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Introduction

A key aim of postgenomic biomedical research is to systematically 
catalogue all molecules and their interactions within a living cell. 
There is a clear need to understand how these molecules and the 
interactions between them determine the function of this enormously 
complex machinery, both in isolation and when surrounded by other 
cells.

The development of high-throughput data-collection techniques, allows 
for the simultaneous interrogation of the status of a cell’s components 
at any given time. In turn, new technology platforms, such as 
PROTEIN CHIPS or semi-automated YEAST TWO-HYBRID 
SCREENS, help to determine how and when these molecules interact
with each other. 

Various types of interaction webs, or networks, (including protein–protein
interaction,metabolic, signalling and transcription-regulatory networks) 
emerge from the sum of these interactions.



Introduction

In this review, we show that the quantifiable tools of network theory offer 
unforeseen possibilities to understand the cell’s internal organization 
and evolution, fundamentally altering our view of cell biology.

The emerging results are forcing the realization that, notwithstanding the 
importance of individual molecules, cellular function is a contextual 
attribute of strict and quantifiable patterns of interactions between the 
myriad of cellular constituents.

Rapid advances in network biology indicate that cellular networks are 
governed by universal laws and offer a new conceptual framework 
that could potentially revolutionize our view of biology and disease 
pathologies in the twenty-first century.



Network measures

An undirected network with N nodes and L 
links is characterized by an average degree 
<k> = 2L/N (where <> denotes the average).

The degree distribution, P(k), gives the 
probability that a selected node has 
exactly k links. P(k) is obtained by counting 
the number o f nodes N(k) with k = 1, 2…
links and dividing by the total number of 
nodes N.

EX:

N=8, l=10, 

<k> =(5+3+2+1+2+3+2+2)/8 =(10x2)/8=2.5

P(k) =P(1), P(2), P(3), P(4), P(5)

=1/8, 4/8, 2/8, 0/8, 1/8

σ2= <k2> – <k>2 =1.25
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Most biological networks are scale-free, which means that their degree distribution 
approximates a power law, P(k) ~ k –γ, where γ is the degree exponent and ~ 
indicates ‘proportional to’. The value of γ determines many properties of the 
system. 

Whereas for γ>3 the hubs are not relevant, for 3>γ>2 there is a hierarchy of 
hubs, with the most connected hub being in contact with a small fraction of all 
nodes, and for γ= 2 a hub-and-spoke network emerges, with the largest hub 
being in contact with a large fraction of all nodes. 

In general, the unusual properties of scale-free networks are valid only for 
γ<3,when the dispersion of the P(k) distribution, which is defined as σ2 = 
<k2> – <k>2, increases with the number of nodes (that is, σ diverges), 
resulting in a series of unexpected features, such as a high degree of 
robustness against accidental node failures. For γ>3, however, most unusual 
features are absent, and in many respects the scale-free network behaves like 
a random one.

Scale free



Distance in networks is measured with the path length, which tells us how 
many links we need to pass through to travel between two nodes. 

As there are many alternative paths between two nodes, the shortest path —
the path with the smallest number of links between the selected nodes —
has a special role. In directed networks, the distance  l AB from node l A to 
node l B is often different from the distance l BA from  l B to  l A. For example, 
in part b of the figure, l BA = 1, whereas l AB = 3. Often there is no direct path 
between two nodes. 

As shown in part b of the figure, although there is a path from C to A, there is 
no path from A to C. The mean path length, < l >, represents the average 
over the shortest paths between all pairs of nodes and offers a measure of 
a network’s overall navigability.

Shortest path and mean path length



In many networks, if node A is connected to B, and B is connected to C, then it is 
highly probable that A also has a direct link to C. This phenomenon can be 
quantified using the clustering coefficient CI = 2nI/kI(kI–1), where nI is the 
number of links connecting the kI neighbours of node I to each other. For 
example, nA = 1 and CA = 2/20. nF=0 and CF = 0. 

The average clustering coefficient, <C>, characterizes the overall tendency of 
nodes to form clusters or groups. An important measure of the network’s 
structure is the function C(k), which is defined as the average clustering 
coefficient of all nodes with k links. For many real networks C(k) ~ k – 1. 

The average degree <k>, average path length <l> and average clustering 
coefficient <C> depend on the number of nodes and links (N and l) in the 
network. By contrast, the P(k) and C(k) functions are independent of the 
network’s size and they therefore capture a network’s generic features, which 
allows them to be used to classify various networks.

Clustering coefficient



The general characteristics of several real 
networks

Statistical mechanics of complex networks
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Yeast protein interaction network

The largest cluster, which 
contains ~78% of all proteins, 

is shown.

The colour of a node 
indicates the phenotypic 

effect of removing the 
corresponding protein 

(red = lethal, green = non-
lethal, orange = slow growth, 

yellow = unknown).



Characterizing metabolic networks
- catalysed by Mg2+ dependant enzymes

The data shown in d and 
e represent an average 
over 43 organisms.  f , 
The flux distribution in the 
central metabolism of 
Escherichia coli follows a 
power law.

CTP,
cytidine triphosphate; 

GLC, 
aldo-hexose glucose; 

UDP,
uridine diphosphate;

UMP,
uridine monophosphate; 

UTP, 
uridine triphosphate.



• Random networks

• Scale-free networks

• Hierarchical networks

Network models



Random networks

The Erdös–Rényi (ER) model of a random network starts 
with N nodes and connects each pair of nodes with 
probability p, which creates a graph with approximately 
pN(N–1)/2 randomly placed links. The node degrees follow 
a Poisson distribution, which indicates that most nodes 
have approximately the same number of links (close to the 
average degree <k>). 

The tail (high k region) of the degree distribution P(k) 
decreases exponentially, which indicates that nodes that 
significantly deviate from the average are extremely rare. 
The clustering coefficient is independent of a node’s degree, 
so C(k) appears as a horizontal line if plotted as a function 
of k. The mean path length is proportional to the logarithm 
of the network size, l ~ log N, which indicates that it is 
characterized by the small-world property.



Scale-free networks are characterized by a power-law 
degree distribution; the probability that a node has k links 
follows P(k) ~ k –γ, where γ is the degree exponent. 

In the model of a scale-free network, at each time point a 
node with M links is added to the network, which connects 
to an already existing node I with probability ΠI= kI/ΣJkJ, 
where kI is the degree of node I and J is the index 
denoting the sum over network nodes. The network that is 
generated by this growth process has a power-law degree 
distribution that is characterized by the degree exponent 
γ = 3. Such distributions are seen as a straight line on a 
log–log plot. 

The network that is created by the model does not have an 
inherent modularity, so C(k) is independent of k. Scale-
free networks with degree exponents 2<γ<3, a range 
that is observed in most biological and non-biological 
networks, are ultra-small, with the average path length 
following l ~ log log N.

Scale-free networks



Hierarchical networks

To account for the coexistence of modularity, local clustering 
and scale-free topology in many real systems it has to be 
assumed that clusters combine in an iterative manner, 
generating a hierarchical network The starting point of this 
construction is a small cluster of four densely linked nodes. 

The hierarchical network model seamlessly integrates a 
scale-free topology with an inherent modular structure by 
generating a network that has a power-law degree 
distribution with degree exponent γ = 1 + ㏑4 / ㏑ 3 = 2.26 
and a large, system-size independent average clustering 
coefficient <C> ~ 0.6. 

The most important signature of hierarchical modularity is 
the scaling of the clustering coefficient, which follows C(k) ~ 
k –1 a straight line of slope –1 on a log–log plot. A 
hierarchical architecture implies that sparsely connected 
nodes are part of highly clustered areas, with communication 
between the different highly clustered neighbourhoods being 
maintained by a few hubs.



The origin of the scale-free topology and 
hubs in biological networks

The origin of the scale-free topology in complex 
networks can be reduced to two basic 
mechanisms: growth and preferential 
attachment. Growth means that the network 
emerges through the subsequent addition of 
new nodes, such as the new red node that is 
added to the network that is shown in part a. 
Preferential attachment means that new nodes 
prefer to link to more connected nodes.

Growth and preferential attachment generate 
hubs through a ‘rich-gets-richer’ mechanism.

In protein interaction networks, scale-free 
topology seems to have its origin in gene 
duplication. Part b shows a small protein 
interaction network (blue) and the genes that 
encode the proteins (green). 



Subgraphs, motifs and motif clusters

A connected subgraph represents a subset of 
nodes that are connected to each other in a 
specific wiring diagram, Networks with a more 
intricate wiring diagram can have various different 
subgraphs.

some subgraphs, which are known as motifs, are 
over represented as compared to a randomized 
version of the same network. Subgraphs that 
occur significantly more frequently in the real 
network, as compared to randomized one, are 
designated to be the motifs.

The motifs and subgraphs that occur in a given 
network are not independent of each other. In part 
d of the figure, 208 of the 209 bi-fan motifs (a 
motif with 4 nodes) form two extended motif 
clusters and only one motif remains isolated, that 
are found in the E.coli transcription-regulatory 
network are shown simultaneously.



A key feature of many complex systems is their robustness, which refers to the 
system’s ability to respond to changes in the external conditions or internal 
organization while maintaining relatively normal behaviour.

Intuition tells us that disabling a substantial number of nodes will result in an 
inevitable functional disintegration of a network. This is certainly true for a 
random network, Scale-free networks do not have a critical threshold for 
disintegration — they are amazingly robust against accidental failures: even if 
80% of randomly selected nodes fail, the remaining 20% still form a compact 
cluster with a path connecting any two nodes.

This is because random failure affects mainly the numerous small degree nodes, 
the absence of which doesn’t disrupt the network’s integrity. This reliance on 
hubs, on the other hand, induces a so-called attack vulnerability — the 
removal of a few key hubs splinters the system into small isolated node 
clusters.

This double-edged feature of scale-free networks indicates that there is a strong 
relationship between the hub status of a molecule (for example, its number of 
links) and its role in maintaining the viability and/or growth of a cell.

Network robustness



It is impossible to ignore the apparent universality we have witnessed by 
delving into the totality of pairwise interactions among the various molecules 
of a cell. Instead of chance and randomness, we have found a high degree 
of internal order that governs the cell’s molecular organization.

Along the way, a new language has been created, which allows the cell’s 
molecular makeup to be discussed as a network of interacting constituents, 
and to spot and quantify the interplay between behaviour, structure and 
function. 

The cell can be approached from the bottom up, moving from molecules to 
motifs and modules, or from the top to the bottom, starting from the 
network’s scale-free and hierarchical nature and moving to the organism-
specific modules and molecules. 

In either case, it must be acknowledged that structure, topology, network usage, 
robustness and function are deeply interlinked, forcing us to complement 
the ‘local’ molecule-based research with integrated approaches that 
address the properties of the cell as a whole.

Conclusions



It is now clearly understood that most cellular functions are carried out 
by groups of molecules within functional modules1. These modules
are not isolated from each other; they interact and frequently overlap, 
within a network with an inherent scale-free hierarchy, in which the 
achievable dynamical range is constrained by the underlying 
topology.

The accumulation of local changes that affect the small, highly integrated 
modules slowly impacts the larger, less integrated modules, which indicates 
that evolution and natural selection reuse existing modules to further 
increase the organism’s survival probability and its complexity.

This developing framework will significantly alter our understanding of biology 
and, eventually, will have important implications for the practice of medicine.

Conclusions



THE END
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