closeness Centrality; BTW=Betweenness Centrality; CFC=Current Flow Closeness Centrality;
CFB=Current Flow Betweenness Centrality; Eig=Eigenvector Centrality; CV=Closeness Vitality; PR=PageRank; r=rank.
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Table 5.3: Average of centrality measures for the siphons in the model
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Figure 5.1: The above figures show the different centrality measures for each siphon;
((a)) shows the sum of the scores of the protein species which constitute each siphon;
((b)) shows the average of the scores of the protein species that constitute each siphon
[1].
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Figure 5.2: Mean of the averages of centralities for each siphon [1].
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Figure 5.3: The amount of the contribution of the protein species in each siphon
to the sum of the centrality measures for that siphon. ((a)) degree centrality, ((b))
eigenvector centrality, ((c)) closeness centrality, ((d)) betweenness centrality, ((e))
current flow closeness centrality, and ((f)) current flow betweenness centrality. [1].
The figure continues on the next page.
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Figure 5.3: The amount of the contribution of the protein species in each siphon to
the sum of the centrality measures for that siphon. ((g)) closeness vitality centrality,
((h)) PageRank centrality [1].

Interestingly, minimal siphons 5 and 8, which correspond to Erk, Erk* and Ras,
Ras*, ranked very high in general for most of the centrality types (Figures 5.1 and
5.2). The implicated target, Erk, of minimal siphon 5, can be expected to be more
influential than upstream proteins with respect to propagating signal flow since it is
topologically positioned as the signal output node of the ErbB1-Ras-MAPK pathway.
These analyses suggest that signal initiation targets, or targets farthest downstream
may be strategically the most ideal for targeting. Ras of minimal siphon 8, which
ranked just slightly higher than Erk for most centrality types (Figures 5.1 and 5.2),
lies in the center of the pathway. Attention to the development of Ras inhibitors took
backstage to the development of Raf and Mek inhibitors, largely due to specificity
issues [124]. However, these data suggest that Ras should be prioritized relative to
Raf and Mek (minimal siphons 6 and 7).
Employing the property of the union of siphons, centrality measures could be used
to prioritize combinations to be tested. The centralities presented so far measure the
importance of a node relative to its neighbors or to the whole network rather than
to the intended target (here we want to inhibit Erkpp eventually). For instance, in
eigenvector centrality, the importance of a node is related to the importance of its
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neighbors and closeness centrality is computed using all the nodes in the network.
Current flow centrality gives us another option for computing centralities. We can
define some proteins as inputs and some as outputs (the intended output signal), and
then compute the centrality between input and output proteins. For instance, in our
model, we defined EGF and ErbB1 as inputs and Erkpp as output. For this case, current flow betweenness centrality was computed where minimal siphons containing Ras,
Mek, and Raf ranked higher than Erk or those containing ErbB1(*) and associated
signaling complexes (Table 5.4) which are more in agreement with the physiochemical
model’s prediction (see Chapter 6).
Also, in large networks with several pathways and several inputs and outputs,
we can use the results from this approach and combine it with the results from the
previous ones; if we are interested in disabling only one of the outputs, we can use
the following procedure:
1. Compute centralities for the whole network, Cnetwork .
2. Compute the current flow betweenness centrality restricted to specific inputs
and the intended output signal, Csubnetwork .
3. Choose the siphons that have higher ranks in Csubnetwork (have a higher impact
on the intended target) and at the same time have a lower rank in Cnetwork (have
a lower impact on the whole network).
Our model is small and does not have several outputs, so we could not show the
result of the above approach on a proper model. However, for showing the concept,
we can see that Mek has a low score (Table 5.2) when we consider the whole network
(Cnetwork ) and a high score (Table 5.4) when we define specific inputs and outputs
(Csubnetwork ), hence, it could be a good candidate for drug targeting.

113

5.2. Centrality Measures in the Graphs of EGFR-RAS-MAPK
Pathway
Table 5.4: Current flow betweenness between specific inputs and outputs [1]
MS
Siphon

Set

Rank

#
1

EGF,

ErbB1*,

ErbB1* GS,

ErbB1* Shc GS,

ErbB1* Shc,

7

ErbB1 EGF
2

ErbB1* GS, ErbB1* Shc GS, GS

6

3

ErbB1* Shc GS, Shc, ErbB1* Shc

4

4

ErbB1,

ErbB1*,

ErbB1* GS, ErbB1* Shc GS, ErbB1* Shc,

8

ErbB1 EGF
5

Erk, Erk*

5

6

Mek, Mek*

1

7

Raf, Raf*

2

8

Ras, Ras*

3
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Chapter 6
Using the Dynamical
Physiochemical Model of
EGFR-Ras-MAPK Signaling to
Evaluate Centrality-based Target
Prioritization
In the previous chapters, we used a structural model to find the prospective targets for
drug therapy. In this chapter, we describe how the inhibitors are represented in the
physiochemical model of ErbB1-Ras-MAPK introduced in Chapter 4. Then, single
targeting simulations and synergy associated with dual-targeting simulations are used
as criteria to evaluate centrality-based ranking introduced in the previous chapter.
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6.1

Modeling Drug Inhibition in the Physiochemical Model

In order to evaluate the centrality-based prioritization results we needed to incorporate
drug-inhibition into the physiochemical model. We model the effects of inhibitors
on ErbB1, RasGTP, Raf, Mek, and Erkpp by adding inhibition coefficients to the
reactions which are involved in the activation of these proteins. These inhibition
coefficients vary from zero to one ([0,1]). A coefficient of one means that there is
no inhibition (0% inhibition) and a coefficient of zero means total inhibition (100 %
inhibition).
The ErbB1 inhibition is modeled as erbb1InhibCoef in differential equations that
model the reactions of Table 6.1; these reactions represent the binding of EGF to
ErbB1.
Table 6.1: ErbB1* Production
R1
R2

ErbB1 + EGF  ErbB1E GF
ErbB1 Int + EGF Int = ErbB1 EGF Int

For instance, R1 is modeled as

R1 : erbb1InhibCoef · (k1 [ErbB1 EGF ErbB1 EGF ]2 − k2 [ErbB1∗ ])

The inhibition of RasGTP is modeled by adding inhibition coefficients (represented
as rasgtpInhibCoef ) to the differential equations that model the reactions responsible
for the conversion of RasGDP to RasGTP. Each row in Table 6.2 represents a reaction
that contributes to the total concentration of RasGTP.
For instance, the differential equation for R3 is written as

R3 : rasgtpInhibCoef

]
P]
Kf max [RasGDP
− Krmax [RasGT
Ks
Kp

1+
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Table 6.2: RasGDP to RasGTP Conversion
R3
R4
R5
R6

RasGDP
RasGDP
RasGDP
RasGDP

 RasGT P ; ErbB1∗
 RasGT P ; ErbB1∗
 RasGT P ; ErbB1∗
 RasGT P ; ErbB1∗

pShc Grb2 SOS
Grb2 SOS
Int pShc Grb2 SOS
Int Grb2 SOS

A coefficient (rafInhibCoef ) is added to the reaction in Table 6.3 to model the Raf
inhibitor.
Table 6.3: The First Reaction in Raf to Raf* Conversion
R7

Raf + RasGT P  Raf RasGT P

Therefore, the equation for this reaction is

R7 : raf InhibCoef · (k1 [Raf ] ∗ [RasGT P ] − k2 [Raf RasGT P ])

The Mek inhibition is modeled by adding a coefficient (mekInhibCoef ) to each of
the reactions in 6.4.
Table 6.4: Active Mek Production
R8
R9

M ek + Raf ∗  Erk Raf ∗
M ekp + Raf ∗  Erkp Raf ∗

For example, the equation that models R8 is written as

R8 = mekInhibCoef · (k1 [M ek][Raf ∗ ] − k2 [M ek Raf ∗ ])
Erk’s inhibition is implemented by adding erkInhibCoef to the differential equations that represent the reactions in Table 6.5.
For instance, R10 is written as

R10 = erkInhibCoef · (k1 [Erk][M ekpp] − k2 [Erk M ekpp])
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Table 6.5: Active Erk Production
R10
R11

6.2

Erk + M ekpp  Erk M ekpp
Erkp + M ekpp  Erkp M ekpp

Synergy

When drugs are administered in combination, if their intended output signal is the
same, their combined effects can be categorized as synergistic, additive, or antagonistic [154]. Synergism happens when the combined effects of drugs are greater than
additive and antagonism occurs when the combined effects are less than additive.
However, these definitions are very broad, since we have to define additivity. More
than 20 definitions and approaches to compute synergy have been proposed [154]. In
this thesis, we use the Bliss independence model (also called effect multiplication or
fractional product) [3]. In Bliss independence, it is supposed that the drugs use an
independent mechanism and are not interacting with each other [3, 155]. However,
Bliss independence is more a black box approach rather than a mechanistic one [3].
In Bliss independence, first we define the fraction unaffected as [3]

FU A =

E
Emax

(6.1)

where E is the enzyme activity, and Emax is its maximum activity. If the fraction
unaffected by applying I1 is FU A1 and fraction unaffected due to applying I2 is FU A2 ,
then according to the Bliss independence model the combined effect FU A of two drugs
will be [3]

FU A = FU A1 × FU A2

(6.2)

If we observe more inhibition than is predicted by (6.2), then we say that the
combination has synergistic effects.
Since broadly speaking synergy is defined as “the phenomenon whereby the effect of
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two or more antagonists together is greater than the sum of their effects when used individually” [156], and since we do not have the concentration of the inhibitors in some
of the inhibitor models we used in this chapter, we use the principle of superposition
as the third approach to measuring synergy where we used coefficients in differential
equations to mimic the application of inhibitors. In this method, if inhibitor I1 with
concentration i1 (or coefficient α1 ) inhibits the target by X1 % and inhibitor I2 with
concentration i2 (or coefficient α2 ) inhibits the target by X2 %, then according to the
principle of superposition the combination of I1 and I2 at concentrations i1 (α1 ) and
i2 (α2 ), respectively, will inhibit the output by (X1 + X2 )% provided it is less than
100% (and if it is larger than 100%, we consider it to be 100%). If the amount of
inhibition seen in the simulation by simultaneous application of the two inhibitors is
greater than (X1 + X2 )%, we assume that the combination is synergistic [1]

6.3

Evaluating Siphons and Centrality Predictions
Using a Dynamical Model

We ran different simulations and synergy analyses to check the predictions made by
centrality measures in the previous chapter. The results of these simulations and
analyses can be seen in Figures 6.1 and 6.2.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)
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(i)

(j)

(k)

(l)

(m)

Figure 6.1: Assessment of synergy using Bliss independence and the superposition
principle.The figures on the left compare EGFR-Ras-MAPK signal output (AUC of
Erkpp) individually and in combination when inhibition is progressively increased
by the same amount. This was simulated by increasing the inhibition coefficients
by identical values. Synergy is suggested if the inhibition curve for combinations
(magenta) lies left of the curves represented by single inhibition or those calculated
using Bliss independence (cyan) or the superposition principle (green) curves. The
figures on the right depict EGFR-Ras-MAPK output (AUC of Erkpp) across the
full range of inhibition coefficient values (3D AUC). Figures ((a) and (b)) Ras and
Raf co-inhibition, ((c) and (d)) Ras and Mek co-inhibition, ((e) and (f)) Ras and
Erk co-inhibition, ((g) and (h)) Raf and Mek co-inhibition, ((i) and (j)) Raf and
Erk co-inhibition, ((k) and (l)) Mek and Erk co-inhibition, (m) Raf, Mek and Erk
triple-inhibition [1].
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 6.2: Assessment of synergy in the combinations of inhibitors using Bliss independence and the superposition principle. Figures on the left and right show synergy
calculated by Bliss independence and by the principle of superposition, respectively.
The synergy spectrum is depicted by a color bar with increasing pink intensities indicating increasing synergy. Figures((a) and (b)) synergy spectrum of Raf and Mek
co-inhibition, ((c) and (d)) synergy spectrum of Raf and Erk co-inhibition, ((e) and
(f)) synergy spectrum of Mek and Erk co-inhibition [1].
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As discussed in Chapter 5, the data shown in Figure 5.2 predict that Erk and Ras
should be prioritized higher than Raf and Mek. Simulations using our physiochemical
model suggest that targeting either Ras or Mek alone is more effective than targeting
either Raf or Erk alone (Figure 6.1). These simulation results concur with the rank
predictions of Ras (high) and Raf (low), but not with Mek (low) and Erk (high)
(Figure 5.2). As well, centrality estimates predict that EGFR-Ras, EGFR-Erk and
EGFR-Raf/Mek combinations should take precedence for development compared to
Raf-Mek combinations. However, simulated inhibition of either EGFR-Ras, -Raf, Mek or Erk did not predict synergy (data not shown) whereas simulation of Raf-Mek
inhibition did (Figure 6.1). This is consistent with recent experimental data [147]
and indicates that EGFR as a co-target underperforms in spite of its predicted rank.
Simulated inhibitions involving Erk as a co-target (e.g., Raf-Erk) also underperformed
relative to target sets in which Erk was absent (e.g. Raf-Mek, Ras-Raf and Ras-Mek;
Figure 6.1); this also, did not correlate with Erk’s top centrality rank among siphons
(Figure 5.2). Thus, the results of some simulations did correlate with centrality ranks
such as those for Ras and Raf, while others failed to do so, such as those for Mek,
Erk and EGFR.
If EGFR was specified as input and Erk as output, minimal siphons containing Ras,
Mek and Raf ranked greater than those containing Erk and EGFR(*). Interestingly,
these rankings correlated better with single-target simulations which suggested that
Mek, Raf and Ras are better targets than Erk. These rankings also correlated with
co-targeting simulations in which Erk- and EGFR(*)-containing target combinations
displayed compromised signal-inhibition efficacy (6.1). The latter data suggest that for
some centrality-based approaches, prioritization fidelity may be optimized by defining
input and output places. Hence current flow betweenness with specific input/output
may be more accurate in target ranking prediction since it confines the centrality
computation by defining input and output.
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It should be noted that here, we use the physiochemical simulations of the network
behavior over time to evaluate the centrality-based ranking. In this context, we would
like to stress that some consideration should be given to the limitations of using
theoretical physiochemical simulations (Figure 6.1). For example, the simulations in
Figure 6.1 are derived from one of many models that could be generated from fits
to experimental data (Figure 4.1). Secondly, the inhibition profiles generated by our
model are based on an approach that uses coefficients of rate constants to mimic the
effect of drugs by increasing or decreasing reaction rates. In more advanced models,
drug-interactions could be modeled physiochemically by taking into account passive
diffusion through the cell membrane. In this case, significantly different simulations
may be possible. Lastly, the simulations in Figure 6.1 assume that the magnitude of
signaling output correlates with anti-therapeutic effects. This assumption does not
always hold in practice.
While the simulations used here are largely theoretical and their use as tools for
assessing centrality may be limited in this respect, they support the possibility that
centrality-based ranking may have potential merit. Their reliability as an assessment tool can be expected to increase as their capacity to predict biochemical signal
transduction through molecular networks increases. Ultimately however, bona fide
evaluation of centrality as a strategy to prioritize siphons will require testing in larger
networks with significantly greater numbers of nodes and edges; and more importantly,
will require validation in experimental cell and xenograft tumor model systems.
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Chapter 7
Conclusion and Future Work
In this thesis, we presented a framework for choosing targets in single and multiple
drug therapies based on Petri net siphon analysis and graph and network theories.
Targeted therapies have attracted attention in fighting cancer. However, due to the
complex nature of signaling networks, choosing effective targets is challenging. To
make the situation more complicated, multiple drug targets need to be utilized to
overcome homeostasis and acquired drug resistance. However, as mentioned above,
due to the complex nature of the system, identifying multiple targets which exhibit
good efficiency will be even more challenging. Computational models can be used to
reduce the size of the state space of possible candidates. These models could be an
assistance to biologists in limiting the number of potential candidates. Nonetheless,
building these models could be burdensome and problematic. For instance, ordinary
differential equations and partial differential equations can model a biological system
reasonably accurately, but, building those models can be very daunting and even
impossible in very large biological systems due to the difficulty of obtaining dynamical
rates and initial conditions.
The methodology introduced in this thesis aims at larger networks where building
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ordinary differential equation models are impossible or very difficult. In this methodology, a Petri net is built from the chemical reactions that represent the system where
the Petri net captures the topological relation between reactions. Then siphon and/or
P-semiflow analyses are performed on the model to find the siphons (P-semiflows) in
the system. As discussed in the thesis, these siphons (P-semiflows) could be potential
candidates for drug therapies. The property that the unions of siphons are siphons as
well is an appealing property in Petri nets since it enables us to combine the siphons
and expand the number of prospective co-targets. In addition, connecting nodes representing drugs to the siphons does not change their properties as discussed in Chapter
4.
Depending on the topology of the signaling pathways we are modeling, the number
of siphons in the model can be huge. Therefore, we suggested using centrality measures for prioritizing siphons. We proposed three approaches for using the centrality
measures, which can be selected based on the problem and model at hand.
In a very large network, we could find siphons in the system that have no effects
on the intended downstream output. We presented an algorithm to test whether a
siphon (any set of nodes) in the graph of the system is able to disable an intended
node or not. This algorithm can be used to select out siphons that have no effects.
In cases where ODE models are available but finding the prospective targets is
difficult due to the size of ODEs involved, prospective targets can be found using
siphon analysis and then the most relevant ones can be selected using sensitivity
analysis or synergy analysis instead of centrality measures.
Our methodology may suffer from a few problems. One problem is possible scalability in some networks; it has been shown that in some examples the number of
siphons can grow exponentially with the size of the network. The exponential growth
depends on the topology of the Petri net. However, it is not known how prevalent
topologies with exponential growth are in biology. When the number of siphons grows
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exponentially, we can use P-semiflows; In our experiments computing P-semiflows
were order of magnitude faster than finding siphons, although in general they might
suffer from exponential complexity problem as well. Also, since we only use the topology of reactions and we don’t have the dynamical rates, the proposed targets might
not be very efficient in disabling the intended output.
Overall, when a dynamical model is not available, or is very complex to analyze, our methodology can be a valuable tool for biologists to reduce the number of
candidate targets that are possible in larger signaling networks.
In the following, we discuss the possible works that can be done to expand this thesis and also some observations we had during the simulations. One of the things that
can be done is implementing a larger hybrid model which contains several pathways
(both structural and dynamical) and use the methodology introduced in this thesis on
it to get a better understanding of the power and weakness of this methodology. The
bottleneck of our suggested methodology is computing siphons, hence, implementing
a better tool to compute siphons will benefit this approach.
Further, the centralities we used are general centralities and high-centrality rank
values computed by these centrality measures do not necessarily lead to better efficacy.
Therefore, developing new centrality measures more suited to topological characteristic of biological networks can benefit the prioritization process. For the prioritization
process and/or for choosing siphons, other methods besides centrality measures can
be employed; one possibility could be developing a sensitivity analysis for Petri nets
used in modeling biological systems and employing it in choosing drug targets.
Another possibility is developing different models for cancer and normal cells,
finding siphons in those models, and if possible, choosing the siphons that exist in
cancer cells but are not present in normal cells.
When we were working with the dynamical models, we observed the order in which
we disabled the feedback loops in the system determined the response of the system,
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i.e. different orderings produced different responses. More research in this respect
could be done to identify the mechanism underlying the simulated observations.
In addition, when we attacked a part of the system, it changed the working points
of some other parts of the pathway and forced those parts to operate in the area
of input-output response where changes in the inputs could bring about significant
changes in the output. Hence, one possible area of research would be finding the
correct changes that should be made in one module to make the other parts more
sensitive to manipulation by drugs which could lead to finding synergistic combination
in drugs.
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Appendix A
Stochastic Simulation of the
Application of Ras and Erk
Inhibitors on the
ErbB1-Ras-MAPK Model
Since the concentration of some of the proteins after introducing drugs will decrease
dramatically if the drugs are strong enough, we used stochastic simulations to check
some of the responses we produced in this thesis. We ran few simulations for two
reasons. First, these simulations are very time-consuming. Second, some reactions
are modeled using functions and are not elemental reactions; therefore, the results
from the stochastic simulations may not be completely accurate (although, stochastic
Petri nets have been used for modeling Michaelis-Menten and Hill functions [157]).
These results as well as the ODE results must be checked against experimental data
to be validated. One-time stochastic simulation of RasGTP and Erk inhibitors are
shown in Figure A.1. Although, large fluctuations can be seen in the outputs, the
averages are close to the predictions of the deterministic models.
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Figure A.1: Stochastic simulation of the Erk and RasGTP inhibitors in the ErbB1Ras-MAPK model. Only Erkpp concentrations are shown. For comparison, the results
from the deterministic model are plotted. ((a)) RasGTP inhibition coefficient of 0.208,
((b)) RasGTP inhibition coefficient of 0.01, ((c)) Erk inhibition coefficient of 0.208,
((d)) Erk inhibition coefficient of 0.01.
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Figure A.2: Several runs of the stochastic simulation of the application of the Erk
inhibitor with a coefficient of 0.01 on the dynamical model of the ErbB1-Ras-MAPK
pathway.
Twelve runs of stochastic simulation of Erk inhibitor with a coefficient of 0.01 are
shown in Figure A.2. Despite variations in the outputs, the average of the results of
stochastic simulations is close to the deterministic model’s prediction.
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Appendix B
Complexity of Algorithms Used for
Siphon Analysis and Centrality
Measures Computation
The computational complexities of the algorithms used in computing siphons and
centrality measures in this thesis are summarized in Table B.1, along with reference
numbers where these results can be found. Since in some Petri net topologies, the
number of minimal siphons is 2n , any algorithm for finding minimal siphons, in the
worst case, has an exponential complexity. However, for the topologies whose numbers
of minimal siphons are not exponential, it may be possible to find better algorithms
than the ones we present in Table B.1.
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Table B.1: Complexity of the algorithms used in computing siphons and centralities [1]
Algorithm

Complexity

Ref.

Siphon

O(2n ·n·a) where n is the number of places and a
is the number of arcs.

[158,
159]

P-invariants

O(|A|2 ·n) where A is the matrix that stores the results of the combination of rows and n is the number of places. Matrix A can grow exponentially
and make the algorithm’s complexity exponential.

[160]

Degree centrality

O(|V | + |E|)

Closeness central-

O(|V |·|E|) for unweighted graphs and O(|V |·|E|+
|V |2 · log (|V |)) for weighted graphs

[161]

O(|V |·|E|) for unweighted graphs and O(|V |·|E|+
|V |2 · log (|V |)) for weighted graphs

[161]

O(I (|V |) + |V |) where I (|V |) is the time needed
to compute the inverse Laplacian of size |V|.

[162]

O(I (|V |) + |V |) where I (|V |) is the time needed
to compute the inverse Laplacian of size |V|.

[162]
[162]

tweenness centrality

O (I (|V | − 1) + |V | · |E| · log (|V |))
where
I (|V | − 1) is the time needed to compute
the inverse Laplacian of size |V|-1.

Eigenvector cen-

O(|V |· − log()
λ1 ) where  is the convergence condition,

[163]

ity
Betweenness centrality
Current flow closeness centrality
Current flow closeness centrality
Current flow be-

trality
PageRank centrality

log( λ )
2

and λ1 and λ2 are the largest and second largest
eigenvalues of the adjacency matrix.
Topology dependent but O( |V | ) where (1 − ) is
the damping factor.

158

[164]

Appendix C
Initial Conditions and Reaction
Rates
The following tables show the initial values and reaction rates used in the physiochemical model of the ErbB1-Ras-MAPK pathway.
Initial conditions estimates were constrained within reasonable physiochemical
bounds or reported abundances and/or within ranges reported in other models (as
indicated in the last column of Table C.1) by fitting to experimental data using an
evolutionary programming algorithm [93, 97]. The volume of the endosome and cell
were taken to be 4.38 × 10−18 L and 1 × 10−12 L respectively [16]. Protein names
correspond to notations used in the reaction scheme shown in Table C.2. EGFR is
denoted by the alternate notation, ErbB1. ErbB1 Int denotes the internalized form
of ErbB1. Pase1, Pase2 and Pase3 denote three independent phosphatases. Initial
conditions of chemical entities with zero-values are not shown.
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Table C.1: List of Initial Conditions [1]
Concentration
Component

Comments

References

(nM)
EGF

112.65

Fitted

[14]

206

—

[165–167]

ErbB1 Int

23.95

Fitted

Shc

230.09

Fitted

ErbB1
(EGFR)
—
[14, 16,
168–173]
[14,16,170,
Grb2

8.609

Fitted
171, 173]
[16, 170,

SOS

83.26

Fitted
171, 173]
Set to the minimum value obtained with multiple parame-

Ras

[16, 115,

217.79
ter fits ( Fig S1; Supplement

168–173]

B)
Set to the minimum value ob[16, 115,
RasGDP

211.08

tained with multiple parame168–173]
ter fits (Fig S1; Supplement B)

GTP

180000

—

[115]

GDP

18000

—

[115]
[16, 168,

cRaf

50.91

Fitted

169,

171–

173]
Pase1

748.55

Fitted
160

[16, 171]

Table C.1: (continued)
Concentration
Component

Comments

References

(nM)
[16, 168,
Mek

195.71

Fitted

169,

171–

173]
[16, 169,
PASE2

39.55

Fitted
171, 173]
[16, 168,

Erk

2095.26

Fitted

169,

171–

173]
[16, 169,
Pase3

255.63

Fitted
171]

GAP

0.6

—

[115]

161

In Table C.2, unless shown explicitly, all reactions are mass-action expressions
with forward and reverse reactions constants k1 and k2. First and second order rate
constants are in s−1 and nM −1 s−1 respectively. The Michaelis constant, Km, is in
nM . Parameter values were obtained directly from the literature or fitted within
reported ranges. The “ Int” extension denotes chemical entities that have been endocytosed through constitutive, or clathrin-dependent endocytic mechanisms. Rate
expressions (v) are shown as endnotes for some reactions.

162

163

=

38.52 ×

ErbB1 Int + EGF Int  ErbB1 EGF Int

EGF Int →

R15

R16

=

1.1 ×

=
10−4 s−1

k2

k2 = 1.67 × 10−4 s−1

10−1 nM −1 × s−1

k1

s−1

1.4 ×

[16, 174]

170–172, 174]

[14, 16, 168,

170–173]

[14, 16, 168,

2 ∗ ErbB1 EGF Int  ErbB1 EGF ErbB1 EGF Int

R14

k2 = 0.1s−1

[16, 174, 178]

k1 = 1.20 × 10−4 s−1 (f itted)

ErbB1 Int →

R7

k1 = 0.01nM −1 ×

[16, 168, 174]

177]

[14, 16, 172,

170–173]

[14, 16, 168,

174–176]

170–172,

k1 = 3.2 × 10−2 s−1 (f itted)

k2 = 0.01s−1

10−2 s−1 (f itted)

k2

k2 = 0.06s−1

[14, 16, 168,

ErbB1 Int → ErbB1

k1 = 1s−1

s−1 (f itted)

×

2.04 ×

10−2 nM −1

=

×

s−1

3 ×

R6

2 ∗ ErbB1 EGF  ErbB1 EGF ErbB1 EGF

R3

k1

10−3 nM −1

=

[16, 171]

References

ErbB1 EGF ErbB1 EGF  ErbB1 B1 P

ErbB1 + EGF  ErbB1 EGF

R2

k1

k1 = 0.005

Kinetic Parameters

R4

→ ErbB1

Reaction Processes

R1b

No.

Table C.2: List of Reactions and Rates [1]
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R29h

ErbB1 B1 P Grb2 SOS P  ErbB1 B1 P Int Grb2 SOS P

ErbB1 B1 P Int Shc P Grb2 SOS

ErbB1 B1 P Shc P Grb2 SOS 

ErbB1 B1 P Shc P Grb2  ErbB1 B1 P Int Shc P Grb2

R29f

R29g

ErbB1 B1 P Shc P  ErbB1 B1 P Int Shc P

R29e

ErbB1 B1 P Grb2 SOS  ErbB1 B1 P Int Grb2 SOS

R29c

ErbB1 B1 P Shc  ErbB1 B1 P Int Shc

ErbB1 B1 P Grb2  ErbB1 B1 P Int Grb2

R29b

R29d

ErbB1 B1 P  ErbB1 B1 P Int

Reaction Processes

R29a

No.
=

4.85 ×

=

4.85 ×

=

4.85 ×

=

4.85 ×

=

4.85 ×

=

4.85 ×

=

4.85 ×

=

4.85 ×
10−3 s−1 (f itted)

k1

10−3 s−1 (f itted)

k1

10−3 s−1 (f itted)

k1

10−3 s−1 (f itted)

k1

10−3 s−1 (f itted)

k1

10−3 s−1 (f itted)

k1

10−3 s−1 (f itted)

k1

=

1.65 ×

=

1.65 ×

=

1.65 ×

=

1.65 ×

=

1.65 ×

=

1.65 ×

=

1.65 ×

=

1.65 ×
10−3 s−1 (f itted)

k2

10−3 s−1 (f itted)

k2

10−3 s−1 (f itted)

k2

10−3 s−1 (f itted)

k2

10−3 s−1 (f itted)

k2

10−3 s−1 (f itted)

k2

10−3 s−1 (f itted)

k2

10−3 s−1 (f itted)

k2

Kinetic Parameters

10−3 s−1 (f itted)

k1

Table C.2: (continued)

177–181]

[16, 168, 174,

177–181]

[16, 168, 174,

177–181]

[16, 168, 174,

177–181]

[16, 168, 174,

177–181]

[16, 168, 174,

177–181]

[16, 168, 174,

177–181]

[16, 168, 174,

177–181]

[16, 168, 174,

References
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R32c

R32b

ErbB1 B1 P Grb2 → ErbB1 B1 P Int Grb2

ErbB1 B1 P Int Shc P Grb2 SOS

ErbB1 B1 P Shc P Grb2 SOS →

ErbB1 B1 P Shc P Grb2 → ErbB1 B1 P Int Shc P Grb2

ErbB1 EGF ErbB1 EGF Int  ErbB1 B1 P Int

R31

R32a

ErbB1  ErbB1 Int

ErbB1 B1 P Int Shc P Grb2 SOS P

ErbB1 B1 P Shc P Grb2 SOS P 

Reaction Processes

R29j

R29i

No.
=

4.85 ×

=

1.65 ×

k1 = 1.85 × 10−3 s−1 (f itted)

k1 = 1.85 × 10−3 s−1 (f itted)

k1 = 1.85 × 10−3 s−1 (f itted)

k2 = 0.01s−1

k2

k1 = 1s−1

4.85 ×

10−3 s−1 (f itted)

=

1.65 ×

10−3 s−1 (f itted)

k1

=

10−3 s−1 (f itted)

k2

Kinetic Parameters

10−3 s−1 (f itted)

k1

Table C.2: (continued)

183]

177, 178, 182,

[16, 168, 174,

183]

177, 178, 182,

[16, 168, 174,

183]

177, 178, 182,

[16, 168, 174,

177]

[14, 16, 172,

177–181]

[16, 168, 174,

177–181]

[16, 168, 174,

References
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ErbB1 B1 P + Shc  ErbB1 B1 P Shc

R500

=

1.85 ×

s−1

k1 = 0.09nM −1 ×

10−4 s−1

k1

k2 = 0.6s−1

1.33 ×

ErbB1 B1 P RasGAP → RasGAP + ErbB1 B1 P

=
10−3 s−1

k2

R101

10−6 nM −1 × s−1

6.66 ×

ErbB1 B1 P + RasGAP  ErbB1 B1 P RasGAP

R100

=

k1 = 4.79 × 10−3 s−1 (f itted)

ErbB1 B1 P Int →

R33

k1

k1 = 1.85 × 10−3 s−1 (f itted)

k1 = 1.85 × 10−3 s−1 (f itted)

k1 = 1.85 × 10−3 s−1 (f itted)

Kinetic Parameters

ErbB1 B1 P Grb2 SOS P → ErbB1 B1 P Int Grb2 SOS P

ErbB1 B1 P Int Shc P Grb2 SOS P

ErbB1 B1 P Shc P Grb2 SOS P →

ErbB1 B1 P Grb2 SOS → ErbB1 B1 P Int Grb2 SOS

Reaction Processes

R32f

R32e

R32d

No.

Table C.2: (continued)

[14, 16]

[172]

[172]

[16, 174, 178]

183]

177, 178, 182,

[16, 168, 174,

183]

177, 178, 182,

[16, 168, 174,

183]

177, 178, 182,

[16, 168, 174,

References
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R505

ErbB1 B1 P Shc P Grb2  ErbB1 B1 P + Shc P Grb2

ErbB1 B1 P Int Shc P Grb2

ErbB1 B1 P Int Shc P + Grb2 

ErbB1 B1 P Shc P + Grb2  ErbB1 B1 P Shc P Grb2

R504

R504a

Shc P  Shc

ErbB1 B1 P Shc P  ErbB1 B1 P + Shc P

R502

R503

ErbB1 B1 P Int Shc  ErbB1 B1 P Int Shc P

R501a

ErbB1 B1 P Int Shc P  ErbB1 B1 P Int + Shc P

ErbB1 B1 P Shc  ErbB1 B1 P Shc P

R501

R502a

ErbB1 B1 P Int + Shc  ErbB1 B1 P Int Shc

Reaction Processes

R500a

No.

k1 = 0.3s−1

0.03nM −1 s−1

k1

0.03nM −1 s−1

k1

k1 = 5e − 3s−1

k1 = 0.3s−1

=

=

9 ×

=

9 ×

=

9 ×
10−4 nM −1 s−1

k2

k2 = 0.1s−1

k2 = 0.1s−1

k2 = 0s−1

10−4 nM −1 s−1

k2

10−4 nM −1 s−1

k2

k2 = 0.06s−1

k1 = 6s−1
k1 = 0.3s−1

k2 = 0.06s−1

k2 = 0.6s−1

k1 = 6s−1

=

=

Kinetic Parameters

0.09nM −1 s−1

k1

Table C.2: (continued)

[14, 16]

[14, 16]

[14, 16]

[16]

[14, 16]

[14, 16]

[14, 16]

[14, 16]

[14, 16]

References
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Shc P Grb2 + SOS  Shc P Grb2 SOS

Shc P Grb2 SOS  Shc P + Grb2 SOS

R510

Shc P Grb2 SOS

ErbB1 B1 P Int Shc P Grb2 SOS  ErbB1 B1 P Int +

Shc P Grb2 SOS

ErbB1 B1 P Shc P Grb2 SOS  ErbB1 B1 P +

k1 = 0.1s−1

0.03nM −1 s−1

k1

k1 = 0.12s−1

k1 = 0.12s−1

10−3 nM −1 s−1

k1

ErbB1 B1 P Int Shc P Grb2 + SOS 

ErbB1 B1 P Int Shc P Grb2 SOS

10−3 nM −1 s−1

k1

0.03nM −1 s−1

k1

k1 = 0.3s−1

=

=

=

=

=

9 ×

=

=

=

2.4 ×

2.14 ×

2.14 ×

=

2.4 ×

=

=

2.1 ×

6.4 ×

10−2 nM −1 s−1

k2

10−2 s−1

k2

10−4 nM −1 s−1

k2

10−4 nM −1 s−1

k2

10−2 s−1

k2

10−2 s−1

k2

k2 = 0.1s−1

10−4 nM −1 s−1

k2

Kinetic Parameters

ErbB1 B1 P Shc P Grb2 SOS

ErbB1 B1 P Shc P Grb2 + SOS 

Shc P + Grb2  Shc P Grb2

Shc P Grb2

ErbB1 B1 P Int Shc P Grb2  ErbB1 B1 P Int +

Reaction Processes

R509

R508a

R508

R507a

R507

R506

R505a

No.

Table C.2: (continued)

[14, 16]

[14, 16]

[14, 16]

[14, 16]

[14, 16]

[14, 16]

[14, 16]

[14, 16]

References
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R602a

R602

Grb2 SOS

ErbB1 B1 P Int Grb2 SOS  ErbB1 B1 P Int +

ErbB1 B1 P Grb2 SOS  ErbB1 B1 P + Grb2 SOS

ErbB1 B1 P Int Grb2 SOS

ErbB1 B1 P Int Grb2 + SOS 

ErbB1 B1 P Grb2 + SOS  ErbB1 B1 P Grb2 SOS

R601

R601a

ErbB1 B1 P Int + Grb2  ErbB1 B1 P Int Grb2

ErbB1 B1 P + Grb2  ErbB1 B1 P Grb2

ErbB1 B1 P Int Shc P Grb2 SOS

ErbB1 B1 P Int Shc P + Grb2 SOS 

ErbB1 B1 P Shc P Grb2 SOS

ErbB1 B1 P Shc P + Grb2 SOS 

Reaction Processes

R600a

R600

R511a

R511

No.
=

9 ×

=

9 ×

=

9 ×

=

k1 = 0.03s−1

k1 = 0.03s−1

0.01nM −1 s−1

k1

0.01nM −1 s−1

k1

=

=

3 ×

10−3 nM −1 s−1

k1

10−3 nM −1 s−1

k1

10−3 nM −1 s−1

k1

=

=

=

4.29 ×

4.29 ×

4.29 ×

=

4.5 ×

=

4.5 ×
10−3 nM −1 s−1

k2

10−3 nM −1 s−1

k2

k2 = 0.06s−1

k2 = 0.06s−1

k2 = 0.05s−1

10−2 s−1

k2

10−2 s−1

k2

10−2 s−1

k2

Kinetic Parameters

10−3 nM −1 s−1

k1

Table C.2: (continued)

[14, 16]

[14, 16]

[14, 16]

[14, 16]

[14, 16]

[14, 16]

[14, 16]

[14, 16]

References
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RasGDP  RasGTP

RasGDP  RasGTP

R1002a

R1003

3

2

1

Ras + GTP  RasGTP

R1001

RasGDP  RasGTP

Ras + GDP  RasGDP

R1000

R1002

Grb2 SOS  Grb2 + SOS

Reaction Processes

R603

No.
=

=

2.3 ×

=

3.9s−1

0.72s−1

kcatGT P

kcatGDP

=

1200nM

1544nM

KmGT P

KmGDP

=

0.72s−1

3.9s−1

kcatGT P

kcatGDP

=

1200nM

1544nM

KmGT P

KmGDP

=

0.72s−1

3.9s−1

kcatGT P

k2

kcatGDP

=

2.2 ×

10−4 s−1

=

=

10−3 s−1

k2

=

=

=

=

=

=

2.5 ×

1.1 ×

10−3 nM −1 s−1

k2

10−3 nM −1 s−1

k1

10−3 nM −1 s−1

k1

1.5 ×

Kinetic Parameters

10−3 s−1

k1

Table C.2: (continued)

[115]

[115]

[115]

[115, 170]

[115, 170]

[14, 16]

References
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Km = 0.92nM

RasGTP → RasGDP; ErbB1 B1 P RasGAP

RasGTP + cRaf  RasGTP cRaf

RasGTP cRaf → RasGDP + cRaf

RasGTP cRaf  cRaf Act + RasGTP

R1006

R1500

R1501

R1502

R1502b cRaf Act + Erk P P  cRaf Act Erk P P

Km = 0.92nM

5

RasGTP → RasGDP

R1005

=

4.5 ×

1s−1

nM −1 s−1 (f itted)

k1 = 1.75 × 10−4

k1 =

k2 = 3.6s−1

1.20s−1 (f itted)

k2

nM −1 s−1
=

k2 = 7 × 10−4

k1 = 3.5 × 10−4 s−1

10−2 nM −1 s−1

k1

—

[16, 168]

[115]

[16, 115, 168]

[115]

kcat = 5.4s−1

[115, 170]

[115]

[115]

=

=

=

References

kcat = 5.4s−1

k1 = 0.00035s−1

RasGTP → RasGDP

R1004

1544nM

1200nM

KmGT P

KmGDP

=

0.72s−1

3.9s−1

kcatGT P

=

kcatGDP

KmGT P
1200nM

=

1544nM

KmGDP

Kinetic Parameters

RasGDP  RasGTP

4

Reaction Processes

R1003a

No.

Table C.2: (continued)
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cRaf Act + Pase1  cRaf Act Pase1

R1503a

cRaf Act + Mek  cRaf Act Mek

cRaf Act Mek → cRaf Act + Mek P

cRaf Act + Mek P  cRaf Act Mek P

cRaf Act Mek P → cRaf Act + Mek P P

Mek P P + Pase2  Mek P P Pase2

Mek P P Pase2 → Mek P + Pase2

Mek P + Pase2  Mek P Pase2

Mek P Pase2 → Mek + Pase2

R2000

R2001

R2002

R2003

R2004

R2005

R2006

R2007

R1503b cRaf Act Pase1 → cRaf + Pase1

cRaf Act Erk P P → cRaf Act DS + Erk P P

Reaction Processes

R1502c

No.

=

=

1.1 ×

=

1.1 ×

=

1.43 ×

=

7 ×

k2 = 0.5s−1
k1 = 5.8 × 10−2 s−1

10−4 nM −1 s−1

k1

3.3 ×

3.3 ×

k2 = 0.08s−1
k1 = 5.8 × 10−2 s−1

10−2 nM −1 s−1

k1

=
10−2 s−1

k2

k1 = 2.9s−1

10−2 nM −1 s−1

k1

=
10−2 s−1

k2

k1 = 3.5s−1

10−2 nM −1 s−1

k1

k1 = 1s−1

k2 = 0.2s−1

[16]

[16]

[16]

[16]

[16]

[16]

[16]

[16]

[16]

[16, 168, 169]

—

k1 = 2.09s−1 (f itted)
7.17 ×

References

Kinetic Parameters

10−2 nM −1 s−1

k1

Table C.2: (continued)
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Erk P + Pase3  Erk P Pase3

Erk P Pase3 → Erk + Pase3

6

R2014

R2015

R2500

Grb2 SOS  Grb2 SOS P

Erk P P Pase3 → Erk P + Pase3

Erk P Mek P P → Erk P P + Mek P P

R2011

R2013

Erk P + Mek P P  Erk P Mek P P

R2010

Erk P P + Pase3  Erk P P Pase3

Erk Mek P P → Erk P + Mek P P

R2009

R2012

Erk + Mek P P  Erk Mek P P

Reaction Processes

R2008

No.
=

5.35 ×

=

5.35 ×

=

1.41 ×

=

5 ×

=

6.65 ×

10−2 s−1

kcat1 = 4.66 ×

10−5 s−1

k1

Km1 = 5000nM

k1 = 2.46 × 10−1 s−1

k2 = 0.5s−1

k1 = 0.246s−1

10−3 nM −1 s−1

k1

1.83 ×

1.83 ×

k2 = 0.6s−1

k1 = 5.7s−1

10−2 nM −1 s−1

k1

=

10−2 s−1

k2

k1 = 16s−1

10−2 s−1 nM −1 s−1

k1

=

10−2 s−1

k2

Kinetic Parameters

10−2 s−1 nM −1 s−1

k1

Table C.2: (continued)

[172]

[16]

[16]

[16]

[16]

[16]

[16]

[16]

[16]

References

174

R2504

R2503

R2502

R2501

No.

7



ErbB1 B1 P Int Grb2 SOS P

ErbB1 B1 P Int Grb2 SOS
10



ErbB1 B1 P Grb2 SOS  ErbB1 B1 P Grb2 SOS P

8



ErbB1 B1 P Int Shc P Grb2 SOS P

ErbB1 B1 P Int Shc P Grb2 SOS

ErbB1 B1 P Shc P Grb2 SOS P

ErbB1 B1 P Shc P Grb2 SOS

Reaction Processes

9

=

=

6.65 ×

=

6.65 ×

=

6.65 ×

10−2 s−1

kcat1 = 4.66 ×

10−5 s−1

k1

10−2 s−1

kcat1 = 4.66 ×

10−5 s−1

k1

10−2 s−1

kcat1 = 4.66 ×

10−5 s−1

k1

10−2 s−1

kcat1 = 4.66 ×

6.65 ×

Km1 = 5000nM

Km1 = 5000nM

Km1 = 5000nM

Km1 = 5000nM

Kinetic Parameters

10−5 s−1

k1

Table C.2: (continued)

[172]

[172]

[172]

[172]

References

Rate expression:v = (ErbB1 B1 P Shc P Grb2 SOS∗((kcatGDP/KmGDP ∗RasGDP )−(kcatGT P/KmGT P ∗RasGT P )))/(1+(RasGDP/KmGDP )+

Rate expression:v = (ErbB1 B1 P Int Shc P Grb2 SOS ∗ ((kcatGDP/KmGDP ∗ RasGDP ) − (kcatGT P/KmGT P ∗ RasGT P ))) / (1 +

Rate expression: v = (ErbB1 B1 P Grb2 SOS∗((kcatGDP/KmGDP ∗RasGDP )−(kcatGT P/KmGT P ∗RasGT P ))) / (1+(RasGDP/KmGDP )+

175

Rate

expression:

v

=

(kcat1 ∗ Erk P P ∗ ErbB1 B1 P Shc P Grb2 SOS

Rate expression: v = GAP ∗ kcat ∗ RasGT P/(Km + RasGT P )

Rate expression: v = GAP ∗ kcat ∗ RasGT P/(Km + RasGT P )

Rate expression:

v

=

10

9

(Km1 + ErbB1 B1 P Shc P Grb2 SOS))

-

(kcat1 ∗ Erk P P ∗ ErbB1 B1 P Int Shc P Grb2 SOS / (Km1 + ErbB1 B1 P Int Shc P Grb2 SOS)) -

Rate expression: v = (kcat1∗Erk P P ∗ErbB1 B1 P Int Grb2 SOS/(Km1+ErbB1 B1 P Int Grb2 SOS))−(k1∗ErbB1 B1 P Int Grb2 SOS P )

Rate expression: v = (kcat1 ∗ Erk P P ∗ ErbB1 B1 P Grb2 SOS/(Km1 + ErbB1 B1 P Grb2 SOS)) − (k1 ∗ ErbB1 B1 P Grb2 SOS P )

(k1 ∗ ErbB1 B1 P Int Shc P Grb2 SOS P )

8

(k1 ∗ ErbB1 B1 P Shc P Grb2 SOS P )

7

6

5

/

Rate expression: v = (ErbB1 B1 P Int Grb2 SOS∗((kcatGDP/KmGDP ∗RasGDP )−(kcatGT P/KmGT P ∗RasGT P ))) / (1+(RasGDP/KmGDP )+

(RasGT P/KmGT P ))

4

(RasGT P/KmGT P ))

3

(RasGDP/KmGDP ) + (RasGT P/KmGT P ))

2

(RasGT P/KmGT P ))

1

Notes

Notes

