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Complex networks: an introduction 
Networks present a simple framework to model complex 
systems comprising of interacting elements. Modern 
research on network science begun with an objective for 
characterizing topology of real-world systems consisting 
of large number of interacting units. In the past two 
decades, network theory has been used extensively to 
model real-world systems spanning from biology to 
physics to technology to society, offering scientists a 
chance to address in quantitative terms various generic 
features of natural systems and to understand and predict 
their behaviour. Networks comprise of two basic 
ingredients: (i) nodes (or vertices) and (ii) links (or 
connections). The transportation system of a country is a 
network of cities (nodes) connected through railways 
(links). The brain can be represented as a network of 
neurons (nodes) connected through axons (links).

Facebook is a network of people (nodes) connected 
through friendships (links). Clearly, network provides a 
very simplified representation of complex relationships 
between objects of a system by ignoring many intricate 
details of the underlying system. For instance, in case of 
the neural network representation of brain, we ignore 
strength of the action potential across the axons or specific 
nature of neurons (excitatory or inhibitory). Similarly, for 
the case of rail transportation network, the length and 
width of the railway tracks (narrow gauge or broad 
gauge), size of the cities connected through railways or the 
frequency of trains can be ignored. One might wonder as 
to how after ignoring so much crucial information, 
modelling a system under network theory framework can 
be of any use. Here comes the triumph of network science. 
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 Network Nodes Links
 WWW Webpages URLs
 Internet Routers Physical/ wireless links
 E. coli metabolic  Metabolites Chemical reactions
 network
 Citation Papers Citations
 Email Email addresses Emails

 Protein-protein  Proteins Binding 
 Interactions  interactions

 Phone call Subscribers Calls

 Word-synonym Words Synonyms

 Movie-actor Actors Movies

 Co-authorship Authors Publications

 Food web Species Predator-prey 
   interactions

 Words co-occurrence Words Sentence

 Power grid Sub-stations High voltage lines

 C. elegans neural  Neurons Axons
 network

Table 1: Examples of complex systems 
represented by networks.

Fig. 1: Networks drawn on empirical data. (a) Power grid network, 
where nodes, i.e. generating substations are connected through 
high-voltage lines (A. E. Motter et al., Nat. Phys. 9, 191-197 (2013)). 
(b) Neural network of C. elegans, in which 302 non-spikingneurons 
are connected through axons (L. R. Varshney et al., PLoS Comput. 
Biol. 7 (2), e1001066 (2011)). (c) Movie co-actor network, where 
actors (nodes) are linked when they co-act in a particular movie. 

Based on only two basic ingredients, nodes and pairwise 
interactions, network representation of a system provides 
identification of global features in interactions and 
prediction of dynamical behaviour of interacting units. 
Over the past two decades, network science has shown its 
tremendous success in modelling and understanding 
complex phenomena in various real-world systems; 
dynamics of disease outbreak, forecasting of stock market 
indices, synchrony among power grids, content 
management in Internet, identification of dysregulated 
pathways in cancer and prediction of crowd behaviour, to 
mention a few.
An understanding of the underlying network architecture 
of a complex system is useful in gaining insight to its 
universal properties and helps us in predicting its 
behaviour. For example, in a transportation system, for 
adopting effective extension policies and a better planning 
of the railway budget, a detailed understanding of how 
the trains connect different cities (nodes) through railway 
tracks (links) is important. In the brain, neurons 

communicate via axons for signal transmission. For 
attaining in-depth insights about the nature and onset 
zone of epileptic seizures, it is crucial to understand the 
brain connectivity of patients.
In the following, first we will delve into understanding 
basic network attributes, various different network 
models, and then we will provide a glimpse of the success 
stories of this emerging branch of science. Mathematically, 
a network or a graph is defined as a set of N nodes and Nc 

connections which can be represented in terms of an 
adjacency matrix, A as:

We enlist few networks' measures which have been used 
extensively for characterization of networks and to 
understand properties of corresponding complex 
systems. 
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Box 1: Hubs, the universal connectors
Hubs are those nodes which are connected with almost 
all the nodes in a network, thereby having very high 
degree, with rest of the nodes having very low degree. 
Example of a network comprising of hubs is WWW, 
where more than 80% of the pages have less than 4 
links and less than 0.01% of all the nodes have 1000 
links. Many real-world networks from diverse fields, 
such as neural networks, metabolic networks, protein-
protein interaction networks, gene regulatory 
networks, actors in Hollywood, citations in research 
papers, etc. are dominated by a relatively small 
number of nodes known as hubs. In the BA model, 
emergence of hubs is a consequence of preferential 
attachment, where only few nodes acquire very high 
connectivity and form the hub nodes. 

Fig. 2: Yeast protein-protein interaction network, exhibiting few 
nodes (proteins) that possess very large degree, while rest of 
the nodes with very small degree. The size of the circles, 
representing nodes, is proportional to their degree. Image 
source: H. Qin et al., PNAS 100 (22), 12820-12824 (2003): 
Copyright (2003) National Academy of Sciences, U.S.A. 



 position acting as bridges between nodes belonging to 
different communities. Such individuals (nodes) have 
a high betweeness centrality.

• Closeness centrality : The closeness centrality is 
defined as the inverse of the average shortest-path 
distance from the node to any other node in the 
network.

• Diameter: Diameter of a connected network is defined 
as the largest of the shortest paths between all the pair 
of nodes.

• Characteristic path length: Characteristic path length is 
defined as the median of the means of the shortest path 
lengths connecting each node to all other nodes.

• Degree-degree correlations: We quantify the degree-
degree correlation of a network by considering the 
Pearson (degree-degree) correlation coefficient, given 
as

 where k  , k  are the degrees of nodes at both the ends of 
ththe l  connection and N  represents the total c

connections in the network. 
• Weak ties: An important concept of sociology, termed 

as 'weak ties' hypothesis was proposed by Granovetter 
in 1973, which was later widely used for analysis of 
real- world networks. According to this hypothesis, the 
degree of overlap of two individuals' friendship 
networks varies directly with the strength of their tie to 
one another. In the networks, the ties having low 
overlap in their neighbourhoods (i.e. less number of 
common neighbours) are termed as the weak ties. The 
weak ties that have high link betweenness centrality 
are the ones known to bridge different communities.

• Overlap: The overlap of the neighbourhood of two 
connected nodes i and j is defined as

 where n  is the number of neighbours common to both ij
thnodes i and j. Here k  and k  represent the degree of the i  i j

thand j  nodes.
• Link betweenness centrality: Link betweenness 

centrality is defined for an undirected link as

 where σ (e) is the number of shortest paths between v vw

and w that contain e, and σ  is the total number of vw

shortest paths between v and w. 

• Degree: The most basic and representative structural 
property of a network is its degree. It is a measure of the 
number of interacting partners a node has. Influence of 
a node in a network is largely governed by the number 
of interacting partners the node has (see Box 1). The 
degree distribution, P (k) is the probability that a 
randomly selected node has k degree. Average degree 
(⟨k⟩) of a network is an average of degrees of all the 
nodes in the graph and is a measure of sparseness (or 
denseness) of the underlying system.

• Clustering coefficient: How close-knit a network is, 
largely depends on how well one's neighbours are 
connected. This attribute is captured through 
clustering coefficient or transitivity, which marks the 
extent of neighbour connectivity in a network. Having 
its roots in sociology, clustering coefficient of a node i, 
denoted as C , is the ratio of number of edges existing i

between the neighbours of the node and the total 
number of edges that can exist between them.

 where j  and j  are a pair of neighbours of the node i and 1 2

k  is the degree of the node i. The average clustering i

coefficient of a network (⟨C⟩) is given as

                                     Most of the real networks typically

 contain parts in which nodes are more connected to 
each other than to the rest of the network. The presence 
of sets of such nodes, usually called clusters, 
communities, cohesive groups, or modules, leads to a 
very high ⟨C⟩. 

• Hierarchy: Hierarchy can be defined as the 
heterogeneous distribution of local reaching centrality 
of nodes in the network. The local reaching centrality,

 (C ), of a node i is defined as  R

 where d(i,j) ) is the length of the shortest path between 
any pair of nodes i and j. The measure of hierarchy (h), 
termed as global reaching centrality is given by 

             Negative correlation between

 the degree and clustering coefficient of nodes also 
indicates hierarchical structure in networks.

• Betweenness centrality: Betweenness centrality of a 
node is defined as the fraction of shortest paths 
between node pairs that pass through the said node of

 interest, given as                 . In a network, there may
 exist  few individuals who apart from being influential 

in terms of having high degree, may also hold a central 

b  = S SL   
vÎV wÎV/vs

(5)svw

s (e)vw

nij

(k  - 1) + (k  - 1) - ni j ij 

O  = ij                   (4) 

in st

gst

x  = Si st

S [C       - C (i)]iÎV R

N-1
h =

max
R

1
N-1

Sj:0<d(i,j)<¥
1

d(i,j)C (i)=R

1
N

åáCñ =
N
i=1 C .i

44

l
j

l
/ / (2)

(3)
/

/ /

/



Note that here we have restricted ourselves to define 
widely used structural measures in network science. With 
the growing success of network science over the years, 
several other concepts and measures have been coined 
and realized, which effectively capture many intrinsic 
behaviours as well as characterize complexity of 
underlying complex systems [5]. 

Different network models
Historically, the study of networks has resided within a 
domain of discrete mathematics known as graph theory. 
Since its birth in 1736, when the Swiss mathematician 
Leonhard Euler published the solution to the Königsberg 
bridge problem, graph theory has witnessed many 
exciting developments and has provided solutions 

to various intricate problems. Apart from the 
developments in the field of mathematical graph theory, 
analysis of social networks started gaining prominence 
around 1920s, with emphasis on understanding 
relationships between the individuals in a society, 
economic transactions or trade among nations. Until the 
1950s, networks were realized under the graph theory 
framework as regular graphs. During the late 1950's it was 
contemplated that large-scale graphs with no apparent 
design principles can be categorized as 'random graphs', 
which eventually turned out to be the simplest and 
straightforward representation of a complex system. The 
most popular model for random networks was proposed 
by pioneering mathematicians, Paul Erdös and Alfred 
Rényi in 1959. 
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Box 2 : Importance of nodes having high betweenness centrality
As defined betweenness centrality of a node provides insight to importance of a node based on its existence on the 
shortest paths connecting different pairs of the nodes. Connectivity of the nodes scales positively with the 
betweenness centrality. However, there may exist nodes which despite having low degree, have high betweenness 
centrality. Such types of nodes are found to occur in networks where groups of nodes termed as modules, 
communities or subgraphs exist, where they act as bridges between different groups. Such nodes are found to be 
functionally important as well. For instance, it is shown in empirical investigations carried out on metabolic 
networks of 12 different organisms by Guimera and Amaral, where metabolites are nodes and reactions are the 
links, that there exist few nodes in the network which have low connectivity yet high betweenness centrality (Fig. 
3(a)). Such metabolites participating in few reactions but connecting different functional groups are found to be 
more conserved as compared to other metabolites. Fig. 3(b) depicts a plot of degree of movie actors as a function of 
their betweenness centrality, where the actors with low connectivity yet high betweenness centrality have an 
advantage of a long span in the film industry. Another example where such nodes are prominent is the friendship 
network of 34 members of a karate club at a US university, who split among two groups (blue and red coloured 
nodes) following a dispute Fig. 3(c). The few connecting links between these two groups are the nodes with low 
degree but high betweenness centrality. This important revelation on the structural significance of nodes guiding 
their functionality and conservation, has paved way for analysis of a series of networks, such as movie co-actor 
networks, protein-protein interaction networks of cancer, gene regulatory networks, for identification of nodes 
having crucial importance in the system's functioning. 

Fig. 3: Nodes with low degree but high betweenness centrality depicted in (a) metabolic networks (R. Guimera and L. A. N. Amaral, 
Nature 433 (7028), 895 (2005)), (b) movie co-actor networks (S. Jalan et al., PloS one 9 (2), e88249 (2014)) and (c) Zachary karate 
club network (M. E. J. Newman, PNAS 103 (23), 8577-8582 (2006): Copyright (2006) National Academy of Sciences, U.S.A.). 



Erdös – Rényi model: According to this model, starting with 
N nodes, every pair of nodes are connected with a 
probability p, creating a graph with approximately 
pN(N − 1)/2 edges distributed randomly. The majority of 
nodes in this graph have their degree close to the average 
degree ⟨k⟩ of the network, given as ⟨k⟩ = p(N − 1) � pN. The 
degree distribution (P(k)) of a random graph was shown to 
follow a binomial distribution

which for large N can be replaced with Poisson 
−ákñdistribution P(k) ~ e . At a very low connection 

probability p, nodes are scattered in small groups 
disconnected with each other. With an increase in p, there 
lies a critical point around ⟨k⟩ = 1 when a connected 
component starts to form (Fig. 4(c)), which by further 
increase in p turns into a single giant component spanning 
almost all the nodes. This model has guided our 
understanding about complex networks for decades and 
many real-world systems as complex and as diverse as the 
cellular network and the Internet were modelled as 
random graphs. 
While the formulation of the random graph theory 
intrigued scientists from diverse fields to venture in to 
complex systems research, it  also prompted 
reconsideration of the notion that underlying interactions 

in systems as diverse as the cell, society or the Internet are 
fundamentally random. That is, could systems such as the 
cell or a society function seamlessly if their molecules or 
people were wired randomly together? With the growing 
availability of large-scale databases and advancement in 
computational facilities, a series of investigations took 

place during the late 1990's on several real-world systems, 
such as WWW, Internet, protein-protein interactions, 
actor collaboration, neural network of C. elegans, citation 
patterns in science, and so on. These investigations led to 
one of the most striking discoveries in the field of complex 
networks that interactions of real-world networks are “not 
random” and follow some universal features. 
Barabási-Albert (BA) model: Discovery of the scale-free 
property of networks by Hungarian mathematicians, 
Alfred László Barabási and Réka Albert in 1999 [3] marked 
the rebirth of network science. They proposed that real 
networks are not random as the degree distribution of 
real-world networks deviate significantly from the 
Poisson distribution. Using data from the World Wide 
Web, which was incidently one of the largest networks 

12ever built (N � 10 ) with nodes as documents that are 
linked through uniform resource locators (URLs), it was 
found that the degree distribution (P(k)) followed a power 
law given as

-gP(k)~k ,                      (7)
where γ is the power law exponent. This intrigued an 
avalanche of research leading to the discovery that many 
real-world networks, spanning from protein-protein 
interactions to social networks and from the citation 
patterns to the interconnected hardware behind the 
Internet, have a similar power law degree distribution, 
independent of the nature of the system or the identity of 
its constituents, making these networks radically different 
from the regular lattices and the random graphs. Such 
networks were termed as scale-free networks. For a wide 
range of real-world networks exhibiting power law 
behaviour, the power law exponent is shown to lie 
between 2 and 3 (2 < γ � 3). 
Several algorithms were proposed to provide an 
understanding to the existence of the scale-free topology 
prevalently observed in an array of real-world networks. 
The most cited algorithm that explained the emergence of 
scale-free behaviour was the Barabási-Albert (BA) growth 
model based on preferential attachment, popularly 
known as 'rich-gets-richer' model. In the BA model, 
starting with a small number of nodes (say m ), in each 0

time step a new node is added with m connections. This 
newly added node preferentially connects with an already 
existing high degree node i with probability

After t time steps, this method results in a network 
N = t + m  nodes and mt edges. Such type of networks 0

characteristically have few very high degree nodes known

.
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Fig. 4: (a) Number of nodes in the giant component (normalized) in 
the Erdös-Rényi random network plotted as a function of average 
network connectivity. (b) Subcritical regime, where 0 < ⟨k⟩ < 1 and 
only few tiny clusters are present. Phase transition at the critical 
point, i.e. ⟨k⟩ = 1, marking the onset of emergence of a giant 
component. (d) Supercritical regime, where ⟨k⟩ > 1 and a larger 
fraction of nodes belong to the giant component. (e) The connected 
regime with ⟨k⟩ > lnN, in which the giant component spans almost all 
nodes (N  ⋍ N). Image source: A.-L. Barabási, Network Science G

(Cambridge University Press, 2016). 

p (k ) =                  (8)i

ki 

S kj j

(6)



47

as hubs along with a large number of low degree nodes 
(Box 1). 
The results based on empirical analysis offered the 
evidence that large networks self-organize into a universal 
scale-invariant nature. By scale-invariant nature, one 
means that scale-free networks do not have a meaningful 
internal scale owing to the fact that nodes with widely 
different degrees coexist in the same network. This feature 
distinguishes scale-free networks from lattices, in which 
all nodes have exactly the same degree, or from random 
networks, whose degrees vary in a narrow range (k = ⟨k⟩ ± 

1/2⟨k⟩ ). The past two decades have witnessed tremendous 
amount of work on networks bearing scale-free topology 
leading to several interesting revelations. One such 
revelation is the robustness of scale-free networks against 
random node failures. A random network undergoes an 
inverse percolation transition when a critical fraction of its 
nodes is randomly removed, whereas it has been shown 
that scale-free networks encounter a finite size effect in 
such situations, thus making scale-free networks tolerant 
against random node removal or failure. Nevertheless, 
due to the presence of hubs, the scale-free networks 
become highly vulnerable to targeted attacks. Scale-free 
networks later turned out to be very useful for 
understanding and predicting behaviours of a variety of 
complex systems. For example, on a scale-free network, 

the epidemic threshold converges to zero which means 
that even weakly virulent viruses can spread unopposed. 
This is found to be true for most of the spreading 
processes, from AIDS to computer viruses, where 
underlying interaction networks are scale-free. 

Watts-Strogatz small-world networks: Another most famous 
network model is the small-world model proposed by D. J. 
Watts and S. H. Strogatz in 1998 [2]. The model was 
inspired from the experiment of the social psychologist 
Milgram, who demonstrated that most of the people in the 
United States of America have six degrees of separation 
between them. In Watts-Strogatz model, starting from a 
ring lattice with N nodes and ⟨k⟩ edges per vertex, each 
edge is rewired at random with a probability p  (0 < p  < 1). r r

For p  → 0, the characteristic path length of the network is L r

~ N/2⟨k⟩ >> 1. The average clustering coefficient of the 
regular lattice is C~3/4. With an increase in p  from p  = 0, r r

there is a rapid drop in the characteristic path length while 
the average clustering coefficient still remains as high as 
that for the initial ring lattice. At the small-world 
transition, the values of L become close to that of the 
corresponding random network. Watts-Strogatz 
demonstrated that many real-world networks possess 
small-world behaviour marked by an existence of very 
high clustering coefficient, much higher than the 
corresponding random networks along with 
characteristic path length being close to the corresponding 
random network. This indicates that in real-world 
networks, neighbours have high tendency to connect with 
themselves. The neural network of Caenorhabditis elegans, 
the power grid of the western United States, and the 
collaboration network of film actors are few well known 
examples of small-world networks. In last two decades, 
several other new network models and improvised 
versions of existing models have been proposed. One of 
them is the much-studied variant of the Watts- Strogatz 
model, proposed by Newman and Watts in 1999, in which 
edges are added between randomly chosen pairs of sites, 
but no edges are removed from the regular lattice.
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Fig. 5: The degree distribution of (a) Internet, (b) protein-protein 
interaction, (c) email and (d) citation networks, plotted on a doubly 
logarithmic scale exhibits power law behaviour. Image source: A.-L. 
Barabási, Network Science (Cambridge University Press, 2016).

Fig. 6: (a) Schematic representation of regular, small-world and 
random networks, depicting random rewiring procedure. (b) 
Characteristic path length (L(p)) and clustering coefficent (C(p)) 
plotted as a function of rewiring probability (p), illustrating onset of 
small- world phenomenon. Image source: D. J. Watts and S. H. 
Strogatz, Nature 393, 440-442 (1998). 



Application of network science in diverse 
fields 
Through investigations on structural properties of various 
natural and man-made complex systems, network science 
has manifested remarkable success in providing 
understanding to various emerging phenomena in
diverse domains of science. In the following, we will 
discuss few of the breakthrough achievements of network 
science, both with respect to structural properties of 
networks and dynamical evolution of interacting units on 
networks.
Biological systems: The most fundamental unit of all living 
organisms is the cell. In each cell, there are thousands of 
different molecules which coordinate with each other in 
distinct fashion for carrying out various processes. 
Aberrations in the activities of these agents affect cellular 
processes leading to disease conditions. With the advent of 
high-throughput technologies, more and more structural 
and functional information about the cellular molecules, 
such as genes, proteins and metabolites are being made 
available with the expectation that it would lead to 
consequent potential applications, for instance targeted 
drug development. However, despite tremendous 
research on identification and characterization of potential 
regulatory genes, biomarker proteins or drug targets, yet 
the way for effectively suppressing the uncontrolled 
growth of cancer cells or combatting insulin resistance in 
Diabetes patients, is missing at the genetic level. Network 
science provides an alternate framework to disease 
research which not only considers the function of 
individual cellular components, but also how these 
components are interconnected through a complex web of 
interactions leading to the functioning of a living cell. 
Protein-protein interaction (PPI) networks of various 
model organisms, such as S. cerevisiae, E. coli, H. pylori, C. 
elegans, D. melanogaster, etc. as well that of humans have 
been extensively investigated over these years revealing 
that these PPI networks have a scale-free topology in 
which a few high degree proteins play a central role in 
mediating interactions among numerous, less connected 
proteins. This inhomogeneity in degree distribution 
renders these networks tolerant to random attacks and 
vulnerable to targeted attacks, emphasizing on the 
importance of hub nodes both in terms of structure and 
function. The analysis of protein-protein interactions has 
not only helped in pinpointing specific interactions 
among different proteins which are instrumental in 
distinct biological processes or implicating in a disease 
condition, but has also provided insight into development 
or disease mechanisms at a systems level. 

During the initial years, network-based studies focused on 
understanding the relationship between the genes and 
proteins in a single selected disorder. In 2007, Kwang-II 
Goh et al. presented a network of disorders and disease 
genes linked by known disorder-gene associations in a 
single graph-theoretic framework (see Box 3). The study 
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Box 3: The human disease network
Network-based approaches for studying genetic basis 
of human diseases have led to a shift in the paradigm of 
elucidating disease mechanisms from analyzing the 
effects of single genes to understanding the effect of 
genetic interaction networks. Initial network 
investigations on human diseases, pertaining to 
cancers, revealed that various types of cancers are 
interlinked to each other through some pathways 
which are altered in different diseases as well as the 
up-regulated genes in cancerous tissues are the highly 
connected hub nodes. Later a landmark work on 
human diseases was put forward by Kwang-II Goh 
et al. which elucidated representation of 1,284 
disorders and 1,777 disease genes associations under a 
single graph-theoretic framework. Two different 
networks were constructed: (i) human disease 
network and (ii) disease gene network. In the first 
network, diseases represented nodes and if two 
diseases shared a common gene, they were linked. In 
the second network, genes were nodes and if two 
genes were present in a particular disease, they were 
linked. Of 1,284 disorders, 867 were shown to have at 
least one link to other disorders, suggesting that the 
genetic origins of most diseases, are shared with other 
diseases. Another crucial revelation of this 
investigation is the demonstration of the importance of 
non-hub genes which opened new avenues in disease 
research. 

Fig. 7: Pictorial representation of (a) human disease network 
and (b) disease gene network. In (a), the size of each node is 
proportional to the number of genes participating in the 
corresponding disorder and in (b), colour of the nodes 
represents the type of disorder the gene is associated with. 
Image source: K.-II Goh et al., PNAS 104, 21, 8685-8690 
(2007): Copyright (2007) National Academy of Sciences, 
U.S.A. 



revealed that the essential human genes are likely to 
encode hub proteins and get expressed widely in most 
tissues. Later on, it was found that genes with moderate 
degrees are more likely to harbour germ-line disease 
mutations and these disease mutations are less likely to 
occur in essential genes compared with all human genes.
Another development in biological networks domain was 
the construction of a symptom- based human disease 
network, which further aided in identification of 
unexpected shared genetic associations between diseases, 
disease etiology research or drug design. Symptom- based 
network analysis of human diseases revealed that diseases 
with more similar symptoms are more likely to have 
c o m m o n  g e n e  a s s o c i a t i o n s ,  f o r  e x a m p l e  
hypoalphalipoproteinemia and metabolic syndrome, 
insulin resistance and metabolic syndrome, insulin 
resistance and diabetes mellitus, fatty liver and diabetes 
mellitus, duodenal ulcer and stomach ulcer and so on. 
Recent advances in network biology marks the systematic 
comparative multilayer network investigations of 
protein-protein interactions of several cancers and their 
corresponding normal counterparts, which led to a 
comprehensive understanding of the cancer complexome 
as well as the identification of few sensor proteins having 
plausible involvement in tumorigenesis in a variety of 
cancers. Cognitive disorders such as Alzheimer's disease, 
investigated under network theory framework revealed 
that while functional brain networks in controls exhibit 
small-world organization, those of patients suffering from 
Alzheimer's disease showed loss of this property. 
Further, the impact of different disease-causing genetic 
and epigenetic variations are reflected in metabolic 
networks, enunciating their importance. While the 
structural and functional analysis of human metabolic 
network has provided insights into disease comorbidity, 
the flux coupling analysis on metabolic networks of 
H. pylori, E. coli and S. cerevisiae has enabled global 
identification of blocked metabolic reactions, thus guiding 
metabolic re- constructions and genetic manipulations. 
The rich platform offered by networks has been 
continuously used to get insight in to some of the 
longstanding questions on life, such as robustness to 
external perturbations, underlying design principles 
behind adaptation and evolution, to mention a few.
Social systems: The quantitative analysis of social 
interactions goes back to the early 1920s. Many of the 
fundamental concepts (such as the small-world property) 
and tools currently used by the physicists in the analysis of 
complex networks have their origins in sociometry. The 
properties, such as the clustering coefficient, the various 

measures of centrality, weak ties hypothesis, are widely 
used to quantify the social importance of a given 
individual in a network. The statistical analysis of social 
interactions has made several interesting revelations, such 
as identification of mechanics and vulnerabilities in 
different criminal organizations from terrorist groups to 
narcotics supply networks, relation between friendships 
and adolescence delinquency, networks of conspiracies, 
etc. Attempts have been made to characterize the social 
interactions in animals (association, aggression, 
submission, grooming), the networked memberships of 
football players, musicians, and movie actors, or the 
interactions of fictional characters. With the fast 
development in communication systems, several other 
types of social networks of virtual contacts are prominent, 
such as phone call networks, e-mail communication 
networks, Twitter networks, Facebook networks. Some of 
these virtual real social networks exhibit distinct intrinsic 
characteristics. For instance, the follower-following 
topology analysis of Twitter reveals a non-power-law 
follower distribution, a short effective diameter, and low 
reciprocity, which all mark a deviation from known 
characteristics of other human social networks. Emphasis 
has also been laid on finding the hidden network 
underlying the declared set of friends and followers. 
Technological systems: Analysis of large-scale technological 
systems, such as the WWW and the Internet have grabbed 
the attention of network scientists for the last two decades. 
These technological networks have not only provided 
access to a large amount of information and services but 
has also enabled widespread social connectivities. 
Analysis of networks constructed on empirical data has 
revealed the vulnerabilities in these systems. Let us 
consider the example of computer infections such as 
viruses (malicious software spread through computer 
users) and worms (infections spread without user 
intervention) that spread over the underlying networks. 
The rate and extent of spreading of these infections relies 
on the structural properties of the underlying networks, 
similar to that of the human diseases. Further, infections 
spreading over communication networks bearing scale-
free topology are shown to be highly resilient to control 
strategies based on randomly vaccinating, while targeted 
vaccination are proposed to be effective. Extensive 
network-based investigations have led to development of 
various control strategies, termed as throttling which 
limits the number of new connections a computer can 
make to other machines in a given time period, allowing 
time for the slower mechanisms of conventional 
prevention and clean-up. 
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Other examples of technological networks include power 
grid networks, transportation and distribution networks 
and telephone networks. A power grid is a network of 
gener- ating substations linked through high-voltage 
transmission lines that provide long-distance transport of 
electric power within and between countries. Failures on 
power grids may have cascading effects, i.e. the failure of 
one node may recursively provoke the failure of 
connected nodes, an example being the massive blackout 
in North America power grid network in 2003. Empirical 
investigations suggest that the loss of a single substation 
can result in substantial amount of loss (for instance, up to 
25% in case of North America power grid) in transmission 
efficiency by triggering an overload cascade in the 
network. More importantly, it has been shown that the 
connectivity loss is significantly higher on targeting high 
degree or high load transmission hubs. For instance, 
failure of only 4% of the nodes with high load was shown 
to cause up to 60% loss of connectivity. Synchronization 
and optimization-based approaches on power grid 
networks were proposed to enhance their stability. 
Transportation systems, along with infrastructures, such 
as power grid and internet form the backbone of today's 
world. Not only have they reduced the geographical gap 
between people but has also encouraged trade among 
nations. Investigating such systems under the network 
theory framework has aided in ensuring the fastest means 
of communication within the whole system. It is found 
that networks of roadways, railways and airways exhibit 
different topologies. The world airline network (WAN) 
comprises of a small core (consisting of ~ 2.3% of the 
airports) that is almost fully connected and surrounded by 
a star-like periphery. Interestingly, network science 
revealed that in spite of the core being so strongly 
connected, removal of the core leads to more than 90% of 
the airports still remaining interconnected. The impact of 
load redistribution through the next shortest path in WAN 
network on the profit earned from establishing the links 
was demonstrated and the importance of the particular 
core-periphery network structure was revealed in the 
same. 
Climate research: The vertices of a climate network are 
identified with the spatial grid points of an underlying 
global climate data set. Edges are added between pairs of 
vertices depending on the degree of statistical 
interdependence between the corresponding pairs of 
anomaly time series taken from the climate data set. The 
application of network theory to climate research has 
provided interesting insights into the topology and 
dynamics of the climate system over many spatial scales

ranging from local properties, such as the number of first 
neighbours of a vertex to global network measures, such 
as the clustering coefficient or the average path length. The 
local degree centrality and related measures have been 
used to identify supernodes (regions of high degree 
centrality) and to associate them to known dynamical 
interrelations in the atmosphere, called teleconnection 
patterns. On the global scale, climate networks were found 
to possess 'small-world' properties due to long-range 
connections (edges linking geographically very distant 
vertices), that stabilize the climate system and enhance the 
energy and information transfer within it.
Dynamical systems: Investigation of emergence of 
synchronization in interacting non-linear dynamical units 
dates back to 1984 with the landmark works by K. Kaneko 
and Y. Kuramoto, where chaotic logistic maps and 
Kuramoto oscillators were investigated as interacting 
units on regular networks, particularly on 1-d lattices. The 
coupled oscillators model is given as

thwhere θ  and ω  represent phase and frequency of i  i i

oscillator, respectively. σ defines the overall coupling 
strength and A  captures the information of network ij

architecture, which for a regular lattice case corresponds 
to a banded matrix. Synchronization was one of the most 
fascinating phenomena observed in non-linear dynamical 
units coupled on 1-D lattice and globally coupled 
networks. The remarkable advances in network science 
during the late 1990's marked the rebirth of the 
synchronization field. As a consequence of the 
incorporation of different types of network architectures 
in A , origin behind occurrence of more realistic ij

behaviour,  such as  c luster  and hierarchical  
synchronization, depicted by real-world systems were 
understood. Depending upon the system's properties and 
functional goal, synchronization can be desirable or 
undesirable. For instance, in power grid networks, the 
spontaneous synchrony among the generators of the 
power grids are required to avoid massive outages. Also, 
synchronization plays an important role in networks 
pertaining to business, academic system, electric power 
systems, digital telephony, digital audio, video, 
inscription in telecommunication, flash photography etc. 
and has motivated an intense research on understanding 
interplay of network architecture and dynamical 
evolution of units interacting through the network.
Further, with the realization of weighted network 
architecture, i.e. 
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0 otherwise
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where w  quantifies the strength of pair-wise interactions ij

between i and j. A great interest was born on showing how 
weighted coupling configurations affect synchronization 
of dynamical units. In ecological systems, the non-
uniform weight in prey-predator interactions were shown 
to play a crucial role in determining the food web 
dynamics. 
Another extremely active research area of coupled 
dynamics on networks is chimera. Analysis of chimera 
states, which mark the co-existence of coherent and 
incoherent states, has provided understanding to various 
complex processes in nature including epileptic seizures 
and unihemispheric sleep recently observed in humans, 
motion of heart vessels for ventricular fibrillation and in 
ecological systems. Chimera-like states have been found 
to be a prominent phenomenon in modular networks, for 
instance, a C. elegans neural network motivated model, 
with chaotic bursting dynamics. Two-dimensional 
chimera patterns have been recently reported while 
studying synchronization patterns in networks of 
FitzHugh-Nagumo and leaky integrate-and-fire 
oscillators coupled in a two-dimensional toroidal 
geometry. Game theory is another important area of 
dynamical systems that has been shown to be crucially 
affected by concepts of network science. Dynamical 
coevolution of individual strategies along with their 
interactions architecture has been explored in the context 
of evolutionary game theory under the network 
framework. In an investigation, by equipping individuals 
with the capacity to control the number, nature, and 
duration of their interactions with others, an active linking 
dynamics was introduced which led to networks 
exhibiting different degrees of heterogeneity. 
Furthermore, problems as grave as the dynamics of 
epidemic spread has also been successfully modelled and 
understood under the network theory framework. Using 
the so-called susceptible / infective / removed (SIR) 
models, the effect of network topology on the rate and 
pattern of disease spread has been investigated. It has 
been shown that the growth time scale of outbreaks is 
inversely proportional to the network degree fluctuations, 
signalling that epidemics spread almost instantaneously 
in networks with scale-free degree distributions. 
Consequently, strategies to devise dynamic control 
strategies in populations with heterogeneous connectivity 
pattern have also been developed.
Conclusions and future scope 
The advent of network theory has led to an avalanche of 
research accounting to around 38,00,000 research articles 
published to this date. These studies have led to 

fundamental understanding of critical phenomena 
occurring in nature and has triggered the birth of entirely 
new dimensions of research in several fields altogether. 
We have learned through empirical studies, models, and 
analytical approaches that real networks are far from 
being random, but display generic organizing principles. 
More importantly, these features are shared by a range of 
complex systems. Our goal here was to summarize, in a 
coherent fashion, what is known so far. Yet we believe that 
the results presented here in this review are only the tip of 
the iceberg. There are a lot of critical areas, such as the 
fractal geometry, optimization problem, spectral graph 
theory where use of network theory has led to a 
reincarnation of the concepts and understanding, which 
demand to be reviewed individually. In the longer run, 
network theory is expected to become essential to all 
branches of science as we struggle to interpret the data 
pouring in from neurobiology, genomics, ecology, finance 
and the World- Wide Web, to name a few. 
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