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ABSTRACT 

 

STRUCTURAL ANALYSIS OF EPIDERMAL GROWTH FACTOR 

RECEPTOR AND YEAST SIGNALING NETWORKS 

 

The recent progress in high-throughput technologies is allowing the reconstruction of 

large-scale models of signaling networks and development of corresponding analysis 

methods. Network properties of the most comprehensive published maps of the epidermal 

growth factor receptor (EGFR) signaling with related pathways and signal transduction 

mechanisms in yeast (Saccharomyces cerevisiae) were analyzed structurally using graph 

theoretic and pathway analysis techniques. The EGFR signaling pathway controls growth, 

survival, proliferation and differentiation of mammalian cells. It is one of the most 

investigated and best-understood signal transduction systems and now it is being used to 

understand the general mechanisms of signal transduction processes. The graph theoretic 

analyses of the EGFR and yeast signaling networks indicated that they have small-world 

topologies. The connectivity distributions of the signaling molecules in the networks have 

scale-free natures following power law model. The pathway analysis of EGFR signaling 

network indicated that as a result of signal transduction apoptosis may be the most frequent 

phenotype of the EGFR signaling having the smallest path lengths for nearly same number 

of linear paths for all phenotypes. The tumorigenesis and mitogenesis are found to be the 

least robust phenotypes having limited routes from the ligands that pass over the same six 

signaling molecules each time. Analysis via linear paths revealed that G1/S cell wall 

remodeling and mating are the most and least frequent phenotypes of yeast signaling 

network, respectively. The critical signaling molecules in the networks that participate in 

most of the linear paths from the ligands to the phenotypes were identified using pathway 

analysis. The cofactor GTP and the complex G/Gare involved in more than 70 % of the 

linear paths through all phenotypes in the network indicating that the pathways going to all 

phenotypes of EGFR signaling network are crosstalking through these molecules. 

Similarly the proteins Rvs167 and Sla1 have roles in the linear paths going to all 

phenotypes in signal transduction network of yeast. 
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ÖZET 

 

EPIDERMAL BÜYÜME FAKTÖRÜ ALMACI 

VE MAYA SİNYAL İLETİ AĞYAPILARININ YAPISAL ANALİZİ 

 

Hızlı-tarama  teknolojilerindeki yeni gelişmeler büyük ölçekli sinyal ileti ağyapı 

modellerinin oluşturulmasına ve bu modelleri analiz etmekte kullanılan metodların 

geliştirilmesine olanak sağlamaktadır. Bu tez çalışması kapsamında epidermal büyüme 

faktörü almacı sinyal ileti ağyapısı ve maya hücresindeki sinyal mekanizmaları grafik 

teorisi ve yolizi analizi yöntemleri ile yapısal olarak incelenmiştir. Epidermal büyüme 

faktörü almacı sinyal ileti ağyapısı memeli canlı hücrelerinde büyüme, yaşama, çoğalma ve 

başkalaşma mekanizmalarını düzenlemektedir. Bu ağyapı, en fazla incelenmiş ve en iyi 

anlaşılmış sinyal ileti sistemlerindendir ve günümüzde sinyal iletim sürecindeki genel 

mekanizmaları anlamak amacıyla kullanılmaktadır. Grafik teorisi teknikleri kullanılarak 

yapılan analiz sonucunda EGFR ve maya sinyal ileti ağyapılarının küçük-dünya yapısına 

sahip olduğu bulunmuştur. Bu ağyapıların içerisindeki sinyal moleküllerinin birbirleriyle 

olan bağlarının dağılımının ölçek-bağımsız olduğu ve güç-yasası modeline uyum sağladığı 

anlaşılmıştır. EGFR sinyal ileti ağyapısına yolizi analizi uygulandığında sinyal iletimi 

sonucunda en sık meydana gelen fenotipin programlanmış hücre ölümü olduğu 

gözlemlenmiştir. Bu fenotip diğer fenotiplerle yaklaşık olarak aynı sayıdaki doğrusal yola 

en kısa yol uzunluğu ile ulaşmaktadır. Diğer fenotipler arasında ise tümör oluşumu ve 

mitojenez fenotiplerinin çevresel ve genetik değişikliklere karşı en dayanıksız olduğu 

bulunmuştur. Hücre dışı sinyal proteinlerinden bu fenotiplere giden bütün doğrusal yollar 

aynı altı sinyal molekülünden geçmektedir. Maya sinyal ileti ağyapısında ise sahip 

oldukları doğrusal  yolların sayısına paralel şekilde, hücrenin G1 ve S fazları arasındaki 

geçişten sonra hücre duvarının düzenlenmesi en sık görülen, çiftleşme ise en az görülen 

fenotip olarak bulunmuştur. Yolizi analizi ile doğrusal yollar içerisinde en fazla görev alan 

moleküller belirlenerek ağyapıdaki en önemli sinyal molekülleri bulunmuştur. EGFR 

sinyal ileti ağyapısında kofaktör GTP ve kompleks Gβ/Gγ’nın ağyapının bütün 

fenotiplerine giden doğrusal yolların % 70’inden fazlasında görev aldığı gözlemlenmiştir. 

Mayadaki sinyal ileti  ağyapısındaki bütün  fenotiplere giden doğrusal yollarda görev alan 

proteinler ise Rvs167 ve Sla1 olarak bulunmuştur.  
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1. INTRODUCTION 

 

Mammalian cells integrate information from complex intracellular signal 

transduction pathways to make decisions in response to changes in environment. Signaling 

molecules and their networks also play important roles in molecular diagnosis and therapy 

of diseases as almost all known diseases exhibit some kind of dysfunction at gene level and 

hence there has been a great deal of enthusiasm to identify novel drug targets based on 

knowledge of key signal transduction components which have links to diseases. 

Understanding cellular signaling therefore is central for gaining insight into the molecular 

mechanisms behind diseases as well as adaptation of living cells to changes in the 

environment. A very important signaling network in mammalian cells is the epidermal 

growth factor receptor (EGFR) signaling pathway, which regulates processes such as 

growth, survival, proliferation and differentiation. The malfunctions of the signal 

transduction in this pathway may lead to uncontrolled cell proliferation resulting in tumor 

formations. It may also cause diseases with immunological, inflammatory and degenerative 

syndromes (Orton et al., 2005). Therefore the understanding of EGFR signaling 

mechanism is vital for the identification of potential drug targets for these diseases and also 

for the understanding of design principles of signaling mechanisms in development and 

tissue homeostasis (Wells, 1999; Moghal and Sternberg, 1999).  

 

In recent years the high-throughput techniques such as transcriptomics, proteomics 

and metabolomics enabled the collection of genome scale experimental data and lead to the 

reconstruction of large-scale signaling networks (Papin and Palsson, 2004b; Oda et al., 

2005a; Oda et al., 2005b; Oda and Kitano, 2006). In the last 40 years, the mechanism of 

the EGFR signaling has been analyzed thoroughly both experimentally and 

computationally to uncover the unknowns about general principles of signal transduction 

processes including receptor-mediated endocytosis, oncogenesis, mitogen activated protein 

kinase (MAPK) signaling pathways, multi-receptor family interactions, autocrine loops 

and receptor transactivation (Carpenter, 2000). Lots of computational models have been 

developed for the EGFR signaling system (Gex-Fabry and DeLisi, 1984; Wiley and 

Cunnigham, 1981; Wiley and Cunningham, 1984; Chang et al., 1991; Chang et al., 1993; 

Opresko et al., 1995; Kholodenko et al., 1999; Brightman and Fell, 2000; Schoeberl et al., 

2002; Shvartsman et al., 2002; Kholodenko, 2003; Oda et al., 2005a). Nevertheless, only a 
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limited part of the EGFR-mediated signaling pathway could be modeled until recent years 

(Kholodenko, 2003) and the most comprehensive pathway map for EGFR-induced and 

related pathways was published in 2005 (Oda et al., 2005a). Small-scale dynamic models 

were used as the basis for a dynamic analysis of EGFR signaling with determined kinetic 

parameters (Starbuck and Lauffenburger, 1992; Brightman and Fell, 2000). Large-scale 

stoichiometric models, on the other hand, give information on the architectural feature of 

the signaling network (Oda et al., 2005a) and these structure-oriented analyses usually 

provide valuable insight into the mechanisms of the networks by defining function-

structure relationships.  

 

In the last decade, methods derived from graph theory have been developed to 

understand the structure of the systems of molecular interactions (Jeong et al., 2000; 

Barabasi and Oltvai, 2004). The graph theoretic analysis can detect the components that 

are well or poorly connected in the interaction network and thus it is a useful guide for 

experimental studies on protein interactions. The recent comprehensive EGFR signaling 

network map (Oda et al., 2005a) has the overall bow-tie structure that is a characteristic of 

the robust evolvable systems (Kitano, 2004). A variety of ligands bind to corresponding 

receptors leading to diverse phenotypes via activations of the intermediate signaling 

molecules in the network (Oda et al., 2005a). In the present study, the topological 

structures of the signaling networks were captured as a system of linear paths connecting 

each ligand to a phenotype. The investigation of the signaling network topology in terms of 

phenotype frequency, network crosstalk and participation of reactions in signaling 

pathways in EGFR and  yeast signaling networks were performed by analyzing their linear 

paths of which any network state can be defined as a unique, nonnegative, linear 

combination. 

 

The second chapter answers the question; “What is cell signaling?” introducing 

general signal transduction pathways and signaling molecules. Cell signaling studies are 

given in two parts as reconstruction of signaling networks and their analysis both 

dynamically and structurally. Second and third sections of this chapter include information 

about analyzed networks of epidermal growth factor receptor (EGFR) and baker’s yeast 

(Saccharomyces cerevisiae) signaling,  respectively. The third chapter gives the models of 

signaling networks and the computational methods used in this research. The analyzed 
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maps of the EGFR and yeast signaling networks as well as the structural analysis 

techniques (graph theory and pathway analysis) are explained in detail. The fourth and fifth 

chapters focus on the results of topological analyses of the signaling networks. The graph 

theoretical properties of the networks and the information from linear paths (obtained by 

pathway analysis) are discussed. Finally, in the sixth chapter of “Conclusions and 

Recommendations”, the summary of the main results and main contributions to the 

research area are given with the recommendations for future work. 
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2.  BACKGROUND ASPECTS 

 

 

2.1. Cell Signaling 

 

Signaling is the study of how cells communicate, and it impinges on all aspects of 

biology, from development to disease. Like all living things, all cells must continually 

sense their surrounding environment and make decisions on the basis of that information. 

Single cell organisms must be able to sense which toxic compounds and nutrients are 

nearby and regulate their metabolic processes accordingly. Cells in multicellular organisms 

such as human must sense the presence of neighboring cells and hormones when making 

decisions such as to whether to proliferate, move or die. The mechanism from sensing to 

responding requires the transfer of biological information. Signal transduction is the study 

of the mechanisms by which this transfer of biological information comes about. Signaling 

can be studied at the level of the individual cell or the whole organism. For individual 

cells, signaling is crucial to decisions about division, specialization, death and metabolic 

control. In more specialized cells it is central to immunity and the transmission of nerve 

impulses. At the level of whole multicellular organisms, signaling controls growth and 

development as well as aspects of metabolism and behavior. Not surprisingly, then, 

signaling malfunctions underlie many human diseases (i.e. cancer, AIDS, obesity, diabetes, 

asthma and infectious diseases). We can hope that in depth characterization of signaling 

pathways will lead eventually to an ability to intervene in diseases in which those pathways 

are defective and define related signaling molecules as drug targets (Downward et al., 

2001). 

 

In general, a trans-membrane protein complex works as a receptor in an intracellular 

signaling pathway. Extracellular signaling molecule (ligand) binds to the receptor and 

activates the signal transmission. A cascade of intracellular signaling proteins transmits the 

signal to the target proteins and finally initiates a response (Fig. 2.1). The response may be 

alteration of metabolism if the target protein is a metabolic enzyme. On the other hand, if 

the target protein functions as a transcriptional regulator, the response may be changes in 

gene expression. Also, the signal may be transmitted to a cytoskeletal protein, which alters 

the shape or location of the cell. 
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Figure 2.1. Simplified view of an intracellular signaling pathway (Alberts et al., 2002) 

 

The general organization is very similar for all intracellular signaling pathways. In 

Fig. 2.2, the complexity of intracellular signaling pathways is viewed in general terms. As 

seen in the figure, the complexity comes from the different levels of signal transmission, 

large number of elements present in the mechanism and the differentiation of the 

individual proteins with the same function. 

 

2.1.1 Ligand 

 

An extracellular signaling molecule is called ‘ligand’. Yeast cells communicate with 

one another for mating by secreting several kinds of small peptides. However, in higher 

animals, cells communicate by means of hundreds of signaling molecules, including 

proteins, small peptides, amino acids, nucleotides, steroids, retinoids, fatty acid derivatives, 

and even dissolved gases such as nitric oxide and carbon monoxide. Most of these 

signaling molecules are secreted from the signaling cell by exocytosis or released by 

diffusion through the plasma membrane. On the other hand, some signaling molecules 

remain tightly bound to the cell surface and influence only cells that contact the signaling 

cell (Alberts et al., 2002). 
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         Figure 2.2. A more detailed intracellular signaling pathway (Alberts et al., 2002) 

 

2.1.2 Receptor 

 

Regardless of the nature of the signal, the target cell responds by means of a specific 

protein called a receptor. It specifically binds the signaling molecule and then initiates a 

response in the target cell. Many of the extracellular signaling molecules act at very low 

concentrations (typically < 10-8 M), and the receptors that recognize them usually bind 

with high affinity (affinity constant > 108 liters/mole). In most cases the receptors are 

trans-membrane proteins on the target-cell surface (called cell-surface receptors); when 

they bind an extracellular signaling molecule, they become activated so as to generate a 

cascade of intracellular signals that alter the behavior of the cell. All water-soluble 

signaling molecules, as well as some lipid-soluble ones, bind to specific receptor proteins 

on the surface of the target cells they influence. These cell surface receptor proteins act as 



 7 

signal transducers: they bind the ligand with high affinity and convert this extracellular 

event into one or more intracellular signals that alter the behavior of the target cell. 

 

There are three known classes of cell-surface-receptor proteins: ion-channel linked, 

G-protein linked, and enzyme linked. In some cases, the receptors can be inside the target 

cell which are called intracellular receptors. Ion-channel linked receptors are involved in 

rapid synaptic signaling between electrically excitable cells in which ion permeability of 

the plasma membrane changes. G-protein linked receptors act indirectly to regulate the 

activity of target protein, called a G-protein. Enzyme linked receptors either functions 

directly as enzymes or they are associated with enzymes. When receptors are inside the 

target cell, the ligand has to enter the cell to activate them. These signaling molecules 

therefore must be sufficiently small and hydrophobic to diffuse across the plasma 

membrane (Alberts et al., 2002). 

 

2.1.3 Features of Signaling  

 

The main features of signaling are specificity, amplification, desensitization/ 

adaptation and integration, which are explained shortly in the following subsections.  

 

2.1.3.1 Specificity: A signaling molecule fits specifically to the binding site on its 

complementary receptor (Figure 2.3); other signaling molecules do not fit. Each cell is 

programmed to respond to specific combinations of signaling molecules. Different cells 

can respond differently to the same chemical signal since a single signaling molecule often 

has different effects on different target cells. (Nelson and Cox, 2004) 

 

 

Figure 2.3. Specificity of receptor (Nelson and Cox, 2004) 
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2.1.3.2 Amplification: When enzymes activate enzymes, the number of affected molecules 

increases geometrically in an enzyme cascade (Figure 2.4) (Nelson and Cox, 2004). 

 

Figure 2.4. Signal amplification (Nelson and Cox, 2002) 

 

2.1.3.3 Desensitization/Adaptation: Receptor activation triggers a feedback circuit that 

shuts off the receptor or removes it from the cell surface (Figure 2.5) (Nelson and Cox, 

2004) 

.  

 

 

Figure2.5. Feedback of signaling (Nelson and Cox, 2004) 

 

2.1.3.4 Integration: When two signals have opposite effects on a metabolic characteristic 

such as the concentration of a second messenger, or the membrane potential, the regulatory 

outcome results from the integrated input from both receptors (Figure 2.6) (Nelson and 

Cox, 2004). 
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Figure 2.6. Signal integration (Nelson and Cox, 2004) 

 

2.1.4 Types of Cell Signaling 

 

Synaptic signaling occurs between electrically excitable cells as in the case of nerve 

cells. In endocrine signaling, hormones transmit the signals between cells through the 

blood. In paracrine signaling, a regulatory cell secretes a signaling molecule, which 

diffuses into another cell. The opposite case is the autocrine signaling in which a cell 

produces the signal by which the same cell is activated. The last form of the cell to cell 

signaling is by direct contacts via receptors or gap junctions on the cell membranes 

(Alberts et al., 2002). In biological systems, signal transmission occurs mostly through two 

mechanisms: (i) protein-protein interactions and enzymatic reactions such as protein 

methylation, phosphorylation and dephosphorylation (post-translational modifications) or 

(ii) protein degradation or production of intracellular messengers (Bhalla and Iyengar, 

1999). 

 

There are four basic categories of signal transduction events (Figure 2.7). The 

classical case of a transduced signal relates a single input to a single output. Some outputs 

require the concatenation of multiple inputs. Other signaling interactions occur in which 

the transduction of a single input generates multiple outputs, a type of signal pleiotropy. 

Complex signaling events arise as multiple inputs trigger interacting signaling cascades 

that result in multiple outputs (Papin and Palsson, 2004a). 
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Figure 2.7. Classification of signal transduction input–output relationships (Papin 

and Palsson, 2004a) 

 

2.1.5 Signaling Networks 

 

The cell signaling mechanisms have been studied extensively over the past 20 years. 

The advent of high-throughput technologies is enabling the reconstruction of large scale 

signaling networks. After careful reconstruction of signaling networks, their properties are 

analyzed with mathematical modeling. The network reconstruction with high-throughput 

technologies and mathematical modeling to analyze network properties are two main parts 

of this section. The study of cellular signaling networks in transcriptional regulation, 

mechanotransduction, cytoskeletal organization, organelle assembly and metabolism is an 

active area of research in recent years (Papin et al., 2005). 

 

Recent genomic technologies have resulted in increasingly more detailed 

descriptions of signaling mechanisms, which have generated reconstructions of ever-larger 

signaling networks (Papin and Palsson, 2004a; Oda et al., 2005a; Oda et al., 2005b; Oda 

and Kitano, 2006). Such reconstructions will enable a systemic understanding of signaling 

network function, which is crucial for studying diseases as diverse as asthma and cancer 

(Finkel and Gutkind, 2003). The characterization of signaling properties that arise from 

whole-cell function requires integrated, mathematical descriptions of the relationships 

between different cellular components (Levchenko, 2003; Weng et al., 1999). 
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2.1.5.1 Signaling Network Reconstruction: A network reconstruction includes a chemically 

accurate representation of all of the biochemical events that are occurring within a defined 

signaling network, and incorporates the interconnectivity and functional relationships that 

are inferred from experimental data. Network reconstructions provide the framework for 

the application of mathematical methods that can quantitatively describe the properties of 

signaling networks. Network reconstruction involves the integration of several sources of 

data to describe the biochemical transformations that occur in a given network. Contextual 

specificity is a crucial consideration in answering five questions for signaling network 

reconstruction: What proteins and other network components participate? What are the 

ligand-receptor interactions? What are the receptor-intracellular component interactions? 

What are the intracellular component interactions? What are the intracellular component-

DNA interactions? Genome annotation, biochemical experimentation, cell-physiology 

characterizations, expression arrays, and other such data sources each provide different 

types of datum that answer these questions and contribute to the reconstruction of a given 

cellular signaling network (Papin et al., 2005) 

 

Signaling network reconstruction can be performed in three different ways (Fig. 2.8). 

The first approach consists of reconstructions of highly connected nodes in networks. Such 

reconstructions involve comprehensively listing the compounds and reactions that are 

associated with a given protein, ion or metabolite. The second approach to network 

reconstruction involves forming linear pathways that connect signaling inputs to signaling 

outputs. For example, such a pathway might be delineation of all of the steps from the 

binding of a growth factor to its receptor through to the subsequent activation of a 

transcription factor that induces the expression of target genes. The third approach consists 

of identifying signaling modules. Such modules historically consist of groups of 

compounds and proteins that function together under certain conditions. These modules 

have led to detailed kinetic analyses that traced the concentrations of various effector 

proteins and helped to understand processes such as feedback mechanisms (Papin et al., 

2005). For example, the EGF-receptor system has been extensively analyzed, and the 

effects of receptor internalization and autocrine signaling loops have been described in 

detail (Wiley et al., 2003).  
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Figure 2.8. Approaches in reconstruction of signaling networks (Papin et al., 2005) 

 

Reactions amongst components in signaling networks are chemical transformations. 

There are three levels of resolution in reconstructions (Fig. 2.9). A connectivity 

reconstruction lists the associations between network components (for example, nuclear 

factor (NF)-κB is functionally connected to IκB kinase (IKK) through the inhibitor of NF-

κB (IκB)). A more detailed causal reconstruction describes cause-and-effect relationships 

and is often analyzed with differential equations (for example, IKK interacts with the IκB–

NF-κB complex such that NF-κB is activated). As signaling reactions are chemical 

transformations, they can also be represented by a more mechanistic description – for 

example, a stoichiometric matrix. This representation accounts for all chemical events that 

occur in a given network. For example, one IKK complex binds to and phosphorylates one 

IκB-NF-κB complex with two ATP molecules, which leads to the degradation of IκB and 

the nuclear localization of NF- κB (R1-R4). This relationship can be written out as a series 

of stoichiometric equations and its accompanying matrix (Papin et al., 2005). 

 

2.1.5.2 Mathematical Modeling of Signaling Networks: Large-scale signaling networks are 

complex. Their complexity necessitates the use of methods from systems sciences, which 

are quite mathematical to understand the network properties of cellular signaling. 

Structural and dynamic analyses measure the time-invariant/topological and the time-

variant properties of a network, respectively. They can provide different results that can be 

integrated to characterize the properties of reconstructed signaling networks (Papin  et al., 

2005).  

 

Large-scale networks can undergo structural analysis in their entirety, as this does 

not require an extensive knowledge of the parameters that have been determined from 
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detailed experimentation. Structural analyses of connectivity reconstructions can generate 

hypotheses regarding the structure of the global network as well as the function of 

individual proteins. Recently published examples illustrate the analyses that have led to 

hypotheses concerning global, modular and individual protein function (Jeong et al., 2001; 

Rives et al., 2003; Bu et al., 2003). Initial structural analyses of causal reconstructions of 

signaling networks have also highlighted the value of these analyses in describing network 

properties (Schuster et al., 2000). So far, stoichiometric analyses of signaling networks are 

limited, owing to a lack of corresponding reconstructions. This analysis of a stoichiometric 

reconstruction has led to descriptions of protein synthesis requirements and energy 

demands of signaling networks, as well as mathematical definitions of network properties 

such as crosstalk and pathway redundancy (Papin et al., 2005). 

 

 

 

Figure 2.9. Three levels of resolution in reconstructions (Papin et al., 2005) 
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Figure 2.10. Structural analyses of signaling networks (Papin et al., 2005) 

 

Structural analyses can identify components that are well or poorly connected (and 

therefore of potential interest for drug targeting). For example, the green component is the 

most highly connected in the schematic of a signaling network (Fig. 2.10), and so drugs 

that inhibit the activity of this hypothetical component could have the broadest effect on 

the functions of the network. Structural analyses can also characterize which signaling 

inputs generate which signaling outputs. For example, in the schematic of signaling 

network (Fig. 2.10) the signaling inputs 1 and 4 can generate signaling outputs 2, 3 and 5. 

 

A dynamic analysis of a reconstructed signaling network can be carried out once the 

associated kinetic parameters are known. The timescales that are associated with signaling 

processes can be estimated, and crudely divided into two groups: signaling activities and 

signaling responses. Signaling activities typically occur rapidly. For example, most protein 

conformational changes, kinase/phosphatase reactions (Goodman et al., 1998; Vuong et 

al., 1991), and the physical movement of signaling compounds by diffusion or 

cytoskeleton-dependent mechanisms (Teruel et al., 2000; Theurkauf et al., 1994) occur 

over a timeframe that ranges from fractions of a second to seconds. However, signaling 

responses can occur over a wider range of timescales. Signaling responses that are coupled 

with metabolic processes or intermediate phenotypes can occur over a timeframe of 

fractions of a second (Stryer, 1995; Neves et al., 2002) as can elements of chemotactic and 
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mechanotransduction behaviour (Stryer, 1995). However, other signaling responses occur 

over a timescale that is an order of magnitude slower. For example, transcriptional events 

(Zubay, 1973; McAdams and Arkin, 1998), cellular growth (Alberts et al., 2002) and 

receptor internalization (Bomsztyk et al., 1989; Chang et al., 1996; Jullien et al., 2002) 

require several minutes, or longer, in response to a signal. This timescale separation is a 

crucial consideration for dynamic network analyses and can lead to simplifications that 

enable more thorough analyses, which would otherwise be difficult (Papin et al., 2005). 

 

As numerical values for kinetic parameters are typically difficult to obtain (Bailey et 

al., 2001), dynamic analyses are usually only carried out for causal and stoichiometric 

reconstructions (Fig. 2.9) of smaller cellular signaling network reconstructions. These 

studies have analyzed complex network properties. The coupling of experimental data with 

these mathematical analyses can enable the identification of previously unknown signaling 

mechanisms. An elegant study that shows the benefit of integrative experimental and 

mathematical analyses deciphered the importance of particular IκB isoforms in feedback 

loops that involved the NF-κB signaling module. Predictions were experimentally verified 

in knockout mouse models (Hoffman et al., 2002). The WNT signaling module, which is 

important for development as well as oncogenesis, was recently represented using an 

extensive set of kinetic reactions (Lee et al., 2003). Predictions were made for dynamic 

profiles of concentrations of β-catenin and other signaling mediators, and these matched 

experimental results. These dynamic analyses of signaling modules show the complex 

properties that can be studied once the reconstruction of only a limited number of reactions 

have been completed and experimental data are integrated with the model predictions 

(Papin et al., 2005). 

 

The existing biological knowledge  for a given system is composed of several types 

of datum (Figure 2.11). Each datum type provides unique information that can be 

incorporated into a chemically accurate reconstruction (for example, a stoichiometric 

matrix). The first type of datum includes the identification of components and endpoints of 

a network (for example, genome sequencing or genome-wide location analysis). The 

second type of datum characterizes the interactions between network components (for 

example, yeast two-hybrid and immunoprecipitation data identify protein–protein 

interactions and protein complexes). The third datum type describes the network behaviour 
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of the integrated components (for example, perturbation analysis and cDNA arrays 

delineate how entire networks function under various conditions). Each of these results 

provides unique types of datum that can be used to generate a cellular network 

reconstruction (for example, genome sequencing enables the annotation of the genes that 

are present in a given organism). With a network reconstruction, dynamic and structural 

analysis techniques can be used to describe emergent properties of the network, and 

generate new hypotheses. These characterizations then expand and revise the foundation of 

biological knowledge for the given system. This process can be iterated to offer 

increasingly more accurate descriptions of a given biochemical network (Papin et al., 

2005). 

 

Figure 2.11. Integrative and iterative process of cellular signaling network 

reconstruction (Papin et al., 2005) 

 

2.2 Epidermal Growth Factor Receptor Signaling  

 

The epidermal growth factor (EGF) receptor (EGFR) signaling pathway is one of the 

most important pathways that regulate growth, survival, proliferation, migration and 

differentiation. Reflecting this importance, it is one of the best-investigated signaling 

systems, both experimentally and computationally (Oda et al., 2005a). Mutations in the 

EGFR system have been associated with cancer in humans causing uncontrolled cell 

proliferation as well as diseases with immunological, inflammatory, and degenerative 
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syndromes  (Orton et al., 2005). The studies of EGFR signaling system aim to identify 

drug targets for these diseases. Inhibitors of the EGFR are being pursued as potential 

cancer therapies. 

 

The EGFR has a tyrosine kinase cytoplasmic domain, a single transmembrane 

domain and an extracellular domain involved in EGF binding and receptor dimerization. 

The proliferative effects of EGF are signaled through several pathways. Binding of EGF 

results in EGFR dimerization, autophosphorylation of the receptor, and tyrosine 

phosphorylation of other proteins. The EGFR activates Ras and the MAPK pathway, 

ultimately causing phosphorylation of transcription factors such as c-Fos to create AP-1 

and ELK-1 that contribute to proliferation. Activation of STAT-1 and STAT-3 

transcription factors by JAK kinases in response to EGF contributes to proliferative 

signaling. Phosphatidylinositol signaling and calcium release induced by EGF activate 

protein kinase C, another component of EGF signaling. Crosstalk of EGF signaling with 

other pathways makes the EGF receptor a junction point between signaling systems 

(www.biocarta.com/pathfiles/h_egfPathway.asp). 

 

The EGFR system has been used in pioneering studies of fundamental processes such 

as receptor-mediated endocytosis, oncogenesis, MAPK signaling pathways, multi-receptor 

family interactions, autocrine loops and receptor transactivation (Carpenter, 2000). The 

EGFR and other members of its family have been the targets of succesful therapies against 

cancer and continue to be sources of discoveries about the cell signaling mechanisms 

involved in development, tissue homeostasis and disease (Wells, 1999; Moghal and 

Sternberg, 1999). 

 

The original models of EGFR binding and internalization were derived from classic 

enzyme kinetics (Gex-Fabry and DeLisi, 1984; Wiley and Cunningham, 1981; Wiley and 

Cunningham, 1982). Receptor mediated endocytosis was modeled as an enzymatic process 

in which surface-associated EGF was considered to be a substrate, internalized EGF was 

the product and coated pits were the enzyme. These early studies demonstrated that the 

EGFR system behaves as a robust, proportional control system. Even though many 

complex processes occur in response to EGFR activation, the final output (cell responses) 
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is remarkably simple. Simple behavior that arise from complex processes is characteristic 

of robust systems (Wiley et al., 2003). 

 

It is essential, of course, that signaling models be coupled with binding and 

trafficking models to capture correctly the effects of receptor distribution on signaling 

pathway activities. The model of Schoeberl et al., 2002 is the most comprehensive in that it 

includes the fullest range of dynamic processes and makes several interesting and 

significant predictions that can be validated by experimental tests. Chief among these is the 

prediction that the activation amplitude of the MAPK extracellular-regulated kinase (ERK) 

is a non-linear function of  EGFR-ligand complex levels. One implication is that ERK-

mediated cell responses might be surprisingly difficult to suppress by blocking EGFR 

ligand binding (e.g. using anti-EGFR antibodies) or inhibiting EGFR kinase activity (e.g. 

with small-molecule kinase inhibitors). 

 

In any event, pursuing this kind of combined modeling and quantitative experimental 

approach with inclusion of binding, trafficking and signaling processes could significantly 

enhance efforts to identify useful drug targets (Wiley et al., 2003). 

 

2.3 Yeast Signaling 

 

The signaling network of Saccharomyces cerevisiae is composed of the pheromone 

response pathway, the filamentous/invasive  growth pathway, the high osmolarity glycerol 

(HOG) pathway, the cell wall integrity pathway, the TOR signaling, the autophagy/Cvt 

pathway, and the glucose sensing pathway.  

 

The MAPK cascade includes critical pathways (the pheromone response pathway, 

the filamentous/invasive growth pathway, the HOG pathway, the cell wall integrity 

pathway, spore wall assembly). MAPK (Mitogen-activated protein kinases) are serine-

threonine protein kinases that are activated by diverse stimuli ranging from cytokines, 

growth factors, neurotransmitters, hormones, cellular stress, and cell adherence. MAPKs 

are expressed in all eukaryotic cells. The basic assembly of MAPK pathways is a three-

component module conserved from yeast to humans. The MAPK module includes three 

kinases that establish a sequential activation pathway comprising a MKKK (MAPK Kinase 
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Kinase), MKK (MAPK Kinase), and MAPK. Presently, five MAPK pathways have been 

well characterized in the budding yeast, Saccharomyces cerevisiae. The four MAPKs 

present in vegetative cells, Fus3, Kss1, Hog1, and Slt2/Mpk1, are involved in the mating-

pheromone response, filamentation-invasion pathway, high osmolarity glycerol, and cell 

integrity pathway, respectively. The fifth one, Smk1, is believed to play a role in spore 

wall assembly (Widmann et al., 1999).  

 
 

The best-defined yeast MAPK pathway in S. cerevisae is involved in the mating of 

haploid cells. The haploid cells have two sexual phenotypes characterized by the 

expression of a set of genes involved in mating that are not expressed in diploids. The 

mating response to generate diploids is controlled by the α-pheromones and a-pheromones 

that bind to their respective receptors that are coupled to a heterotrimeric G-protein. 

Pheromone binding to its receptor leads to G-protein activation and the dissociation of the 

Beta-Gamma subunit complex from α-GTP. The S. cerevisiae genes whose disruption 

inhibited mating and caused sterility were designated as sterile (Ste) genes. The 

transmembrane receptors for the α- and a-factors are designated as Ste2 and Ste3, 

respectively, and are coupled to a heterotrimeric G-protein. Pheromone activation of the G-

protein induces the dissociation of the heterotrimeric G-protein subunits designated Gpa1 

(α subunit), Ste4 (β subunit), and Ste18 (γ subunit). The released β−γ subunit complex 

(Ste4/Ste18) activates Ste20 and interacts with the scaffolding protein Ste5, resulting in the 

stimulation of the MAPK module MKKK Ste11/MKK Ste7/MAPK Fus3. The activated 

form of Fus3 is thought to translocate to the nucleus, where it mediates pheromone 

induction of transcription of PRE (Pheromone Response Element) containing genes 

through phosphorylation and activation of at least three nuclear proteins: Dig1 (also called 

Rst1)/Dig2 (also called Rst2), Ste12 and Far1. These targets effect changes in gene 

expression and block cell cycle progression. Another physiological effect of pheromone, 

reoriented cellular polarity, requires a different biochemical module, Cdc42 (Cell Division 

Cycle-42), a p21 GTPase of the Ras superfamily. The membrane tethered, activated G-

protein is thought to lead to localized activation of the GEF (Guanine nucleotide Exchange 

Factor) for Cdc42 and, thereby, to localized activation of Cdc42. Exchange of GDP for 

GTP on Cdc42 activated by Cdc24, and the hydrolysis of the Cdc42-bound GTP to GDP is 

predicted to be regulated by the GAPs (GTPase-Activating Proteins), Bem3 and Rga1. 

Once activated, Cdc42 can organize the actin cytoskeleton as it does in vegetative cells. 
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Cdc42 may also activate Ste20 and influence signaling through the MAP kinase cascade. 

Bem1, like Cdc42, interacts with several proteins important for the function of the actin 

cytoskeleton in polarized growth. Bem1, like Cdc42, interacts with several proteins 

important for the function of the actin cytoskeleton in polarized growth (Van Drogen et al., 

2001). 

 

Filamentous invasive growth of S. cerevisiae also requires multiple elements of the 

MAPK signaling cascade that are also components of the mating pheromone response 

pathway. The MAPK cascade mediates signal transduction in filamentation-invasion 

pathway from two small GTP binding proteins, Ras2 and Cdc42. Signaling from Ras2 

requires the 14-3-3 proteins Bmh1 (Brain modulosignalin homolog-1) and Bmh2 (Brain 

modulosignalin homolog-2) and possibly Sho1 receptor. Cdc42 acts downstream of Ras2 

and is required for the function of the Ste20 in the filamentation-invasion pathway. Cdc42-

Ste20 then transmits signal to the MAPK cascade. This cascade contains the MEKK Ste11 

and the MEK Ste7. The MAPK for the filamentation-invasion pathway is Kss1. The 

MAPK Kss1 has a dual role in regulating filamentous invasive growth of the yeast 

Saccharomyces cerevisiae. The stimulatory function of Kss1 requires both its catalytic 

activity and its activation by the MEK (MAPK/ERK kinase) Ste7; in contrast, the 

inhibitory function of Kss1 requires neither. Unphosphorylated Kss1 binds directly to the 

transcription factor Ste12 and forms a protein complex that also contains Tec1, and the 

inhibitory proteins Dig1 or Dig2. Upon phosphorylation through a MAPK cascade, Kss1 

dissociates from the complex, thereby destabilizing the Ste12-Dig association. Activated 

Kss1 phosphorylates and activates Ste12, leading to binding of Ste12 in combination with 

Tec1 to genes containing a Ste12/Tec1 composite binding site, referred to as a FRE 

(Filamentous and invasive growth Response Element). Fre, a combination of Tcs 

(TEA/ATTS consensus sequence) and Pre (Pheromone response element), mediates the 

binding of the heterodimer formed by the association of the transcriptional activators Tec1 

and Ste12. Thus, the MAPK Kss1 plays a key role in the transcriptional control of genes 

regulated by Fre both by derepression and activation (Palecek et al., 2002). 

 

In addition to mating and filamentous invasive growth, yeasts respond to their 

environment with metabolic changes that involve MAPK pathways. For example, under 

conditions of high osmolarity Ste11 can lead to activation of Hog1 but does not induce 
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mating-specific genes. The Hog pathway is activated predominantly by two independent 

mechanisms that lead to the activation of either the Ssk2 and Ssk22 or the Ste11 

MAPKKKs, respectively. The first mechanism involves a 'two-component' osmosensor, 

composed of the Sln1-Ypd1-Ssk1 proteins. The Sln1 transmembrane protein has intrinsic 

histidine kinase activity and is a homologue of bacterial two-component signal transducers. 

Using a phospho-relay mechanism involving the Ypd1 and Ssk1 proteins, Sln1 is able to 

control the activity of Ssk1, which in turn interacts with and regulates the Ssk2 and Ssk22 

MAPKKKs and subsequent Pbs2 activation. Pbs2 activation can also be achieved by a 

second, independent mechanism that involves the transmembrane protein Sho1, the 

MAPKKK Ste11, the Ste11-binding protein Ste50, the Ste20 PAK (p21-Activated Kinase) 

and the small GTPase Cdc42. Activation of Pbs2 by Ste11 requires the interaction of Pbs2 

with Sho1 and, although this interaction is thought to be regulated, the basic activation 

mechanism for this remains unclear. Once activated, Pbs2 phosphorylates and activates the 

Hog1 MAPK. In budding yeast, Hog1 MAPK plays a key role in global gene regulation. 

These osmostress-regulated genes are implicated mainly in carbohydrate metabolism, 

general stress protection, protein production and signal transduction. This global change in 

transcription could account, at least in part, for the metabolic adjustments required for 

osmostress adaptation. In yeast, five transcription factors are known to be controlled by the 

Hog1 MAPK. Hot1, Smp1, Msn2 and Msn4 activate, whereas Sko1 represses or activates, 

different subsets of osmotic-inducible and Hog1 regulated genes. The Hog pathway also 

plays a role in mediating the hyperosmotic stress-induced expression of stress response 

genes, recovery of cell morphogenesis, and repression of the pheromone response pathway 

(Tatebayashi et al., 2003). 

 

Another MAPK cascade is found in budding yeast as part of the cell integrity 

pathway. This pathway mediates cell cycle-regulated cell wall synthesis and responds to 

different signals including cell cycle regulation, growth temperature, changes in external 

osmolarity, and mating pheromone. The pathway is under the control of PKC. Signals 

activating the pathway are detected by sensors located at the cell surface, such as 

Slg1/Wsc1 (also called Hsc77), Wsc2, Wsc3 and Mid2. Information is then transduced via 

the GDP/GTP exchange factor Rom2 to the small GTPase Rho1. The latter, like all small 

GTPases, is considered active in its GTP-bound and inactive in its GDP-bound state. Sac7 

and Lrg1 act as GAPs (GTPase-Activating Protein) for Rho1 and thus function as negative 
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regulators. Further GAP functions have been assigned to Bag7 and Bem2 but seem to be 

less crucial for Rho1 function. Similar to many other small GTPases, Rho1 has a set of 

different target proteins. In its GTP bound state it binds to and thereby activates the Beta-1, 

3-glucan-synthase complex. It is also involved in regulation of the actin cytoskeleton by 

interacting with Bni1. In addition, interaction with Skn7, a regulator of oxidative stress 

response, has been reported. With respect to signals ensuring cellular integrity, the main 

effector of Rho1 is PKC1. This kinase then activates a MAP-kinase cascade consisting of 

the MAPKKK Bck1, the MAPKKs MKK1 and/or MKK2 and the MAPK Slt2, also 

referred to as Mpk1. Rlm1 and the Sbf complex (consisting of Swi4 and Swi6) have been 

reported as targets of the MAP kinase Slt2. Rlm1 regulates transcription of a specific set of 

genes. Swi4 is the DNA binding subunit and transcriptional activator of Sbf and is required 

for normal expression of the G1 cyclin genes Cln1, Cln2, Pcl1, and Pcl2 at the G1/S 

transition. Swi6 is more of a regulatory subunit, because loss of Swi6 leads to constitutive 

intermediate levels of Cln1 and Cln2 expression. Cln1 and Cln2 are G1 cyclins that 

complex with the cyclin-dependent kinase Cdc28 and thereby activate the G1/S transition 

(Verna et al., 1997). 

 

 Another yeast MAPK, Smk1, is recently discovered, which is believed to be 

involved in sporulation. Upon starvation for carbon and nitrogen sources, diploid yeast 

cells enter meiosis to generate four haploid spores. Upon completion of meiosis, the four-

haploid nuclei, which still remain within a single nuclear membrane, are enveloped by the 

double membranous prospore wall. The spore wall is then deposited from the space 

between the layers of the prospore wall. The final differentiated spore wall consists of four 

layers. The two inner layers appear indistinguishable from the vegetative cell wall, whereas 

the third layer is a spore-specific structure composed primarily of chitosan and chitin. A 

putative MAPK module, which employs MAPK Smk1 regulate the sporulation response. 

Smk1 is one of the middle sporulation genes and is therefore expressed during the latter 

stages of meiosis and during the time when spore wall formation occurs. The Smk1-

containing spore wall assembly pathway is thus required for completion of a 

developmental pathway that has previously been induced. Other signaling proteins that 

may be part of the Smk1 pathway are two protein kinases, Sps1 and Cak1. Sps1, a 

MKKKK homolog, is similar in sequence to members of the PAK subfamily of protein 

kinases. Like Smk1, Sps1 is a middle sporulation gene and is required for proper spore 
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wall assembly. Whether the Smk1 pathway contains a MEKK or MEK has not yet been 

determined. Cak1 is an essential protein kinase that is required during vegetative growth 

for progression through the cell cycle. The cell cycle function of Cak1 is probably related 

to the ability of Cak1 to activate the cyclin dependent protein kinase Cdc28 by 

phosphorylation. Cak1 also appears to regulate the Smk1 pathway. Cak1 is expressed to a 

higher level during the same time that Smk1 is expressed. Whether Cak1 plays a 

supporting or instructive role on the Smk1 pathway has not yet been determined. The 

mechanism by which Smk1, Sps1, and Cak1 coordinate the assembly of the spore wall is 

unknown. Although each MAPK cascade contains a conserved set of three protein kinases, 

the upstream activation mechanisms for these cascades are diverse, including a trimeric G 

protein, monomeric small G proteins, and a prokaryotic-like two-component system. 

Recently, it became apparent that there is extensive sharing of signaling elements among 

the MAPK pathways; however, little undesirable cross-talk occurs between various 

cascades. The formation of multi-protein signaling complexes is probably centrally 

important for this insulation of individual MAPK cascades (Pierce et al., 1998). 

 

The recent finding that cell growth control, regardless of the eukaryotic organism or 

the physiological context, seems always to involve the same protein - the target of 

rapamycin TOR protein – and its namesake signaling network. TOR is a highly conserved 

protein kinase and the target of the immunosuppressive and anti-cancer drug rapamycin. 

The TOR signaling network controls cell growth by activating an array of anabolic 

processes including protein synthesis, transcription, and ribosome biogenesis, and by 

inhibiting catabolic processes such as bulk protein turnover (autophagy) and mRNA 

degradation, all in response to nutrients. Dysfunction of signaling pathways controlling cell 

growth results in cells of altered size and, in turn, causes developmental errors and a wide 

variety of pathological conditions. An understanding of the TOR signaling network may 

lead to novel drugs for the treatment of, for example, cancer, diabetes, inflammation, 

muscle atrophy, learning disabilities, depression, obesity, and aging (Crespo and Hall, 

2002).   
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3.  MATERIALS AND METHODS 

 

3.1. Maps of Signaling Networks 

 

3.1.1 Comprehensive Pathway Map of EGFR Signaling  

 

Although there have been several computational models developed for the analysis 

of the EGFR signaling (Kholodenko et al., 1999; Schoeberl et al., 2002; Shvartsman et al., 

2002) a limited part of the EGFR signaling system could only be modeled (Kholodenko et 

al., 2003). The model has been improved by incorporating various intracellular dynamics 

and a comprehensive pathway map for EGFR signaling (Fig. 3.1) has been constructed 

based on published scientific papers (Oda et al., 2005a). The map includes EGFR 

endocytosis followed by its degradation or recycling, small guanosine triphosphatase 

(GTPase)-mediated signal transduction such as mitogen-activated protein kinase (MAPK) 

cascade, phosphatidylinositol polyphosphate (PIP) signaling, cell cycle, and G protein-

coupled receptor (GPCR)-mediated EGFR transactivation via intracellular Ca2+ signaling. 

The map was created using CellDesigner (http://celldesigner.org/), a software package that 

enables users to describe molecular interactions using a well-defined and consistent 

graphical notation (Funahashi et al., 2003; Kitano, 2003). The data of molecular 

interactions are stored in Systems Biology Markup Language (SBML; http://sbml.org/) 

(Hucka et al., 2003). Since SBML is a standard machine-readable model representation 

format, all the information can be used for a range of computational analysis, including 

computer simulation. 

 

The map comprises 222 reactions and 329 species. A ‘species’ is a term defined by 

SBML as ‘an entity that takes part in reactions’ and it is used to distinguish the different 

states that are caused by enzymatic modification, association, dissociation, and 

translocation. In the map there are clusters of reactions that are involved in specific 

functions, such as endocytosis, degradation, recycling of EGFR, small GTPase signaling, 

MAPK cascade, PIP signaling, cell cycle, Ca2+signaling, and GPCR-mediated EGFR 

transactivation (Oda et al., 2005a). 
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Figure 3.1. Comprehensive map of EGFR signaling network (Oda et al., 2005a) 
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Although the EGFR map cannot yet be the basis for a dynamic simulation until a 

series of kinetic parameters have been identified, it can help us to understand the 

architectural feature of the signaling network. It can be seen from the map (Fig. 3.1) that a 

variety of ligands bind to corresponding subtypes of erythroblastic leukemia viral (v-erb-b) 

oncogene homolog (ErbB) receptors that activate molecules in an extensive network of 

receptor complexes, and then converge into a handful of molecules, such as nonreceptor 

tyrosine kinase (non-RTK), small GTPase, and PIPs, which activate a variety of cascades 

leading to diverse responses including transcriptional regulation (Oda et al., 2005a). This 

architecture, also called a bow-tie (or hourglass) structure, is a characteristic feature for 

robust evolvable systems (Kitano, 2004). Typically, it has diverse molecules for input and 

output that are connected to the conserved core with highly redundant and extensively 

crosstalking pathways and feedback control loops in various places in the pathway (Oda et 

al., 2005a). 

 

Figure 3.2 illustrates the overall bow-tie structure of molecular interactions included 

in the EGFR map in Figure 3.1. The arrows in Figure 3.2 represent an informal notation of 

flow of reaction. Various ligands bind to diverse receptor heterodimers, which then 

converge into a handful of molecules building a conserved core. Activities of these 

molecules play important roles in controlling diverse responses. Notable interactions are 

color-coded: red, positive feedback loop; blue, negative feedback loop; purple, inhibitory 

feed-forward path; green, crosstalk from GPCR cascade to EGFR cascade via calcium 

release.  

 

As input signals, 15 members of the endogenous EGF ligand family have been 

identified, that is, amphiregulin, betacellulin, biregulin, EGF, epiregulin, HB-EGF, 

heregulin α/β, neuregulin (NRG) 1α/1β/2α/2β/3/4, and transforming growth factor alpha 

(TGFα) (Jones et al., 1999; Olayioye et al., 2000; Yarden and Sliwkowski, 2001). While 

the ligands overlap with respect to binding to ErbB receptors, they have their own 

specificities and affinities for the respective receptors. The redundant and overlapping 

nature of ligand receptor binding enhances robustness in sensing the molecules in the 

environment, as dysfunction in one of the receptors may be compensated for by other 

receptors that have an affinity for the overlapping ligand molecule (Oda et al., 2005a).  
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Figure 3.2. The bow-tie architecture of EGFR signaling network (Oda et al., 2005a). 
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The binding of ligands induces homo- and heterodimerization of four ErbB family 

receptors: EGFR (ErbB1), ErbB2, ErbB3, and ErbB4 (Yarden and Schlessinger, 1987; 

Yarden and Sliwkowski, 2001). Although 10 combinations of ErbB receptor dimers are 

mathematically possible, only a subset of these is biologically meaningful which result in 

state transitions of the molecules in the network. Activities of these molecules control 

diverse phenotypes including apoptosis (programmed cell death), cell cycle progression, 

actin reorganization, target genes transcription, tumorigenesis (production of a tumor) and 

mitogenesis (induction of mitosis) which are cell responses (phenotypes) of EGFR 

signaling network (Oda et al., 2005a). 

 

There are two positive feedback loops in the ErbB bow-tie structure. Firstly, Pyk2/c-

Src activates ADAMs (a disintegrin and metalloproteases), which shed pro-HB-EGF 

(Dikic et al., 1996; Li et al., 1996; Poghosyan et al., 2002), so that the amount of HB-EGF 

will be increased and enhance the signaling. This Pyk2/c-Src mediated feedback loop is 

further enhanced by the Ca2+ mediated crosstalk from the GPCR signaling cascade (shown 

by a green line in Figure 3.2) (Prenzel et al., 1999; Carpenter, 2000; Shi et al., 2000; 

Schafer et al., 2004). Second, active PLCβ/γ produces diacylglycerol (DAG) from PI4,5-

P2, which results in the cascading activation of protein kinase C (PKC) (Mellor and Parker, 

1998), phospholipase D (PLD) (Exton, 2002), and phosphatidylinositol-5-kinase (PI5K) 

(Moritz et al., 1992). PI5K phosphorylates PI4-P resulting in an increase of PI4,5-P2. 

 

There are six negative feedback loops. In two of these, protein tyrosine phosphatases 

(SHP-1 and SHP-2) inhibit EGFR at the input wing of the bow tie. In three others, a son of 

sevenless (SOS) homolog (Rozakis-Adcock et al., 1995; Douville and Downward, 1997) is 

inhibited (by extracellular signal-regulated kinase (ERK) 1, ERK2, or ribosomal protein S6 

kinase (RSK 2)), starting from the output wing to SOS, which localizes near the core of the 

bow tie. In the sixth, ErbB is degraded via the activity of Casitas B-lineage lymphoma 

proto-oncogene (c-Cbl), which is recruited by growth factor receptor-bound protein (Grb) 

2 (Levkowitz et al., 1999; Yokouchi et al., 1999; Ravid et al., 2004); here, feedback starts 

from the very end of the output wing, moving toward the initial input wing of the bow tie. 

In addition, a number of local inhibitory control exists that use phosphatases to control 

kinase activities. 
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There are cases where both activation and inhibition are directed to the same protein. 

For example, EGFR provides both positive signaling to Ras activation, and negative 

regulation through the recruitment of Ras GTPase-activating protein (Ras-GAP) (Agazie 

and Hayman, 2003). RAS-associated protein RAB5a (Rab5a) is influenced by both 

activation and inhibition signals from Ras interaction 1 (Rin1) (Tall et al., 2001) and 

related to the N-terminus of tre (RN-tre) (Lanzetti et al., 2000). EGFR essentially regulates 

both paths as it binds EGF receptor pathway substrate (Eps) 8 that activates RN-tre, and 

binds Grb2, which in turn stimulates Ras via SOS leading to Rin1 activation (Han et al., 

1997). It is interesting to note that in both cases, the length of the path for inhibition is 

shorter than that of activation. It is important to understand how such positive and negative 

controls are regulated. 

 

 

 

Figure 3.3. Main symbols adopted by CellDesigner ver. 2.1.1. (Oda et al., 2005a)  

 

The main symbols used to represent molecules and interactions in the map (Figure 

3.1) are displayed in Figure 3.3. Kitano, (2003) proposed a graphical notation system for 

biological networks designed to express sufficient information in a clearly visible and 
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unambigious way. The EGFR map is a state transition diagram, in which one state of the 

system is represented in one node, and an arc from one node to another node represents a 

transition of the state of the system. 

 

Figure 3.4 illustrates how the modification status of a protein is presented. 

Essentially, each state of a protein (i.e. phosphorylation, acetylation, etc.) can be 

represented such that it reflects its modification and oligomerization. The active state of the 

molecule is indicated by a dashed line surrounding the molecule. State changes of a 

component such as phosphorylation, acetylation, ubiquitination, and allosteric changes can 

be represented with specific information such as target residue and position.  In the map, a 

naming convention in which the localization of protein is indicated by a prefix to the 

protein name, such as ‘cyt.XX’ and ‘pl.XX’ for protein XX in the cytosol and protein XX 

at the plasma membrane, respectively (Oda et al., 2005a). 

 

Figure 3.4. Expression of the inner structures and states in the EGFR map. (Oda et al., 

2005a) 

 

3.1.2 Molecular Interaction Map of Yeast Signaling 

 

The molecular interaction map of yeast (Saccharomyces cerevisiae) includes five 

major signal transduction and other related pathways: the pheromone response pathway, 

the filamentous/invasive growth pathway, the high osmolarity glycerol (HOG) pathway, 

the cell wall integrity pathway, the TOR signaling, the autophagy/Cvt pathway, the 

carbohydrate metabolism, and the glucose sensing pathway. The modules are highlighted 

within color boxes in Figure 3.5.  (Oda et al., 2005b). A recent study on the reconstruction 

of signal transduction network of yeast was performed by Arga et al. (in press). It uses a 

computational method (Selective Permissibility Algorithm) coupled to identify candidate 

proteins in signaling with protein-protein interaction data using Gene Ontology annotations 

(www.geneontology.org).   
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Figure 3.5. Signal transduction and carbohydrate metabolic pathways in yeast  
(Oda et al., 2005b) 
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In this thesis the most comprehensive map of signal transduction mechanisms in 

budding yeast (Arga et al., in press) was analyzed structurally by graph theoretic and 

pathway analysis techniques.  

 

The analyzed reconstructed interaction map of yeast signaling (Arga et al., in press) 

includes 1,388 proteins and 4,640 interactions among these signaling proteins. As most of 

the signaling networks, yeast signaling also has a bow-tie structure. Various input signals  

(starvation, α−pheromone, a-pheromone, high osmolority, hypotonic shock and carbon -

nitrogen deficiency) activate the receptors on the plasma membrane (Sho1, Ste2, Ste3, 

Sln1, Wsc1,2,3, Mid2) initiating signal transduction to produce various phenotypes 

(filamentous invasive growth, cell cycle arrest, mating, osmoregulation, cell wall re-

modeling and sporulation).  The transcription factors of these phenotypes are Ste12, Tec1 

(filamentous invasive growth), Fus1 (mating), Msn2, Msn4, Hot1, Sko1 (osmoregulation), 

Rlm1 (cell wall remodeling), Swi4, Swi6 (G1/S specific cell wall remodeling). Far1 is a 

final control element for cell cycle arrest and Smk1 is the known last protein in the spor 

wall assembly pathway. 

 

3.2 Structural Analysis Techniques 

 

3.2.1 Graph Theory 

 

Studying of individual protein-protein interactions which are building blocks of 

biological networks enlighten the working mechanisms of cells. The first step in a graph-

theory based analysis is the mathematical representation of a protein interaction network 

(PIN) where nodes are proteins and edges connecting them are interactions. The second 

step is to determine graph properties of the network using graph theoretic techniques. 

These properties are the degree (connectivity) of nodes, the number of hubs (highly 

connected nodes), the shortest path lengths between indirectly connected nodes and the key 

nodes (lethal proteins) in the network (Albert et al., 1999; Albert and Barabasi, 2002; 

Wagner, 2003; Wagner and Fell, 2001; Barabasi and Albert, 1999; Barabasi and Oltvai, 

2004; Strogatz, 2001; Wang, 2002; Jeong et al., 2000). 
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Until recently, complex networks have been modeled using the classical random 

network theory (Erdös and Renyi, 1965; Bollobas, 1985). This model assumes that each 

pair of nodes (constituents) in the network is connected randomly with probability p, 

leading to a statistically homogeneous network in which, despite the fundamental 

randomness of the model, most nodes have the same number of links <k> (Figure 3.6a). In 

particular, the connectivity follows a Poisson distribution that peaks strongly at <k> 

(Figure 3.6b), implying that the probability of finding a highly connected nodes decays 

exponentially ( ( ) k
ekP

−≈ for k>> <k>). On the other hand, empirical studies on the 

structure of the World Wide Web (Albert et al., 1999; Faloutsos et al., 1999), social 

networks (Barabasi and Albert, 1999) and scientific collaboration network (Barabasi et al., 

2002) have reported serious deviations from this random structure, showing that these 

systems are described by scale-free networks (Barabasi and Albert, 1999) (Figure 3.6c), for 

which P(k) follows a power-law ( ( ) γ−≈ kkP ) (Figure 3.6d). Unlike exponential networks, 

scale-free networks are extremely heterogeneous; their topology being dominated by a few 

highly connected nodes (hubs), which link the rest of the less connected nodes to the 

system (Figure 3.6c). 

 

 

Figure 3.6. Attributes of generic network structures (Jeong et al., 2000) 
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As the distinction between scale-free and exponential networks emerges as a  result of 

simple dynamic principals (Amaral et al., 2000; Dorogovtsev and Mendes, 2000), 

understanding the large-scale structure of cellular networks cannot only provide valuable 

and perhaps universal structural information, but could also lead to a better understanding 

of the dynamic processes that generated these networks. In this respect the emergence of 

power-law distribution is intimately linked to the growth of the network in which new 

nodes are preferentially attached to already established nodes (Barabasi and Albert, 1999), 

a property that is also thought to characterize the evolution of biological systems (Hartwell 

et al., 1999). 

 

In this work, the comprehensive map of EGFR signaling network (Oda et al., 2005a) 

was converted into an undirected interaction graph by defining the reactions (state 

transitions of the signaling molecules) as connections between the molecules. In other 

words, in the graph, nodes are signaling molecules and edges are reactions in the signaling 

network. When two molecules are in the same reaction as reactant, product or modifier 

they were represented as interacting pairs (two nodes linked by an edge). The interactions 

are undirected meaning that when there is a connection between molecules A and B; the 

signal can flow both from A to B and from B to A in the interaction graph. The graph 

properties were determined using an algorithm (Arga et al., in press) implemented in 

MATLAB 7.0. The input to the algorithm is the adjacency matrix (S), which is a binary, 

square matrix representing the edges between nodes (interactions). S(i,j)=1, if (i,j) is an 

interacting pair, otherwise S(i,j)=0. The constructed adjacency matrix has the dimensions 

of 329*329 as there are 329 signaling molecules in EGFR signaling network. If two 

molecules are included in the same reaction it was considered that they are interacting pairs 

otherwise they are not. On the other hand, undirected protein interaction graph of signaling 

network in yeast reconstructed by Arga et al. (in press) was directly used in the graph 

theoretic calculations. The adjacency matrix has the dimensions of 1,388*1,388. 

 

 In the algorithm used, the successive powers of the adjacency matrix are found by 

multiplying the matrix by itself and the element of the nth power of the adjacency matrix, 

Sn(i,j), gives the number of paths with path length of n from molecule i to molecule j.  

Shortest path lengths are minimum number of interactions between indirectly connected 

two nodes and were calculated as the minimum value of n when Sn(i,j) is equal to a 
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nonzero value. Mean path length and network diameter were calculated as the average and 

maximum of the shortest path lengths in the network, respectively. 

 

3.2.2 Metabolic Pathway Analysis 

 

Metabolic pathway analysis (MPA) enables the screening for a number of different 

flux distributions or even the computation of all theoretical possible pathways within the 

defined metabolic network (Förster, 2003). In pathway analysis, the topology of biological 

networks is investigated via fundamental routes (pathways) in the networks (Schuster et 

al., 1999). It is used to define the structure of the network and the overall metabolic 

capabilities of the cell (Çakır, 2006).  Thus, MPA is one of the main approaches for the 

flux analyses of metabolic networks (Papin et al., 2003; Schilling et al., 1999).  

 

 There are three different approaches to find these routes. The first method constructs 

all possible linear paths from inputs to outputs (Seressiotis and Bailey, 1988; 

Mavrovouniotis et al., 1990; Mavrovouniotis, 1992; Steffen et al., 2002). The second 

approach finds a set of linearly independent basis vectors in flux space (Fell, 1990; 

Schilling and Palsson, 1998) and finally the concept of ‘elementary flux modes’ (conically 

independent basis vectors) was proposed (Schuster and Hilgetag, 1994; Schuster et al., 

1996). Any steady state flux distributions of the networks can be defined in terms of non-

negative linear combination of these fundamental routes (Schuster et al., 1999). The 

number of fundamental routes for small-world (having relatively short network diameter) 

large-scale networks such as EGFR and yeast signaling networks is very high and 

computationally unmanageable with the three above-mentioned methods. As opposed to 

linearly and conically independent basis vectors, the number of linear paths between inputs 

and outputs can be limited by specifying the maximum path length in the calculation 

procedure.  

 

In order to investigate the topology of EGFR signaling network, linear paths 

connecting ligands to phenotypes were determined using NetSearch algorithm of Steffen et 

al. (2002). The EGFR signaling map (Oda et al., 2005a) was converted into an interaction 

graph by representing directed interactions between reactants-products and modifiers-

products of the same reaction (the direction is always towards the products of the 
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reactions) and that are used as the input to the NetSearch algorithm. In this representation, 

it was considered that there are only directed signal flows in the EGFR signal transduction 

network since the state transitions were defined as irreversible reactions in the map of Oda 

et al. (2005a). The signaling network in yeast was reconstructed as protein-protein 

interaction graph (Arga et al., in press) and it was used without any modification in 

pathway analysis. The interactions between proteins are not directed in case of yeast 

signaling. In addition to this interaction (connectivity) information, inputs (ligands) and 

outputs (phenotypes as cellular responses) were set prior to linear paths calculation in 

NetSearch algorithm (Steffen et al., 2002). Unlike the EGFR map, ligands and phenotypes 

were not defined as species in the signaling map of yeast (Arga et al., in press). Therefore 

ligands and phenotypes cannot be specified as inputs and outputs of the system in linear 

path calculations for the yeast signaling network, instead receptors and transcription factors 

of the phenotypes are specified as the inputs and outputs, respectively. 

  

The linear path analyses were performed to have information about phenotype 

frequency, network crosstalk, participation of signaling molecules in the pathways in 

EGFR and yeast signaling networks. 
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4.  STRUCTURAL ANALYSIS OF EGFR SIGNALING NETWORK 

 

Whole-network analyses are necessary to elucidate the global properties enlighten 

complexity of the signaling systems. Network reconstruction allows the application of 

mathematical methods that can quantitatively describe the properties of signaling 

networks. Large-scale networks can undergo only structural analysis in their entirety, as 

this does not require an extensive knowledge of the kinetic parameters that are determined 

from detailed experimentation (Papin et al., 2005). In this thesis, two examples of the 

reconstructed large-scale signaling networks, EGFR and yeast signaling networks were 

structurally analyzed at whole-network level. Since the kinetic parameters of the EGFR 

and yeast signaling networks are incomplete yet, their dynamic analyses are not possible. 

Their structural analyses were here performed to generate hypotheses regarding the 

structure of the global networks as well as the functions of individual signaling molecules 

involved in these networks. Using the techniques of graph theory, the connectivity 

distributions of signaling molecules in the networks with values of network diameter and 

mean path length were obtained. By pathway analysis the information about phenotype 

frequency, crosstalking pathways, specific molecules and participation of molecules in the 

networks were obtained via linear paths connecting ligands to the phenotypes through 

signaling. 

 

4.1 Graph Theoretical Analysis 

 
The EGFR signaling network (Oda et al., 2005a) was represented by an undirected 

interaction graph with 329 nodes and 1795 edges connecting them. Using the algorithm 

(Arga et al., in press) mentioned in section 3.2.1 the network diameter was calculated as 11 

and the mean path length as 4.7. Despite the large size of the EGFR signaling network, any 

two nodes in the system can be connected by relatively short paths along existing links. 

This means that the EGFR-mediated signal transduction network has small-world 

architecture that is a general feature of many complex biological networks (Watts and 

Strogatz, 1998). The small-world topology of the signaling network may lead to shorter 

transition times between different metabolic states (Wagner and Fell, 2001). 
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It was found that the connectivity (k, the number of links per node) distribution of the 

nodes in the graph has a scale-free nature (Figure 4.1 and 4.2) following nearly a power 

law ( ( ) γ−≈ kkP  γ=1.34 with R2=0.63) model which is the general characteristics of 

biological networks (Jeong et al., 2000; Jeong et al., 2001) as well as World-Wide Web 

(Albert et al., 1999; Faloutsos et al., 1999), social networks (Barabasi and Albert, 1999) 

and scientific collaboration network (Barabasi et al., 2002). It is observed in Figure 4.1 and 

4.2, that the small number of nodes having only one link to the network disturbs the power 

law of  the degree  distribution causing a low correlation (R2=0.63) of the linearity of log  k 

vs. log P(k). 
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Figure 4.1. Degree (connectivity) distribution of the nodes in EGFR signaling network 

 

The point on the y axis of the Figure 4.2 was determined as an outlier by statistical 

analysis via the software, essential regression ver.2.2. In the regression analysis, the 

residuals versus expected normal values plot gives this point. When the outlier point in 

Figure 4.2 is excluded, a high  correlation of  fitting to the power law ( ( ) γ−≈ kkP  γ=1.86 

with R2=0.84) was obtained (Figure 4.3).  
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Figure 4.2. Log of connectivities versus log of P(k) (probability of having connectivity, k) 

in EGFR signaling network 
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Figure 4.3. log k versus log P(k) in EGFR signaling network when the outlier is excluded 
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In the scale-free distribution of the degree of the nodes there are a few hubs linking 

less connected nodes to the signaling network. The hubs in EGFR-mediated signaling 

network are receptor-ligand complex (ErbB1-active EGFR), the co-factors, GTP 

(guanosine triphosphate) and GDP (guanosine diphosphate), and β/γ subunits of the 

heterotrimeric G-protein (Gβ/Gγ) having 36, 31, 31 and 29 connectivities, respectively. 

Any mutations in these highly connected signaling molecules may interrupt the links 

resulting in breaks in signal transduction as hubs are among the critical molecules in the 

EGFR network.  

 

4.2 Pathway Analysis 

 
 

In pathway analysis, as opposed to graph theoretical analysis, the EGFR-mediated 

signaling network was converted into a directed interaction graph. The molecular 

interactions of the network are used for a systemic analysis of input/output relationships 

via linear paths starting from the ligands ending at phenotypes. The NetSearch algorithm 

(Steffen et al., 2002) gives the number of linear paths with their length (the number of 

interactions in each pathway).  

 

For tumorigenesis and mitogenesis, all steps in the network are same except the last 

one going towards the corresponding end-phenotypes. Therefore in the pathway analysis of 

EGFR signaling network, tumorigenesis and mitogenesis were considered as one 

phenotype (tumorigenesis - mitogenesis) throughout this study. 

 

4.2.1 Network Diameter 
 

The shortest path lengths (Table 4.1) between the ligands and the phenotypes were 

calculated as described in Section 3.2.2. The maximum of the shortest path lengths gives 

the network diameter (14) for the phenotypes in EGFR signaling network. This means that 

in 14 molecular interactions (state transitions in EGFR signaling) the ligands can be linked 

to all phenotypes through signaling molecules. This value is higher than the network 

diameter of 11 obtained from graph theoretic analysis (Section 4.1). The difference in 

network diameters is due to the fact that the adjacency matrix (input of the graph theoretic 

calculations) is undirected whereas the interaction graph (input of the NetSearch 
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algorithm) is directed. Therefore we can conclude that the diameter of EGFR signaling 

network is 14 since the state transitions in the signal transduction are directed. 

 

Table 4.1. Shortest path lengths of the phenotypes of EGFR signaling network 

Phenotype Shortest path length 

Apoptosis 9 

Cell cycle progression 14 

Actin reorganization 7 

Target genes transcription 7 

Tumorigenesis - Mitogenesis 5 

 

 

4.2.2 Phenotype Frequency 
 

In order to obtain information about the systemic properties of the network, such as 

phenotype frequency, by a comparative analysis among the phenotypes, the number of 

linear paths were kept approximately constant while maximum path lengths were allowed 

to differ (Table 4.2). The NetSearch algorithm (Steffen et al., 2002) allows the user to 

define the length of the longest linear paths in the calculation procedure. 

 

Table 4.2. Approximately same number of linear paths with different maximum path 

lengths for the phenotypes of EGFR signaling network 

 

Phenotype 

# of linear paths (~100) 

–  max path length 

# of linear paths (~500) 

-- max path length 

# of linear paths (~1000) 

–  max path length 

Apoptosis 89 – 12 487 – 16 993 – 18 

Cell cycle 

progression 
74 – 18 598 – 22 961 – 23 

Actin reorganization 91 – 11 479 – 19 980 – 21 

Target genes 

transcription 
84 – 14 466 – 19 1,027 – 22 

Tumorigenesis - 

Mitogenesis 
118 – 18 498 – 23 1,026 – 28 
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The maximum path lengths are not identical for approximately same number of 

linear paths resulting in different phenotypes (Table 4.2). The maximum path length can be 

used as an indicator of frequency of the phenotype. Smaller maximum path length 

indicates higher frequency of the observed phenotype. One can state that apoptosis as a cell 

response of EGFR signaling is observed more frequently than other phenotypes because it 

has shorter maximum path lengths for nearly same number of linear paths. On the other 

hand the phenotypes of cell cycle progression and tumorigenesis - mitogenesis have 

longest maximum path lengths among the others meaning that they are the least frequent 

cellular responses of EGFR signal transduction network. For the remaining phenotypes, 

actin reorganization is probably more frequent than target genes transcription as it has 

smaller maximum path lengths. 

 

4.2.3 Network Crosstalk 

 

The time-invariant topological structure of the network was captured as a system of 

around 200 linear paths connecting ligands to each phenotype (Table 4.3). In order to 

comprehensively analyze the reactions and molecules included in the linear paths, the 

number of linear paths is constrained to 200 since this amount of paths include most of the 

molecules (at least once) in the EGFR signaling network and hence is expected to give 

statistically meaningful results for network crosstalk, molecules specific to the  phenotypes 

and participation of molecules discussions.  

 

Table 4.3. Around 200 linear paths of the phenotypes of EGFR signaling network 

with maximum path lengths 

Phenotype # of linear paths max path length 

Apoptosis 238 14 

Cell cycle progression 248 20 

Actin reorganization 212 15 

Target genes transcription 242 17 

Tumorigenesis - Mitogenesis 225 20 

 

238 linear paths with a maximum path length of 14 are found to result in apoptosis. 

248 linear paths can bind the ligands to cell cycle progression in maximum 20 interactions. 
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212 linear paths carry signals from extracellular signaling molecules to actin 

reorganization within 15 interactions. 242 linear paths with maximum path length of 17 

result in target genes transcription. For tumorigenesis – mitogenesis, 225 linear paths are 

found within maximum 20 molecular interactions.  

 

The pathway analysis via linear paths allows a quantitative evaluation of network 

crosstalk i.e. observing same species involved in linear paths leading to different 

phenotypes (Table 4.4). In this study, classical definition of network crosstalk (Schwartz 

and Baron, 1999) was accepted and identical signaling molecules used in different 

signaling pathways were investigated. The molecules involved in more than 50% of the 

linear paths were considered in each phenotype and the molecules that are shared between 

different pathways (i.e. cross-talking pathways) were analyzed for network crosstalk.  

 

It was observed that the cofactor GTP and the complex Gβ/Gγ are involved in more 

than 70 % of the linear paths through all phenotypes in the network. All pathways in the 

EGFR signaling network are crosstalking through these two signaling molecules. It can 

therefore be stated that these molecules are crucial for the continuity of the network as 

their mutations may prevent most of the linear paths for all phenotypes to be completed. 

The linear paths resulting in apoptosis and cell cycle progression have eight common 

molecules that are involved in more than 50% of the paths through these phenotypes. 

These eight molecules were not observed in most of the linear paths of the remaining 

phenotypes (they are included in less than 50% or in none of the linear paths of the 

phenotypes other than apoptosis and cell cycle progression in EGFR signaling network). 

These signaling molecules are complexes Abi1 (Abscisic acid insensitivity, Eps8 binding 

protein)/Eps8 (EGFR pathway subsstrate)/activeSOS1 (Son of sevenless homolog), Cdc42 

(Cell division cycle)/Rac (small GTP binding protein)/GTP, Cdc42/Rac/GDP, phosphatidic 

acid and proteins β2 chimaerin, β2 chimaerin at plasma membrane, active MKK4 

(Mitogen activated kinase kinase) and gene p53 (tumor supressor). The number of shared 

molecules is two (simple molecule IP3 (inositol 1,4,5- trisphosphate; InsP(3) and protein 

IP3R (IP3 receptor)) for actin reorganization and target genes transcription. There are five 

such common molecules (two different complexes of ErbB1 ligand/active EGFR, protein 

c-Src (a membrane-associated tyrosine kinase) and simple molecules ATP (Adenosine 

triphosphate) and KDI1 (selectively interfere with the EGF-induced phosphorylation of the 
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tyrosine residues (Buerger et al.,2003)) in the linear paths resulting in target genes 

transcription and tumorigenesis - mitogenesis.  

 

Table 4.4. Shared molecules of crosstalking pathways of EGFR signaling network 

Phenotypes Shared molecules 

Apoptosis 

Cell cycle progression 

Abi1/Eps8/activeSOS1 

Cdc42/Rac/GTP 

Cdc42/Rac/GDP 

phosphatidic acid 

β2 chimaerin 

β2 chimaerin at plasma membrane 

active MKK4 

gene p53 

Actin reorganization 

Target genes transcription 

IP3 

IP3R 

Target genes transcription 

Tumorigenesis - Mitogenesis 

ErbB1 ligand/active EGFR 

c-Src 

ATP 

KDI1 

Actin reorganization 

Target genes transcription 

Tumorigenesis - Mitogenesis 

phoshorylated IP3R 

Ca+2 in the cytosol 

Ca+2 in ER 

PYR 

Apoptosis 

Cell cycle progression 

Tumorigenesis - Mitogenesis 

DAG 

PLCγ at EGFR 

 

Cell cycle progression 

Actin reorganization 

Tumorigenesis - Mitogenesis 

PI4, 5-P2 

 

Some ternary combinations of the phenotypes have also shared molecules in their 

linear paths. For instance four molecules (phoshorylated IP3R, Ca+2 in the cytosol, Ca+2 in 
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endoplasmic reticulum and protein PYR (Pyrimidine biosynthesis)) have roles in more 

than 50% of the linear paths resulting in actin reorganization, target genes transcription and 

tumorigenesis - mitogenesis phenotypes. Similarly, the linear paths ending with 

tumorigenesis - mitogenesis, apoptosis and cell cycle progression have two common 

molecules (lipid DAG (diacylglycerol) and protein PLCγ (Phosphatidylinositol-specific 

phospholipase) at EGFR). Simple molecule PI4, 5-P2 (Phosphatidylinositol-4,5-

biphosphate) is involved in more than 50% of the linear paths from ligands to cell cycle 

progression, actin reorganization, tumorigenesis - mitogenesis phenotypes. 

 

4.2.4 Specific Molecules in Each Phenotype 

 

Beyond the shared molecules in linear paths leading to different phenotypes (Table 

4.4), specific non-shared molecules can also be observed in linear paths of the EGFR 

signaling network (Table 4.5). These specific molecules are involved in more than 50% of 

the linear paths of one phenotype, but do not have any role in most of the linear paths of 

other phenotypes. 

 

The species that have roles in most of the linear paths resulting in apoptosis are 

active MKK3 (Mitogen activated kinase kinase) protein, active MKK6 protein, MAPK 

protein p38 (The p38 kinases were first defined in a screen for drugs inhibiting tumor 

necrosis factor α–mediated inflammatory responses (Lee et al., 1994)), and active p38. 

Similarly, protein c-Jun (a typical member of the bZIP (basic zipper) family of dimeric 

transcriptional activators (Deng and Karin, 1992)), c-Jun at nucleus, dimer of c-Jun at 

nucleus, gene p53, RNA p53, protein Vav (guanosine nucleotide exchange factor that is 

expressed ubiquitously, as a substrate of the EGFR (Pandey et al., 2000)) at EGFR, 

MEKK1 at GTP-Rac1 or Cdc42 protein, JNK (Jun N-terminal Kinase) protein, active 

MKK7 protein, active JNK, complex PGE2 (Receptor for prostaglandin E2)/active EP2 

(PGE2 receptor type 2)/active EP4 (PGE2 receptor type 4), complex MLK3 at Rac1 or 

Cdc42 and protein MKK4 are the specific molecules in the linear paths of cell cycle 

progression. There is no such specific molecule in the linear paths from the ligands leading 

to actin reorganization. There  are eight  such molecules for  target genes  transcription that  
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Table 4.5. Specific molecules of the phenotypes of EGFR signaling network 

 

Apoptosis 

 

Cell Cycle 

Progression 

 

Actin 

Reorganization 

 

Target Genes 

Transcription 

 

Tumorigenesis 

- Mitogenesis 

active 

MKK3 

c-Jun - Pyk2 EGFR 

active 

MKK6 

c-Jun at 

nucleus 

 Grb2 at EGFR ErbB1 ligand 

p38 dimer of c-Jun 

at nucleus 

 active Pyk2 ErbB1 

ligand/EGFR 

active p38 gene p53  active c-Src at 

Pyk2 

dimer of 

ErbB1/EGFR 

 RNA p53  STAT3 active c-Src at 

Shc 

 Vav at EGFR  active STAT3 IP3R 

 MEKK1 at 

GTP-Rac1 or 

Cdc42 

 STAT3 at 

nucleus 

LPA/active 

LPA2 

 JNK  phosphorylated 

STAT3 

early end 

EGFR 

 active MKK7   another form of 

early end 

EGFR 

 active JNK   PKC 

 PGE2/active 

EP2/active EP4 

  recycled end 

EGFR 

 MLK3 at Rac1 

or Cdc42 

  active PKC 

 MKK4   active PDK1 

 

are protein Pyk2 (Protein tyrosine kinase), complex Grb2 (Growth factor receptor bound 

protein) at EGFR, active Pyk2, active c-Src at Pyk2, STAT3 (signal transducer and 

activator of transcription) protein, active STAT3, STAT3 at nucleus and phosphorylated 
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STAT3. Thirteen molecules have roles in most of the linear paths resulting in 

tumorigenesis - mitogenesis; these are EGFR receptor protein, ErbB1 ligand protein, 

complex ErbB1ligand/EGFR, dimer of complex ErbB1 ligand/EGFR, active c-Src at Shc 

protein, IP3R protein, complex LPA/active LPA2, early end EGFR, another form of early 

end EGFR, active PKC (Protein Kinase C) protein, recycled end EGFR, PKC protein and 

active PDK1 (Pyruvate Dehydrogenase Kinase) protein. 

 

4.2.5 Participation of Molecules 

 

The linear paths from ligands to phenotypes give information about the participation 

of molecules in the signaling network. The role of species in linear paths can be considered 

as an indication of their importance in the signal transduction since any state of the 

signaling network is a nonnegative combination of the linear paths. One can therefore 

comment about the importance of each molecule for each phenotype (signaling responses 

of EGFR network) by its participation percentage in linear paths (Table 4.6). For instance, 

the simple molecule GTP is included in 84.5% of the linear paths ending with apoptosis as 

a signaling response of the cell. The complex Abi1/Eps8/active SOS1 has roles in 83.6% of 

the linear paths of apoptosis. The remaining top five molecules of the apoptosis are the 

complexes Cdc42/Rac/GTP, Cdc42/Rac/GDP and active MKK3 protein that are involved 

in 83.6%, 83.6% and 70.6% of the linear paths of the phenotype apoptosis, respectively. 

On the other hand, protein c-Jun (97.6%), c-Jun at the nucleus (97.6%), dimer of protein c-

Jun (97.6%), gene p53 (97.6%) and RNA p53 (97.6%) are very critical since they are 

involved in nearly all linear paths resulting in cell cycle progression. If a deficiency occurs 

in any of these five molecules, 97.6% of the linear paths will be destroyed; the ligands 

cannot be linked to cell cycle progression and there will be very limited routes leading to 

this phenotype. The top five molecules for actin reorganization are GTP (92.0%), 

Gβ/Gγ (74.5%), active truncated PLCβ protein (70.3%), active PLCβ protein (69.3%) and 

protein IP3R (67.9). For target genes transcription the key molecules that have significant 

roles in the linear paths of this phenotype of EGFR signaling network are the ligand-

receptor complex (ErbB1/EGFR) (88.0%), protein Pyk2 (79.3%), the complex Grb2 at 

EGFR/active Pyk2 (79.3%), active Pyk2 (79.3%) and protein c-Src (79.3%). Finally for the 

phenotype tumorigenesis - mitogenesis there are six molecules (two complexes of 

ErbB1/EGFR, dimer of the complex ErbB1/EGFR, protein STAT1, simple molecule 
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KDI1, active c-Src protein at Shc and the complex ErbB1/EGFR) that are involved in all 

their linear paths meaning that these phenotypes are strictly dependent on these molecules.   

 

Table 4.6. The top five molecules that participate in most of the linear paths of each 

phenotype in EGFR signaling network 

 

Apoptosis 

 

Cell Cycle 

Progression 

 

Actin 

Reorganization 

 

Target Genes 

Transcription 

 

Tumorigenesis 

- Mitogenesis 

GTP 

(84.5 %) 

c-Jun 

(97.6%) 

GTP  

(92.0 %) 

ErbB1/EGFR 

(88.0 %) 

two forms of 

ErbB1/EGFR 

(100 %) 

Abi1/Eps8/ 

active SOS1  

(83.6 %) 

c-Jun at 

nucleus  

(97.6 %) 

Gβ/Gγ  

(74.5 %) 

Pyk  

(79.3 %) 

dimer of 

ErbB1/EGFR 

(100 %) 

Cdc42/Rac/GTP  

(83.6 %) 

dimer of c-

Jun at nucleus  

(97.6 %) 

truncated 

PLCβ  

(70.3 %) 

Grb2 at 

EGFR/active 

Pyk2 

(79.3 %) 

STAT1 

(100 %) 

Cdc42/Rac/GDP  

(83.6 %) 

gene p53  

(97.6 %) 

active PLCβ  

(70.3 %) 

active Pyk2 

(79.3) 

KDI1  

(100 %) 

active MKK3  

(70.6 %) 

RNA p53  

(97.6 %) 

IP3R  

(67.9 %) 

c-Src 

(79.3 %) 

active c-Src at 

Shc (100 %) 

 

 

4.2.6 Mitogen-Activated Protein Kinase Signaling 

 

Both EGF and NGF (Nerve Growth Factor) activate a cytosolic signal transduction 

pathway including the small guanine nucleotide binding protein, Ras, and a mitogen-

activated protein kinase (MAPK) cascade formed by Raf, MAPK or ERK kinase (MEK) 

and extracellular signal-regulated kinase (ERK) protein kinases (Brightman and Fell, 

2000). In this MAPK cascade, the proteins Ras, MEK and ERK are activated (Figure 4.4). 

In PC12 cells (rat phaeochromocytoma cell line) EGF causes transient activation whereas 

NGF induces sustained activation of these signaling proteins (Kaplan, 1998). The basis for 
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these quantitative differences was proposed as differential feedback regulation of the 

MAPK cascade (Brightman and Fell, 2000). 

 

 

Figure 4.4. Dynamic model of EGFR signal transduction pathway (Brightman and Fell,  

2000) 

 

 

The differential feedback regulation of the active protein ERKPP affects (inhibits) the 27th 

reaction in Figure 4.4 that is dissociation of ShcGS (Shc, Src homology and collagen 

domain protein - GS, complex formed by Grb2, growth factor receptor binding protein and 

son of sevenless protein SOS) into GSP (phosphorylated GS) and ShcP (phosphorylated 

Shc). It means that the protein ShcGS has positive effect on the activation of the pathway. 

The protein Shc-Grb2-SOS in the Kitano’s map was observed to participitate in linear 

paths going to all of the phenotypes reflecting its importance for the signal transduction in 

the network. Its participation percentage in the linear paths going to apoptosis is 19.3 %, 
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cell cycle progression is 14.5 %, actin reorganization is 5.7 %,  target genes is 0.8 % and 

tumorigenesis-mitogenesis is 11.6%. Even though the participation in the linear paths are 

not so high, the protein complex Shc-Grb2-SOS is one of the few signaling molecules that 

are involved in linear paths from the ligands to all phenotypes of the EGFR network. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 51 

5.  STRUCTURAL ANALYSIS OF YEAST SIGNALING NETWORK 

 

Due to the huge number of necessary kinetic parameters of the large scale signaling 

network of yeast Saccharomyces cerevisiae (1,388 proteins), the dynamic investigation of 

the signaling mechanisms in the network is not possible for today. However the 

architectural characteristics of a network can give lots of information about the working 

mechanisms by function-structure relationships. The connectivity distribution of the 

proteins in the undirected interaction graph was achieved by graph theoretical calculations. 

The information about phenotype frequency, crosstalking pathways, proteins specific to 

phenotypes and protein participation in the network was obtained observing the proteins 

involved in the linear paths. 

5.1 Graph Theoretical Analysis 

 

The undirected interaction graph of the yeast signaling network was analyzed using 

the graph theoretical method described in section 3.2.1. The reconstructed signaling 

network includes 1,388 proteins and 4,640 interactions among these proteins. Therefore 

there are 1,388 nodes and 4,640 edges between the nodes. 

 

The structural analysis of the yeast network revealed that the network has small-

world properties since the distance measures (mean path length of 6.81 and network 

diameter of 9) are orders of magnitude smaller than the number of proteins (1,388) in the 

network. It was characterized by scale-free connectivity distribution since the complex 

structure was characterized by the presence of few highly connected proteins while the 

majority of the proteins have very few connections. Previous studies have also shown that 

the connectivity distribution of the yeast protein interaction network, as well as many other 

biological networks, has small-world properties (Jeong et al., 2001; Maslov and Sneppen, 

2002) with scale-free topology (Wagner, 2001; Jeong et al., 2001). It was found that the 

connectivity (k, the number of links per node) distribution of the nodes in the graph has a 

scale-free nature (Figure 5.1 and 5.2) following nearly a power law ( ( ) γ−≈ kkP  γ=1.66 

with R2=0.93) model which is the general characteristics of biological networks (Jeong et 

al., 2000; Jeong et al., 2001). 
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Figure 5.1. Degree (connectivity) distribution of the nodes in the yeast signaling network 

 

The hubs in scale-free yeast signaling network are Cdc28 (Cell division  cycle; 

catalytic subunit of the main cell cycle cyclin-dependent kinase (CDK)), Ypt6 (Yeast 

protein two) and Ric1 (Ribosome control) having 111, 63 and 54 interactions, respectively.  
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Figure 5.2. Log of connectivities versus log of P(k) (probability of having connectivity, k) 

in yeast signaling network 
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5. 2 Pathway Analysis 

 

The bow-tie structured protein-protein interaction map of yeast signaling network (7 

ligands, 7 phenotypes) was analyzed by pathway analysis to find its linear paths from 

ligands to phenotypes. As opposed  to EGFR signaling network, the ligands (stimuli) and 

the pheotypes were not defined as species in the map. Therefore receptors on the plasma 

membrane and transcription factors were used as inputs and outputs of the system, 

respectively (Table 5.1).  

 

Table 5.1.  Signal transduction through the phenotypes of yeast signaling network 

Stimuli Receptors 
Transcription 

factors 
Phenotypes 

Starvation Sho1, Ras2* Ste12, Tec1 
Filamentous 

invasive growth 

α-pheromone and  

a-pheromone 
Ste2, Ste3 Far1** Cell cycle arrest 

α-pheromone and  

a-pheromone 
Ste2, Ste3 Fus1 Mating 

High osmolarity Sho1, Sln1 Msn4, Hot1, Sko1 Osmoregulation 

Hypotonic shock Wsc3, Mid2 Rlm1 
Cell wall 

remodeling 

Hypotonic shock Wsc3, Mid2 Swi4, Swi6 
G1/S cell wall 

remodeling 

C and N deficiency Sps1* Smk1** Sporulation 

 

 

The proteins indicated with (*) are intracellular signaling proteins and not receptors 

but they are the first known proteins in the signal transduction. The proteins indicated with 

(**) are not transcription factors. Far1 is a final control element regulating the gene 

expression to block cell cycle progression. Smk is believed to play a role in sporulation and 

it is the last known protein in the signal transduction. Therefore the linear paths are found 
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from the receptors (including Ras2 and Sps1) to these transcription factors (including Far1 

and Smk1). 

 

In a yeast cell, starvation activates the receptor Sho1 and intracellular protein Ras2 

which initiate  the signal transmission  through  the transcription factors, Ste12 and Tec1. 

The cell response of the signaling network is filamentous invasive growth when Ste12 and 

Tec1 are activated. For the second phenotype of cell cycle arrest, α-pheromone and a-

pheromone bind to the receptors Ste2 and Ste3 which transmit the signal to the control 

element Far1. The same ligands (α-pheromone and a-pheromone) and receptors (Ste2 and 

Ste3) also result in a different phenotype which is mating when the transcription factor is 

Fus1. On the other hand, high osmolarity in the cell activates the receptors Sho1 and Sln1, 

and the activations of the transcription factors Msn4, Hot1 and Sko1 result in 

osmoregulation. Hypotonic shock to the cell affect the receptors Wsc3 and Mid2. The 

signals from these receptors result in cell wall remodeling when the transcription factor 

involved is Rlm1. The same signal results in  G1/S cell wall remodeling (cell wall 

remodeling at the G1/S transition at the cell cycle) when the transcription factors are Swi4 

and Swi6. Finally, sporulation  is the response of the yeast cell in cases of carbon and 

nitrogen deficiencies. In these cases it is believed that the signal is transmitted from the 

intracellular protein Sps  to another intracellular protein Smk1. With  NetSearch algorithm 

(Steffen et al., 2002) the linear paths from these starting proteins to the corresponding 

transcription factors or control elements were calculated. 

 

5. 2. 1 Network Diameter 

 

The lengths of the shortest linear paths from the receptors to the transcription factors 

are listed in Table 5.2 for each phenotype of yeast signaling network. The lengths of the 

linear paths from the ligands to the phenotypes can be obtained by adding 2 (the 

interactions between the ligands-receptors and transcription factors-phenotypes) to these 

values. The maximum of the shortest path lengths, which is 4, can be considered as the 

network diameter for the phenotypes of yeast signaling network. This diameter value 

means that the receptors can be linked to all transcription factors through 4 steps 

(interaction between the proteins). In other words, in 6 steps (including the interactions 

between ligands-receptors and transcription factors-phenotypes) all ligands can be linked 
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to all phenotypes. The network diameter value for the phenotypes is smaller than the value 

(9) obtained by the graph theoretic calculation in section 5.1 as expected. The graph theory 

finds the number of interactions by which any two nodes (proteins) can be linked to each 

other. 

 

 
Table 5.2. Shortest path lengths of the phenotypes of yeast signaling network 

Phenotype Shortest path length 

Filamentous invasive growth 3 

Cell cycle arrest 3 

Mating 4 

Osmoregulation 3 

Cell wall  remodeling 2 

G1/S cell wall  remodeling 2 

Sporulation 3 

 

 

5. 2. 2 Phenotype Frequency 

 

In analysis of EGFR signaling network, approximately same number of linear paths 

with different maximum path lengths for each phenotype was used for comparison of the 

phenotypes. However, in yeast signaling case this was not possible. When the maximum 

length of the paths is increased by only one the number of linear paths increases 

dramatically. Therefore, fixing the number of paths around any number is very difficult. 

Instead, another approach was used and the number of linear paths with same maximum 

path lengths were calculated (Table 5.3).  

 

G1/S cell wall remodeling was found to be the most frequent phenotype as it has 

more linear paths than other phenotypes with same maximum path lengths. It is followed 

by filamentous invasive growth phenotype. Similarly, the least frequent phenotype is 

probably mating since the smallest number of linear paths link the ligands to this 

phenotype.  
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Table 5.3. The number of linear paths with same maximum path lengths for the 

phenotypes of yeast  signaling network 

 

Phenotype 

# of linear paths -  

max path length 

# of linear paths -   

max path length 

# of linear paths -   

max path length 

# of linear paths -  

max path length 

Filamentous 

invasive growth 
89 – 4 1,467 – 5 21,038 – 6 294,444 – 7 

Cell cycle arrest 23 – 4 273 – 5 4,230 – 6 64,245 – 7 

Mating 9 – 4 174 – 5 2,914 – 6 46,213 – 7 

Osmoregulation 26 – 4 340 – 5 4,991 – 6 76,549 – 7 

Cell wall  

remodeling 
44 – 4 505 – 5 6,723 – 6 89,317 – 7 

G1/S cell wall  

remodeling 
260 – 4 3,483 – 5 46,195 – 6 608,618 – 7 

Sporulation 25 – 4 426 – 5 7,443 – 6 120,562 – 7 

 

 

5. 2. 3   Network Crosstalk 

 

In order to analyze the proteins involved in the linear paths, the numbers of linear 

paths in Table 5.4 are chosen since these amounts of linear paths include most of the 

proteins in the signaling network. To get information on the crosstalking pathways, 

proteins specific to phenotypes and participation of proteins in the network, the proteins 

involved in these linear paths were analyzed comprehensively. 

 

To determine cross-talking phenotypes , the proteins shared  in  linear  paths leading  

to different  phenotypes were identified using classical network crosstalk definition (Table 

5.5). In this analysis the proteins involved in more than 10 % of the linear paths were 

considered for each phenotype. 

 

The proteins Rvs167 (Reduced viability on starvation) and Sla1 (cytoskeletal protein 

binding protein) were observed to involve in the linear paths through all phenotypes except 

filamentous invasive growth phenotype. Since  any deficiency in these  proteins inhibits 
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the linear paths they are  involved, the proteins Rvs167 and Sla1 are crucial for the 

signaling in yeast. 

 

Table 5.4. The number of  linear paths with  the order of magitude 103 

  in yeast signaling network 

Phenotype # of linear paths max path length 

Filamentous invasive growth 1,467 5 

Cell cycle arrest 4,230 6 

Mating 2,914 6 

Osmoregulation 4,991 6 

Cell wall  remodeling 6,723 6 

G1/S cell wall  remodeling 3,483 5 

Sporulation 7,443 6 

 

 

The linear paths leading  to cell cycle arrest  and mating phenotypes have four shared 

proteins that are involved in more than 10% of the linear paths. These common proteins are 

included in only less than 10% or in none of  the linear paths leading to the remaining 

phenotypes. These four proteins are Ysc84 (Protein involved in the organization of the 

actin cytoskeleton), Akr1 (Ankyrin repeat-containing protein), Ste3 (the yeast genes whose 

disruption inhibited  mating and caused sterility were designated as sterile (Ste) genes) and 

Bud6 (Bud side selection). For the phenotypes of cell wall remodeling and G1/S cell wall 

remodeling, there are six such common proteins, namely Smi1 (Suppresor of MAR 

inhibitor), Sac6 (Suppressor of actin mutations), Rom2 (GDP/GTP exchange protein 

(GEP) for Rho1p and Rho2p), Skt5 (activator of Chs3p (chitin synthase)), Pho85 

(Phosphatase  metabolism protein) and Chs5 (Chitin synthase-related protein). 

 

Few ternary combinations of the phenotypes share some common proteins in their  

linear  paths. The protein Cdc28 is involved in  more than 10% of the linear paths leading  

to filamentous invasive growth, cell cycle arrest and mating phenotypes. For the 

phenotypes of filamentous invasive growth, mating and osmoregulation, the shared protein 

is Pkc1 (Protein kinase C). Similarly, for the  phenotypes of cell  cycle arrest, mating and 

osmoregulation the common protein is Las17 (actin assembly factor). The protein Bmi1 (B 
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lymphoma Mo-MLV insertion region) has roles in the linear paths resulting in mating, cell 

wall remodeling and cell wall remodeling in G1/S transition. Finally, the  linear paths 

leading to cell wall remodeling, G1/S cell wall remodeling and sporulation share the 

proteins Slt2 (Mpk1, MAP kinase homolog) and Bck1 (Bypass of C kinase). 

 

Table 5.5. Shared proteins of crosstalking pathways of yeast signaling network 

Phenotypes Shared proteins 

Cell cycle arrest 

Mating 

Ysc84 

Akr1 

Ste3 

Bud6 

Cell wall remodeling  

G1/S cell wall remodeling 

Smi1 

Sac6 

Rom2 

Skt5 

Pho85 

Chs5 

Filamentous invasive growth 

Cell cycle arrest 

Mating 

Cdc28 

Filamentous invasive growth 

Mating 

Osmoregulation 

Pkc1 

Cell cycle arrest 

Mating 

Osmoregulation 

Las17 

Mating 

Cell wall remodeling 

G1/S cell wall remodeling 

Bmi1 

Cell wall remodeling 

G1/S cell wall remodeling 

Sporulation 

Slt2 

Bck1 
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5.2.4 Specific  Proteins  in Each Phenotype 

 

The specific (non-shared) proteins were observed in the linear paths going to each 

phenotype. These proteins are involved in more than 10 % of the linear paths of one 

phenotype, but having no significant roles in others i.e. they have very little or no 

participation in the linear paths leading to other phenotypes. Simply it can be said that 

these proteins are specific to one phenotype and have a significance only for that 

phenotype.  

 

Table 5.6. Specific proteins of the phenotype of yeast signaling network 

 

Filamentous 

invasive 

growth 

 

Cell 

cycle 

arrest 

 

Mating 

 

Osmoregulation 

 

Cell wall 

remodeling 

 

G1/S cell 

wall 

remodeling 

 

Sporulation 

 

Ste11 

 

Cdc42 
- 

 

Vps73 
- - MKK2 

 

Kss1 

 

Cdc24 
 

 

Get1 
  Cpr6 

 

YPR115W 

 

Ste20 
 

 

Get2 
   

 

Bem3 

 

Sla2 
 

 

Rrp14 
   

 

Dig1 
  

 

Boi1 
   

 

Ste7 
      

 

Tsc11 
      

 

Bck2 
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The filamentous invasive growth pathway has the largest amount of specific proteins 

(Table 5.6) as it has very little crosstalk with other pathways (Table 5.5). On the other 

hand, mating and cell wall remodeling phenotypes have no such specific proteins since 

they are phenotypes of highly crosstalking pathways. Especially, the cell wall remodeling 

and G1/S cell wall remodeling phenotypes have the largest amount of specific proteins 

since they are phenotypes of the same (pheromone response) pathway. 

 

The specific proteins of filamentous  invasive growth are Ste11 (Sterile; signal 

tranducing MEK kinase), Kss1 (Kinase suppressor of Sst2 mutations), YPR115W (Putative 

protein of unknown function), Bem3 (Bud emergence; Rho GTPase activating protein 

(RhoGAP)), Dig1 (Down-regulator of Invasive Growth), Ste7 (Sterile; signal transducing 

MAP kinase kinase),  Tsc11 (Temperature-Sensitive Csg2 suppressor) and Bck2 (Bypass 

of C kinase). The proteins; Cdc42 (Cell division cycle; small rho-like GTPase), Cdc24 

(Cell division cycle; Guanine nucleotide exchange factor (GEF or GDP-release factor) for 

Cdc42p), Ste20 (Signal transducing kinase of the PAK) and Sla2 (Synthetic lethal with 

Abp1) are specific to cell cycle arrest phenotype. For osmoregulation phenotype; Vps73 

(Vacuolar Protein Sorting), Get1 (Golgi to ER traffic; required for the retrieval of HDEL 

proteins from the Golgi to the ER in), Get2 (Golgi to ER traffic; required for meiotic 

nuclear division and for the retrieval of HDEL proteins from the Golgi to the ER), Rrp14 

(Ribosomal RNA Processing) and Boi1 (Bem1 (One) Interacting protein) are specific 

proteins. Sporulation phenotype has also two specific proteins that are MKK2 (Mitogen-

activated Kinase Kinase) and Cpr6 (Cyclosporin-sensitive proline Rotamase). 

 

The function of putative protein YPR115W is unkonwn and it was found specific to 

the pathway of filamentous invasive growth. This result can be a guide for further research 

to identify the role of YPR115W.  

 

5.2.5 Participation of Proteins 

 

The importance of each protein for each phenotype can be obtained from their 

participation percentages in the linear paths going to each phenotype. The most important 

proteins (mostly participated in the linear paths) were listed in  Table 5.7.  
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Table 5.7. The top five proteins that participate in the linear paths of each phenotype 

in yeast signaling network 

 

Filamentous 

invasive 

growth 

 

Cell cycle 

arrest 

 

Mating 

 

Osmoregulation 

 

Cell wall 

remodeling 

 

G1/S  

cell wall 

remodeling 

 

Sporulation 

Ste11 

(33.3%) 

Ysc84  

(78.9 %) 

Ysc84 

(75.6 %) 

Rvs167 

(33.0 %) 

Smi1 

(70.6 %) 

Smi1 

(54.4 %) 

Slt2  

(52.1 %) 

Kss1  

(24.8%) 

Bem1 

(63.5 %) 

Bni1 

(46.6 %) 

Hog1 

(29.4 %) 

Slt2 

(69.6 %) 

Sac6 

(33.4 %) 

Abp1  

(47.4 %) 

YPR115W 

(22.5 %) 

Cdc28 

(23.7 %) 

Cdc28 

(36.9 %) 

Vps73 

(24.2 %) 

Sac6 

(43.6 %) 

Slt2  

(27.0 %) 

Bck1  

(40.2 %) 

Bem3  

(21.5 %) 

Sla1  

(23.0 %) 

Bem1 

(26.1 %) 

Sla1 

(20.8 %) 

Rvs167  

(21.0 %) 

Cla4 

(24.5 %) 

Ysc84  

(29.4 %) 

Dig1 

(16.1 %) 

Rvs167 

(22.2 %) 

Akr1 

(24.4 %) 

Las17 

(20.7 %) 

Cla4  

(20.9 %) 

Rvs167  

(23.5 %) 

Rvs167 

(28.8 %) 

 

 

The most frequently observed signaling proteins in filamentous invasive growth 

pathway are Ste11, Kss1, YPR115W, Bem3 and Dig1 (since they are included mostly in 

the linear paths) which are all specific proteins of this pathway (Table 5.6). The top 

proteins that participate in the linear paths leading to cell cycle arrest are Ysc84, Bem1, 

Cdc28, Sla1 and Rvs167. For mating such proteins are Ysc84, Bni1, Cdc28, Bem1 (Bud 

emergence; protein containing SH3-domains) and Akr1. The proteins Rvs167, Hog1 (High 

osmolarity glycerol response), Vps73, Sla1 and Las17 have the greatest  participation 

percentages in the linear paths resulting in osmoregulation. Similarly the top proteins for 

cell wall remodeling and G1/S cell wall remodeling are Smi1, Slt2, Sac6, Rvs167, Cla4 

(Cln activity dependant) and Smi1, Sac6, Slt2, Cla4, Rvs167, respectively. Finally, the 

proteins Slt2, Abp1 (Actin binding protein), Bck1, Ysc84 and Rvs167 are involved in the 

linear paths leading to sporulation of the yeast cell with highest participation values among 

other known proteins in spore wall assembly pathway.  
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6. CONCLUSIONS AND RECOMMENDATIONS 

 

Comprehensive structural analyses of two recently reconstructed large-scale 

networks of EGFR and yeast signaling were performed via graph theoretical and pathway 

analysis techniques. From the topological properties of the networks observed, information 

about connectivity distribution of the signaling molecules, phenotype frequency, 

crosstalking pathways, specific molecules of the phenotypes and participation of molecules 

in the networks were obtained. 

 

6. 1. Conclusions 

 

- The undirected interaction graph of EGFR signaling network with 329 nodes 

(molecules) and 1795 edges (interactions between the molecules) shows a small-world 

characteristics having a network diameter of 11 and a mean path length of 4.7.  

 

- The connectivity distribution of the nodes follows nearly a power law with γ=1.86 

( ( ) γ−≈ kkP ) due to the scale-free nature of the EGFR signaling network. 

 

- From the shortest path lengths of the linear paths in EGFR network, the network 

diameter of the directed graph was obtained as 14 which is the maximum value of the 

shortest path lengths from the ligands through the phenotypes.  

 

- Observing approximately same number of linear paths with different maximum 

path lengths allows to conclude that apoptosis is the most frequent phenotype of the EGFR 

signaling network since it has a smaller path length than the other phenotypes. At the 

opposite case, cell cycle progression, tumorigenesis and mitogenesis are the least frequent 

phenotypes of the EGFR signaling network.  

 

- Investigation of the molecules involved in the linear paths from the ligands to the 

phenotypes showed that all pathways in EGFR network are crosstalking with each other 

via the cofactor GTP and the complex Gβ/Gγ since they are involved in more than 70 % of 

the linear paths through all phenotypes in the network. On the other hand a high crosstalk 
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was observed between pathways resulting with apoptosis and cell cycle progression; actin 

reorganization and target genes transcription; target genes transcription and tumorigenesis-

mitogenesis.  

 

- With the help of the linear paths the specific molecules of the phenotypes in the 

EGFR signaling were identified. The phenotype actin reorganization has no such specific 

molecule as its pathway shares its signaling molecules with other pathways by 

crosstalking. On the other hand six specific molecules were observed to be involved all 

linear paths through the phenotype tumorigenesis-mitogenesis. Any deficiency in these six 

molecules inhibits  the cell response of tumorigenesis and mitogenesis  (low  robustness). 

 

- The undirected protein-protein interaction  graph (1,388 nodes and 4,640 edges) of 

the signaling mechanisms in yeast (Saccharomyces cerevisiae) was analyzed using graph 

theory and a small world property was found with network diameter of 9 and mean path 

length of 6.81which are relatively small in the large scale signaling network. 

 

- The connectivity distribution of the nodes (proteins) can be modeled by a power 

law with γ=1.66 ( ( ) γ−≈ kkP ) showing the scale-free nature of the yeast signaling network. 

 

- From  the number of the linear paths (from the receptors to the transcription factors) 

with the same maximum path lengths, it was concluded  that the phenotype G1/S cell  wall 

remodeling is the most frequent phenotype having higher number of linear paths compared 

to other pheotypes. The opposite case is mating which is the least frequent phenotype with 

the smallest number of the linear paths. 

 

- An important conclusion about the network crosstalk in the signaling network of 

yeast is that there is a very high crosstalk among the phenotypes as the most of  the 

signaling proteins are shared among the linear paths through the phenoytpes. For instance, 

the proteins Rvs167 and Sla1 were observed to be involved in the linear paths leading to all 

phenotypes with high participation values. As another evidence to the high network 

crosstalk is that there is no specific proteins for three phenotypes, namely mating, cell wall 

remodeling and G1/S cell wall remodeling. 
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6.2. Recommendations 

 

This study aims to clarify the unknown topological features of the EGFR and yeast 

signaling networks. The results indicate the key points (crucial signaling molecules) in the 

signal transduction mechanisms. These may be considered as starting points for further  

researchs. 

 

- Graph theory is a useful guide for experimental studies on protein interactions. The 

hubs identified with graph theoretical calculation in the EGFR and yeast signaling 

networks are good targets for further experimental studies.  

 

- The six molecules that  have  roles in all linear  paths through  the  tumorigenesis 

and mitogenesis phenotypes should be investigated thoroughly in cancer studies since  

tumorigenesis is the production  of tumor and mitogenesis is the induction of mitosis. 

 

- On the other hand a protein with unknown function (YPR115W) is found to 

participate in filamentous invasive growth pathway in yeast signaling network. This result 

can be used as a starting point for defining the function of this protein. 
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