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Summary 

The functionality of the living cell is enabled due to an intricate network of biochemical, metabolic 

and information transporting processes. These processes are carried out by the different network 

systems that the cell's activity is comprised of, among which are the transcriptional regulatory 

network, the protein-protein interaction network and the metabolic network. To understand the 

functional design of these complex systems, it is worthwhile to refer to their abstract representation 

as graphs, where the interacting components, be them proteins, metabolites or genes, are designated 

as nodes, and the interactions between them – as edges. Once the graphical description has been 

established, the tools of graph theory can be utilized in order to analyze the networks and obtain a 

better understanding of their overall construction. This approach has led to several groundbreaking 

discoveries on the nature of networks, crossing fields of research from biology, to social science 

and technology. In this chapter we present the basic tools and concepts brought forth by the graph 

theoretic approach, and show their application to biological networks. We especially focus on the 

universal appearance of various features, such as small-world topologies, scale-free degree 

distributions and hierarchical and modular structures. These recurring patterns in the structure of the 

cellular networks are key to understanding their evolution, their design principles, and, most 

importantly, the way they function. 
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1 Overview 

From a conceptual point of view, the rise of systems biology can be described as the adoption of a 

broad-based perspective on biological systems. In that sense, the classical detailed biological 

analysis is complemented by a macroscopic description of the cell as a holistic unit [1-4]. This 

approach, aiming at a system level understanding of biology, mandates a crude simplification of 

biological processes. In this light, the graph theoretic approach to biological systems, focuses on the 

structural aspects of the interaction patterns, where the interacting species, be them genes, proteins 

or other biological components, are signified by nodes, and their interactions by the edges drawn 

between them. These network systems express the underlying architecture which enables the 

cellular functions to be carried out [5-9].   

Undoubtedly, the functionality of the cell cannot be attributed to just one network, but rather to a set 

of interdependent networks ranging from the level of transcription to the processes of metabolism. 

It is common to divide the cellular functions into three distinct networks - the transcriptional 

network, the protein interaction network and the metabolic network [2]. While we follow this 

division throughout this chapter, it should be acknowledged that the true functionality of the cellular 

unit is a result of the interdependence between these networks, and not merely the interactions in 

each of them alone. At the current state, the topology of these three fundamental cellular networks 

has been thoroughly mapped using high throughput techniques. As a result, we now have reliable 

data on the interaction maps of many organisms. Some examples are protein-protein interaction 

networks, which have been constructed for organisms such as Homo sapiens, Saccharomyces 

cerevisiae (S. cerevisiae) Helicobacter Pylori and others [10-20]. Regulatory and metabolic 

networks have also been successfully mapped for yeast, Escherichia coli (E. coli) and various other 

organisms [21-23]. However, we still lack data regarding other networks taking part in the cellular 

processes, such as sRNA and RNAi mediated networks, of which we know little about at this point.  
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2 Biological Systems as Graphs 

While the foundations of graph theory were laid out of a purely mathematical curiosity, its 

applicability as a tool for the characterization of complex systems has been appreciated since. The 

notion is that the behavior of complex systems arises from the coordinated actions of many 

interacting components. The network abstraction can then be used in order to reveal the underlying 

structure of these interactions. The interacting components are signified by a series of nodes, and 

the interactions between selected pairs of these nodes are represented by the links (or edges) drawn 

between them. This abstract description eliminates some of the details associated with the specific 

nature of the system at hand. However it allows one to utilize the well-established formalisms of 

graph theory, thus providing a powerful tool for the analysis and understanding of these complex 

systems. Moreover, this categorical representation applied to various systems provides the grounds 

for comparison between seemingly distinct networks. This process has proven highly beneficial, as 

one of the most important discoveries of recent years was that despite the diversity of cellular 

networks, several important universal properties are shared by them all [5].     

In some cases the network description of a cellular system is straightforward and natural. Consider, 

for instance, the set of physical binding reactions between pairs of proteins or between proteins and 

other molecules, such as nucleic acids or metabolites. Here it seems natural to use a node for the 

representation of each molecular type, and an edge to denote each potential binding reaction. 

However, in other cases, the network description is not unique, and may differ according to the 

motivation of the study. A simple example regards the transcriptional regulatory network. In this 

network the edges link between transcription factors and the genes that they regulate. Here the 

information flows from the regulating gene to the regulated one, so that the links are not 

symmetrical. The network is thus a directed network. Moreover, the relationship between a pair of 

interacting genes can be of an activating nature, or of an inhibitory nature. Thus two different types 

of directed edges exist, which can be denoted by positive versus negative, or graphically by → 

versus ―┤. Nevertheless, in many contexts, the directed nature of the interactions, or their sign, is 

not important, and it is sufficient to model the system using a regular undirected network. As a 
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more complicated system we refer to metabolic networks. These systems can be conceptualized as 

networks in many levels of abstraction. For instance, one can visualize the molecular substrates as 

nodes, and the reactions transforming substrates to products as links. In this case the links are 

attributed by the enzyme catalyzing the reaction, and the graph is directed. However, there are 

contexts in which it is sufficient to use a simpler description, where the enzymes are ignored, and 

the links are undirected. In this case the graph simply describes the interconnections between 

metabolites leaving out the detailed chemistry which underlies these connections.       

3 The Tools of Graph Theory 

In the basis of graph theory lays the insight that a complex system could be reduced into a series of 

abstract components tied together by a set of connections. The spark of this idea is commonly 

attributed to the eighteenth century mathematician, Leonhard Euler, who in 1735 used it to solve the 

problem of the Seven Bridges of Königsberg – a problem which back then boggled the minds of the 

Prussian town residents. To show that one cannot visit all of the city‟s islands, without crossing at 

least one of the city‟s seven bridges twice, Euler constructed an abstract map of the city, in which 

the islands are represented by nodes, and the bridges – by edges. In doing so, Euler mapped a 

realistic problem, in all of its complexities, into a clean abstract mathematical representation, which 

allowed him to focus strictly on the structural crux of the problem. However, this spark will remain 

dim, and only reemerge as an elaborate, formalized mathematical theory some two hundred years 

later, in the twentieth century, following the work of Paul Erdős and Alfréd Rényi. 

Erdős-Rényi – The Benchmark Network 

The most elementary network considered in graph theory, is the Erdős-Rényi random network, 

where each pair of nodes is connected with equal probability [24-26]. The properties of this 

prototypic network serve as a benchmark, to which we later compare the more realistic networks of 

cellular biology. To construct an Erdős-Rényi network, we consider a set of   nodes. For each of 

the          pairs of nodes in the network we assign an edge with probability  , typically 
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chosen such that    .  Simple as it may be, the Erdős-Rényi network features some surprising 

characteristics, commonly observed in many real world biological networks.  

Degrees and Degree Distribution 

To analyze the components of the network we introduce some elementary network measures. For 

concreteness, we use the Erdős-Rényi network to exemplify them. The most basic characteristic of a 

node is its degree,  , defined as the number of links it has to other nodes in the network. In the 

Erdős-Rényi graph, every node can potentially be linked with any of its     counterparts with 

independent probability  . The average degree will thus be              . The random 

nature of this network invokes some variability in the degree of the nodes, so that several nodes will 

have more links than the average, while other nodes will have less. This variability can be described 

by the degree distribution of the graph. Denoted by     , it is defined as the probability that a 

randomly selected node will have exactly   links. As we will see later in this chapter, the degree 

distribution is one of the most fundamental characteristics of a network, carrying crucial 

information about its evolution and formation process. In the Erdős-Rényi network      follows a 

Poisson distribution, which indicates that most nodes are characterized by roughly the same degree, 

the probability to encounter a node with a degree significantly different than     being vanishingly 

small. The average degree is thus the characteristic scale of the degree distribution. 

Location of Fig. 1 

In directed networks, we distinguish between the in-degree of a node, denoting the number of 

incoming links, and the out-degree, denoting the number of outgoing links. For instance, if gene   

regulates   other genes, it will have an out-degree of       , whereas if it is being regulated by   

other genes, its in-degree will be      . Accordingly, the degree distribution in such networks is 

split into the incoming distribution        and the outgoing distribution        . As an example 

consider node number four in Fig. 1, which in the undirected version of the graph (a) has a total 

degree of    , while in the directed version (b) it is characterized by       and       . 
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Network Paths and the Small World Phenomena 

A crucial feature of any biological network is its ability to maintain a flow of information, mass or 

energy, between all of its nodes. From the graph theoretical perspective this requirement translates 

into the existence of a network path connecting all (or most) of the nodes in the network. By 

network path we refer to a route leading from one node to another by passing solely over existing 

links (Fig. 1). Such a group of interconnected nodes constitutes a connected component, and if 

indeed a large fraction of the nodes in the graph can be reached from one another via these network 

paths, the graph is said to have a giant connected component. This seemingly remote feature, 

appears rather frequently, and does not require much high level organization for it to be observed. 

In fact, for an Erdős-Rényi graph, a giant component will emerge as long as      . Moreover, in 

the case where          , this giant component is likely to encompass almost all of the nodes 

in the network [6,27]. 

Networks impose a unique metric, by which the distance between nodes can be measured. Consider 

the network path between a pair of nodes. Its length is defined as the number of links it crosses. The 

length of the shortest path between a pair of nodes,   and  , is the network distance,    . In Fig. 

1(a) we display the shortest path between the nodes one and eight. The network distance between 

these two nodes is       . If no such path exists, then the pair of nodes cannot communicate with 

one another and their distance is set to be infinite. The distance between a pair of nodes 

parameterizes the potential to propagate information from one to the other, such that close nodes are 

more likely to affect one another than far away nodes. By averaging over all pairs of nodes in the 

network, one obtains the average path length of the network,    , which offers a measure of the 

network's overall connectivity. If the network includes infinite paths, namely has isolated 

components, the averaging is commonly carried out over the nodes belonging to the giant connected 

component. For an Erdős-Rényi network (as well as almost all other random networks) we find that 

the average path length is strikingly small, compared to the network size. To understand this we 

focus on the surrounding of a typical node in the network. It has     nearest neighbors, all at a 

distance of     from it; each of these neighbors has on average     neighbors of its own, so that 
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there are roughly      nodes at a distance of    . Following this logic we find that the number of 

nodes within a given distance from any typical node inflates exponentially, leading to a logarithmic 

dependence of the average path length on the network size,   [27] 

     
   

     
  (1) 

This simplified argument overlooks the possibility that some of the edges might be redundant, 

namely that some of the links emerging from nodes at a distance   might link to other nodes which 

are at the same distance. Still, for large   it captures the behavior of the network at the vicinity of a 

node, where the probability of linking to an already used node, creating a loop, is very small.  

In a directed network, network paths are commonly defined to propagate only in the direction of the 

edges. This way the paths reflect the flow of information between the nodes. The network distance 

between a pair of nodes is no longer symmetrical, as displayed in Fig. 1(b). The distance from node 

one to node eight in the directed network is        (as opposed to        in the undirected 

version). However no path exists in the opposite direction, rendering      to be infinite. 

Clustering Coefficient 

Certain networks show a tendency to form clusters of interconnected nodes [28]. In such networks 

if the nodes   and   are both connected to some other node,  , it is likely that there is also a direct 

link between   and   themselves. To quantify this we denote by   , the number of links connecting 

 's nearest neighbors to one another. This number can take values ranging from zero, in case that no 

such links exist, to            in case that all of the pairs among  's    nearest neighbors are 

connected. The clustering coefficient is thus defined as                , taking values which 

are between zero and unity [29-30]. For instance, the clustering of node four in Fig. 1 is    
   

   
 

   . Averaging over all the nodes in the network, one obtains the average clustering coefficient    . 
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For an Erdős-Rényi graph the probability of all pairs of nodes to be linked is uniform, regardless of 

whether they share a mutual neighbor or not. The average clustering coefficient is thus        , 

which, for a sparse graph, is typically very small. 

4 Successes and Failures of the Erdős-Rényi Model  

Biological Small Worlds 

The Erdős-Rényi network model is greatly oversimplified, and thus overlooks many important 

features observed in real biological networks. Nevertheless, this model does prove successful in 

predicting the overall connectivity observed is practically all analyzed biological network. These 

networks all feature a giant connected component, such that almost all pairs of nodes are connected 

by finite network paths. Moreover, the average path length is found to be consistent with Eq. (1), so 

that the interacting nodes in the network are typically just a few steps away from one another, 

meaning that cellular networks, like many other networks in nature, feature the small world effect. 

For instance, in metabolism, it was found that most pairs of metabolites can be linked by paths, 

averaging approximately three edges by length. These extremely short average path lengths are not 

unique to any specific species. They were found in as many as forty three different species, ranging 

from the evolutionary reduced metabolic network of parasitic bacterium to the highly developed 

networks of large multicellular organisms [31]. Similar, albeit less dramatic, results apply for 

protein and genetic interaction networks, were the average path length ranges from about four to 

eight [32-33]. 

Deviations from the Erdős-Rényi Model 

In most cellular networks a tendency to form cliques is observed, where the neighbors of one node 

tend to be themselves connected. Thus the average clustering coefficient,    , of most cellular 

networks is significantly larger than that of an equivalent Erdős-Rényi network. By an equivalent 

network, we refer to an Erdős-Rényi network with the same size and average degree. For instance, 



Page 11 of 45 

 

protein-protein interaction networks feature a clustering coefficient which is typically about an 

order of magnitude higher than that observed in their randomly rewired equivalents [32]. Similar 

findings characterize metabolic networks as well [34-35]. 

The emergence of high clustering provides the first hint towards the recognition that the Erdős-

Rényi model cannot account for the topological properties of realistic networks. However, the most 

significant indication in that direction comes from the degree distributions observed in actual 

networks. In contrast to the Poisson degree distribution, which is the fingerprint of the Erdős-Rényi 

graph, cellular networks consistently follow a power-law degree distribution [2,5,31,36-45], 

predicting that the probability for a randomly chosen node to have exactly   links is given by  

           (2) 

where   takes values, which are typically between two and three. This finding has profound 

implications on the architecture of biological networks, as well as on their evolution and their 

functionality. We discuss these implications in the next section. 

5 Scale-Free Nature of Cellular Networks  

As the structure of cellular networks was elucidated, it became evident that their topology does not 

obey the typical narrow distribution observed for many other quantities in nature. Instead of the 

commonly found Poisson, Gaussian and exponential distributions, cellular networks feature a 

power-law degree distribution. The first evidence for this came from metabolic networks, where we 

take the nodes to represent the metabolites, and the directed links to represent the enzyme-catalyzed 

chemical reactions between them. The analysis of metabolic networks from as many as forty three 

different organisms revealed that they are all characterized by a power-law degree distribution [31]. 

Similar findings followed from the study of protein-protein interaction networks [32], and 
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transcriptional regulatory networks [38,44].  

The Scale-Free Property 

In contrast with the Poisson (and other narrow) distributions, the power-law distribution is not 

concentrated around its mean. Networks characterized by such a degree distribution are thus highly 

non-uniform - most of the nodes have only a few links, whereas a few nodes have a 

disproportionately large number of links. These highly connected nodes, often called hubs, are the 

glue that binds the majority of low degree nodes together. The presence of these hubs, which is 

strictly banned in narrow degree distributions, is observed in practically all the analyzed cellular 

networks, ranging from the ultra-reactive pyruvate and coenzyme A in metabolic networks, to the 

insulin receptor in protein-protein interaction networks [2,5]. This can be seen in Fig. 2(a), where 

we display the protein-protein interaction network of S. cerevisiae. In this representation the node 

size is proportional to its degree, so that the clearly visible variability in the node sizes illustrates the 

heterogeneity in their degrees. While most proteins participate in one, two or three interactions, a 

few hubs participate in well above ten, and the degree of some even exceeds a hundred.  

Location of Fig. 2 

These highly heterogeneous topologies differ essentially from the classical Erdős-Rényi networks, 

in that they do not have a typical node. In an Erdős-Rényi network, the degrees of most nodes are in 

the vicinity of the average degree. The scarcity of nodes with any given degree can be estimated by 

comparing with the average degree of the network. In that sense the average degree provides a 

characteristic scale by which the rest of the nodes should be measured. In contrast, a power-law 

degree distribution, of the form of Eq. (2), allows for the coexistence of nodes with an extremely 

broad range of degrees, freeing the network of any typical scale. The cellular networks are thus 

scale-free (SF) networks [36]. Graphically, the power-law degree distribution forms a straight line 

when plotted on logarithmic axes, with the slope providing the scaling exponent,   [Fig. 3]. This 

yields an intuitive illustration for the concept of the SF topology. It shows, graphically, that one 
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cannot assign a typical scaling, since the graph duplicates itself regardless of the scaling used in the 

horizontal axis (denoting the degrees). 

Of particular significance in the characterization of the degree distribution is the value of the scaling 

exponent,  . The broadness of the distribution becomes larger as the value of   becomes smaller. 

This means that smaller   values characterize more degree heterogeneous networks. More 

specifically, Eq. (2) features three different regimes as the value of   is changed. To observe this we 

consider the value of the  th moment,     , of the distribution, given by          . Note that for 

an infinite network, where   ranges from zero to infinity, this integral diverges if        . For 

    the divergence is observed already at the level of the first moment. In such cases, the 

distribution is so broad, that the average is undefined. In practice, when the network is finite, this 

will take form in a topology where almost all the nodes have degrees significantly lower than the 

average, and a small minority of nodes will have such a high degree, that they connect directly to a 

significant fraction of the nodes in the network, namely their degree is of order  . For       

(typical of most cellular networks) the distribution has a finite average, but the second moment 

diverges. This means that the variance,             , becomes undefined, capturing the high 

variability of the distribution. These mathematical pathologies are removed once    , as when the 

scaling exponent is above this threshold, for many practical purposes, the scale-free nature of the 

distribution is no longer relevant. These three regimes are also expressed in the average path length 

of the network, as we discuss in more detail below.    

Location of Fig. 3 

Network Integrity and the Role of Hubs 

The SF topology allows for a disproportionate number of highly connected nodes. These nodes play 

a crucial role in the structural integration of the network. To understand this we consider the 

majority of nodes in the network, which have only a few links. They are all likely to be connected 

to the hubs by very short paths (of one or two edges). In addition, any selected pair of hubs is also 
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likely to be very close to one another, due to the large number of links that they have. The result is 

that in SF networks the path between nodes becomes even shorter than in Erdős-Rényi networks, 

the hubs playing the role of network shortcuts [46-48]. In fact, in a SF network, where the scaling 

exponent is       the average path length satisfies          , adding an additional 

logarithmic correction to the average path length characteristic of Erdős-Rényi networks [Eq. (1)]. 

For     it is found that              , and for     the result is like that of the Erdős-Rényi 

network. Cellular networks, for which the scaling exponent is usually between two and three, are 

thus ultra-small worlds [49]. 

The analysis above, regarding the importance of the hubs as the structural backbone of SF 

networks, has some surprising implications on the robustness of cellular networks to random 

perturbations. Our intuition leads us to view complex systems as highly intricate structures, which 

depend strongly on the proper functionality of all of their components. When a significant fraction 

of their nodes fail, these systems are expected to become dysfunctional. In contrast, biological 

networks prove to be astoundingly resilient against component failure [50-54]. From the topological 

perspective this can be attributed to their SF topology, and its hub-based backbone. Scale-free 

networks have been shown to maintain their structural integrity even under the deletion of as many 

as     of their nodes. The remaining     will still form a connected component [55-57]. This is 

while in an Erdős-Rényi network the removal of nodes beyond a certain fraction, inevitably results 

in the network disintegrating into small isolated components [27]. The source of this topological 

resilience of SF networks is rooted in their inherent non-uniformity. The vast majority of nodes in 

SF networks has merely one or two links, playing a marginal role in maintaining the integrity of the 

network. Most random failures will occur on these unimportant nodes, and thus will not 

significantly disrupt the network's functionality. The relative scarceness of the hubs, and, on the 

other hand, their central role in maintaining the network's structural integrity, ensures that random 

failures will rarely break down the network.   

The robustness of cellular networks, which relies strongly on the hub nodes, is, however, a double-

edged sword. While allowing the networks to withstand a large number of random failures, it makes 
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it extremely vulnerable to intentional interventions. The removal of just a small number of key hubs 

will cause the SF network to break down into isolated dysfunctional clusters [56-57]. Supporting 

evidence for this comes from the small number of lethal genes found in many organisms, and, on 

the other hand, by the relatively large number of hubs found among these genes [39,41,58-65].   

The Origins of the Scale-Free Topology 

The SF topology is found to be a universal feature of many real networks, both in the context of 

biology and in social and technological systems [5]. This ubiquitous topological feature not only 

characterizes the architecture of a given network, but also serves as an indicator for its formation 

process. This idea is captured by the Barabási-Albert model, which attributes the emergence of a SF 

topology to the presence of two fundamental formation processes: network growth and preferential 

attachment [36]. By growth we refer to the fact that networks are not static. They evolve in time by 

constantly adding new nodes and new links. By preferential attachment we state that nodes are more 

likely to link to already highly connected nodes. For a more accurate definition, consider an 

evolving network, where at each time-step, a single new node is introduced, drawing   new links to 

any of the existing nodes. According to the preferential attachment mechanism the new node will 

choose to connect to the existing node,  , with a probability proportional to  's current degree, 

namely 

      
  

    
  (3) 

where the sum in the denominator is over all nodes in the current state of the network. These two 

processes, growth and preferential attachment, give rise to the observed power-law degree 

distributions. It can be shown that any one of these processes alone is insufficient and does not yield 

the desired SF topology. Network growth is required, as otherwise the network reaches saturation, 

and the degree distribution becomes nearly Gaussian. The preferential attachment mechanism is 
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needed to support the formation of hubs [36]. By this mechanism, if a node has many links, it is 

more likely to acquire new links, creating a state where the rich get richer. The result is that the 

more connected nodes gain new links at a higher rate, and eventually emerge as hubs. Eliminating 

the preferential attachment mechanism leads to an exponential distribution,  much less broad than a 

power-law.  

Preferential Attachment in Biological Networks 

The realization of the Barabási-Albert model in the formation of cellular networks is rooted in the 

process of gene duplication [66-71]. This process is clearly responsible for network growth, as 

duplicated genes produce duplicate proteins, and thus introduce new nodes into the network. The 

more delicate point is that gene duplication also adheres to the rules of preferential attachment. To 

understand this, consider an interaction network which grows via node duplication. At each time 

step, a random node is chosen, say  , and an identical node,   , is created. This newly created 

duplicate node will have exactly the same interactions as the original node. This means that each of 

 's nearest neighbors will receive a new edge. Therefore the distribution of new links in the network 

is biased towards the more connected nodes. Indeed, a node with many nearest neighbors is more 

likely to have one of its neighbors chosen for duplication. In fact, for a given node with degree  , 

the probability for a randomly chosen node to be linked to it is directly proportional to  . Thus its 

probability to gain a link in the growth process is also proportional to  , consistently with Eq. (3). 

One of the predictions of the Barabási-Albert model is that nodes can become well connected by 

virtue of being older. A node that was introduced early in the history of the network will have more 

time to accumulate links, and, by the rich get richer mechanism, enhance its chances of becoming a 

hub [36]. In metabolic networks, we find that the hubs do, indeed, tend to be older. Some examples 

are coenzyme A, NAD and GTP, remnants of the RNA world, which are among the most connected 

substrates of the metabolic network [34]. Similar findings rise from the analysis of protein-protein 

interaction networks, where, on average, the evolutionary ancient proteins are characterized by 

higher degrees [72-73]. This offers direct empirical evidence to the preferential attachment 
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hypothesis. 

6 Hierarchy and Modularity 

The ability of complex systems to properly function and carry out vital tasks requires the 

cooperation of many independent components. In many artificial networks this is commonly 

achieved by relying on a hierarchical design. The network is layered, and nodes at one level 

orchestrate the behavior of their subordinates, belonging to a level below. In that sense we tend to 

picture network hierarchy as related to a tree-like topology. However, the idea of having distinct 

hierarchical layers of nodes stands in sharp contrast with the scale-free nature of the cellular 

networks. The presence of hubs, which directly connect to a large fraction of the nodes in the 

network, will inevitably break down the layered topology. We thus have to adopt a different notion 

of hierarchy to account for the functional design of biological networks.  

The conceptual idea is that the functionality of these elaborate networks can be broken into distinct, 

relatively isolated tasks [35,74-78]. From a structural point of view, this will be expressed in 

networks that are composed of highly interconnected sub-graphs, or modules. The hierarchical 

disposition of a given node can be characterized by the number of such sub-graphs to which it 

belongs. This way, a node which is placed low in the hierarchy will participate in just one 

functional task, and thus belong to just one module. Higher in the hierarchy we find nodes that 

bridge between two or three different modules. Eventually, at the highest level of the hierarchy will 

reside the hubs, which do not belong to any specific sub-graph, but rather connect many sub-graphs, 

that will otherwise be isolated. The quantifiable fingerprint of such a hierarchical design can be 

found in     , which describes the dependence of the clustering coefficient on the degree 

[35,45,79-80]. Low degree nodes will tend to belong to a specific module, and thus feature a high 

clustering coefficient – indeed, almost all their neighbors will themselves be part of the same 

module. The hubs, on the other hand, will be connected to many nodes from different modules, and 

accordingly will tend to have a low clustering coefficient.  
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The analysis of cellular networks shows clear evidence of hierarchical topology. The dependence of 

the clustering coefficient on the degree features a power-law scaling,         . This has been 

observed for metabolic networks [35], protein-protein interaction networks [32] and regulatory 

networks, with   taking values, typically between one and two. 

Party vs. Date Hubs 

We have already acknowledged the crucial role that the hubs play in the integration of the network. 

In the above discussion we further emphasized their importance when the network has modular 

structure, as the mediators between separate modules. In this context, an interesting distinction 

between two types of hubs has been proposed [81]. The first type, named party hubs, corresponds to 

our usual perception of hubs – nodes that interact with many other nodes simultaneously. The 

second type, date hubs, bind to their partners at different times or at different cellular locations. 

While the party hubs tend to interact within a module, it is the date hubs which typically connect 

between separate modules. So that it is mainly the latter that serve as the integrators of the network. 

In the analysis of the yeast protein-protein interaction network these two types of hubs were, 

indeed, identified [81]. When the date hubs were systematically removed, the network split into 

small disconnected modules. In contrast, the removal of party hubs, while diluting the modules 

themselves, harmed the overall integrity of the network to a much lesser extent.   

7 Degree Correlations 

It is commonly observed in networks that similar nodes tend to connect to one another. This feature, 

termed assortative mixing, can be related to any characteristic of a node, and in particular to the 

node‟s degree. For instance, in social networks individuals with many friends tend to link to others 

who too have a high degree. However, as shown in Fig. 2(b), in the featured protein-protein 

interaction network the opposite is true: the network is disassortative, which means that the hubs 

tend to avoid each other, leading to a network where highly connected nodes are surrounded by low 

degree nodes [82]. This disassortativity is observed in most biological networks, including the 
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metabolic and regulatory networks, and is, in fact, a property shared by technological networks, 

such as the power grid or the Internet [83-84].   

To classify a network as assortative or disassortative we first need to define our expectations of a 

neutral network. What we are aiming at, is to characterize the expected correlations between the 

degrees of nearest neighbors in the absence of any assortative bias. To do this we consider the 

random selection of an edge in the network, and calculate the probability that at one of its ends 

resides a node with degree of   and at the other a node with a degree of   . Let us first calculate the 

probability for the first node, namely we are seeking the probability to find a node with   links at 

the end of a randomly selected edge. This is essentially different than the direct selection of a 

random node, since it gives an advantage to nodes with a higher degree. The reason is simply 

because such nodes have a larger number of edges to which they are attached. For instance, to reach 

a node with a single edge through this procedure, one must pinpoint the one edge leading to it. On 

the other hand there are   potential edges through which a   degree node can be reached, making 

this outcome   times more likely. Thus the desired probability is proportional to the abundance of   

degree nodes, as well as to the degree itself, namely it is             , where the denominator is 

used as a normalization constant. In a neutral network, the degree distribution of the nodes that lay 

at the other end of the selected edge is independent of   . Thus, in the absence of degree 

correlations, the probability that a randomly selected edge links between two nodes with a degree of 

  and    is simply     
         . To evaluate the assortativity of the network we compare the 

observed probability      to     
   . For an assortative network, the observed probability will show a 

positive bias along the diagonal, where the value of   is close to that of   . Disassortativity will be 

expressed as a negative bias along the diagonal, and a tendency to have more links where     .  

Another, more compact description, of the degree correlations can be viewed by observing the 

average degree of a node‟s nearest neighbors. We denote this average by    . We then average over 

all nodes with a given degree,  , to obtain       , namely the average degree of the neighbors 

surrounding a typical node with   links. In a neutral network,     should not depend on  , but if 

degree correlations are present, they will be expressed in a monotonic increase or decrease in 
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      . In the protein-protein interaction network displayed in Fig. 2, this dependency is clearly 

visible – the average degree of the hub‟s nearest neighbors are between one and two, and yet the 

low degree nodes are almost all connected to the hubs, so that for them     is much greater. Indeed 

the analysis shows that for this network           , where        [85]. 

One can obtain an even more compact parameterization for a network‟s assortativity, by referring to 

the Pearson-correlation coefficient measured between the degrees of pairs of connected nodes. This 

can be explicitly done by extracting the correlation coefficient for   and    from the distribution 

given by     . The result is [83]  

    
             

  
  (4) 

where    is the variance obtained from the distribution   . The parameter   takes values between  , 

for a perfectly assortative network, and   , when the network is perfectly disassortative. For the 

yeast protein-protein interaction network, shown in Fig. 2(a), it measures          , confirming 

that the network is, indeed, disassortative.  

It remains unclear what is the mechanism responsible for the disassortative nature of biological 

networks. It cannot be accounted for by the Barabási-Albert mechanism, which does not yield any 

degree correlations [83]. From a functional point of view, it highlights the modular structure of 

biological networks, possibly strengthening even further the central role of the hubs. It was also 

shown that disassortativity harms the resilience of the network, and makes it more vulnerable to the 

intentional removal of hubs, since in such networks, the majority of low degree nodes are connected 

solely to the hubs. On the other hand, disassortativity has a positive contribution to the integrity of 

the network when it is not under attack, as typically a disassortative network will feature a larger 

giant connected component than an assortative or a neutral one [83]. This once again emphasizes 

the resilience of cellular networks against random failure, compared to their vulnerability against 
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selected node removal.  

8 Human Disease Network 

The applications of graph theory to systems biology can go beyond the mapping of the concrete 

network systems found within the cell. Graphs could also be used as a means of organizing 

biological information in a way that could potentially spark new insights. An innovative example is 

provided by the network approach to the study of human diseases [86]. In this approach two 

networks are constructed.  The first network is the human disease network. In this network the 

nodes represent genetic disorders, and the edges link disorders which are associated with mutations 

in the same gene. The second network is the disease gene network. Here the nodes represent genes, 

and the edges link genes which are associated with the same disorder. Both networks are found to 

be highly clustered, showing that diseases, as well as disease genes, tend to divide into modules, or 

families, of related disorders. In the disease gene network genes that contribute to the same disorder 

tend to be correlated in many other ways as well. They have an increased tendency to be expressed 

together in specific tissues, they typically display high coexpression levels, and, in many cases, they 

share common cellular and functional characteristics, as annotated in the Gene Ontology [86]. This 

network is also in close relation with the protein-protein interaction network, as disease related 

genes are very likely to have their products interact together through physical binding. A surprising 

feature that this analysis reveals is the distinction between lethal genes and disease genes. In many 

cases, the products of lethal genes are highly connected nodes in the protein interaction network 

[41]. This emphasizes the importance of the hubs for the proper function of the network. In contrast, 

disease genes tend to avoid the hubs, and the vast majority of them are nonessential. It has been 

suggested that this is driven by natural selection, enabling the proliferation of mutations only if they 

harmed non vital genes [86]. Confirming evidence comes from the fact that somatic mutations, 

which do not harm the organism‟s reproduction, are indeed more frequently related to hub genes. In 

a broader perspective, this network approach to human diseases offers a tool for the understanding 

of general patters in genetic disorders, and could potentially reveal connections which are not 

apparent in the study of individual disorders [87-91]. 
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9 The Building Blocks of Cellular Networks 

In the previous section we discussed the macroscopic aspects of the hierarchical topology. We have 

shown that the hierarchy in cellular networks is closely intertwined with their modular structure. 

Indeed, from a functional point of view, biology is full of examples of modularity, where a distinct 

group of proteins, genes or metabolites is responsible for the execution of some basic biological 

operations. Topologically, as discussed earlier, this is expressed in the emergence of various sub-

graphs composed of highly interlinked groups of nodes. The high clustering typical of cellular 

networks provides the quantitative evidence for this modular network structure. In this section we 

focus on the typical recurring structures of these sub-graphs, and their meaning. In a sense, we are 

lowering the altitude of the bird's eye perspective by which we viewed the networks until now, 

going from the macroscopic analysis, to a more focused look at the building blocks of our complex 

systems.  

Sub-graphs and Motifs 

In order to conduct a fruitful analysis of network modules, we need first to develop a scheme by 

which we can identify what are meaningful modules. For instance, consider a tetrahedral sub-graph, 

which is a fully connected set of four nodes as shown in Fig. 4(a). We can evaluate the abundance 

of this sub-graph in our network, but this will not be sufficient in order to tag it as a significant 

functional module. The randomness in the network topology makes it probable that such a module 

is due to appear in the network by chance. We thus consider a certain module to be a significant 

motif if is overrepresented in that network, that is more abundant that expected by chance alone [92-

93]. The idea is that if the network has the tendency to over represent a certain module, there must 

be an evolutionary or functional need for it. Since natural selection discriminates on the basis of 

functional criteria, it will be these motifs that are likely to be capable of carrying important 

biological functions. 
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Randomized Networks  

As we stated above, for a certain module to qualify as a motif, it must be more abundant then 

expected by chance. However, we have not accurately defined what we mean by this criterion. It 

might, at first glance, seem intuitive to use the Erdős-Rényi networks as the grounds for 

comparison. However a more careful look shows that this is not sufficient. The reason is that the 

expected frequency of a given sub-graph is dictated by the degree distribution of the graph as a 

whole. Consider, for instance, the tetrahedral module discussed above. This module consists of four 

nodes and six links. In order for such a module to emerge, first we need to have a node with a 

degree of at least three. Then there must be at least three additional links among this node's nearest 

neighbors. The likelihood of the first condition is dictated by     , and the likelihood of the second 

is determined by     . In the broader sense what this means is that the macroscopic features of the 

network, given by      and     , are in close relations with the detailed structure of its modules. 

In the context of the current discussion, it states that the abundance of a given sub-graph is not 

independent of     . Thus, in order to deem a certain module as overrepresented in a particular 

network, we must compare its abundance to that of a randomized network with the same degree 

distribution [94]. Such a randomized network can be constructed by randomly rewiring all the links 

in the original network, preserving each node‟s degree, and hence     , but deleting fine structure, 

such as the recurrence of motifs.  

Auto-Regulation and the Feed-Forward Loop 

We now briefly discuss two noted examples of highly recurring motifs found in transcriptional 

regulatory networks. The first motif is the negative auto-regulator, which is one of the simplest and 

most abundant network motifs found in E. coli [95-96]. It includes a single transcription factor, 

which represses its own transcription. Graphically, this motif, shown in Fig. 4(b), is simply a single 

node loop. It was shown to have two important functions. The first function is response 

acceleration. Compared to alternative regulating processes, such as protein degradation, the process 

of auto-regulation allows for a faster response to signals. This was shown both theoretically and 
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experimentally by employing synthetic gene circuits in E. coli [97].  The second advantage is that 

the motif increases the stability of the gene product concentration against stochastic noise. It thus 

reduces the variations in protein levels between different cells [98-99].  

Another motif frequently encountered in regulatory networks, is the feed-forward loop [100]. This 

motif consists of three nodes,  ,   and  , where   is directly linked to both   and  , and in addition 

  is also directly linked to   [see Fig. 4(c)-(d)]. The direct links can symbolize the activation or the 

inhibition of the target gene, or any combination thereof. Thus eight different versions of this motif 

can be constructed, each with a different biological function [101]. To demonstrate the functional 

importance of this motif, we focus below on two different versions of the motif. The first is a 

coherent feed-forward loop, observed in the arabinose utilization and in the flagella systems of E. 

coli [102-103], and the second is an incoherent feed-forward loop, which appears in the galactose 

system of E. coli [104]. 

Location of Fig. 4 

In the coherent feed-forward loop, all the directed links represent the process of activation. Thus the 

gene   activates both genes   and  , and yet gene   itself activates   once again. This might seem 

redundant, but can be shown to have important functional implications. Consider the case where the 

target gene,  , can only be activated if it receives a signal from both   and  . Using a computational 

analogy, we say that it serves as an AND gate, as it yields a positive output only when both of its 

inputs are positive. The motif will feature a time lag from when   is activated to when   responds. 

This is because   will be activated only after a sufficient concentration of    products have been 

produced. The result is that short sporadic expressions of the   gene will die off before   is ever 

activated. This motif, thus, functions as a filter, ignoring stochastic short-term perturbations, and 

responding only to persistent ones. The complementary feature rises when the target gene serves as 

an OR gate. In this case,   is activated by either   or  . Here the delayed response will appear if   

suddenly seizes to be expressed, in which case   will still remain active for some time, as long as a 

sufficient abundance of  's product persists. Thus the stability of  's expression in ensured against 
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sudden short term drops is the production of  . This type of behavior is observed in the flagella 

system in E. coli, where a persistent activation of the flagella is maintained, even under transient 

loss of the input signal [105]. 

A surprising, but nevertheless prevalent, version of the feed-forward motif is the incoherent feed-

forward loop. Here while   activates both   and  , the link between   and   is inhibitory. This 

seemingly contradictory wiring leads to an interesting functional feature. Consider a sudden 

activation of the gene  , due to, say, an external signal. As a result both   and   will be activated 

too. For a short time after  's activation, the expression levels of   will be constantly rising, due to 

its activation by  . However, after a sufficient amount of   products have been produced, the 

expression of   will be suppressed, due to its inhibition by  . This version of the motif, thus, 

translates a persistent signal induced by   into a spike of activation of the target gene,  .   

10  Going Beyond Topology 

Despite its success, the purely topological approach possesses inherent limitations in the race for 

understanding cellular networks. In focusing on topology alone, we have neglected the fact that not 

all edges are created equal. In practice the dynamical functionality of a complex network is 

probably affected not just by the binary pattern of who is connected to whom, but also by the nature 

of this connection and by its strength. Indeed, in a realistic biological network, several reactions are 

more dominant than others – a feature that is overlooked by topology based analyses. To obtain a 

more effective description we assign different weights to the edges, based on the intensity of the 

interaction [106-107]. This gives rise to weighted networks, where the link between a pair of nodes 

 ,  , is no longer represented by the discrete state of present versus absent, but by a continuous 

number,    , evaluating its importance. 

Assigning the Weights 

In metabolic networks, the most natural measure for the weight of a given reaction is its flux, 
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namely the rate by which a substrate is being converted to its product. The flux-balance approach 

has proven to be very successful in retrieving these fluxes [108-109]. In this approach one writes a 

set of equations for the metabolic fluxes, based on the assumption that all the metabolic reactions 

are balanced, that is to say that the concentrations of the reactants are at a steady state. This amounts 

to a set of linear algebraic equations for the fluxes. Typically these equations are underdetermined, 

as they include more variables than equations. To further narrow the solution space one imposes 

biological and chemical constraints. These constraints may emerge from experimental data, for 

instance, if some of the fluxes can be directly measured. Other constraints may be thermodynamic 

in nature, for instance, if a certain reaction is known to be irreversible because the product has a 

much lower free energy than the substrates. Finally, after characterizing the diminished solution 

space to which the fluxes are constrained, the specific solution is chosen to be the one that 

optimizes the predefined biological function (e.g. maximal growth rate). For more detailed 

information regarding flux-balance methods see Chapter 15. 

In transcriptional regulatory networks one can rely on microarray datasets to express the strength of 

a connection between a pair of genes. The coexpression of a pair of genes can be evaluated by 

measuring the correlations in their expression patterns. Alternatively, one can search for local 

similarities in the perturbed transcriptome profile of the genes, and use that to infer the network 

connections and their weights [110-111].  

Characterizing the Weighted Topology 

Metabolic flux balance analysis has been applied to the metabolic network of E. coli, and the 

complete weighted network has been obtained. Similarly to the topological findings, the weighted 

reactions were found to display strikingly high variability [112]. The reaction weights, based on the 

calculated fluxes, range over several orders of magnitude. The weight distribution, just like the 

degree distribution, follows a power-law,         , which, for E. coli, has a scaling exponent of 

     . While the specific fluxes for the different reactions depend on the environmental 

conditions, the aggregate behavior, captured by the weight distribution, remains unchanged under 
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various environmental conditions. The fact that     emphasizes the broadness of the observed 

weight distribution, as, mathematically, the mean value obtained for such a distribution diverges. In 

practice, one finds that almost all fluxes are below the average, and a few fluxes measure orders of 

magnitude above it, dominating the dynamics of the system. This provides an interesting illustration 

for the biochemical activity of metabolism. It suggests that under any given conditions metabolism 

is dominated by a small set of highly active reactions, embedded in a background of mostly dim 

chemical activity. A similar pattern of a highly uneven load distribution occurs in the regulatory 

network of S. cerevisiae. Also there most genes have weak correlations, while a few pairs show 

quite significant correlation coefficients [113].  

Topology Correlated Weights 

The connectedness of a node, characterized topologically, is captured by its degree. The weighted 

network analog is the node‟s strength. The strength is defined as the sum of all weights assigned to 

the node‟s set of links, namely         , where the absence of a link between a pair of nodes is 

denoted by setting the corresponding weight to zero. To characterize the relationship between the 

network topology and the link weights, we measure the dependence of the strength on the node 

degrees, namely     . This function typically takes the form of          where a linear 

dependence, namely    , reflects the absence of such degree-strength correlations, meaning that 

the weights are evenly distributed among the edges, so that a node acquires more strength simply 

because it has more links. However, in real systems it is commonly observed that    . This 

implies that nodes with a higher degree tend to also have links with higher weight. This feature was 

explicitly observed in the E. coli metabolic network [114], where it was found that highly weighted 

links favored highly connected nodes. For each pair of connected nodes the weight,    , is 

measured via flux balance analysis, finding that it features a power-law dependence on the degrees 

of the two linked nodes, i.e.             
 

, with      . 

Location of Fig. 5  
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Controllability 

The functional state of a cellular network at any given time can be characterized by the 

concentrations of the reacting molecules – be them proteins, metabolites or any other bio-

molecules. This defines a vast state space that the network could explore. However, there are cases, 

where some parts of this vast state space are restricted due to the dynamics of the network. For 

instance, consider the simple case of just two interacting metabolites,   and  , in which   produces  

 , namely    . The state of this system is described by a point in the two dimensional space 

given by             , where       is the concentration of      . However, by assigning a certain 

value for   , the result for    becomes predetermined via  „s production by  . The system is, thus, 

confined to a small sub-space of the complete two dimensional state space. If one wished to steer 

the system to any desired state, the node   must be explicitly driven by an external input. We say 

[115-116] that this system can be controlled (that is manipulated into any desired state), with a 

single driver node,  . In general if we wish to control a complex network, we first need to identify 

the set of driver nodes that, if driven by different signals, can offer full control over the network. 

We are particularly interested in identifying the minimum number of driver nodes, whose control is 

sufficient to fully control the system‟s dynamics [117]. An illustration for simple three node 

networks is shown in Fig. 5.  

Applying the above concepts to transcriptional regulatory networks reveals that they are typically 

difficult to control. This is expressed by their relatively large number of driver node. As an 

example, for a typical transcriptional regulatory network, approximately     of the nodes are 

driver nodes, indicating that in order to steer these networks, the majority of the nodes have to be 

explicitly controlled [117]. A higher extent of controllability is observed for metabolic networks, 

where the fraction of driver nodes is typically around one third. From a topological point of view, 

dense and homogeneous networks are relatively easy to control, while sparse and inhomogeneous 

ones are hard to control. This implies that the degree distribution plays an important role in 

determining the controllability of a network. More specifically, scale-free networks, which are 

highly non-regular, will feature a large number of driver nodes, and thus be difficult to control. 
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Interestingly, controllability is not governed by the hubs, as the drives nodes tend to avoid the high 

degree nodes.  

The results presented above might seem to defy out intuitive perception of biological networks as 

systems which are expected to be firmly controlled. However, when examined once again, they 

might offer some deeper insight on the nature of control in biological systems. The fact that there 

are many driver nodes, and that they are typically the less central nodes in the network, is an 

expression of the highly constrained nature of these networks. It shows that the cellular networks, 

are not free to explore the entire state space, but are rather confined to a restricted area of this space. 

Thus the only way in which these networks can be driven into a predefined final state is by 

explicitly driving almost each one of their nodes by an external signal. Especially the low degree 

nodes, whose state is otherwise governed by the hubs. In a sense, one can interpret these results as 

the strategy of cellular networks to circumvent external control, and maintain their function, even if 

a large number of nodes is being influenced.      

Differential Networks 

A given network topology may give rise to a variety of dynamical behaviors under different 

dynamical rules or environmental conditions. External stimuli may trigger the activity of different 

parts of the network, further impacting its dynamical functionality. However, a much broader range 

of dynamical behaviors could be achieved under the rule of a non-static topology, where the 

structure of the network itself can react to environmental changes and external stimuli. Recently, it 

has been found that cellular networks indeed take advantage of this source of dynamical diversity, 

altering the architecture of the network itself under different conditions or biological states, such as 

tissue type, disease state or the surrounding environment [118].   

11 From Structure to Dynamics 

The path taken throughout this chapter outlines, in some sense, the approach of network biology 
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towards its future challenges. The chapter begins by describing the network representation of 

cellular systems, examining their topological properties. We then follow with a discussion regarding 

motifs, weighted networks and controllability, which addresses the dynamics and function of these 

networks. In this spirit, we end this chapter, with what is probably the most pressing challenge of 

this area of research – the bridging between structure and dynamics. We are currently at a stage 

where the topological aspects of cellular networks have been thoroughly elucidated, and their 

evolutionary origins fairly understood. However, we still lack a complete theory, which could 

interpret the topological findings into a set of dynamical predictions, from which the actual 

functionality of the networks could be inferred [5]. Below we stress, in a very broad fashion, the 

strategic path that could meet this challenge [119-120]. 

The most fundamental question we must address is whether the gap between structure and 

dynamical behavior could at all be bridged. We need to take into account, that the topology is one 

actor in a highly detailed cast of network characteristics. In the most detailed description of these 

cellular systems, all the interactions can take on different reaction processes, and different strengths. 

By reaction processes we refer to the types of the interactions, e.g. chemical, regulatory, etc., and by 

strengths we mean that similar processes may occur at different rates. So while structurally, we 

denote all the various interactions by network links, one should ask: is the process of genetic 

regulation really comparable to that of physical binding? Is it guaranteed that two structurally 

identical networks will express similar behavior even if they differ in some other details? Or 

perhaps, these details, which are overlooked by the graph theoretic analysis, are not important.  

A more constructive approach towards the above questions, is asking how far can one actually 

progress with structure alone. It seems pretty clear that a complete time dependent dynamics of the 

system would require the incorporation of all of the details mentioned above, and is thus beyond the 

scope of network biology. On the other hand, what could be achievable based on a structural 

analysis is a macroscopic understanding of the network dynamics. More specifically, network 

science is not expected to be successful in predicting the behavior of a specific set of nodes. It 

could, however, provide answers to general questions regarding the network as a whole. Questions 
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such as: who are the most effective nodes in this network? Does this network support long range 

interactions, or is the impact of nodes contained locally? Are the concentrations of the nodes in this 

network stable or governed by fluctuations? Will a small perturbation cause a macroscopic failure? 

At least some of these characteristics, and others like them, might be determined by the topology of 

the network, regardless of the other details of the interactions. And if that is the case, we should be 

able to address these important questions with the tools of network analysis. 

In a broader perspective, applying graph theory to the study of complex systems is aimed at 

bringing about an intuitive, visual and mathematical, toolkit for their understanding. In that sense, 

the challenge of this approach is to devise a set of intuitive dynamical interpretations to the already 

defined set of topological features. The idea is to assign a functional meaning to characterizations 

such as a broad degree distribution, high clustering, small worldness, etc.. Along this path, the 

future research is to challenge some of the common wisdoms regarding these attributions between 

structure and dynamics. For instance, the intuitive notion that in a small world topology, all the 

nodes are impacted by one another, since they are just a few reactions away; or the common 

perception that the hubs are the most influential nodes in the network. Once these statements, and 

others like them, are examined, they will bring forth a new intuition on the meaning of different 

structural attributes. Then, by analyzing the structure of a network, researchers will be able to make 

general assessments regarding its expected dynamics.  

The rapidly improving experimental techniques in biology will hopefully enable to test the 

dynamical predictions derived from network analysis. However, even where the existing 

experimental procedures are insufficient, help might arrive from unexpected sources. Perhaps the 

greatest success of the network approach thus far is in revealing the universal nature of the topology 

of networks, cellular and others, providing a set of tools and criteria by which to classify and 

characterize the structure of these diverse systems [5]. A similar degree of universality in the 

dynamics of networks, if found, will provide us with a parallel set of unifying principles, allowing 

us to describe, using a common platform, various dynamical processes, and make meaningful 

predictions on the behavior of networks from diverse fields. These universal dynamical aspects 
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could then be inferred from one system to the other. Metaphorically, this expands the boundaries of 

the classical biology laboratories far beyond their traditional walls. As data is currently collected in 

vast amounts from biological, social and technological systems, the abilities that network science 

opens to learn from one system about the other provide a crucial source of empirical strength. A 

strength, that may one day help make complex systems, slightly more simple. 
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Figure Captions 

 

Figure 1: 

(a) An undirected network which includes ten nodes. The network path between nodes number 

one and eight is emphasized (red). (b) In the directed version of this network, the path must 

advance in accordance with the direction of the edges. 

 

Figure 2: 

(a) The yeast protein-protein interaction network. The size of the nodes is proportional to their 

degree. The heterogeneity in the node sizes serves as a visual expression of the scale-free nature 

of the degree distribution. (b) A small portion of the network reveals that it is disassortative, 

namely that hubs are typically surrounded by low degree nodes. 

 

Figure 3: 

The degree distribution of the Erdös-Rényi network (A1) follows a Poisson (A2), as opposed to 

the cellular networks (B1) and (C1) for which it follows a power-law (B2) – (C2). While the 

Poisson distribution is concentrated around the mean, the degrees observed in the cellular 

networks range over several orders of magnitude. This non-uniformity of the cellular networks 

is expressed in the coexistence of dense and sparse patches visible in the network graph. For the 

metabolic network, where the edges are directed, both the in-degree and the out-degree 

distributions are plotted. In all graphs the dots represent the data, while the solid lines are fits to 

Poisson and to power-law distributions accordingly.  

 

Figure 4: 

Network motifs: (a) The hypothetical tetrahedral motif; (b) the auto-regulator; (c) the coherent 

feed-forward loop and (d) the incoherent feed-forward loop. 

 

Figure 5: 

(a) The state of a three node network is given by the concentration assigned to each of the 

nodes. This defines a point in the three dimensional state-space. Controlling the network means 
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steering is from any initial state to any desired final state. (b) In this network two of the three 

nodes must be explicitly controlled in order to manipulate the network. (c) Here it is sufficient 

to control just one node.  


