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Abstract

The success of new scientific areas can be assessed by ttegitialan contributing
to new theoretical approaches and in applications to realdnproblems. Complex net-
works have fared extremely well in both of these aspect$, thiir sound theoretical basis
developed over the years and with a variety of applicatibmthis survey, we analyze the
applications of complex networks to real-world problemd data, with emphasis in rep-
resentation, analysis and modeling, after an introdud¢tidhe main concepts and models.
Whenever possible, the main results in the studies survaeediscussed within the con-
text of the corresponding area. Details are given abouttleso$ the networks, in addition
to the measurements and theoretical models used to studgsbeiated real-world prob-
lems. A diversity of phenomena are surveyed, which may b&siflad into no less than
21 areas, which is clear indication of the impact of the fidldamplex networks.
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1 Introduction

From its earliest origins, science has lain somewhere letileeory and application, abstrac-
tion and real-world. Driving strongly on mathematics, whjmrovides the basis for formaliza-
tion and systematization of knowledge, science delvesldeéeio natural problems, seeking
for explanation and prediction. This bridge between thewrg application has achieved such
a level of integration and complementation that it beconigsally impossible to separate one
from the other. Instead, a synergistic integration is addaevhere practical problems provide
insights for new theories while theories suggest new waysaking at Nature. Th&cientific
Method illustrated in Figuréll, is key for progresses in sciendaurti®g from real world ob-
servations or theoretical reasoning, the scientific methedlves cycling through the stages
illustrated in the figure, with special attention to thalidation stage, which is the most dis-
tinguishing feature of the scientific method, involving fromtation between the simulation
results/predictions and further experiments.

The impressive evolution of the field of complex networksgisfectly within such a scien-
tific framework. Its origins can be traced back to LeonharteEsisolution of the Kénigsberg
bridges problem (e.g..|[1]), after which the theory of gmlas been useful for theoretical
physics, economy, sociology and biology. However, mostuzhsstudies focused ostatic
graphs, i.e. graphs whose structure remained fixed. Imutotievelopments on dynamic net-
works were addressed by Exsland Rényi]2], among others, particularly for the soechthn-
dom networks, including the model now knownEslés and Rényi— ER EQHS] This type
of network is characterized by the feature that in a netwoitk W initially isolated nodes,
new connections are progressively established with umifprobability between any pair of
nodes. Such networks are well described in terms of themageedegree, implying they have
a relatively simple structure. Despite the formalism anchpehensiveness of the theoretical
results obtained by E&$ and collaborators, random networks ultimately provedambe good
models for natural structures and phenomena. Indeed Ogeteeous structuring, not the rela-
tive uniformity and simplicity of ER networks, is the rule Nature. Therefore, it was mainly
thanks to the efforts of sociologists along the last decéeles, ESJ}]) that graph theory started
to be systematically applied to represent and model napliehomena, more specifically so-
cial relations. These efforts were to a great extent reltdettie concept of themall-world
phenomena in networks, which are characterized by smathgeeshortest path lengths be-
tween pairs of nodes and relatively high clustering coeffits. Interestingly, the small world
property turned out to be ubiquitous. The next decisive ldgvaent in graph applications
took place quite recently, including Faloutsstsal. characterization of the Internet power law
organization |I|8] and the identification of such a kind of cectivity in the WWW [9], giv-
ing rise to thescale-fregparadigm |L—:Lb]. Subsequent investigations showed that matyral
and human-made networks also exhibited scale-free org@miz including protein-protein
interaction networksIﬂl], domain interaction netwoﬂ@][lmetabolic networks]ﬂ3], food
webs ], networks of coIIaborato@lS], networks of aitg @] and roadsf[_i?].

The success of complex networks is therefore to a large eateonsequence of their natu-
ral suitability to represent virtually any discrete systgBoing back to the scientific method in
Figure[1, we note that most scientific advances until the 26ttury, including several of the
major achievements in physics, were largely charactefigg@ductionism. In other words, at-
tention was concentrated on some specific parts (e.g.,ialpag molecule or cell) or aspect of
a problem. Therefore, the ‘real world’ block in Figle 1 weggitally restricted to a very small
and isolated portion of the world. Great effort has been $eduin isolating such portion of
Nature from the environment. It is not coincidence that masgarch laboratories in physics,
chemistry and biology are organized in that way, i.e. havéh@asnain objective the isolation
of some small subsystems from the rest of the world. By fo@usittention and resources on
isolated portions of the problem, while fully controlliniget parameters involved (e.g., temper-
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Figure 1: Schematic representation of the scientific metl®tdrting from real world obser-
vations, the scientific method involves cycling through steges until a reasonable model is
obtained.

ature, pressure, electric field, etc.), the reductionigr@gch was ultimately responsible for
many scientific advances along the last two or three cestuda interesting instance of the
reductionist approach which is seldom realized is the fatinany researches have considered
only linear models. Because many natural systems are non-linear, sablems were often
treated by restricting the parameters and variables ingefa linear approximation, which
is itself a kind of reductionism (the linear approximati@nuisually valid only inside a small
local region of the problem). One of the great trends in s@emvhich has received growing
attention, is the extension of the scientific method to bexomore integrationist and to deal
explicitly with non-linear approaches. In this contextpgaex networks can pave the way for
both such trends. First, they are naturally oriented togirative, connectionist models of na-
ture. Second, the organization and evolution of such nétsyas well as dynamical processes
on them EQ], involve non-linear models and effects.

The connectivity of networks is ultimately decisive in ctvaming and defining many as-
pects of systems dynamics. The key importance of this pi@dias been highlighted in many
comprehensive survey@]@ﬂ Ehﬂ 23]. For instaneebémavior of biological neuronal
networks, one of the greatest remaining scientific chaélenig largely defined by connectivity
(e.q., Ehl_—zbﬁa]). Because of its virtually unlimited geality for representing connectivity
in the most diverse real systems in an integrative way, cexnpétworks are promising for in-
tegration and unification of several aspects of modern seigncluding the inter-relationships
between structure and dynami@ [ﬁ, 28]. Such a potentsabban confirmed with a diver-
sity of applications for complex networks, encompassirgaarsuch as ecology, genetics, epi-
demiology, physics, the Internet and WWW, computing, eicfatt, applications of complex
networks are redefining the scientific method through ino@tion of dynamic and multidis-
ciplinary aspects of statistical physics and computemsgie

This survey is aimed at reviewing in a comprehensive fasthienmyriad of applications of
complex networks, discussing how they have been appliesblalata to obtain useful insights.
In order to ensure a coherent, integrated presentatioreaktated works, the survey has been
organized according to main areas and subareas. The suareysith a section describing
the basic concepts related to complex networks theory, asicheasurements.



2 Basic Concepts

2.1 Network Representation

A graph or undirected graphG is an ordered pait7 = (N,&), formed by a setV' =
{n1,n2,...,ny} of vertices(or nodes, or points) and a sétz:’r{él,ez, ...,eg} of edges

(or lines, or links)e;, = {n;,n;} that connect the verticeE[Z@ 31]. In the Physics litera
ture, a graph has also been called a netvﬂkﬁ%}hen the edges between pairs of vertices
have direction, the graph is said to beligected graph In this case G is an ordered pair

G = (N,E7), where/N is the set of vertices anfi— is the set of ordered pairs of arcs (or
arrows). If an edge;, = (n;,n;) is a directed edge extending from the nodeo n;, n; is
called theneadandn; is referred to as thtail of the edge. Alsoy; is adirect successoof n;,
andn; is adirect predecessoof n;. A walk (of lengthk) is a non-empty alternating sequence
noeo - . . ex—1ny Of vertices and edges @ such thae; = {n;,n; 1} foralli < k. If ng = ng,

the walk is closed. Apathbetween two nodes is a walk through the network nodes in which
each node is visited only once. If a path leads frento n;, thenn; is said to be auccessor

of n;, andn; is apredecessoof n;. A cycleis a closed walk that starts and ends at the same
node, in which no edge is repeated. A gragh = (N*,£&*) is asubgraphof G = (N, &)

if N* C N, & C £ and the edges i&@* connect nodes i*. If it is possible to find a
path between any pair of nodes, the network is referred tmasectedotherwise it is called
disconnected

The intensity of connections can also be represented inrdgghdoy associating weights
to edges. Thus, the weighted gragt = (N, £, W) is formed by incorporating, in addition
to the set of\/ vertices andt edges, the set oV = {wy, w», ...} weights, i.e. real numbers
attached to the edges. The weighted gréffhcan also be directed. In this case, instead of
edges, the nodes are linked by arcs. Therefore, the mostajignaph is the direct, weighted
graphG™“— ].

The special category gfeographical networkis characterized by having nodes with well-
defined coordinates in an embedding space. In this case.ethe®mk G = (N, &, D) in-
corporates additional information, given by the $&t= {pi,ps,...,pn}, Wherep; is an
n—dimensional vector which gives the position of the nodgenerally in théR™ space.

Graphs can be represented by usaajacency listor adjacency matricesin the former
case, the graph is stored in a list of edges (representedagthiteead and tail). This data structure
is frequently used to reduce the required storage spaasyiaf the use of sparse matrices.
This list may also have a third element which representsritemsity of the connection. In the
latter case, the graph is represented by an adjacency mhitikose elements;; are equal
to 1 whenever there is an edge connecting nadaad j, and equal ta@ otherwise. When
the graph is undirected, the adjacency matrix is symmeiricorder to represent weighted
networks, a generalization of the adjacency matrix is megliiln this case, weighted networks
are represented by the so-calledight matrixiV’, where the matrix element;; represents the
weight of the edge connecting the nodesd;. The weight matrix can be transformed into an
adjacency matrix through a thresholding operatiti(J}') = A, associating each element of
W whose value is larger thai with 1 (0 is otherwise associated) [23].

2.2 Network Measurements

In order to characterize and represent complex networkaymeeasurements have been de-
veloped [L_ZB]. The most traditional ones are the average dedece, the average clustering
coefficient and the average shortest path length. ddgreek; of a node: is given by its

LStrictly speaking, in graph theoryreetworkis a directed graph (digraph) with nonnegative capacitsseiated
with each edge and distinguished source and sink ver@s [3



number of connections. Using the adjacency matrix,

N
k?l' = Zaij. (l)
Jj=1

Theaverage node degrde a global measurement of the connectivity of the network,

1 N
(k) =5 D_ ki 2
i=1

If the network is directed, it is possible to define, for eaduai, its in-degree k:j” =
Zj.v: | aji, andout-degreeks"t = Zj.v: , aij, as well as the corresponding averages considering
the whole network. The total degree is givenkoy:= k" + kU,

Another measurement related to connectivity is the degistgtulition P(k), which gives
the probability that a node chosen uniformly at random hagesek. This has been found
to follow a power law for many real world networks, as disags$urther. For directed net-
works, there are two distributions, for ingoing link3(k"), and outgoing linksP (k°“t). The
clustering coefficients related to the presence of triangles (cycles of ordee)hrethe net-
work [@]. The local clustering coefficient of a noddgwith degreek; > 1) is given by the
ratio between the number of edges among the neighbargdehoted by;, and the maximum
possible number of edges among these neighbors, givép(by— 1)/2. Thus,

2 et et Qi m i 3)
k(1) ki(ki — 1) ’
The corresponding global measurement frequently usedai@cterize the graph is tlawerage
clustering coefficientwhich is given as

N
(c) = % Z G- (4)
i=1

Thelengthof the path connecting the verticeand; is given by the number of edges along
that path. Theshortest path{or geodesic pathbetween the verticesandj is any of the paths
connecting these two nodes whose length is minimal [33]. @sidering the whole network,
it is possible to represent the geodesic distances by andestaatrixD, in which the entryd; ;
represents the length of the shortest paths between the hadd;. Theaverage shortest path
lengthis obtained from such a matrix,

1 N N

where the sum consideis# j and disregards pairs that are not in the same connected eompo
nent.

All the measurements discussed above can be extended thteeigetworks, in which
case thenode strengtlis defined with the weight matrikd” [@],

N
S; — Z Wij - (6)
i=1

The average strength is defined considering the nodes inltbewetwork, i.e.
1 N
(s) = N Zzl 8- (7)
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Theweighted clustering coefficieof a vertex: can be defined aﬂ%],

| wij + Wi
L — v v g
Ci - Si(ki — 1) Z 2 Qi Ak Ajk, (8)
i>k

where the normalizing factos;(k; — 1) ensures that < C; < 1. The average weighted
clustering coefficient is given by,

) =5y ©

The average shortest path length for weighted networkstesméned similarly as in Equa-
tion (8), considering the weight of the edges. In this caseweighted shortest path length
di3, is defined as the smallest sum of the edges lengths throtiglitine possible paths from
to j [1€].

Another important structural aspect of to complex netwatkaracterization is related to
the analysis of how vertices with different degrees are eoted. The determination of the
degree correlation can be achieved by considering the &rearsrelation coefficient of the
degrees at both ends of the ed@ [35]:

1 1 . 2
Wi Zj>i k?z'k‘jaij - [H Zj>i i(kl + k‘j)aij}
2
% Zj>z’ %(1%2 + k]z)aij - [ﬁ zj>i %(kl + kj)aij]

where M is the total number of edges andl € » < 1). If » > 0 the network is assortative
(vertices with similar degrees tend to be connected 3; 4 0, the network is disassortative
(highly connected vertices tend to connect to few connégcfedr = 0 there is no correlation
between vertex degrees, and the network is called nontatger

The measurements discussed above can be used for locasianalyterms of node mea-
surements, or global analysis, in terms of average measutsrfor the whole network. How-
ever, an intermediate analysis is possible by taking intmawct the modular structures in net-
works. Such structures, calledmmunitiesare common in many real networks, formed by
sets of nodes densely connected among themselves whilg seimsely connected with the
remainder of the networlELi%Eb?]. Communities play an intgatrrole in network structure,
evolution and dynamics, defining modular topologies. Utnifoately, their identification is a
NP-complete roblen{__[_ﬁB], so that many heuristic algorghimave been proposed for their
identification EHES].

Depending on the application, subgraphs can be fundamerdhbracterize network struc-
tures. For instance, modular structures in networks carnsbec#ted to different functions,
such as scientific collaboration areas. In addition to comitias, other types of subgraphs
can be found in complex networks, such as molif$ [39], cy@ and chains@l]. Motifs
are subgraphs that appear more frequently in a real netwbaks could be statistically ex-
pected 2] (see Figuiré 2, pdge 47). Other types of maettisse structure is not regularly
defined, are said to be chain motifs (handles and tﬁsl;) [Abbcder treesJES].

A fundamental issue related to networks measurement isathpling bias. If the data used
to generate a particular network present a large quantitpise or incompleteness, it becomes
critical to consider measurements that are little sersttivperturbations. Such measurements
must reflect the differences in distinct networks strucyeel]. This analysis is fundamental
to complex network theory and constitutes a promising resefeld.

The consideration of multivariate statistical methods patiern recognition plays a fun-
damental role in the understanding of network structurer. ifgtance, the ability of a given
model to reproduce real-world networks can be performedampical variable analysis with

(10)

T =
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Bayesian decision theorﬂ23]. In addition, structures etinorks can be properly character-
ized and classified by using these methods. For instancesirti@icity of networks can be
determined by searching for nodes with similar measurem@t].

2.3 Network Models

In addition to the characterization of networks in termsrdbrmative sets of measurements,
it is important to construct models capable of reproduchm évolution and function of real
systems or some of their main features. Among the many conmgtisvorks types, the models
of Erdds and Rényi, Watts and Strogatz, and Barabasi and Albedanaoeig the most popular.
Therandom graplof Erdds and Rényi (ER) uses what is possibly the simplest way tstoast

a complex graph: starting with a set 8fdisconnected vertices, edges are added for each pair
of vertices with probabilityp [B,]. Consequently, the degree distribution follows &Ban
distribution for largeN, with average degreg:) = p(/N — 1) and average clustering coeffi-
cient(c) = p. Random graphs are simple but unsuitable to model real meswiecause the
connectivity of these networks is characterized by hetmegus connections and abundance
of cycles of order three much larger than in random gra]p__H}s [32

The model developed by Watts and Strogatz, cadleall-world networksovercomes the
lack of cycles of order three in random graphs, but does ratighe the non-uniform distribu-
tion of connectivity @2]. To construct a small-word netkpone starts with a regular lattice
of N vertices in which each vertex is connectedstmearest neighbors. Next, each edge is
randomly rewired with probability. Whenp = 0 there is an ordered lattice with high number
of cycles of order three but large average shortest pattileagd wherp — 1 the network
becomes a type of random graph.

In order to explain the uneven distribution of connectivitgeveral real networks, Barabasi
and Albert developed the so-called scale-free networkseibenceforth abbreviated as BA
model, which is based on two rulegrowth and preferential attachmen[@]. The process
starts with a set ofng vertices and, at each subsequent step, the network groWwswddlition
of new vertices. For each new vertex,new edges are inserted with some previous vertices.
The vertices which receive the new edges are chosen follpalmear preferential attachment
rule, i.e. the probability of the new vertéxo connect with an existing vertexis proportional
to the degree of, i.e. .

. Nk
P(i — j) S (11)
This evolution is related to the “the rich get richer” pagadi i.e. the most connected vertices
have greater probability to receive new vertices. Sevesdhorks are believed to be well-
modeled by the Barabasi and Albert approach, which means idvereferential attachment in
these networks, as we shall discuss in the next sections.

Network models have been increasingly considered to iigagst different types of dy-
namics. Indeed, the relation between the function andtsir@iof networks is a fundamental
issue that can lead to the understanding of many real-wdrsh@mena, such as the associ-
ation between biological networks and the products of satéraction or between society
and disease spreading. In this way, many dynamical proaess heen studied by complex
networks researchers, including s nchronizatb_n\ @3 8 eading@SB9], random walks
dynamicsEbE]BZ], resiliencgj 53] 54], transpinta%] and avalancheEBG]. A good
review about dynamical process in complex networks is piteskein [18].

3 Social Networks

Since ancient times, the way individuals establish ratatimmong themselves has been crucial
to guide the cultural and economical evolution of societiddén and clear relationships have
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always defined different social, diplomatic, commercial amen cultural networks. In various
of those ancient networks, it was possible to qualitativdgntify relevant structural proper-

ties Eﬂ, such as the importance of strategic individualistermediate or decide negotiations,
or experience the power of ideological/religious thoughithin groups of people.

Though the quantitative study of social systems dates lmaitletseventeenth centub—LtSS],
the systematic study of social relations using mathematiezhods possibly began in the first
decades of the last century with the study of children frignipl in a school i 926 [@], later
followed by Mayo [[]5] with an investigation into interacti®@mong workers in a factory. The
motivation in understanding the “social networks” inciedén the following years, especially
with analysis of empirical data. We shall not review thosdyesorks, but they were important
because methods were employed which are now adopted by teled complex network
community. In addition, some of the problems now treatedh witmplex networks had already
been addressed. These included the phenomena describéahdny i his seminal paper on
a model to generate highly skewed distribution functi@,[ﬁwe study of citation networks
by Price [[_Ell], which converged in a model of network growtleaio generate power law de-
gree distributions@Z], Freeman’s measurement of catytrddetweenness), which quantified
the amount of geodesic paths passing through a rod 3afd]thesmall-world effect,
which emerged in the famous Milgram social experim @ 6 name but a few. Fur-
ther information and results from the sociological pointvadw can be found in specialized
books Ewﬂﬂg] and papers in journals such as “Sbigalorks” ﬂ)].

Although sociometric research has contributed to the wtaeding of society, the collected
data are still subjected to criticism because of the diffictd define and associate intensities
to some types of relation between two persons. Persondibredebased on feelings, thoughts,
trust or friendship deeply depend on the cultural envirominine sex and/or age of the actors
involved and even on the current political and economicatexd. As an example, if the Mil-
gram classical experimerﬂ@ 66] had been done in Bragilhuld be needed to be redesigned
since in this country most people are called by the first namderelationships are less formal.
In other words, the concept of acquaintance seems to vaording to the country. In sexual
networks, Liljeroset al. [ﬂ] suggested that man may overtell their sexual partnecadse of
social expectations. In music, the level of similarity beem two bands may be quite divergent
if assigned by musical experts or enthusiastic f [72].

Trying to overcome this bias, sociologists prepared exenguestionnaires and cross-
compared the responses obtained to achieve reliable dataevdr, the interview process is
time-consuming and expensive if one wants to get a signifisample size. On the other
hand, researchers have also investigated systems, suoh eallaboration and citation social
networks, where the rules specifying the relation betwdendctors are quite clear, which
guarantees some common ground for defining the network. Bp#s of approaches have
benefited from the increase of World Wide Web popula@ @ The pleasure to be world
visible, to contribute to global knowledge, to share thdagbr only to make unusual friends
or find partners have contributed to an increasing numberashbers in all types of virtual
social environments. Tools like blogs, photoblogs, megses) emails, social network services
and even a complete social environment such as “Second [ﬁe’are now widespread for all
ages and genden@?@ 76]. Although these virtual netwaiteat only a piece of the world
population and somehow specific types of relations, thegllysprovide a significant statistical
sample and possibly unbiased features of the social retatley represent. In addition, there
are extensive electronic databases about music, theaoets sscientific papers and other fields
which have contributed to construct reliable social neksdaster and more accurately than
ever ,]. One needs nevertheless to be cautious wheming behavioral and social
conclusions from those specific networks, especially whealidg with dynamical variables.

In the following sections, we shall focus on describing tbsutts on social networks by
using mainly the methods adopted or developed by the conmatisxork community in the last
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10 years lﬁbl]oﬁﬂs], considering real-world data. In ptherds, we present the most
important and common structural properties observed iaragtypes of social networks such
as degree distributions, community structure and the #@eolwf topological measurements,
reporting their relation with social features when avdéab

3.1 Personal Relations

Personal relations are possibly the most important andsblustwork type from the sociolog-
ical point of view. Since people can establish contact withep individuals in uncountable
ways, networks of this kind ultimately provide informatiabout the structure of society. Per-
sonal relations can be divided into several classes rariging friendship to professional life,
including sexual[?ll] and trust networl&[ 78], or e Jand blogs dBl]. In search
of a universal behavior, the concept of personal relatioas @xtended to other species such
as WaspsiEz] and doIphirE[83]. Since this topic includesntiajority of social networks ever
studied, we separate the various subjects into sub-sedtoithe sake of better organization.

3.1.1 Movie Actors

An important class of social acquaintances is related téepsional actors participating in a
movie. In terms of the artistic scene, such a network canigeoa glimpse of the popularity
of one actor along his career as well as individual fame. Despe vast selection of movies
in the Internet Movie Databasét(t p: // us. i ndb. com), the film actors network is struc-
turally small-world with high clustering coefficient. Thieeans a well-defined tendency of
actors to play with common partne@[32]. Possibly becatitseacnumber of actors in a single
movie and the number of movies an actor takes part along tteeicahe average degree is
significantly large (k) ~ 29). The popularity of some actors and the short life time ofrttee
jority could explain the power-law regime (~ 2.3) observed for largé in the distribution of
actors partneri_LM]. Amaral and collaborators [85] pairdat that this distribution indeed is
truncated by an exponential tail which could be an effectgirfi@, i.e., all actors naturally end
their careers at some point. This conclusion is emphasigatdiresults of Zhanegt al. [86]
who argue that when considering multiple edges betweensacaastretched exponential dis-
tribution is fits to the data (the same functional form wagluseobtain a good fit on a network
of Chinese recipeﬁhﬁ]).

3.1.2 Acquaintances

Popular folklore is fascinated by the so-called “six degreeseparation” concept, resulting
from the Milgram’s famous social experiment, which suggekat any two randomly chosen
people are separated by six intermediate individuals onagee Since the experiment was
done completely inside the USA, one of the remaining questias whether the six degrees
also applied to the whole world. Taking advantage of the bayatem, Doddgt al. organized
a similar worldwide experiment involving any interestedgus [87] and found, in accordance
with Milgram’s results, that the diameter of social acqteites varied betweeh05 and?7,
whether only completed chains were considered or not (iratter case, they estimated the
value). The carefully organized experiment detected thedesssful chains depend on the type
of relationship between senders and receivers, and noteoodiimectivity of the individuals.
The most useful category of social tie was medium-strenggmdships that originated in the
workplace. Geography clearly dominated in the early stajebe chain, while occupation
tended to dominate the final stages.

Although interesting, this kind of social experiment degetargely on peoples’ motiva-
tion to participate (being limited by lack of interest, timmeincentive) [87]. To overcome this
experimental bias, already-established ties of acquaietahave been usually investigated.
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The nowadays very popular “blog” services were used by Biicknal,, who found power-
law in out- and in-degree distributions (exponents ran@iam nearly2 to 3) and small-world
property for three size-scale (humber of members) prosi@]. The “blogs” databases are
large, but are also considerably sparse, with most membelatéd. On the other hand, Za-
kharov investigated the LiveJournal service and found dlsmmald network with a large giant
component containing nearly- 10 users @1]. Possibly the biggest social network ever in-
vestigated, this structure took 14 days and 2 computers twévedled. He found a power-law
(v = 3.45) for k£ > 100 which corresponds to actively participating users, whie so active
users with few connections led to a plateau in the distriloutiThe effect of opinion formation
in a network like that would be particularly interesting twéstigate since it has a high level
of clustering ¢ 0.3) and connection reciprocity (nearBp% of the edges are bi-directional).
However, this network has a limitation in the total numbefr@nds per user750) and only
150 of them are listed on the users’ info page, which clearlycfehe flow of information.
Upon using a new diffusion method, Zakharov identified sommamunities considerably fast

]

Using phone calls records within a period of 18 months, wing approximately 20 per
cent of a country’s population, Onneé al. [@ @] constructed a network with6 - 10°
nodes and - 10° edges. The nodes represent users and a connection issstdblvhen two
users called and received calls from each other. Moredweryveights represented the duration
of calls between two users. The degree and strength distniilsucould be approximated by
power-laws (respectivelyy = 8.4 and~ = 1.9). A careful analysis of degree and weight
correlations was carried odﬂ88], in which strong ties a@ppd between members of circles
of friends, while most connections between different comities were weak. As a conse-
guence, the removal of strong ties has basically local &ff@adthin communities). In contrast,
when weak connections are removed, communication betwifferedt communities may be
disrupted, causing collapse of the whole network. It is tvoidting that information diffusion
was tested in such weighted network using an equivalent &dgptible Infected) epidemi-
ologic model. They found that the majority of the nodes werg finfected through ties of
intermediate strength with a peak at 100 secohds [89], wimehns that most of the nodes
were infected after 100 seconds.

A student affiliation network was built by Holme and collaatars, from officially regis-
tered classmates during a period of 9 years in Ajou Univ;e@]. Considering the weight of
the network as inversely proportional to the number of sttalattending the course (which is
related to the social proximity between the students) aedmaig that old courses contribute
less than new ones to this social strength, they found thdésts become more peripheric with
time in the network, whose core comprises mainly fresh sttsdenterestingly, fellow students
become strongly tied over time owing to a decrease in the eummiclassmates. Using ques-
tionnaires data from middle and high school students in tB&UGonzalezet al. analyzed
the resulting friendship networm91]. They found that wieemsidering only mutual connec-
tions (bi-directional edges), the network results in a $@adous connected components. The
friendship networks were identified as assortative withgreke distribution with a sharp cut-
off. However, the c-networks built with connections betweemmunities identified with the
k-cligue percolation method were disassortative, witHesé@e degree distribution. From a
comparison of node pairs with given ethnicities in relatiorthe random network, they found
that the common behavior for each ethnic group is to nomifrarads of the same ethnicity
than from any of the other ethnicities. Interestingly, agpnametry with respect to the compo-
sition was observed in case of inter-ethnic nominations. iisiance, both blacks and whites
show increasing homophily as they get into minorities; hasveminor black groups get more
integrated than the white ones when involved in other ethma@gorities |[§il].
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3.1.3 Emall

The establishment of networks incentived communicaticgtsveen individuals. Guimerét
al. obtained an email network for the University at Rovira i \Mirq;@]. This intrinsically
directional network was converted to an undirected verbipassigning connections between
two individuals whenever they sent and received messages tie same partner. As in the
LiveJournal case, the network displayed small-world argh lglustering (.25) in the giant
component, but with an exponential cumulative degreeibigton (P (k) o< exp(—k/k*) with

k* = 9.2 for k > 2). On the other hand, the community structure was self-aimilith
heavily skewed community-size distribution~ 0.48 in the range2—100 and sharp subsequent
decay[[__ZbZ]. The self-similarity means that the orgaivmais similar at different levels, i.e.
individuals form teams, teams join to form departments,ad@pents join to form colleges,
and so on. Valverdet al. [@] constructed a network using data from the email trafitieen
members of Open Source Software Communities (OSS) and thanthe weight distribution
follows, on average, a power-law with two regimes~ 1.5 andy ~ 2.4) in the case of small
communities and with one regime~ 2.27 for a large communit@Z]. The latter community
also presented a power-law in the strength distributior (1.73).

3.1.4 Trust

From the hierarchical point of view, the network of trust tenviewed as a special sub-network
of the acquaintances network, where the strongest coonedti the latter could be related to
connections of the former network. The lack of reliable ddiaut trustful partnerships moti-
vated the studies to concentrate on electronic trust ties.PIGP (Pretty Good Privacy) encryp-
tion algorithm lets one user certify another one by signirggpublic encryption key; in other
words, the first user creates a directional connection ted¢cend one if he trusts that the sec-
ond is really what he says he is. By looking the emergent id-an-degree, Guardiolet al.
found a power-law degree distribution with exponents, eetipely, 1.8 and1.7 [ﬁ]. Interest-
ingly, the network is composed of many strongly connectedpaments in which the clustering
coefficients are independent of the component size. Theonktwas found extremely fragile
against attack while the strongly connected structure imedaessentially unaffected. Bogufia
et al. considered only bidirectional signatures in the PGP webust 78] which resulted in
a stronger sense of trust since both sides must sign eactisdtbgs. The giant component
presented a two regime power-law degree distribution wiggoeent2.6 (for k£ < 40) and4.
The clustering is large and nearly constant as a functioheflegree, but the network is as-
sortative. Finally, using the Girvan and Newman communétedtion algorithm, a scale-free
community distribution{ ~ 1.8) was identified.

3.1.5 Sexual Relations

Even though sexual relations between individuals do noesearily correspond to acquain-
tance relations, sexual partners can become social paendvice-versa Analyzing a random
sample of individuals aged betwe&® and74 years old in Sweden, Liljeroat al. [71] found,

in a study within a period of2 months, a cumulative power-law distribution of partnerghwi
exponent2.54 and2.31, respectively, for women and men. The exponents are quisecbut
the average number of partners is larger for men than for wiomvaich is explained by the
fact that men may inflate their number of partners becauseaidisexpectations. Interestingly,
for the whole life-time another cumulative power-law distition was found, but with smaller
exponents2.1 (women) andl.6 (men). The scale-free structure of such network was sug-
gested to emerge from the increased skills in acquiring reaners as the number of previous
partners also grows, in the same way of “the rich get richaragigm. The main result is that
the core-group (i.e. groups of risk) concept may be arlyitrarsuch networks since there is

13



no well-defined boundary between core groups and otheriihdils and therefore, safe-sex
campaigns should be focused on highly connected indivsdicaprevent propagation of sex-
ually transmitted diseases. However, by using statistivathods in the same and different
data, Jonegt al. [@] argued that the method used by Liljeros and collabeosato find the
exponent of the number of partners distribution had stegisproblems. As a consequence,
the preferential attachment process may not be the onlyeagerserating real sexual networks
as proposed. They explained that targeting at-risk coreggrbas a proven efficiency in reduc-
ing disease incidence although degree-based interventiave already been proposed in the
past and could be also adopted to lower the reproductiveofatexually transmitted diseases.
Finally, they suggested that other structural properties sis concurrency and local clustering
have significant impact on epidemic processes since irfiaiteance networks have different
internal structures, affecting the spreading processea.réview papem4], Liljeros explores
the complexity of the mechanisms contributing to spreadihgexually transmitted diseases,
and concludes that one single solution for the problem ifdan being found, even though the
underlying structure of the sexual web contributes to thisagnics. Indeed, broad and targeted
interventions have both been proven to be effective.

Finally, other networks were constructed using smalleashstlsS@G] which described
populations of different countries. The questionableestade behavior of such partners dis-
tribution has motivated interesting discussions on therival structure@?] and dynamics of
sexual interactionsﬁ%]. For instance, Gonzalez and lootktors suggested a model to repro-
duce structural features of a homo- and a heterosexual detwbey found that the clustering
coefficient, the number of triangles and squares are relgtsmall, which can be better ex-
plained with their model than with the BA modm%]. Also wioranalyzing is the network
of romantic communication, though it is not necessarilpted to sexual contacts. Holme and
coIIaboratorsS] observed that during the period coneidlén their study, both the number
of members and the average degree grew with time but withedsitrg growth rate. This is
partly explained by the fact that old members log on for thst fime during the sampling
period. Reciprocity depends on the type of relationshipldisthed in the virtual community
and is rather low. Furthermore, the number of triangles isllemthan the number of 4-circuits
and the network apparently presents dissasortative miXing cumulative degree distributions
was observed to be highly skewed, but not with pure powerfdam @].

3.1.6 Sports

The sports field is particularly interesting because of yisasnical nature, as teams constantly
change players, there are dozens of collective sportsvimgplinteraction between people,
championships range from local to world size scale, and soHmwever, little attention has
been given to such dynamical systems in terms of networkson&sof the tests of their com-
munity detection algorithm, Girvan and Newman investigetee community structure of the
United States college football in the 2000 seasoh [37]. uea represented teams connected
by edges expressing regular-season games between those tdkhough teams are divided
into conferences which imply more games between those maih&erconference games are
usual, which generates a complex structure involving aftiggpants. With their algorithm,
they were able to identify the conferences with high precisiThe north-American college
football league was also a motivation for a ranking systesetlan a directed complex net-
work where the direction represented wins or losses of afspézam (the nodesj__[_b9]. The
method was based on the idea that if a team A can beat a team B ean beat a team C,
consequently, A most probably will beat C. The resultingkimag for a specific season was
compared with the official method with good agreement.

A complex network study of Brazilian soccer players wasiedrout by Onodyet al. [@].
Initially, a bi-partite network was built where one type afde represented the teams while the
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other represented the players. They found an exponentiaPlaV) ~ 10~93%" in the prob-
ability that a player has worked in a given number of clibsTo investigate the topological
properties, they merged those nodes in such a way that twergl®ecame connected if they
were in the same team at the same time. The final network ¢égtlibin exponential degree
distribution such tha (k) ~ 107%911% The time evolution of that network showed that al-
though its size became more than five times larger in the géndon 1975 to 2002, the network
maintained the small-world characteristic. They suggesiat the clustering coefficient had a
small decrease because of the exodus of a considerable nofrfilayers in the last decades
while the average degree became 20% higher, possibly ecdtise increase in the transfer
rate and/or in the professional life-time. The network Ineeamnore assortative with time, sug-
gesting a growing segregationist pattern where teams withas importance preferentially
transfer players between themselves.

3.1.7 Comics

Differently from the actors network where the social ties professional, the comics network
are composed by characters whose connections can be doedtkyy other factors such as
moral rules, as pointed out by GleisEhOl]. Thereforeugoboth networks are related in
some level, they have fundamental differences which camapeuced by structural measure-
ments.

The social relation between Marvel characters was inva&tihin terms of a bi-partite
network (characters and books) where two characters weargected through the appearance
into the same comic book, with connections representink taybfessional” and familiar ties.
Although the Marvel universe tries to reproduce human iaiat Alberich and collaborators
concluded that the clustering coefficient and average deginewed a considerable smaller
value than usual real social networ@lOZ]. The resultietgvork has a small diameter. Per-
haps as a result of personal fame, Captain America and Saleare examples of hubs which
contribute to the power-law with cutoff observed in the idsttion of the number of partners in
this collection of storiema. Contrasts between thisciic artificial network with real ones
were suggested by the results of GIei@lOl]. The anabfjsisgree correlations indicated no
correlation up tok = 200 and disassortativity after this value. The clustering ficieht as a
function of the degree clearly showed the existence of afiby of nodes. In order to extract
the intensity of relations between the characters, a weihhetwork counting the number of
times two characters appeared together was adopted, detdanpower-law distribution with
(v ~ 2.26). He also found that the hubs are basically heroes that cowiifeerent communi-
ties. The fact that villains appear only around hubs can lesaltrof the Comics Association
rules, which state, for instance, that the good has alwagsitceed against the evil. These
constraints imply that this artificial social network diffefrom a real social net.

A different network related to comics stories was built bysidering the cross-talk or
comic dialogue (Xiangsheng) folk art of Chir@O?)]. Thewatk is small, but exhibits in-
teresting features. It is shown that most of the comic diaésginvolve two players and the
number of dialogues an actor has played follows a power faw (2). The projection onto
a non-bipartite network showed that the collaboration glyi clustered and could contain a
hierarchical, modular structure. Moreover, the network $rame disassortativity and is small-
world. These results suggested that the main actors tengptat dialogues with the same
collaborators.

3.1.8 Non-human relations

While investigating networks of wasps in which the weightsrevgiven by the number of
dominances (hierarchy) of one wasp over the other, Valvandecollaborators found networks
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with weight distribution similar to the small OSS commm@]. Another non-human social
experiment was carried out by Lussead [83], where socialaintpnce of dolphins was defined
as preferred companionship, i.e. individuals that were segether more often than expected
by chance. The data todkyears of observations and showed that the emerging network i
small-world with high clustering coefficient. The data ifat&vely small, but it is argued that
the tail of the number of acquaintances distribution fokos power-law { ~ 3.45). The
dolphin network is resilient to random attacks, but targedtacks increase the diameter of
the network, although the random attacks are not enouglagmfent the network into small
connected components. This effect is possibly a consequatibe non-power-law interval for

a small number of acquaintances. The hubs were identifieel nodinly adult, old femaleﬁm].

3.2 Music

Professional music relations could be included in the sactif personal relations but we
have singled music out because different types of netwoake fbeen studied. In terms of
professional relations, Gleiser and Dan 104] proposeettevork where two musicians
were connected if they played in the same jazz band. Thisemiom mechanism resulted
in an assortative, small-world network with high clustgriand degree distribution follow-
ing P(k) ~ (1 + 0.022k)~!-3%. For the information collected dating back to the 1930’s and
1940’s, interesting social aspects were extracted froométeork. Studying the community
structure with the Girvan and Newman algorithm, they fountlear segregation pattern of
black and white musicians in this collaboration network #mat the cumulative distribution
of community sizes presents a power-law with= 0.48 [@]. The network of collaboration
between rappers was constructed by S[105] considéringappers connected whenever
they recorded together. The resulting network is also alsr@ald with high clustering and a
partnership distribution following a power-law & 3.5).

No correlations were found between topological measuré&sraich as betweenness and
node degree, or between an index of record sales and stesteape year, i.e. high level of
collaboration is not related to commercial popularity. f&iéntly from the jazz music network,
the community analysis used a weighted network and thenearidg algorithm” to convert
the weighted network to an unweighed version such that the mportant edges were ex-
tracted ]. Considering only the connections, the fastiufarity community structure al-
gorithm @6] was applied and could only identify small aredipheral rap groups. When the
clique percolation method was appli@llO?], groups andyggahical regions were identified
correctly but the same did not apply to music labels. Thellefzfeommunities (groups, mu-
sic labels, regional/community affiliation) identified éddbe controlled by a parameter in the
clearing algorithm and then applying the cliqgue percotatioethod. Both jazz and hip-hop
networks are relatively small, with considerable high agerdegree.

Another collaborative network was built by Pagkal. ] who used data extracted from
theal | musi c. comdatabase. They constructed a network of similarity betvaetiats us-
ing the same database and investigated the topologicakmies of both networks and the
resulting networks obtained when intersecting them,he rnietworks obtained from only com-
mon nodes in both networks. The method is interesting forpaoiaon of the same dataset
for different social ties. However, the overall propertid not change considerably, and the
collaboration network before and after the intersectioocpss presented power-layw~ 3,
while the similarity network had exponential degree disttion with P(k) ~ exp(—0.12k)
(before) andP (k) ~ exp(—0.15k) (after intersection). The small-world and high clustering
features were maintained after the intersection processtestingly, only 464 common edges
(about4% of the total) were identified in the intersection of both netks which indicates that
having worked together does not necessarily translatebisittg classified as musically simi-
lar. The similarity network was assortative while the cdotleation was partly assortative. The
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cumulative fraction of betweenness displayed a power-teallinetworks studied.

The similarity between artists was extensively invesgédalby Cancet al. [Iﬁ] by using
four online databases which differ in the way similarity ssigned (by user habits or musical
knowledge and by musical experts). Those networks arerléinge the musicians networks
above, though preserving the small-world property witthhitustering. They found that user
rating networks resulted in power-law in-degree distiilng v ~ 2.4, while experts classifi-
cation mechanisms resulted in networks with exponentiehgleThe out-degree distributions
follow the same shape with cut-offs due to clear limitatiamshe web-pages usability con-
straint (the recommendations should fit in one web-page)e @gdwer-law behavior for the
degree distribution was confirmed in an experiment wheresusent playlists such that two
artists were connected if they appeared together. An expiahelecay emerged in the case of
a user selecting the most similar artist to a given one int@a1i&0 possibilities|ﬁ|2].

The Brazilian popular music network was constructed by ecting two song writers with
a common singe 9]. The network presents small-worltufea high clustering and high
average connectivity. The cumulative degree distribuisdiited by an exponentially truncated
power-lawy = 2.57.

At the level of personal ties, a network of jazz bands wasttocted where two bands were
connected if they had a musician in commonding to anotheregatjon between black and
white musicians/[104]. That network presented small-wadnidgh clustering, with the degree
distribution following an exponential functioR(k) ~ exp(—(k/32.8)1:7®). Using the Girvan
and Newman community detection algorithm, they found anma#ion in two big communities
representing the major records locations, namely, ChicagbNew York. The New York
community split up into two other communities correspondio another segregation between
black and white musician@M]. In these networks, an examiperrors in the acquired data
is the inclusion of the same musician appearing with diffemeames, as pointed out in the
jazz network@]. Similarly, errors occur in the Braailianusician network, which includes
anonymous musician, that concentrate a large number oections [[;I._Qb].

3.3 Collaborations

The topic of scientific collaboration can be understood aslatspic of personal relations,
since it is related to professional (academic) ties betvge@mtists. It deserves a special sec-
tion for its relevance in terms of knowledge disseminatibBrom the several databases inves-
tigated, common features were identified, even though #es sind some structural properties
depend on the field of interest. Newman built networks froablases of sizes varying from
10* to 107 papers and compared the topological properties in the samedrterval. The dis-
tribution of number of papers is well fitted by a power-law foro databasesy(~ 2.9 for
Medline andy ~ 3.4 for NCSTRL) and by an exponentially truncated power-lawtfa Los
Alamos Archive 0 . The evolutionary computation (jEg0-authorship network also
had a power-law~ ~ 2) ]. The distributions of number of authors displayecwer-law
shape in all four databases investigated by Newrdad ¢ < 6) and in the EC datay(~ 5.27),
with the largest collaboration project containibgs1 people. Purely theoretical papers appear
to be the work of two scientists on average, according tdtegr mathematics and sociology.
The latter were also found to contain a small number of collations although suggesting an
increase in the collaboration rate in the last decades m On the other hand, experimen-
tal and interdisciplinary (e.g. neuroscience) subjectge tagher average collaboration rate,
reaching aboud authors per paper in high-energy physics.

The histogram of the number of collaborators per author fisveer-law in many databases
with exponents varying from ~ 2.1to~y ~ 2.58 @@] The only difference appears
in some networks investigated by Newman, which exhibited pewer law slopesy( ~ 2
and~ ~ 3). Interestingly, Cotta and collaborators pointed out that most prolific authors
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are not necessarily the most connected, but in fact they tisreese interests which motivate
collaborations. They also found that the number of collatms strongly correlates with the
number of paper 1].

Only the network of sociologists has been found not to be lswialld, possibly because
of the large number of research areas with little collabonabetween them. The conclusion
is reinforced by the small clustering observ@llS]. Thedlihe database presents small
clustering, as a result of the tree-like structure (“priratinvestigator” with several post-docs)
akin to biomedical researcﬂ]]i__im]. The other databasesharacterized by a high degree
of clustering [Eh]. The clustering coefficient decays dredegree of an author increases with
time in the case of neuroscience and mathem [112]. fidvetly of the giant component of
these two latter subjects is consistent with the increasatigboration rate over the last years.
Newman verified that for most authors, the paths between grehother scientists go through
just one or two of their collaborators (funneling effect)heTaverage distance to all authors
decreased with increasing number of collaborations Bﬂ m]. In terms of knowledge
diffusion, the average distance is important because isarea the centrality of an author in
terms of its access to information. On the other hand, betness is a measure of author’s
control over information flowing between other scienti,].

Girvan and Newman tested their algorithm to detect comriasin a database of co-
authorship of papers, books and technical reports of théaJanInstitute between 1999 and
2000 EV]. They found that scientists are grouped into tvpe$syof similarity, either of research
topic or methodology. The same method was used by Arenas @labarators to identify
communities in two networks of co—authoa[92]. In the fitBey considered the panels contri-
butions of Statistical Physics conferences in Spain ovara@ of 16 years and took the final
co-authorship network. They found that collaboration isenmcommon within the same insti-
tution and that the emergent community size distributidiodes a power-law ¢ ~ 1). The
arXiv network has a two-slope power law in the same distitioutvith exponentsy ~ 1 (with
strengths < 60) and~vy ~ 0.5 (60 < s < 1000) [@]. The community in collaboration net-
work was also addressed by considering hierarchical meamnts in a scientific institutional
collaboration networlmS]. In this case, the authors iifiexd different patterns of authorship
emerging from different research areas.

Li et al. considered a different weight function while investiggtithe collaboration net-
work between econophysics authors from 1992 to 2003/@]{1The nodes represented
scientists and the weights between two scientists weranalatdoy summing three functions,
where each function represents one type of relation betityean. The first counts the number
of co-authorships, the second counts the number of ciston the last, the acknowledge-
ments. Each function expresses a different contributicthedinal weight value according to
their relevance in the final report. They found that the degired weight Zipf plots have an un-
defined shape and did not change when considering two srtafslith one year of difference
between them) of the collaboration database, though ihafifinodes changed considerably
their importance in the network (measured by their betweesnﬂﬂblﬂ?]. The network
has a small giant component (with ab@it’% of the total nodes), small clustering and large
average shortest paths when compared to other collabonagitvorks. They found that the
weight affects slightly the edge and node betweennesshiistms. By using only the amount
of collaboration between co-authors, they investigatedabmmunity structure in the giant
component of such a network. They used the Girvan and Newigantam and hierarchi-
cal clustering. The first algorithm provided the best resulassifying scientists belonging to
the same university, institute or interested in similaeegsh topics. The second one classi-
fied modules, but the result was not consistent with real. dakey found that the members
of each community changed considerably depending on whétkeeweights are taken into

account].

Barabasi and collaborators suggested that for the evalatidhe collaboration network,
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the small and finite time interval might affect the resultadieg to incorrect conclusions be-
cause of incomplete data. Such a trend was identified by vbgethat the average shortest
path decreased with time (and size of the network) while it wapected to increas@lZ].
Although important, proceedings editorship cannot be geéme same level of peer-reviewed
papers. Cotta and collaborators argued that proceedinfgbamtions should be removed
since they bias considerably the shortest path distributis they include authors from differ-
ent thematic subjects and create long-distance edges.aldwguggested to analyze separately
the distinct types of scientific reports since differentayf collaboration are reflected in such
reports M]. Some care should be taken when consideragriginal data because two au-
thors might appear with the same name or one author mightifigdsmself in different ways
on different papers. To overcome this problem, Newman ranntkasurements twice, first
considering the network obtained by the author’s surnandgefiest initial only, and a second
version considering the surname and alll initi@llO].

3.4 Religion

The importance of religion in the ancient and contemporagjety is unquestionable; despite
some fluctuations along the years, religion always playedngral role in the history of hu-
manity. Choi and Kim used a Greek and Roman mythology diatipho analyse the relation
between the mythological and fascinating characteresabtitime ]. Using a directed net-
work, they associated outgoing links with a specific entra @haracter in the dictionary and
the incoming links were related to characters appearingarcorresponding explanation field
of that specific character. It means that Heracles, form&tahas the most number of outgoing
links which reflects that he gave origin to many great evegthitnself. On the other hand,
Zeus concentrates a high number of incoming links since peapd as a supporting char-
acter in different myth tales. The degree distributionsiitesl in power-laws with exponents
betweer2.5 and3.0. The close relation between different characters is \adityl looking the
small-world feature and the high clustering of common neayh. Furthermore, a hierachical
structure was observed, which had two main fundamentalnstiggenealogical tree and the
native class a myth character belongs, e.g., gods, titenseh. The distribution of local cyclic
coefficients displayed two peaks that correspond to tieednd triangular pattern19].

In the medieval church, there was a big concern about hendsgh is fundamentally an
opinion at variance with established religious beliefsfggeed by a baptized church member.
Since heresies were against the official beliefs of the d¢huhweir propagation was punished
and avoided. The inquisitors recognized that they shoulgetahe most connected people,
i.e. the people responsible of propagating those ideas;hafeisulted on much more effec-
tive results|[5/7]. A qualitative analogy of historical fa@nd disease spreading on networks
led Ormerod and Roach to suggest that the spreading of nadiiekesy resembles a disease
diffusion in a scale-free network [57].

At an individual level, Amarakt al. analyzed a group of 43 Mormons and suggested that
a Gaussian distribution could explain their acquaintarete/ork @k]. This result agrees with
another friendship network of high school students, alsotioeed in the same pap85].

3.5 Organizational Management

The growth of interdisciplinary research can be identifigdihbta related to national or conti-
nental research funding proposals. Based on data from ttiefdaNatural Science Founda-
tion of China (NSFC), Liu and collaborators constructed awonek of related research ar-
eas mb]. Since each proposal to the foundation providesfigids to specify different

areas, they took each research area as a node, with two nettesdonnected if they ap-
peared in the same proposal. The cumulative degree disbribiollowed the functionP (k) =
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exp(—0.13k) for the period betweemn999 and2004. The growth of interdisciplinarity could
be identified by the increase in the average degree and rihgstand by the average distance
decrease. Interestingly, the network tends to be disads@rtwvith time.

At the level of organizations, Barbet al. ] and Lozancet al. ] constructed net-
works based on the European-Union Framework Programs (HRgsearch and Technological
Development. In the first case, they got a bi-partite netviimin the first four FPs, with one
node-type representing the research projects and thetgfierepresenting the organizations.
The connections were assigned by considering organizatidrich collaborate in common
projects. Network properties were extracted from the g#etion graph. The distributions
of project (number of organizations taking part in one prj@nd organization (number of
projects in which an organization takes part) sizes exdibjtower-laws, respectively, with
v ~ 4 and~y ~ 2 for larger values, which remain stable over the three lasbge consid-
ered. This indicates that the organizations participaiting particular number of programs in
each FP were not altered in spite of changes in the reseatighi@s. The network is highly
clustered, small-world, and the number of triangles ineesdinearly with the degree of the
node |[l_2|1]. Using data from the 6th FP, Lozagtaal. constructed a different network where
two organizations were connected whenever they had colisdubat least in two projects. The
degree distribution presents an undefined shape and thessfalcused on detecting commu-
nities by a new algorithm, which was able to classify someroamities according to their type
(industries or research centers), nationality or servicesiders [EIZ].

The network of the United States House of Representatiees fhe 101st to 108th Con-
gresses was investigated by Porter and collabor [12i8ally, they built a network with
two types of nodes which corresponded to Representativds@nmittees, with edges con-
necting each Representative to the committees. Then, eno#iwork was created whose
nodes represent the committees while the edges indicatemoarmembership between com-
mittees. They found evidence for several levels of hienamithin the network of committees
and identified some close connections between committabsutiincorporating any knowl-
edge of political events or positions. They identified clatiens between committee assign-
ments and political positions of the Representatives. Iintdey verified that the network
structure across different Congresses has changed, afpedter the shift in the majority
party from Democrats to Republicans in the 104th House.

The networks of product development for different indestnivere characterized by Braha
and Bar—YamG]. In these networks, two tasks@neected by arcs if the first task
feeds information to the second task. The resulting netwak highly clustered with small
average distance, which reflects the optimization of thevords and unavoidable iteration
nature of the design process. They found that in-degreegldisons always presented a scale-
free behaviour with cutoff, while out-degree distribuowere scale-free with and without
cutoff, which can be related to the fact that transmissianfofrmation is often less constrained

than receptioﬂ%].

4 Communication

The study of the structure and function of social networksdiaays been constrained by prac-
tical difficulties of mapping the interactions of a large riaenof individuals. The construction
of these networks is based on questionnaire data, whichesamly a few number of individ-
uals and depends on the personal opinion about their tieth té advent of the Internet and
with the use of phone and mobiles, a large amount of data ceecbeded for further analysis.
These communication networks are useful not only for piogidetter data for the study of
social networks but also for economical reasons. Here wauslsthe email, call graph, and
wireless networks.
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4.1 Emalil

Email has become one of the most important means of comntigricaowadays and email
exchanges provide plentiful data on personal communicati@n electronic form which leads
to an automatic way to construct social networks. Since lemetivorks are one of the major
means of computer virus spreading, the main reason to shedy ts computer security, i.e.
finding ways to stop virus spreading.

There are two ways to construct email networks: (i) vertexesemail addresses and there
is a directed arc from vertekto vertexj if i sent at least one email tp (this network is
obtained by the log files of email server&h@ 129|vértices are also email addresses
but there is a directed arc from vertéxo vertexj if j is in the address book of vertéxthis
network is obtained by email address book of several useaspécific institution) 9, 130].
Therefore former kind of network is naturally weighted ankected, where the arc weights
are given by the number of emails sent. Ediedl. ], however, also studied these networks
by considering them as with undirected arcs where emaileadds are connected if at least an
email was exchanged between them.

All collected email networks were obtained from universiyail servers@ﬂzg,
@] except the email network from the HP Labs mail serveB]1Zhese networks can be
very large, with the largest being the email network of thelKiniversity ] with 59 812
vertices, and the smallest the email network of UniversityRavira i Virgili in Tarragona,
Spain ], which contains 1667 vertices. All studied enma&itworks have the small-world
and the scale-free properti@[l@@ , 130]rEtlal [@] and Gimerat al. [IE]
also found that email networks are composed of communitidspaoposed methodologies to
find them. Braha and Bar-YaMSl] showed that vertex degndébatweenness of such kind
of networks change dramatically from day to day, suggesiimginterpretation of “hubs” in
dynamical networks.

A model of an evolving email network was proposed by Wang ariide\/\@] and it is
based on addition and deletion of links between users, atttearser email checking time. Zou
and Gong@Z] proposed a model for simulating the emailsvapreading and immunization,
which is also based on the user email checking time and hipflobability of opening email
attachments. They showed that viruses spread more quickbcale-free networks than on
small-world and random networks, and that the immunizadiefense is more effective on the
first kind of network than on the other two.

There is a free software, called EmailNet, for email traffiaimg which generates the cor-
responding email network for further analysis. This sofewvalso provides a interface for the
visualization of the email networks and is availablett p: / /i pr esear ch. net/ emai | net/

[133].

4.2 Telephone

Call graphs are constructed from telephone calls comptiiedg a specified time period. The
vertices are the telephone numbers, and a connection fralexvdo vertex; is present there
was a call from: to j. The edge has naturally a direction, witht the tail and;j at the head.
Such graphs can be very large. Aiello, Chung and_L_u|[134] dopmwer laws for the in-degree
and out-degree distributions, as well as for the distrdsutdf components with a given size
(excluding the giant component) in a telephone call graplsindilar study was done for mo-
bile phones by Nanavagi al. [@]. They analyzed local calls in four different regidostwo
different periods (one week and one month); despite sodferences in the regions and the
different periods used, the results are similar. Averaggatevaried fron3.6 to 8.1, while the
clustering coefficient was frord.1 to 0.17. The distribution of in-degrees and out-degrees is
close to a power-law, with exponer?® and 1.7, respectively. There is a significant correla-

21



tion between the in-degree and the out-degree of vertideishwneans that people that receive
many calls also generate many calls. With regard to nodesected by a call, assortativity is
present for the in-degree of the caller with in- and out-degyf the called person; for the out-
degree of the caller, weak disassortativity with in- and-adegree of the called was detected.
Expressed in another way, vertices that receive many eaitsto call vertices that also receive
and generate many calls, and vertices that receive fewtealtsto connect with vertices that
receive and generate few calls; on the other hand, the nuafloadls generated by the caller
is not a good predictor for the connectivity of the calledsper. A giant strongly connected
component and a power law distribution of the remaining conents were also detected. On-
nelaet al. [@@] considered the call graph of a mobile operatorjiitided only reciprocal
calls in the graph, i.e. an undirected edge is present betwedesi andj only if i called
andj called: during the considered time interval; calls for numbers dieotoperators were
not included. The largest connected component of this mithvas a degree distribution with
a tail of the formP (k) = a(k + ko) ™7, but with significantly larger exponent (= 8.4) than
the networks discussed above. The number of calls betweeetephone numbers and the
total duration of the calls were used as two different weighfeatures. The distribution of
strengths shows that most users make few, brief calls, I soake a large number of calls,
with some pairs of users chatting for hours. The network $erative, confirming previous
results for a social network. The authors also found thabteelap of the neighbors of two ver-
tices is proportional to the weight of their connection,réiere corroborating experimentally
the “weak ties hypothesis” of GranovettEhBG].

5 Economy

Trade, currency, industrial production, wealth distribaotand tourism are important target
studies of economy. These systems can be considered agifogniiscrete parts that interact
in a defined way. For instance, trade/commerce is the valpetechange of goods, services,
or both. In this way, a network can be generated by this @gt@gsociating nodes to countries
and considering the in- and out-degree as representingeateely, the imports and exports
between these countries. In this section, we present howleasmetworks theory can be used
to model economical relationship.

5.1 Trade networks

Economic relations are now magnified owing to the increasimgber of commercial partners
due to globalization. Trades at a personal level have soitis increased with e-commerce,
but the gross market between countries is still a businessrapanies. Trying to unveil this
fascinating economical complex system of trades betweentdes, Serrano and Bogufia stud-
ied the so-called world trade web [137]. A network was buijtdssigning a node to each
country and considering the in- and out-degree as repiagemespectively, the imports and
exports between countries. For the non-weighted direattaark, they found the in- and out-
degree correlation to be very high £ 0.91), with 0.61 of reciprocity. A power-law function
emerged with exponent ~ 2.6 for k£ > 20 in the number of commercial partners, regardless
of whether the in-, out- or undirected-degree distributicere considered. The intense trade
activity between countries exhibits the small-world pndyea high clustering coefficient, and
large average degrees. A positive correlation between uhgbar of trade channels and the
country’s economical wealth was identified, with some exoeg for developing countries.
Interestingly, the system seems to present a hierarchichitecture of highly interconnected
countries belonging to influential areas, which in turn @wtrio other influential areas through
hubs. This last property is suggested by the strong clustaroefficient dependence with
the degree (power-law behavior with~ 0.7) and the disassortative degree struct[137].

22



In another paper, Serrano and Bogu[137] showed that fiedotgy of the "World Trade
Web" presented scale-free, small-world effect and modstiarcture, similar to the Internet
and WWW networks.

5.2 Currency

In 2004 Liet al [@] extended the studies of Serrano and Boguiia to “WoxkchBnge Ar-
rangements Web,” with a method to build a bipartite netwoHere the nodes can represent
countries or currencies. In the network, one country isdthko one currency if the currency
circulates in the country. The authors showed that the n&tpossesses a scale-free behav-
ior with exponenty = 1. A non-bipartite network was also analyzed where the nodag w
the currencies only. Two currencies were linked if there was or more countries where
these currencies circulate. This network also presentalg-fie behavior with coefficient
1.3, small-world effect, disassortative and modular struetufrhe power law behavior of the
degree distribution had also been observed by Geatski [@] in the complex network built
from FOREX database (the largest financial market in thedyoihe robustness of currency
complex networks was investigated recently by Naybal., who used hierarchical methods
to show that the currency network topology minimizes thea# caused by economic crises,
such as the Asian crisis from 1 August 1997 to 31 October 1998.

5.3 Industry

Andradeet al. [@] showed that the topology of the oil refineries netwisrlscale-free. In
order to build the network, the authors took devices andamnijprocesses (e.g., valves, pumps,
tanks) as nodes, which are linked by pipes. They observedbrarorld effect and hierarchical
organization on two networks studied, and argued that thwank topology may provide a
useful tool to design, characterize and evaluate refinemtgl

5.4 Wealth

The effects of network topology on the evolution of a dynapriacess have been widely stud-
ied. For example, Sounet al. ] built a model to investigate the wealth distributiaith
networks with small-world effect. The authors consideradudtiplicative stochastic process
and studied the effect of deletion and rewiring of edgesénakalth distribution. Their results
indicated two phases for the wealth distribution, depesdin two parameters, the probabil-
ity of rewiring edges and fraction of rewiring edges. Theritisition was log-normal for the
first phase and power law for the second phase. It had an ietkate state characterized by
log-normal distribution with a power law tail, which is alsbserved in real world economy.
The break of the wealth clusters also occurred if the edges resvired. A similar study was
performed by Matteet al. ] using an additive stochastic process. The authaweth that
the shape of the wealth distribution was defined by the dedjstiébution of the network used.
The results were consistent with real data of income digioh in Australia.

5.5 Tourism

Tourism comprises a multitude of activities that form onehad world’s fastest growing in-
ternational economic industries. The sector is so stroobbracterized by intense linkages
through which informational exchanges occur, that it seratsral to apply network theoret-
ical methods to its studﬂ44]. Nonetheless only gugteently quantitative techniques
have been applied, mainly in analyzing tourism destinatiartomplex localized clusters of
public and private companies and organizati[145]. Th@ncharacteristics of tourism
destination networks have been measured both from a statia dynamic point of view. The
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results showed that topological measurements can highhgir main structural features such
as product clusters, structural divides and central orgdioins 7]. The underlying
social and economic system evolutionary history has besmassessed by using network dy-
namical growth model8]. In general the topology of tleéaorks is comparable to the
one exhibited by similar systems: a marked scale-free tstreic However, some differences
are found, mainly due to the relatively poor connectivity amauterization. These results are
interpreted by considering the formation mechanisms amg@diculiarities of the economic sec-
tor and of the real cases examined. Clustering and assdstatoefficients are also proposed
as quantitative estimations of the degree of collaboradiath cooperation among the destina-
tion stakeholdersl.ﬁ*m]. Moreover, the network has beed tsperform a series of numerical
simulations to investigate possible scenarios of inforomaand knowledge diffusion among
the components of a tourism destination. It has been shoatrtlik highest improvement in
efficiency for this process is obtained by optimizing thenwek in order to increase the degree
of local clusteringmg].

Tourism networks have also been addressed by analyzingltditén between their struc-
ture and dynamics. Costa and BagﬁlSO] studied the Etafy)Itourism destination net-
work by complex networks topological measurements andideresd dynamical process over
the network, i.e. the inward/outward activations and agibéiies, according to the superedges
framework ]. They showed that the type and size of the @migs has a strong influence
over their respective activations and accessibilities.tli@nother hand, geographical position
of companies tend to not influence in such dynamical asp&stshe characterization of the
tourism networks structure, the authors concluded that &lbrism network is fragmented and
heterogeneous.

6 Financial market

A corporation, by definition, has a group of owners, calledrsholders, that share its stocks.
A stock representing part of the assets and profits of a coyngeam be bought and sold in a
stock exchange, and any person can in principle own part ablqty traded company. Stock
prices are constantly changing, following unstable maaket political conditions all around
the globe. Thus, the financial market is a highly complex)\éng system, difficult to grasp
and predict, being sensitive to economical instabilitieshsas that of Black Monday (October
19, 1987), when the Dow Jones Industrial Average (DJIA) eleeed in an alarming way (this
index measures the performance of companies in the USA stacket). The organization
of the financial market may be better understood by repriegethis system as a network.
Given the high accuracy of financial data available, it issfiie to construct networks that
reliably reflect the real market, in contrast to other fielust tack high quality data, such as
the Internet and social networks. Financial networks candrestructed, for example, from
stock prices or stock ownerships. In the first case, eachopaiodes (stocks) is connected to
each other by a weighted edge that encodes the distancedmetwe stocks. This distance
can be computed as a function of the correlation coeffictaken between the time series of
the prices of the two stocks. A hierarchical structure igtiently obtained from this complete
network, which is usually a minimal spanning tree, alsoechih this context “asset tree”. A
minimal spanning tree is a connected subnetwork with naesyebhich includes every node of
the original network with minimal cost (i.e. minimal sum afge weights). On the other hand,
a network of stock ownership encodes the stockholders obapgof companies. It can be a
directed network indicating who is the owner of a stock ana\ghthe company that shares
the stock, where the owner can be an individual or even anctirapany. Examples of the
characterization of these two types of networks are distlssthe following.
Mantegnal] studied the stocks traded in the New YorklSEx@hange (NYSE) from
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1989 to 1995, and obtained a taxonomy that organizes stacksding to economical activity.
A network of stocks was computed, where each pair of nodescaaisected by a weighted
edge that encodes the distance between two stocks. Thasckstvas calculated as a function
of the correlation coefficient, taken between two daily teeies of stock prices, as explained
in SectiorL 6. The hierarchical structure was identified imteof the minimal spanning tree of
the network of stocks. Bonanrei al. [@] employed the same methodology to study stock
prices in the NYSE, recorded from 1987 to 1998. The authomspewed the topology of the
minimal spanning tree resulting from real data with an ag@ils one obtained from simulated
data using market models. A power-law for the real data wasmied, with exponerit.6, a
feature not captured well in simulations, since high and degrees differ significantly. This
means that the hierarchical structure obtained from real idanot captured by the stock price
models.

Onnelaet al. [IE] obtained a similar exponeni & 2.1) to the one computed by Bonanno
et al, although during crash periods the exponent changes, stohte Black Monday, where
~ = 1.8. The authors used daily stock prices recorded from 1980 98 1®the NYSE. The
asset tree underwent other particular changes in periodssi$, such as the decreasing in its
length. Onneleet al. [@] investigated another network obtained from correfet of stock
prices. In this case, the network is not necessarily a treieglconstructed selecting only the
N — 1 edges with lower weights of the complete network (note thairmal spanning tree
also haslV — 1 edges). This network, generally called “asset graph”, dmtslearly exhibit
a power-law degree distribution. Moreover, results indickat the asset graph is more ro-
bust and stable than the asset tree, since the former chkesgaban the latter in consecutive
periods and also changes less under extreme conditions.e‘¢owthe asset graph does not
necessarily have a hierarchical organization, thus ptawgea taxonomic analysis of the finan-
cial market. Furthermore, Onned al. [@] focused on the details of the construction of the
asset graph, and measured how the clustering coefficiengeldn this process. The authors
were interested in finding what portion of the edges in thetagsaph represent information,
and not noise. They found a different behavior of the clusgecoefficient in the empirical
graph, in comparison to a random graph, and this observatisapplied to estimate that only
10% of the edges in the asset graph convey real information.

Battistonet al. [@] considered a network of European firms where a direetieg(i, ;)
exists if firmi is a stockholder of firny, and its weight is the amount of investment fram
to 7. Another version of this network was taken by joining firmsosté headquarters are in
the same region. The firm network shows a power-law disiobubf investments, close to the
distribution of firm activities, thus showing a correlatibatween investment and activity. On
the other hand, the regional network has a log-normal Higidn of activity, investments and
degree, though again investment and activity are corklaBarlaschelliet al. [@] studied
shareholders of stocks traded in the NYSE, in the Italiackstonarket and in the NASDAQ
(National Association of Securities Dealers). A networlsa@tion of investors and assets
was used, where companies were linked to investors (thrautjfected edge) that held some
of their shares. Note that this is not a bipartite networkeia company can be a shareholder of
another company. The three datasets showed power-lawbdi&ins for both node in-degree
(called portfolio diversification) and node in-strengthur(s of the weights of ingoing links,
called portfolio volume). Soumet al. [@] characterized a similar directed network, this time
considering only Japanese companies along with sharelgolidiks. Six datasets were used,
ranging from 1985 to 2003, and for all of them a scale-fredribistion of out-degrees was
observed, with varying exponents along the years of the data
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7 Computer Science

Computer science is a relatively recent area, as the esttaidint of the first departments and
award of the first degrees occurred in the 1960s | [@, 160]iletls fundamental topics
involve computer architecture, data storage and proggsaid system control (programming
and algorithm developingmbl], it has become essentiati@welopments in a variety of ar-
eas. For computer science provides tools to help solvingl@nes of physics, mathematics,
chemistry, biology, medicine, economy, etc. For instatice, major problems in biology, e.g.,
protein folding, function prediction, phylogeny, and mtig of biological systems (see Sec-
tion[13) can only be solved with computers and optimized ritlgms.

7.1 Software Architecture

The importance of computers and software to our lives is astipnable. Almost everything
we do needs a computer and specific software. The cost of aeftdevelopment increases
with its complexity, and may exceed a million dollars (e@pmputer games, compilers, and
operating systems). The sub-area of software engineesiagried at providing methodolo-
gies and tools for designing and building software effidigrwhich can be achieved by de-
composing a problem into many small, distinct but interlogkpieces, named software com-
ponents ﬁZ?»]. Deciding the size of the software comeptmis difficult and must be
planned carefully. Levels of granularity are defined forstneomponents, e.g., subroutines,
classes, source files, libraries, packages, etc. Thereeeeas ways to represent software as a
complex network depending on the size of the software compisn The topology of networks
and the hierarchical relationships among the software oommpts were studied by Valverde,
Solé and Cancho iﬂ64], where the nodes were prograsses and the edges were the
inheritance and composition among the classes. Networksfmus pieces of software were
found to exhibit the same organization pattern, includiMuke, Openvrml, GTK, VTK and
the Linux Kernel. According to the authors, the networksl&d display scale-free topology
and small-world features. Furthermore, software architecnetworks can be generated by
a local optimization process, instead of preferentialchtt@ent or duplication-rewiring. My-
ers @] found similar results for six software architeetnetworks VTK, CVS, abiWord, the
Linux Kernel, MySQL and XMMS), where the distribution of imming and outgoing links is
scale-free.

The same applied to the Linux Kernel, Mozilla, XFree86 arg &imp networks@S],
in which the networks were built in a different way. Thesetwafe packages were written
in the C/C++ computer languages, which have two main typdded, “.c” (or “.cpp”) that
are the source files and “.h” the headers files. The formeragmthe source code of the
program and the header files contain the definition of vaeghbihd constants and description
of data structures. Each source file includes (through#fiaciude" clause) a certain number
of header files. The authors considered the header files a&s mbé network, with two nodes
being connected if they were included in the same sourceTfile.topology of these networks
is scale-free and displays the small world effect even wherhtibs are deleted.

Challet and Lombardoni studied software components nm@] for Linux packages
and found clear evidence of the asymmetry between incomridgoatgoing links distribution.
While the first presents a scale-free behavior, with expbsena 2.0, the latter does not. The
authors also studied bug propagation in these networks avitimilar model toSusceptible,
Infected and Resistamf disease spreading. In the case of one faulty hode withagrajmon
only to the next neighbors, it is easy to fix the problem witkeluy process. In contrast, fixing
the problem is much harder when non-local fault propagaticours, as in an illegal memory
access. In other papers on software networks, Shannowariafion entropy was used to
measure structural complexi@G?], and scale-free ibigtion and small-world effects were
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found for networks built from Internet based repositorieésmen softwareIES]

7.2 Data Sharing

lamnitchi et al. [@] considered a scientific file sharing network, whereesodre scientists
and two scientists are connected if one of them is intereistéde data of the other. Based
on the small-world topology of scientific collaboration wetks, where edges are created be-
tween researchers that are co-authors in a paper, the suafhoned that scientific file sharing
networks may be also small-worlds, and thus they proposedchamism of data location that
takes advantage of the presence of local clusters. Indeeg data sharing networks (a physics
data sharing community, WWW data sharing between Interostistand Kazaa traffic between
users) have small-world properti@@ 172]. Leitmet al. [@] studied Kazaa traffic
in 2003, a period where Internet traffic was already domuohdg peer-to-peer applications.
Data of an Israeli Internet Service Provider (ISP) were eygad, which showed that Kazaa
traffic is much concentrated in the transport of a few popiilles, suggesting that caching can
be a solution to decrease redundant traffic. Moreover, sdntfeese popular files lose their
popularity in a few days, whereas other files remain conlstgottpular (at least in the time
period considered by the authors).

7.3 Spam Filtering

A network of email contacts was used by Kaetl. ] to create a spam filtering technique.
It is a distributed collaborative system that relies on ggemade between neighboring users
(i.e. users that exchange emails) to decide whether a suspimessage is a spam. Thus, the
system is based on a “trust” algorithm considering spaneadir identified by other users.
Simulations showed a spam detection rate near 100% withstlnoofalse positives.

7.4 Circuits

The small-world effect was observed by Ferrer i Canehal. [@] in networks of electronic
circuits, where each node represented an electronic coempée.g., integrated circuits, resis-
tors capacitors) and edges were wires in a broad sense. Ttersashowed that the degree
distribution of this network follows a power law and the mosinmon degree is = 4, corre-
sponding to four neighbors in 2D plane.

Another example of circuit network was used in 2004 by Basab# al ]. They used
a network formed by a circuit of a microprocessor Simplel8how that the intensity of the
electric current fluxes on the edges of the network varieswida range. Up to four orders
of magnitude. The authors also showed that the standardtaeviand the average value of
the flux are related by the power law=< f >0, and that this relation appear in other real
transportation networks, with distinct exponents.

7.5 Wireless

In wireless networks, mobile stations (mobile nodes) aremeoted to each other through ac-
cess points to the Internet. Each mobile node can connedferedt access points at different
times. Hsu and HeIm‘L[_LJVﬂW] studied the patterns of cctiriy of mobile nodes to access
points, and constructed a network based on encounter hemegekes. Two nodes are said to
encounter each other if there is an overlap of their conoestio the same access point. Each
mobile node is a node in the constructed network, and a lindteéated between two nodes
if there is an encounter between them in a specified inteffviain@. The authors found the
network to be sparse, with nodes having encounter with jéstvaneighbors in average (with
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a node connected to about 1.88% to 5.94% of all the nodesndi&eon the data set con-
sidered), following a bi-Pareto distribution. The grapts Ishort average distances and high
clustering coefficient. The high clustering is attributedtle fact that nodes have a “home”
access point, and all nodes with the same access point hagé aroebability of being con-
nected, giving rise to cliques. The average distance islslaalto the presence of some nodes
in these cliques that connect to nodes in other access pgerisrating a small world effect.

7.6 Image processing

Image processing is based in analysis, characterizatidnckssification of digital images,
which involves acquisition, pre-processing, extractidrfeatures and characterization, and
pattern recognitio 8]. Some of these steps are paatigudifficult to be implemented. For
instance, segmentation techniques required to identigctdin images can involve complex
algorithms, to the point that sometimes such an identiboathay becomes impossible.

Since images are composed by adjacent pixels, complex fetweeory can be applied for
their processing and analysis. The network can be consttunt associating pixels to nodes
and connecting them according to some criteria, such aseémaighborhood and similarity
of the local properties of the pixels (e.g., gray-level esu Cost 9] suggested an image
segmentation approach by considering complex networkstheAn image is mapped into
a network and a community identification method is appliedrider to obtain the objects.
Since objects can have different gray levels, the pixelsrigghg to same objects tend to be
densely connected whereas pixels in different objets aessly connected, defining respective
network communitieslﬂO].

Other image processing methods can also be implementedrisydeoing complex net-
works methodologies and concepts, such as color segnmmtatixture analysi 1] and
image classification. In the latter case, a image would besemted by a network and respec-
tive measurements would be extracted. Then, discriminaalysis can be applied to classify
images according to the obtained network measurementslditian to images, video can also
be addressed in similar fashion, where each video framee&ahdracterized independently as
an image, while interconnections can also be consideraucleet successive frames.

8 Internet

The origins of the Internet can be traced back to 1969, wheirilitamm networking system
called ARPAnet was create@82]. It has since evolved inteoddwide computer network
no longer restricted to academy, through which many ses\ace provided, with email and the
World Wide Web (WWW) being the most popular. Thus, since titerhet is such a multi-
purpose integrated tool, it is important to understand hoglabally works to keep it safe in
case of failure or attack, or to improve its performance. raightforward approach to study
the Internet is to represent it as a graph, with hosts, reated servers being the nodes and the
physical links connecting them (optical fibers or coppeldeslfor example) being the edges.

Complex networks researchers have employed a graph-bagedaah to model the In-
ternet structure and simulate its traffic. The complete rimappf the Internet is difficult to
achieve, because it is not centrally administrated andgdsoonstantly. Thus, researchers
usually employ coarse-grained maps that contain only the Ibetween Autonomous Systems
(AS), which are subnetworks separately administratedsemuiaps including only the connec-
tions at the router level. Nevertheless, such incompleiplgg have allowed important findings
about the structure and dynamics of the Internet, as disdusslow.

Faloutsoset al. were possibly the first to study power-laws in the InterEI(}ztI&ree snap-
shots of the Internet at the AS level, collected between E9@71998, and one instance at the
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router level, collected in 1995, were examined. Power-lasse found for the degree distri-
bution, the degree rank, the number of pairs of nodes withealges (called “hops”) and the
graph eigenvalues. Faloutsesal. employed AS maps constructed from BGP (Border Gate-
way Protocol, an inter-domain router protocol) routingléaban approach that was criticized
by Chenet al. [@], which used instead BGP and IRR (Internet Routing &egia routing
database). Siganes al. [@] extended the study [8] and found that those powsslaold

for more snapshots of the Internet, ranging from 1997 to 288%vell as for the more complete
data of @b]. BGP-based AS maps from a three year inten@4741999) were also verified
to be scale-freéﬁ%ﬂ%], and the same applied to a datassidering the routes traced from
only one host to any other address in the netvv@[lS?].

Bianconi @] assessed the number of cycles of length 3d45ain 13 snapshots of the
Internet at the AS level, collected between 1997 and 200l famd a scaling behavior of these
guantities over time. Moreover, cycles of size 5, calledtagons, are more frequent in these
AS maps than in random networks with the same degree digstnbuTherefore, pentagons
could be regarded as characteristic motifs of the Internet.

The correlation profile, i.e. the comparison of the degraestations of a network with its
null (randomized) version, was used by Masé&ial. [@] to identify differences in networks
with the same degree distribution, such as the Internet ate& (in 2000) and molecular
networks. A power-law degree correlation function, thaegithe average degree of the neigh-
bors of a node with degrele was found in another map of the Internet, which is probably a
consequence of a hierarchical struct@lBS].

The rich-club phenomenon was identified in an AS network, reetlthe highest degree
nodes are well connected with each ot@l%]. This pr t also been addressed not
only considering the degree, but across hierarchical és ]. Such a tendency to have a
strong core in the Internet was also reportedﬂ[ig_zl 198kre the nucleus of the Internet,
i.e. its innermost:-core (ak-core is the largest subgraph whose nodes have at leastedegre
k), is a well connected cluster with approximately 100 nodus diameter of 2. The authors
used an extended data set, combining BGP-based AS datehwitiné obtained in the DIMES
project @], and divided the network into three parts:tii¢ aforementioned nucleus, (ii)
a fractal connected component that is not in the nucleus redrepasses the largest part of
the Internet and (iii) dendrite-like components, which emanected only to the nucleus. The
decomposition of the Internet was done using a method caHguell decomposition. The-
shell is a set of nodes that contains all the nodes with dezeal tok, which are recursively
removed from the network, where the decomposition is madadstingk-shells starting with
k = 1untll & = k... The modularity of the Internet was also investigated uspectral
analysis of AS level networks. Erikseat al. [@] found modules that approximately match
single countries, and Rosatbal. [@] observed that the Internet has large and highly aledte
regions joined by a few links.

Peer-to-peer (P2P) overlay networks (virtual networkpptieation level that use the Inter-
net infrastructure) were characterized recently. A polaerdegree distribution was identified
in a snapshot of the connected hosts of Gnutella taken i@, although a more recent
shapshot of early 2001 deviates from a pure power-l@ 1Pr¢ P2P network eDonkey also
displayed a power-law for in- and out-degree distributi ]. In this case, a directed edge
(1,7) exists if a host makes a query related to a file provided byAs a guide for the improve-
ment of Gnutella, it was found that it does not use efficietityy underlying Internet: although
40% of its nodes are inside the top ten ASs, less than 5% ofeBa'stconnections join nodes
inside the same Aﬁb?].

One common analysis of the Internet involves the study ofitserability to failure or
attacks. The vulnerability of complex networks, includihg Internet at AS level, was studied
in [IE] with regard to random node removal (node failure) ab hemoval (network under
attack). In this case, the diameter and size of connectelechiwere monitored while nodes
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were removed. Results showed that the scale-free netwB&ksnodel, Internet and WWW)
are extremely efficient against random failures, diffdgefrom the ER model. However, the
hub-based attack rapidly breaks scale-free networks m#il $solated groups. IlJu__[_$4] attacks
were performed in complex networks (including the Interaiethe AS level) removing nodes
with high degree or high betweenness centrality, both taled only at the beginning of the
attack (i.e. in the original network) or at each step of &t&imilar strategies were employed
for edge removal. At each node or edge removal, the averagesin geodesic length and
the size of the largest connected subgraph were obtainedaslshown that the recalculated
betweenness is the most harmful to the Internet considexifyge-based attacks. For node-
based attacks, the different strategies are equally hatmthe Internet. The average inverse
geodesic length was also used in another s [199], whessicalled “efficiency”. The drop
in efficiency when a node is removed was calculated for evedgrof Internet backbone maps
of USA and Europe. The authors identified the nodes with tigadst efficiency reduction,
which was a possible explanation for the problems the leteusers faced on September 11,
2001. Another interesting observation is that these ingmbrbodes do not necessarily have
high degrees.

A scaling behavior of the form ~ (f)” between the mean flux per nodg) and the flux
dispersion per node in the Internet router topology was reported by Menezes aardligsi

], where the flux is the transmission rate of data packegisexplain the observed scaling
law the authors used diffusion of random walkers and traraffpackets along shortest paths.
The results pointed to an scaling exponent of the Interpet (0.5) reflecting an endogenous
behavior. That is to say, Internet is rather more affecteidteynal decisions, like the origin and
destination of a packet, than by external agents such astfaion of the number of Internet
active hosts. | 1] a method is presented to separateaiticom external dynamics. The
processing capacity of nodes was also considered by DucAmmmhs [LZ_QIZ] to study Internet
traffic, using data similar to the one emponedZOO]. Théhars assumed a queue model
with Poisson packet arrival and exponential processing {iper node). Varying the parameter
of this model and the time window for measuring data, theywauthaty can vary significantly
for the Internet.

Centers of activity were identified in the French-side ofltiternet, in a scientific network
called Renater@S]. In this case, the exchange of datadestwall routers was considered,
even if they were not physically connected, and the RandomniEheory (RMT) was applied
in a matrix of correlations between edge flows (measured fesbger 5 minutes) to identify
the most correlated connections. The Internet has a higirdugneity of connection quality
between hosts separated by the same distance [204]. Thiswes measured using the Round-
Trip-Time (RTT) and the geographical distance betweerspihosts over the Internet. As for
the network growth, it was discovered that in 2002 the ovémggrnet performance, measured
in RTT per unit distance, was improved in comparison withytbar 2000@4]. In addition,
new links were preferably placed among old nodes than nevesad the Internet, which
indicates that redundancy plays an important role on itwtjrrtﬂ@].

Rosatoet al. [@] performed simulations of traffic flow in a Internet mapd noticed that
congestion is reached before in the Internet than in a randwork. The authors argued that
the hubs can be responsible for this behavior, since thedesrmarticipate in a large number of
transmissions between other nodes. Using a model of gpifated packet generation with dif-
ferent levels of routing depth, Valverde and 5@205] datad Internet’s traffic and detected
a critical path horizon that separates low-efficient fromhihy-efficient traffic. This transition
happens when the size of the routing tables approachestiherkaliameter. Furthermore, the
authors hypothesized that the Internet is working closaitodritical path horizon.

When delivering data packets, routers in the Internet ahoesghboring routers to obtain
an estimation of the shortest path between origin and dgi&tin However, this procedure
does not take into account the load present in each routéchweln lead to unexpected pro-
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cessing delays in routers or even congestion in extremes.c&sheniquet al. [@] showed
in simulations with an AS map of 2001 that if the queue loadoofters is taken into account,
along with the cost of paths, the routing protocol of the fimét can be improved. Moreover,
the authors noticed that an increased clustering coefficamalso lead to improved efficiency
as congested nodes can be avoided when alternative routies meighborhood are available.
Krioukov et al. [@] studied the scaling properties of Internet routinggdod scaling hap-
pens when the size of routing tables grows slowly (e.qg. rfitgaically). However, the routing
in the Internet is far from ideal, since for optimal routirigs necessary to maintain a global
view of the evolving network in each router. In this case, dsoaling of table sizes is, in
principle, impossible. Although the Internet needs suiifhrouting modifications, simple
solutions may arise, as Bogu@dal. [@] analytically proved: using only local information
nodes can work efficiently, especially in networks with povasv degree distribution and high
clustering coefficient, such as the Internet. Taatial. [@] also argue that it is not possible to
substantially improve the efficiency of Internet traffic lgnsidering global information. More
specifically, the authors stated that neighborhoods at &g distance of two are sufficient.
Local information was also highlighted by Thadakamatial. [Iﬂ] as important parameters
for transport strategies in geographical scale-free nddsveuch as the Internet.

An accurate network model should contain the same chaistatsrof its real counterpart.
Each Internet model usually reflects a few of these featwreigh leads to a variety of comple-
mentary modelleO]. Yookt al. [IM], for example, introduced a model based on empirical
observations of the router and AS levels of the Internet. ifTim@del includes incremental
growth, where the probability of connecting a new nodie an older nodsg is linearly propor-
tional to the degre&; and to the inverse of the distanég between them. Moreover, positions
of nodes form a scale-invariant fractal set, positivelyrelated with the population density.
Park and NewmalmiLZ] analytically studied ensembles ofiords with the restriction pro-
posed in 9], i.e. that the maximum number of edges betweeair of nodes is one. This
mechanism leads to the negative degree correlation (digagge mixing) reported by Pastor-
Satorraset al. [@], which relates the average degree of the neighborsnafde to a given
degreek. Nevertheless, Park and Newman argue that this approadt responsible for all
the degree correlations verified in the Internet.

Rosato and Tiriticco simulated the growth of the InterneA&tlevel ﬂ@] using a mech-
anism of triad formation introduced in [214]. This mechamigses preferential attachment to
create the first edge that connects a new natean existing nodg. Moreover, nodé is se-
quentially connected to the neighbors of its first assigreeghibor;, thus building a “triangle”,
or to any other node following preferential attachment. sTiniodel leads to a scale-free net-
work with adjustable clustering coefficient. The authorsrfd that simulations of this model
fits Internet data from 1998 to 2000, for quantities such asnéter, clustering coefficient,
degree distribution and average geodesic length.

Zhou and Mondragén modeled the Internet at the AS level uamdnteractive growth
mechanism and nonlinear preferential attachment [215irEpproach, called positive-feedback
preference (PFP) model, is also based on data features stlehiaitially slow growth of node
degree and the establishment of links between old nodesul&ions of this model showed
that it can reproduce many characteristics of the Inteineltiding the degree distribution, the
rich-club phenomenon and the disassortative mixing. A migakanalysis was carried out by
Zhou EE] to identify which mechanisms of the PFP model asponsible for the reprodution
of each Internet’s topological feature.

Serrancet al. ] considered in their model the number of users (hostgach AS and
the capability of adaptation of ASs according to their sizbe authors assumed exponential
growth for the number of users, the number of ASs (the nodes)ree number of links between
ASs (the edges of the network), all inspired by empiricakeotations of Internet datﬂ34]. An-
other important feature of this model is that ASs can haveeotions strengthened by increas-
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ing their edge weights. Furthermore, the model can optiptiratiude a distance constraint to
avoid connections between distant ASs. The parametersfoistte model led to a power-law
degree distribution with exponent= 2.2 4+ 0.1, which is in agreement with previous works
[E, ]. The model explains the average shortest pathHetigt clustering coefficient and the
k-core decomposition of the Internet.

Internet models have also been compared by considerindgvanate statistical methods,
as proposed by Rodrigues al. ﬂm]. The authors suggested the consideration of caabnic
variable analysis and bayesian decision theory to determvimich model is most suitable to
reproduce the Internet structure. Such approach allowsm@wensider a large set of mea-
surements in order to obtain an accurate description of dheark structure. Rodriguest
al. analyzed Internet models at the autonomous systems lestet@ncluded that none of the
considered models were able to reproduce the InternettgteucThe proposed approach is
suitable to determine which model is more suitable to ang yjocomplex networks.

9 World Wide Web

The World Wide Web (WWW, or just Web) is perhaps where Inteusers spend most of their
time, despite the existence of other highly popular Inteapplications such as electronic mail.
The WWW relies on the HyperText Transfer Protocol (HTTP)jckhallows a Web browser
running on a client computer to communicate with Web serdasibuted over the Internet.
Web servers usually contain hundreds (sometimes many Hitm®}that can be accessed by
anyone with a Web browser connected to the Internet. Theseciin be virtually any computer
file, such as those containing text, image or video; nevieskethe files that give the WWW
a networked structure are the pages, which can containgusiftalled hyperlinks) to other
pages available in the WWW. Thus, one can think of the WWW aiuat gnetwork of pages
interconnected by hyperlinks. These files are the most itapbof the WWW because they
are multimedia files that group rich text (i.e. with formagfioptions), images, videos and even
computer programs (e.g., scripts and applets).

The WWW viewed as a network is an interesting subject for dempetworks researchers
and for those whose main concern is the Web it [218]. huge, with billions of pages,
despite its relatively recent birth (released in 1993 tolipudiccess), and has an almost un-
controlled growth mechanism, where individuals or orgatiins create their interconnected
pages depending solely on their will. Grasping the WWW oizgtion and how users jump
from page to page while navigating (surfing) the Web is ciuciaptimize search engines and
facilitate information access. Mainly because of its unicaled nature, the WWW is diffi-
cult to map completely, even for sophisticated search @@]. Usually a WWW map is
constructed by a computer program called “crawler” thaigetes through pages storing their
hyperlinks, i.e. identifying who points to whom. Unfortualy, many pages are not considered
by the crawler for reasons such as authorization requirgsrerobtain a page, dynamic pages
that require filling a form, crawler limitations, broken ks or unreachable Web servers. Nev-
ertheless, the Web viewed as a network has been studied by nesearchers. Usually, Web
maps are viewed as directed networks, where each edge froimsne node to another, i.e.
the page that contains the hyperlink to the referenced p8geetimes the Web is not con-
sidered at the page level, but at the site level, where e&elireughly a group of pages under
the same domain address) is considered as a node, and psitesaire connected whenever a
hyperlink is found between some of its pages.

In a number of papers the WWW was reported as a scale-fremﬂe@, @,LZ_Zb@l].
With a network of 325,729 pages taken from the nd.edu don#dbert, Jeong and Barabasi
[@@D_Zb] verified that the out- and in-degree distribugidollowed a power-law of the form
P(k) ~ k7, with exponentsy,,; = 2.45 and~;, = 2.1, respectively. Brodeet al. [@]
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and Donatoet al. [@] used a considerably bigger Web map, with 200 millioggs and
obtained~;, = 2.1, in agreement with previous results. Pennatkal. [@] divided the
distribution of pages by category, such as the set of compatgites or the set of newspaper
websites. Although the in-degree distributions of thedmstworks displayed the heavy tail
characteristic or power-laws, the frequency of nodes vaithdegreek;,, significantly deviates
from a pure power-law. Nevertheless, other power-laws viesad in the WWW for the
distribution of the sizes of connected compone@[ZZl]fandhe distribution of pages in a
site ]. Moreover, self-similarity was verified in the WMusing the nd.edu map [225]. In
this case, the network was divided into boxes of nodes ofigjaghere every pair of nodes in
a box is separated by a minimum distarice [, with the WWW displaying self-similarity
at different scales. It was found that the number of boxesireq to group the network and
the size of the box also follows a power-law. Furthermore,RageRank, which is a webpage
ranking used by Google based on a random surfer maodel [28Bdws a power-law with
exponent2.1 ]. PageRank is not statistically correlated with thel@gree, which means
that Webpages with high in-degree (i.e. referenced by mémgr pages) do not necessarily
appear at the top of a Google search. The small-world effetite WWW was observed by
Adamic ] at the site level (with approximately 250 thand sites). Hence, this WWW
map presents high average clustering coefficient and lowageedistances between nodes.
Bianconiet al. ] developed a theory to assess if a directed network fwais or less loops
than a random network. Using the nd.edu map, the authorsvausthat the WWW has more
short loops than its randomized version, which includegdoof length 3 (i.e. the clustering
coefficient). In another experiment, random versions oéoled data that preserve the original
degree distribution were used to estimate the average gieddagth(d) of the entire WWW
[@, ]. The size of the WWW was thought at that time (lateG%0 beN = 8 x 108,
which gave(d) ~ 19, a relatively small value. The authors predicted a logarithgrowth
of (d), indicating that the average distance between nodes in giedhdows slowly withNV.
However, Brodeet al. [Iﬂ] verified that(d) is very different in their Web map of 200 million
pages, with(d) ~ 500. Moreover, they found that a path between randomly choses pha
nodes exists in only 24% of the times, thus confirming the rds®f a small-world effect in
their data. Even in the biggest strongest connected compgaeentral group of pages) they
obtained(d) ~ 28.

Before Bianconket al. [@] studied cycles in the Web, Caldaradtial. [Iﬂ] performed a
similar study in some WWW maps. The latter introduced thd gdefficient, a measurement
that quantifies the level of cycles of lengthof a network. The authors also characterized
cycles of length 4 (called quadrilaterals) in a number ofogks, including the WWW map of
the nd.edu domain. This Web map had far more quadrilatdrafsits randomized counterpart,
which indicates that some order of regularity, represebtedrid-like structures, is present in
this network (a similar behavior was found in the Yeast proteteraction network and in a
scientific collaboration network). Moreover, the authasticed that the grid coefficients follow
a power-law distribution in these networks and in an AS magmefinternet. This observation
leads to the claim that the WWW and the other networks havemtahical arrangement of
cycles. Broderet al. [Iﬂ] reported an intricate organization of a WWW map cdéelcin
1999, which was divided into four groups of roughly similéres (i) the largest strongest
connected component (SCC), where every page can be redelnttgsfrom any other page;
(i) the IN group, which contains pages that can lead to SG@r(éndirectly), but cannot
be reached from SCC; (iii) the OUT group, with pages that dolead to SCC, but can be
reached from SCC; and (iv) the TENDRILS, with pages sepdriatam SCC that can only
reach IN and OUT. Donatet al. [@] investigated the size of these components in a WWW
map collected in 2001, which yielded very different valueet the ones reported by Brodar
al. Other modular structures in the WWW were also reported ititteture, regarding groups
of pages about similar topic. Im30] communities of redatepics were found based on the
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maximum-flow/min-cut theorem and i@31] groups of conedgbages with high curvature
(a geometrical interpretation of the clustering coeffitiemere associated with specific topics.

The analysis of WWW-based social networks can be perfornyetbhsidering networks
of personal pages, such as the blogs where hyperlinks ayedintly created between pages of
friends or acquaintances. Some connectivity propertiésdsn 200,000 pages of a Chinese
blogspace revealed a scale-free degree distribution andrtiall-world effect![232]. Indeed,
Milo et al. [@] showed that the WWW and social networks are includetthénsame super-
family, based on the significance profile of motifs (this deois defined in Section 14.2). This
observation may be useful to boost the understanding of tth&Wby using models of social
organization.

Another network related to the Web, though not built usinggsaas nodes, was charac-
terized by Shen and Wm34]. This network, called folksogouses semantic tags created
to describe the content of a database of hyperlinks (bodkgharA folksonomy represents
the connectivity between tags, where two tags are linkeldely are associated with the same
content. The employed data of 9,804 tagged bookmarks éxdthle-free and small-world
properties.

The dynamics in the WWW is usually associated with user guirfiie. the sequence of
pages a user (or a group of them) visits when following hyplesl in the WWW. Dezsdet
al. [@], for example, divided the pages of a news portal inéblst pages (the overall fixed
structure of the portal) and news pages (that are creatddhigh frequency). The rate of
visits to stable pages is constant, while news pages receidarge number of visits after
a few hours and decays as a power-law. Moreover, unlike Bvipsocesses, a power-law
distribution also describes consecutive visits to themtéormed by a single user. Hubernetn
al. [@] compared real user activity data with a model of usdirsythat gives the probability
distribution of the number of visits to a Web page. The moudalich reproduced well real
data, considers that there is a cost associated with a sadtivity, and that the user continues
surfing while this cost remains below a threshold. Anothefesunodel, the aforementioned
PageRank, is used by Google to sort its search results [B26eRank simulates the behavior
of a user randomly surfing the Web, where the user goes fromtpgzage following hyperlinks
and sometimes performs random jumps (with probabiljtyo any other page in the Web. The
frequency of visits of the random surfer per page is the PagkRcore. Menezes and Barabasi

] recorded the visits to a group of sites during 30 dagd,the mean flux per nodg’) and
the flux dispersion per nodewere estimated. Similarly to what happens with the Intefset
SectiorB), a scaling behavior of the foum~ (f)” was found in the WWW, this time with
exponenty ~ 1. Results indicate that the fluctuations in the WWW are dotethdy external
driving forces, such as the variation in the number of sarfeather than by internal choices
made by surfers.

Kleinberget al. [@] and Kumaret al. [@] modeled WWW growth applying intuitive
ideas of user behavior, where a user tends to create linkagesprelated to some topic of
interest. While the network grows, some pages appear aliopi@and users interested in this
topic start creating links to those pages. This makes ieeé&si other users to find those pages,
thus also establishing links to them. Ultimately, it alloti® formation of groups of pages
about similar topics. The model performs this procedure siggifour stochastic processes,
one for node creation and one for edge creation, along withotilver processes for node/edge
removal. Kumaret al. [@] created a model for generating an evolving WWW, whe n
nodes are continuously added, connecting to previous nedeseither uniform probability
or with preference to older nodes. The latter case simukateshavior where newly created
nodes are likely to be unknown by most of page creators. M@resome nodes reproduce the
neighborhood of a randomly picked node. All these modelsedjwith observed degree and
bipartite core distributions.

Bornholdt and EbeLL_ZAO] used Simon’s model created in 1855plain Zipf's law. This
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model accurately predicts the in-degree exponent foundhenVtWw @1@1] which is
~in = 2.1. The authors defined the following procedure, where a dlgssontains the nodes
with the same degrele and f (k) is the number of nodes in the clags: (i) with probability

« create a node and connect it to any other node, or (ii) withaidity (1 — ) connect any
node to a node of clags] with probability Py, = [kf (k)] / [>_,if(i)]. Tadc ] suggested
two general rules to generate the WWW: (i) growth, where ahdime a new nodg is added
to the network, and (ii) rearrangements, where at each timenaber of outlinks is created
from j to an old node and a number of links between old nodes areedreatremoved. This
model agreed with empirical data regarding distributiohfeand out-degree and the distri-
bution of the size of connected components. Penraici. [Iﬂ] changed the BA model of
preferential attachment including a uniform attachmewbpbility. Thus, the probability of
connecting a new nodeto an old nodej is combination of the usual preferential attachment
with a uniform attachment rule. This model encompassedtheget-richer mechanism, along
with the creation of hyperlinks that are more influenced kngpeal interests of the page owner
than by the popularity of a page. Moreover, the model is gafg@ble to capture degree
distributions of specific subgraphs in the Web, such as tegpkined in Sectiohl9 (e.g., set
of company websites). Menczéf[i42] expanded this modelimecidded a parameter of lex-
ical similarity between Webpages, where the probabilitcafinecting two nodes includes a
power-law that depends on the lexical distance. Thus, fhisaach considers the content of
the documents and their connectivity. Besides approximgatie degree distribution of a 100-
thousand-document snapshot of the Web, this model couddeatimate the content similarity
distribution of connected Webpages.

10 Citations

Although dynamically described by diffusion processefrimation transfer can also be quan-
tified from static structures such as citation networks. Arfigrmation contained in a paper or
technical report contributes to the global knowledge ofrdaeer. However, only the most rel-
evant manuscripts tend to be remembered when one has litimteé@nd space. In this respect,
an information filtering process is already performed a ftage. By using data from citation
databases, one can investigate the information flow thr@pgiific groups of people. The
citation networks so far constructed derive from techniepbrts (especially scientific papers)
as nodes and citations between those reports as directed.€etigpse networks are constantly
growing. As the in-degree represents the citations fronerotbports, this measurement car-
ries information about the importance of the report, i.e. tamber of times that report was
found to be relevant to other works. However, once publishieel report cannot aggregate
new references and the out-degree is fixed over time. Beadubés intrinsic network prop-
erty, the out-degree distribution of scientific papers fritia I1S| database in the period from
1991 to 1999 is characterized by a maximum value with strong fluctuatiahthe left-hand
side of the distribution. Most importantly, there is a umgad behavior at the two rightmost
classes, corresponding to journals of limited and unlichitember of pages per pa 43].
In contrast, patent-to-patent citations present a poawgrith exponenty = 0.62 ]. Van
Raan found a power law with exponent- 3.7 in the number of references per publication in
2001 ]. This interesting unidirectional growth mechanisas lturious properties: though
the average number of citations increased over time @ He average number of citations
for papers published in a given year has decreased slowtytinie ]. This suggests that
the relevance of a paper might decrease over time. In orderrtteer analyze such a behav-
ior, Redner constructed two networks, one considering tmycitation of papers published
in 1981 and available at the ISI database, and another network ingvBhysical Review D
papers published and cited in a period of ne&flyyears ]. By means of a Zipf plot (cu-
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mulative distribution), he found a power-law citation distition P(k) ~ k=7 with v ~ 3 for
large k. Other power-law distributions with exponent= 2.7 were verified in the SPIRES
database by Bilke and Petersmz47], now with exponent 3.1 for papers published and
cited in 2001 ]. Such distributions, together with other evidenes] Redner to suggest
that minimally and highly-cited papers obey different istats where most part of papers are
forgotten a short time after publication. In fact, neatlifi; of the papers in the ISI database
were not cited an80% were cited only 10 times or less. Conversely, alib0t % were cited
over 1000 times ]. On the other hand, Tsallis and Albuquerque|J24@gested that the
entire distribution found by Redner might emerge from thees@henomenon since it could be
well fitted by a single function derived from the non-extemsiormalism. Power-law citation
distributions were also found on an extensive US paten@bdat granted between January
1963 and Decembet999. Chen and HickslﬂM] showed that the patent-to-patentiaitalis-
tribution had exponeny = 2.89, andy = 2.31 when the data were restricted to a specific
field related to both basic and applied research. Integdgtivhile analyzing only citations
of papers in US patents, they concluded that papers withaitxfuinding acknowledgements
tended to be cited relatively more often £ 1.97) than papers without explicit acknowledge-
ments { = 2.16), possibly because those articles in the former categaryrare likely to
have impact on inventions described by patents. Using eorandalk procedure, Bilke and
AIbuquerque?] found that the spectral dimension of lecitation network is aboua.0,
having a tree-like structure with the small-world property

The level of similarity between two reports can be inferretlanly by keywords, but also
by the number of common references. Since the referencesippesed to be directly related
to the subject of the report, similar reports should citeilginprevious works. In this type of
network, this property is obtained by the neighborhood giecsic node, but it could also be
obtained by constructing a different network as done by vaarRusing databases from several
citation indexes ire001. He considered that two publications were connected if they at
least one reference in commdﬂh%]. Although the network uraweighted, the same data
could now be used to quantify the level of similarity betwéen reports. The degree (named
bibliographically coupled publication cluster sizdistribution is also described by a power-
law function and an exponential cut-off for values largearti000. Analogously to other
works, a memory effect was identified by considering the dgleeoreferences, the distribution
function changed from a power-law to an exponential as lengndy the older references were
considered to build the network. He suggested that repatislow degrees are related to very
specific themes which are typically recent, and therefaee reicent articles. In contrast, old
references are generally more general and connect morstgarelications, giving rise to a
more uniform distribution.

The databases reviewed in this section were consideratgg End reliable in terms of
an interaction rule between their components. Howevergesimiaccuracies are present since
no standardization is adopted and individual entries argenty different people at different
times. Redner suggested that inaccuracies as incorreetmagbering for citations, citations
of specific pages and input errors in transferring citatiatagupplied by authors, have minor
effects in the citation distributiom%].

11 Transportation

Transportation networks are important for the developneérat country and may be seen as
indicator of economic growth. The tourism industry and $gort of goods and people are
particularly dependent on transportation networks, wiictude airports, railways, highways,
subways, and public transport. Studying this kind of neknean help one to understand the
movement of people around the world and predict how diseeaersspread, in addition to
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design optimal networks for the flow of people. Ultimatelyiay give insights on how to
improve the economy of a country.

11.1 Airports

In airport networks, cities with airports are considerediges, and flights between them are
the arcs. This type of network is naturally directed and Wisid because of the direction and
number of passengers in flights. The arcs are thus directé&their weights are given by the
number of passengers in flights or the number of flights iisedf day or in a week. Guimera
et al. [IE], however, argued that the connections consideringnéteork of all airports in the
world is almost symmetrical, with minor asymmetries agsfrom a small number of flights
following a “circular” path. Therefore, there is no need tmsider the arc directions.

He et al. ] studied the Chinese airport network in 2002 withounsidering either
the directions or the number of passengers in a flight. Thegladed that this network is
small-world without the scale-free property, as the vedegree distribution is exponential.
They explained the topology of the network with a model basedhe population and gross
domestic product of the cities. Li and C@SO] also anatlyige Chinese airport network
using a connectivity matrix of siz& x N x 7, whereN is the number of airports for the
7 days of the week. Besides the scale-free and small-wodpepties, they observed for the
Chinese airport network that (i) the daily and weekly curtivéavertex degree distribution of
undirected and directed Chinese airport networks obey égorre power-laws with different
exponents (the so-called Pareto I251]); (i) the curingadistribution of flight weights
has power-law tails; (iii) the diameter of a subcluster, gisting of an airport and all of its
neighbors, is inversely proportional to its density of cectivity; and (iv) the transportation
efficiency of the subclusters of the airport network incesawith the density of connectivity.

The worldwide airport networli?[_i 6, 262] is a scale-free, Bm@rld network. Neverthe-
less, the most connected cities are not necessarily theaaostl, in contrast to other scale-
free networks. This is a consequence of the community streicif this networklEG], on which
a global role of cities was developed. This measurementateld that the vertices connect-
ing different communities are hubs in their own communityirGeraet al. [IE] pointed out
that the community structure cannot be fully explained dnygeographical constraints, but
geopolitical considerations have to be taken into accoimiodel to account for these findings
was developed by Guimera and Ama@ZSZ], which explaing thie most connected cities
are not the most central. In the model, not all cities of a tgucan establish connection with
cities of another country.

Bagler @] studied the airport network of India considgredge weights, and found that
this network is hierarchical with the small-world properand characterized by a truncated
power-law degree distribution. The network has disasegtanixing, in contrast to the world-
wide network of airports. This difference can be relatedhlbcal and global scales of airport
networks.

In addition to analyzing the networks, it is important to igasoptimal networks for this
kind of transport. Barnier and Briss@54] proposed a newta network to optimize the
operational cost for the French airports network, basedaplgcoloring for the air traffic flow
management.

Problems associated with airport networks are relatedfficwlties in the air traffic flows,
e.g., caused by heavy fogs or snowstorms. In order to adsegeitformance of the network
under such circumstances, Chi and Cal [53] analyzed thesecaused by an attack to the
structure of the US airport network. Analogously to othaaledree networks, the US airport
network is tolerant to errors and random attacks, but exreuinerable to a target attack to
hubs. While topological properties, including averagetaseidegree, clustering coefficient,
diameter, and efficiency are almost unaffected by the rehuieafew airports with few con-
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Table 1: Papers that considers different airport networks.
Network Reference
Chinese airport network | [249, 250]
French airport network [254]

Indian airport network [253]
Japan airport network [255]
US airport network [53]

Worldwide airport network| [16, 252]

nections, the same properties are drastically alteredafehiubs are removed.

11.2 Roads and urban streets

These networks deserve special attention in our dailyilifeesthey directly influence our travel
times and transport costs. In the last years, we have widessincreasing number of vehicles
on the roads which resulted in slower traffic and more fregjj@ns. Although possible in the
past, building new roads or streets is not feasible todagilmex of spacial constraints imposed
by the local buildings. The best solution is, therefore, skebetter planning for the traffic or
even to manage it in real-time so that the wasted time on tdsris minimized.

In the context of complex network theory, many questionateel to the representation of
the metric distances of the roads arise. These include whdtd€ graph representation to
use, which topological features to study, as well as theetations between structural mea-
surements and the dynamics of the traffic flows. The reprasentof road networks can be:
primal or dual graph (e.g.,@@?]). In the former case, while intetisas are nodes, the
roads are edges. This is a natural way of representing tleds@iks since it captures the most
important feature of geographical dimensions, i.e. theadise, and it was used imm%]. A
more detailed study of networks of this kind can be foun|]2where the authors analyze
twenty samples of street patterns of several world citidserd@ is a limitation, however, with
the primal representation, since it does not express tfieudi to walk on them9], which
can be obtained by thdual representation, where roads are nodes and intersectiersiges.
Although this representation does not give the geograpkiistance between two arbitrary
points in the network, it expresses the information (i.e.nlamber of road changes) needed to
travel between those points. Therefore, the less the nuailvead changes to reach a specific
destination, the easier to find it.

Rosvallet al. [@] expressed the difficulty of navigation on these neksdn terms of
the “search information” [260]. The higher this measuretndre more difficult it is to find
a destination. With this approach, the authors showed tbat aities, e.g., Manhattan, are
better planned than old cities, e.g., Stockholm, since ¢laech information for the former is
less than for the latter city. Another conclusion MZS%hat it is preferable to replace a big
number of streets with a few long, provided it reduces the bemof road changes necessary
to connect any two points of the network. The accessibilitylaces in towns and cities
was also investigated by considering self-avoiding randatk dynamicsl]. In this case,
Travencolo and Costa showed that the dynamics of transjportdorough towns and cities is
strongly affected by the topology of the connections ande®u

Following the second definition for road networks, Kalagetlal. [@] also found that this
kind of network has, besides the small-world propdﬂ[%@}ological and geographic scale
invariance. In other words, for sufficiently large geogiraphareas, the degree distribution
is scale-free, with journeys having identical structuregiardless of their length. Indeed, the
driver starts on small roads, moves to progressively largester roads, until the fastest is
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reached, where he/she covers most of the trip before dasgebdck to progressively small
roads. The authors also proposed a simple fractal modelpt@dace the above features.
Geographical scale-free models can be found in the re@][z

In ], Gastner and Newman compared geographical netvgordds as an airline network,
the US interstate highway network, and the Internet at thenmmous system level. They
showed that networks, which are fundamentally two-din@mai such as the highways in the
primal graph representation, have a close relation betwesngeographical and topological
features, as e.g., the geographical and geodesic distAnm®del to reproduce their findings
was also proposed.

The dynamics on road networks has been studied for yearsnveihy models propos@&,
263/264 6], ranging from macroscopic models basdtekinetic gas theory or fluid
dynamics to microscopic approaches with equations for eachn the network. In@?],
the authors analyzed the German highway network usinglaebwtomata as a model for the
traffic flow, and showed that this model is suitable for reaetitraffic forecasting. With this
model, it was also possible to find the bottlenecks of thevwaghnetwork.

11.3 Other transportation networks

There are many other transportation networks, but thejpgutaes are quite similar to the air-
port and road networks mentioned above. Therefore, we sbatliscuss networks such as the

railways @@@OL subway netvvor@?l], and puszportation@i__ZjVﬂM].

12 Electric power transmission systems

The electric power transmission system is one of the mosptmahuman-made networks. It
comprises transmission lines and several substationsindiade power plants; transmission
substations, which connect high-voltage transmissiosslirand load centers, which delivery
the electricity to consumers (e.m75]). Colloquiallyokvn as power grid, the electric power
transmission system has a complex structure includingneaht paths to route power from
any generator to any load center. The main reason for thisndathcy is to guarantee that
every load center can be supplied by any generator. In otbetsyif one generator fails, the
load centers will receive the necessary power from the atbeerators. In the same way, if one
transmission substation fails, the others have to be alilartdle the additional load and keep
the whole network working. Nonetheless, even with the reldagy of lines, some cascading
failures and blackouts happen and several load centersestejving power. One of the most
serious was the Northeast Blackout (on August 14th, 200®)wdffected 50 million people in
the U.S.A and Canada and resulted in a huge loss of moneyt(@0diilion US dollars)|[276].
Obviously, this kind of network is crucial for the economyatountry and deserves special
attention in engineering and science.

The first studies in the power transmission systems reliedreating simple dynamical
models which simulate each component of the network to wtaled the blackout dynamics of
the whole syste @281]. The networks gierple structures such as rings,
trees or mathematical grids, and the blackouts were camsldastantaneous events caused by
cascading failures of the transmission lines. When onesitngssion line failed, all the power
flow was redistributed to the other lines, but new failurey imappen due to overflow, leading
to a cascading effect. These dynamical processes wereasedLtih @7@@@81],
from which it was inferred that the size of the blackoutsdaié a power-law tail, which means
that big blackouts are not so uncommon.

Although useful for predicting blackouts and finding thdical components of the power
transmission network, the approach above was limited tplsimetwork topologies which do
not correspond to those of the real power transmission mkswvdn fact, these power grids
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Table 2: Electric power grid network databases. Completeor&s contains all substations
regardless of voltage.

Network Size | Reference
Western US power network 4,941 [32]
US power network 14,099 [275]
Complete US power network 314,123 [282]
Italian power network 341 [283]
Chinese power network | 8,092 [284]

have the small-world property, high clustering coefficiémng., 1), degree distribution in
an exponential for 5], and the “bow-tie” configuoati ]. For a power network of
314 123 nodes, Chassat al. ] considered any vertex regardless of voltage (notettiea

size of the power networks used in the other studies did hetitto account nodes of small
voltages, see Tablé 2 for more power network data), and shtwed the network has a radial
form. The generators are in the center, with transmissibstations in the middle and the load
centers at the border, in the so-called “bow-tie” config’ora]. The degree distribution
obeyed a power law with a cutoff term.

In the analysis of the topology of these networks, it was shtvat the removal of highly
connected nodes (without distinguishing their types) el Ito blackouts of certain regions
of the networks 7]. Each substation was asstoneglve a transmission capacity
that depends on the number of shortest paths passing thitougbert et al. [Iﬂ], however,
showed that only the removal of highly connected transmiissubstations can provoke black-
outs, since the other transmission substations can fadlusecof the additional overload. This
is not the case of generator failures, because even the edrobthe highly connected gen-
erator is unable to cause bIackodﬂZ?S]. This is a conseguef the redundancy of these
networks where all generators can be routed to all load cenighen one generator fails, the
others provide the additional power to supply the whole oetw

A more realistic and complex model was developed by Anghell. [@]. It describes
an electric transmission network under random perturbat{e.g., line or substation failures
and overloads) and the operator’'s response to the contimgarents (a system to repair the
damaged lines or substations). In this model, each randemt @as stochastic and could be
triggered at any time. The model was not only able to predetkouts but also to find the
optimal strategy for minimizing the impact of random comeonfailures.

13 Biomolecular Networks

In June 2000, the Human Genome Project and Celera Genondodeatkthe human genome,
providing the so-called “book of life”, after which the gditecode of many organisms has
been discovered. The Genome project is only a starting p[@], as the post-genomic era
should be concerned with modeling biological interactiomsead of analyzing the genetic
code by itself. As the behavior of living systems can seldanrdrluced to their molecular
components, in the post-genomic areasp$tem biolog}@] one has to assemble the parts
unfolded by genome projects. For instance, Vogelsteinglzard Levine@l] concluded that
more significant results can be obtained by analyzing cdiomecof the p53 gene (a tumor
suppressor) than by studying this gene separately.

Processes in living organisms are basically divided arigktinn three levels of complex-
ity [@]: (i) metabolic and signaling pathwaywhich are determined by (ithe network of
interacting proteinswhose production is controlled by (iithe genetic Regulatory network
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Understanding life processes therefore requires one foar(@ayze how energy is obtained
from cell biochemical reactions by interactions among inetites, products and enzymes;
(b) understand how proteins take part in various processdas, the formation of protein com-
plexes; (c) understand how information is transmitted fi@mnanscription factor to the gene
that regulates this transcriptidﬂ [1].

Modeling these biological systems may be performed by denisig complex network the-
ory, because of its universality and ability to mimic sysseafi many interacting partm%].
Biological networks comprise metabolites, enzymes, jmefer genes as vertices, which are
linked depending on their interaction. Using complex nekabeory, fundamental properties
of biological networks have been discovered, including @olaw connectivity distributions,
small world properties and community structurig_[294].tlﬁenmore, the crucial concepts to
understand biological systems, namely emergence, ramstnd modularity, are also ingre-
dients of complex networks theo@ 93].

In the following, we shall discuss major developments inlgipg complex network theory
to biological systems.

13.1 Protein-protein Interaction Networks

In modeling protein interactions, one considers a netwankrising proteins (nodes) con-
nected by physical interaction (undirected edges). Thjaires reliable databases, which have
become available since the 1980s because of high throughgtiiods, and a set of measure-
ments to characterize the network structure and dynamies.cdnnections are generally not
weighted, but some databases provide indexes of relialifisociated with each link as the
confidence scor5].

The study of protein interactions using complex networleotit may be divided into four
basic areas: (i) characterization of the network strugt(ifeprediction of protein functions;
(i) modeling of the interactome and (iv) modeling and @werization of protein-domain
interactions.

The structure of protein interaction networks has beenietiutb determine the relative
importance of vertices and their organization in modularcitires or subgraphs. Some of these
structures are conserved along the evolution of many asga)jiwhich allows one to infer their
importance for cellular maintenance. The structure ofginointeractions was believed to be
completely random. However, in 2001 Jecetgal. ] discovered that these networks were
far from uniform, upon analyzing th®. cerevisa@rotein interaction networks. In fact, a few
proteins are able to physically attach to a huge number arqgihoteins, but most proteins
play a very specific role, interacting with just one or two atlproteins. The distribution
of connections of Yeast follows a power-law with an exporartutoff whose exponent is
about2.5 [|1_;l|]. Other systems, such as the simple bacteurpylori [@] and the insedD.
melanogasteﬂ@], also present a power-law dependence for the comitgdth the protein-
protein interaction. Therefore, it seems that the scae-fiature of protein interaction networks
is a general feature of all organisms.

The protein interaction networks have also been shown tantadl-svorld, with a small
average shortest path length, and to present many loopslef tbrree@S]. Their structure is
formed by modules of highly connected prote ].30he hubs possibly play a crit-
ical function in the network maintenance, being stronglgtesl to lethality. They are believed
to be the oldest proteins in the network. Jeengl. ] showed a correlation between lethal-
ity and connectivity. While among the proteins with five owég links, 93% are non-lethal,
among the proteins with more than 15 links, 62% are lethak fighly uneven structure of
protein interaction networks imparts robustness agaarsiom failuresmll]. When random
failures occur in scale-free networks, there is only a siadbability that the removed node
is a hub, and the network structure is not affected seve@}'. [In contrast, when highly
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connected proteins are removed, the network breaks up eraalisconnected components,
which reinforces the relation between lethality and cotivigég. This explains why scale-free
networks are very abundant in nature, being associatedgthvolution of cellular processes
and gene@O]. In spite of the fact that the loss of hub pretean lead to death of the organ-
ism, some network-based strategies to restore cellulatifms caused by specific mutations
have been developeld__’lL901].

The importance of hubs was also addressed by Maslov and am@] who showed that
the functional modules inside the cell are organized arandwyidual hubs. In addition, the
proteins are uncorrelated according to their connectivitych indicates that the neighborhood
of highly connected proteins tends to be sparser than thlghineihood of less connected pro-
teins ]. Schnell and Fortuna@O?»] investigated tlation between structural features of
hubs and their number of connections. They concluded tleatligorder of a protein (or of its
neighbors) is independent of its number of protein-proieiaractions. The presence of hubs
and the local cohesiveness of networks are also relatedggested by Ravast al. [@]. The
latter authors showed that the relations between the §wsearchitecture and the high degree
of clustering in protein networks are consequences of altkical organization, suggesting
that small groups of nodes organize in a hierarchical matenerake large groups.

The functional importance of proteins can also be addregsd¢drms of network en-
tropy @1] and betweenness centraliMSOS]. Jaiyal. [@] observed that proteins with
high betweenness, but low connectivity, are abundant iryéast interaction network, with a
positive correlation between the fraction of lethal pnageind their betweenness centrality.

Some structural properties of protein interaction netwaskem to be conserved during
evolution. Wuchtyet al. ] observed that some types of subgraphs referred totamiie
motifs may be preserved during natural evolution. Theseafsnatere found more frequently
in real networks than in their random versions, generatethbyewiring method that main-
tains the network degree distributi[39]. Wucldty al. analyzed the conservation 678
proteins of Yeast with an ortologus in five eukaryote speciasnelyArabidopsis thalianam
Caenorhabditis elegan®rosophila melanogasteMMus musculuand Homo sapiens They
observed that some motifs are conserved from simple onganie more complex one@OB].
Each of the motifs conserved was suggested to perform speaiéis, e.g. in forming protein
complexes, where smaller parts are represented by fullpemiadn-node motifs. Because
some biological functions emerge from modules of many co’mieproteins@i__&bﬂ, in-
stead of single proteins, such structures are conservedghout the natural selection. In fact
as the cell is organized in modules, the structures shoutdhserved along the evolution, and
not only the individual cellular componen@OB]. Tdunservation of network motifs
can also be used to predict protein interactions. Using madbarning algorithms, Albert and
Albert [@] showed that conserved properties of proteinvoeks can be used to identify and
validate protein interactions.

The Baker's Yeast3accharomyces cerevis)jdeas about 6,300 genes, which encode about
the same number of protei@lO]. Therefore, the deteiomaf interaction among such
proteins requires checking about 6,300 times 6,300 pahihais close to forty million poten-
tial interactions. In 1989, Stanley Fields proposed a rdiahary technique to detect protein-
protein interactions using the GAL4 transcriptional aatir of yeastSaccharomyces cere-
visiae [@]. This “yeast two-hybrid”(Y2H) method E&hﬁm] is ¢&d on the fact that a
protein with DNA-binding domain may activate transcriptizwhen it simply binds to another
protein containing an activation domain. Basically, Y2Hets interaction using two hybrid
proteins referred to as the “bait” and the “prey”. The “baitintains a query protein X fused
to a DNA binding domain and the “prey” is a fusion of a seconoltgin Y to a transcriptional
activation domain. If the proteins X and Y interact, thenitieNA-binding domain and acti-
vation domain will combine to form a functional transcriptal activator, which will proceed
to transcribe the reporter gene that is paired with its pltem@l,@]. Further information
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about this method and its extensions may be foundlin [315] [%].

The Y2H allowed the global analysis of protein-protein iatgions and the birth dhter-
actome(one of the next steps after the genon|]g_)_|[ 318]. The saarfehis method lies on
the identification of interactions without antibodies oe teed to purify protein@hl]. How-
ever, the main drawback is that Y2H generates many falséi ii.e. interactions identified
in the experiment but that never take place in the @[ 1.3 This limitation has moti-
vated the development of many other methods, includinghgiotgcal techniques such as affin-
ity [@] and molecular size-based chromatography, affiblotting, immuno-precipitation
and cross-linking@@ZB%]. Also, computatlamathods are applied to identify
protein-protein interactionsJElM], as those based on ém@ge sequence [325]. Sprinzetk
al. proposed a method to asses the quality of protein interackidabases using the cellular
localization and cellular-role properties to provide atineative of true positives in databases
[@]. They suggested that the reliability of the high-thghput Y2H is about 50% and that
the yeast interactome should be composetha@f00—16 600 interactions. Recently, Krogaat
al. ] made available a database of protein interactionstas tandem affinity purification
which identified2 708 proteins andr 123 interactions of theSaccharomyces cerevisiaghis
database offers greater coverage and accuracy than theyséigh throughput studies related
to Yeast protein-protein interaction. In Table 3 the maiot@in-protein interaction databases
and their web addresses are presented.

Table 3: Public databases of protein-protein interactions

Database URL
DIP http://dip. doe-nbi.ucla. edu
IntAct http://ww. ebi.ac. uk/intact
HPID http://w lab.inha.ac. kr/ hpid
MIPS http://m ps. gsf.del/ servi ces/ ppi
Biogrid http://ww. t hebi ogrid.org
BIND http://bind. ca
CYGD http://m ps.gsf.del/ proj/yeast/ CYGD interaction
iHOP http://ww. i hop-net. org/ Uni Pub/i HOP
JCB http://ww. i nb-jena. de/jcb/ ppi
MINT http://mnt.bio.uniroma2.it/mnt
PathCalling| htt p: // cur at ool s. curagen. conf pat hcal | i ng_port al
String http://string.enbl.de
InterDom http://interdomlit.org.sg

Assigning functions to unknown proteins is one of the mogpartant problems in the
post-genomic era. This may be performed by genome analystikatis that exploit domain
fusion @] and phylogenic profile@Z?]. In the first madtane observes that pairs of inter-
acting proteins have homologs in higher species fused inglesprotein chain. The second,
on the other hand, considers that proteins participatingtrinctural processes or metabolic
pathways are functionally linked, evolving in a correlatashion. Other methods are based on
interaction partners, because proteins with the sameifunsctend to share connectio@%].
This property arises from the duplication and mutation raegms of protein evolution. When
a protein is duplicated, the daughter protein has the saaterés as the mother protein. How-
ever, as the daughters suffer mutations, they tend to diffetructure, but preserve similar
functions and connections. Another common approach fatigtieg protein function is the
majority rule assignment, which takes into account the eoglifinding that 70—-80% of pro-
tein interaction partners share at least one function| [32B%higaki et al. [@] proposed a
methodology based on analysisoheighborhood proteins, i.e. for a given protejrthe n-
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neighborhood is composed by proteins distaetdges from. With this methodology, one can

predict with 72.2% accuracy the subcellular localizatieith 63.6% accuracy the cellular role
and with 52.7% accuracy the biochemical function of yeastgins. However, such methods
do not consider the links between unknown proteins. Vazquak [@] extended this method

by minimizing the number of physical interactions amondedént functional categories and
considering the connections between unknown proteinss igthodology provides a more
precise identification of protein function.

Despite the many approaches to determine protein functmguthe complex network
of interactions, there are many limitations owing to thegéanumber of false positives and
negatives in the interactions. Thus, some connectionsdeetyproteins may not occur in vivo
and the function associated with such interactions may @oeal. Another problem is related
to multi-functional proteins. In this case, it may be hardd&termine the function of the
proteins when their neighbors have many functions.

Simple protein interaction models have been proposed usitvgork measurements. Eisen-
berg and Levanor@l] proposed that the BA model is relef@nprotein interaction mod-
eling. They applied a cross-genome comparison and obsareedelation between proteins
age and their connectivity. Then, they suggested that thieiprevolution is governed by the
preferential attachment rule. Przelj al. [{@%% on the other hand, suggested that the protein
evolution is governed by a geometrical model and the scake-flegree distribution may be
caused by the high percentage of false negatives. The gaomuidel is obtained by dis-
tributing V protein randomly in a metric space and connecting two pmstaccording to the
distance between them. These results were later confirm€mbéipet al. [IZ].

Even though these models reproduce some protein intemgotaperties, other biological
processes must be considered in modeling. This may be pextbfor two aspects related to
addition and elimination of interactions between protearsd gene duplication increasing the
number of proteins and interactio@%]. Vazqatal. [@] proposed a model in which each
node in the network represents a protein that is expressadgleye, and the network evolves
following two steps: (i)duplication a randomly selected nodeis duplicated as’ which is
connected ta according to a probability and has all connections of (ii) divergence a
node;j connected ta and:’ loses the connectiofy, j) or (¢’, j) according to a probability.
Therefore, this mode has two parameteendgq, representing the creation of a connection by
node duplication and the loss of interactions, respegtiigbléet al. proposed a similar model
with the same concep@% , which is given in detail in [B®olé and Fernandez showed that
the models by Vazqueet al. ] and Soléet al. [@] reproduce the modular structure and
the degree correlation observed in protein interactiomwords @]. In this case, hubs tend
to connect with poorly connected proteins. Also, the modstale-free structure in protein
networks emerge naturally from the duplication-divergende @].

The rate of duplication and deleting of interactions wasested by Wagner@:%] who
concluded that every 300 million of years, around half ofeaiisting protein interactions are
replaced by new interactions. Wag 38] also estimdteddte of link dynamics and gene
duplication using empirical data, showing that the raterdf tlynamics is at least one order of
magnitude higher than gene duplication. With this obs@wmatBerget al. [@] proposed a
model of protein interaction that considers link attachtreerd link detachment together with
gene duplication. In this case, the link dynamics is guided Ipreferential attachment rule
supported by empirical data. Such a model reproduces the-ea degree distribution and
the correlation between interaction proteins, as obsesxpdrimentally|[339].

As domains can recombine to form multi-domain proteins dii@main recombination may
be the main mechanism to modify protein function and in@¢las proteome complexit@m].
Protein interactions can be validated by domain-domaieraations @1] and proteins with
similar activities are likely to contain similar domai@. Therefore, the characterization of
domain-domain interactions has many applications anduisiarto understand the evolution
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of protein interactions.

Domain-domain interaction networks are constructed clamsig (i) protein complexes,
(i) Rosetta Stone sequences, and by using (iii) proteieraution network@@ 44].
With the first methodology, domain information is inferredrh the intermolecular relation-
ships in protein complexes. The second considers domaionfiurs different organisms, i.e.
domains that appear separately in one organism and togetlaother one are potentially
interacting. Finally, the last approach considers thegimointeraction to determine domain
interaction. In this case, all domains belonging to tworiaténg proteins are also interacting.
Ng et al. [@] suggested a measure to determine the potential ohitten between domains
considering the protein interaction network.

Wuchty @] studied domain interaction networks with neetblogies (i) and (ii). In both
cases, he showed that protein domain interactions followveep law and exhibit the small
world property with a high average clustering coefficientalsubsequent paper, WUCHML’;44]
also investigated which factors force domains to accuraudlaks to other domains. As the
network of domain interactions consists of hubs respoedii network integrity, it is natural
to investigate the importance of the most connected doma&bastaet al. [12] analyzed the
structure of domain interactions and the relation betweetem connectivity and essentiality.
In this case, the essentiality of a domain is hypothesizad/inways: (i)domain lethality in
a weak sensea domain is lethal if it appears in a lethal protein and d@main lethality in
a strong sensea domain is lethal if it only appears in a single-domain dtbrotein. Costa
et al. showed that correlations between domains degree anditgtimaboth the weak and
strong senses are significantly higher than the correlatiained for proteins, which shows
the importance of domains in defining protein interactiod protein IethalityﬁlZ].

13.2 Metabolic Networks

Metabolism is the complete set of chemical reactions thatiiom living cells, allowing cells
to grow and reproduce, maintain their structures, and respo their environments. The es-
sential energy and substrates for the function of a cell bia&irwed by breaking large molecules
into small ones. Hence, this process is the basis of life. abtdic networks are related to
the chemical reactions organized into metabolic pathwiayshich one chemical compound
is transformed into another by the action of a sequence ofreeg. Basically, the reaction
networks can have three possible representations: (igtdileand weighted graphs, whose
vertices can be of three types: metabolites, reactions anghees, while there are two types
of edges representing mass flow (from reactants to reagtanms catalytic reactions (from
enzymes to reactions), (ii) connecting all reactants thaigpate in a same reaction, (iii) con-
necting two reactions if they share a reactant. Major cgtade available on-line are the Kyoto
Encyclopedia of Genes and Genomes (KE@Gt p: / / ww. genone. j p/ kegg) and the
EcoCyc ftt p:// ecocyc. org/).

Jeonget al. ] investigated metabolic networks of 43 organisms fedhthree domains
of life, and found that metabolic organization is not randdur follows the power law degree
distribution —the probability that a given substrate paptites ink reactions follows a power
law, P(k) ~ k=7, with v ~ 2.2 in all 43 organisms. Besides, metabolic networks are small-
world (¢ ~ 3.2), where two metabolites can be connected by a small pathinstance, Fell
and Wagner|13ﬁ6] showed that the centerEofcoli metabolism map is glutamate and pyru-
vate, with a mean path length to other metabolites of 2.4&2a5@| respectively. An important
property discovered by Jeorgj al. is that the diameter of metabolic networks is almost the
same for all the 43 organisms. This property is quite difiefeom that for other types of
network, where the diameters increase logarithmicalhhlite addition of new vertices. A
possible explanation is that as complexity of organismsvgrandividual substrates get more
connections to maintain a relative constant network diamebince metabolic networks are
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scale-free, few hubs concentrate a high number of conrmsc@]. Such networks are thus
tolerant to random failures, but vulnerable to attacks inctvithere is a sequential removal of
nodes starting with the most connected one. For this praegdareases the network diameter
and quickly breaks the network into disconnected compandritis expectation has been con-
firmed experimentally ifEscherichia coli where mutagenesis studies perfornmegilico and
in-vivo showed that the metabolic network is highly tolerant upanaeal of a considerable
number of enzyme@?]. Another feature of hubs is theisgmeation along evolution. Only
4% of all substrates encountered in the 43 organisms arergrasall species, which can be
considered generic as they are utilized by many sp@.[%h substrates are the hubs in
metabolic networks.

The structures of a metabolic network are organized in a tagchierarchical fashiorlﬁhS].
The modules are discrete entities composed by several alietabbstrates densely connected
by biochemical reactions. Ravast al. [349] showed that the average clustering coefficient
of the metabolic networks of 43 organisms is independentebfork size, being higher than
for scale-free networks generated by the Barabasi-Albedahof the same size. In addition,
the average clustering coefficient follows a scaling lawhwiite number of linksg(k) ~ k=1,
which indicates a hierarchical organization. Hence, n@italmetworks are characterized by a
scale-free degree distribution, average clustering aoeffi independent of network size and
hierarchical and modular organization. Ravasal. suggested a model of metabolic organi-
zation that reproduces these properties. It is built stanvith a small cluster of four densely
connected nodes, followed by generation of three copiekisftructure with the three exter-
nal vertices being connected to the central vertices of lithelasters. This process is repeated
until a network with the same size as the real network is abthi The networks thus generated
display the properties of metabolic networks discussed&bo

Guimera and Amaram3] proposed a methodology to find fometi modules in complex
networks and classify vertices according to their pattémriatra- and inter-modules connec-
tions. They found that 80% of substrates are only conneotedlistrates within their respective
modules. Also, substrates with different roles are affbbigdifferent evolutionary constraints
and pressures. In contrast to the result by Jestingl. ], Guimera and Amaral showed
that metabolites participating in a few reactions but cating different modules are more
conserved during evolution than the most connected substfaubs).

13.3 Genetic Networks

Living cells are governed by gene expression programs vinglregulated transcription of
thousands of genes. Cell signaling and differentiation lmaimvestigated by pattern of gene
expression, which can be represented by complex netv\@.wranscription is controlled at
many different levels and the gene regulation network fits snnetwork of networks that rep-
resent not only interactions among transcription factoisalso the factors that modulate these
interactions biochemically@l]. High-throughput meaikoand computational approaches
have allowed important discoveries in genetic networksortier to analyze the topology and
dynamics of genetic networks, approaches were developeudaloate the identification and
expression level of interacting genes, how interactiorengk with time and the phenotypic
impact when key genes are disrupted. The techniques aineddcadating transcriptional reg-
ulatory networks are mainly based on genome-wide expnegsiafiling and the combination
of chromatin immunopreciptation (ChlP), which was revige , ].

Transcriptional regulatory networks control the gene eggpion in cells and are composed
of regulators and targets (nodes) and regulatory intenast{edges). Edges are directed from
a gene that encodes a transcription factor protein (TF) tere dranscriptionally regulated
by that transcriptional factor, referred to as target ge‘l’@)(]. Such complex systems
can be analyzed as a multilayered system divided into fosichavels [[_3__5|4]: (i) the first level
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(a) (b) (©)

Figure 2: Three type of motifs found in transcriptional riegory networks ofSaccharomyces
cerevisiaeandEscherichia coli (a) feed-forward loop, (b) simple input module and (c) riplet
input.

encompasses the collection of transcriptional fact@saiget genes with DNA recognition site
and regulatory interaction between them; (ii) the secowellis studied in terms of regulatory
motifs, which are patterns of interconnections that appeare frequently in real networks
than in randomized networkE[39]; (iii) the third level calers the modular organization,
where modules are group of nodes that regulate distinalaelprocesses; and (iv) the last
level consists of the regulatory network composed by thelevbet of modules.

Because network motifs appear at frequencies much higharithrandom networks, they
are expected to have special functions in information @msiog performed by the network.
The complexity of networks can be reduced by considering thetifs. Figure[2 presents
the three main types of motifs found in regulatory networnkgshe yeast ofSaccharomyces
cerevisiaeand the bacteri&scherichia coli In transcriptional regulatory networks, the feed-
forward motifs are defined by a transcription factor thautates a second one such that both,
jointly, regulate a final target gene. On the other hand,ithele input module and the multiple
input regulate their targets by a simple or multiple traipgimns factors, respectively. All these
targets are controlled by the same sign (all positive oredlative) and have no additional tran-
scriptional regulation.[42]. Other important motifs areifial in the transcriptional regulatory
networks ofSaccharomyces cerevisjder which a detailed discussion is presente [355].

Modules are organized by the interconnections of networifsadn general, the modules
refer to a group of physically or functionally linked geneBistinct cellular processes are
regulated by discrete and separable modtﬂé [356].etva. [@] identified 39 modules in
transcriptional regulatory networks &. coli, which showed well-defined functions. Also,
Dobrinet al. [@] showed that ifE. coli multiple input and feed-forward loops motifs do not
exist in isolation, but share transcription factors or ¢argenes. A review about the modular
topology in transcriptional regulatory networks is presernin @].

The structure of transcriptional regulatory networks bkkitwo main properties: (i) the
fraction of genes with a given incoming connectivity desesaexponentially, and (ii) the out-
going connectivity distribution follows a power law [356]he exponential character of the
incoming connectivity indicates that most target genesregelated by a similar number of
factors. On the other hand, the scale-free distributiorhefdutgoing connections points to a
few transcription factors participating in regulation dhege number of target genes. In addi-
tion, such genes tend to be lethal if remo 359]. The giraof transcriptional regulatory
networks changes with time or environmental conditiongaliee not all nodes are active at a
given time. Dynamical processes can be analyzed in gergtticorks, as in Let al. [@] who
observed that the cell-cycle of the regulatory network iasgavas extremely stable and robust.
Klemn and Bornhold 1] investigated the reliability adrge regulatory networks and found
a distinction between reliable and unreliable dynamidaaetors, showing that biological sig-
naling networks are shaped by selective advantage of thigyatfirobust signaling processing.
Other dynamical processes investigated in genetic nesiamé discussed i62].

The evolution of transcriptional regulatory networks ascuia three processes: (i) dupli-
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cation of the transcription factor, which results in botlpies regulating the same gene, (ii) du-
plication of the target gene with its regulatory region, vehie target gene will be regulated by
the same transcription factor, and (iii) duplication oftbtie factor and the targ 54]. Such
a mechanism of duplication and inheritance determinesge laction of the interactions in
regulatory networks. Furthermore, a large number of ictéras are gained or lost after gene
duplication. This process can result in network motifs gmec#ic connectivity distribution in
the network. Teichman and Babu showed that the evolutioegilatory networks is mainly
defined by gene dupIicatio@GS] and that 45% of regulatotgractions inE. coli and S.
cerevisiaearose by duplication with inheritance of interactions.

Though the structure of biological networks has been ektelysstudied, the understand-
ing of temporal activity of a cell is still in its beginning.dbabases with time evolution of gene
expression activity are being develop@3 365]. Whea da cell network processing
and intercommunication become available, new insightsiatie mechanisms of life will be
possible.

14 Medicine

Complex networks have been useful in medicine, as netwejesenting biomolecular sys-
tems can be applied to understand disease principles agatsipg. In the former case, Barab@366]
suggested the treatment of diseases by taking into accitanedt levels of complex biological
networks. The basic level considers a complex network ottimgecellular components (e.g.
metabolic, protein-protein interaction and genetic neksp the middle level represents the
networks of diseases (two diseases are connected if theyshe@mmon genetic or functional
origin), and the top level represents the society, compbgelduman interactions, as friend-
ship, geographical localization, and so on. In case of tpetkie analysis should consider
biomolecular networks, because some genes or metabadlimdi®ns can have fundamental
importance. At the network disease level, obesity is rdl&teother diseases, such as diabetes,
asthma and insulin resistance. Finally, at the top leve, sibcial interactions contribute to
spreading of eating habits and lack of physical activities.

In addition to disease origin, complex networks can be use®pidemiology. Indeed, the
spreading of infections caused by virus or bacteria has beelied by dynamical analysis in
networks. Works about spreading virus are discussed ind®¢EEs.

Complex networks theory is potentially suitable to be aplin anatomy. For instance,
the bone structure in mammals are composed by a complex riestwbchannels, which are
required to nourish the bone marrow cells. In this casejoe=trepresent congruences of two
or more channels and these interconnecting channels aressgp as edg 67]. Costa
al. [@] characterized a network constructed from a corboale structure in terms of complex
networks measurements.

Bone structure in mammals involves a complex network of ne&n(Havers and Volk-
mann channels) required to nourish the bone marrow cellss Wibrk describes how three-
dimensional reconstructions of such systems can be obitaime represented in terms of com-
plex networks. Three important findings are reported: @) fict that the channel branching
density resembles a power law implies the existence ofilbligion hubs; (ii) the conditional
node degree density indicates a clear tendency of conndmtitsveen nodes with degrees 2 and
4; and (iii) the application of the recently introduced ceptcof hierarchical clustering coeffi-
cient allows the identification of typical scales of chanmlistribution. A series of important
biological insights is drawn and discussed
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15 Ecology

The characterization, modeling and simulation of ecolaiggystems are major challenges of
natural sciences today. In ecological communities, eaelisp interact in different ways,
forming networks of interacting species. Important ecwabrelations are competition, par-
asitism, mutualism and predatory-prey relationships. dr@ebs are composed #y trophic
species connected directly liytrophic links @]. The links are represented by arrowsrfro

1 to 7 if speciesi is eaten by species Such rows indicate the flow of resources. Trophic
species is a collective designation for all species havieagramon set of predator and prey.
Thus, species such as sponges and clams may belong to thersaimie species. The use
of terms such as “detritus” and “dead organic material” ¢gatits how hard it is to decide on
what can be included or omitted in the food web chain. Befloeeli990s, food webs were very
small, with sizes varying from 5 to 4@70]. The analysis otls networks suggested that
the ratioL /S was independent of and therefore this relation was scale-invariant. However,
further works showed that this belief is not corr@ﬂl@oﬂ webs are small-world networks,
obeying the two degree of separation rllE?;?Z]. This prigpienplies that the loss of biodi-
versity and species invasions may affect ecosystems indafoantal way. Also, Garlaschelli
et al. showed that differently from biomolecular networks, fooehs are not scale-free and do
not present high average clustering coeﬁici@[@, 3ThEe modeling of food webs can be
divided into three basic levels: static models, dynamicadiets, and species assembly and evo-
lutionary models, which are discussed in the review by Drloasd McKane@9]. Ecological
relationships were also explored by considering dynanpcatess, such as metapopulation
dynamics|J{_)3_1|5|E6] and spreading diseases [377].

In addition to predatory-prey relationships, species oggract according to mutualism —
plants and animals establish beneficial interactions, &vheth individuals derive a fitness ben-
efit @]. A classical example of mutualism involves unligkelr algae and corals, where the
coral provides the algae with shelter and inorganic nutsiemhile the pigmented algae provide
photosynthesis. Mutualism is fundamental in ecology armugonary biology, driving the
evolution of much of the biological diversit79]. Thewstture of networks representing mu-
tualistic relationship are different from those obtained dntagonistic interactions (predator-
prey, herbivore-plant). While antagonistic networks aghly compartmentalizetﬁEO], mu-
tualistic networks are often nested, characterized byispezth many interactions forming a
kernel, and species with few interactions, which interast yvith the highly connected species.
This kind of structure was observed in mutualistic relatlip between animals and plants (e.g.
flower and bees@l] and cleaner and client species (ciganétworks)@Z], as the clean-
ing networks are more asymmetric than plant-animal netsv ]. The nested structure of
mutualist networks is related to phylogenetic relatiopsl‘@]. Indeed, phylogenetic related
species tend to have similar biological roles in mutualistworks 1.

16 Neuroscience

Complex networks theory is a useful framework for the studgme scale brain networks. The
network models, topological measurements, and the dymmialysis (e.g. avalanchég[56,
@]) can be considered for brain studies. The representafibrain connections by networks
is useful to study brain diseases, which are related to mktatbacks and failures, and brain
functions, where it is possible to associated a particulainbarchitecture with specific brain
functions.
Brain networks can be investigated at many different scadegjing from individual neu-

rons to large brain area@SS]. In the former case,omsuare connected by synapses.
In the latter case, regions are linked by pathways or funstidrain networks are generally
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directed and unweighted, though the description of neldisystems may be enhanced by con-
sidering weighted networks.

An important question in neuroscience regards the relghipnbetween brain function and
the structure of neural connectivity. The brain is compose@ complex interconnection
system whose organization is aimed at optimizing resoulloeadion and minimizing con-
straints [[_3__8b]. A limitation of studies in brain connectyvis the proper choice and integration
of the spatial and temporal resolutions, because a giversefamay reflect individual neuron
activities, neural assemblies dynamics and other macpastoain activities@?@S]. The
main types of connectivity are: (@natomical connectivityrelated to the connections between
two brain sites; (ii)functional connectivitywhich is defined as the temporal correlation be-
tween spatially distant neurophysiological events; aiid éffective connectivitywhich is a
more abstract approach defined as the influence that a ngatairsmay have over another in
a direct or indirect way.

Anatomical connectivity data can be obtained at differaraless, from neurons to brain
regions. This analysis can be considered static when the diiranalysis varies from sec-
onds to minutes, but can be dynamic for large time scale$y aadours and days, because
of learning or development activities. At a more microscogpatial scale, the connectivity of
the brain is related to the geometry and spatial positiorhefindividual neuronal cells (e.g.
[@,@0]). For instance, networks involving moreidatte neurons are likely to imply
enhanced connectivity, therefore affecting the corredpmndynamics (e.g@S]). An interest-
ing open question is to predict the connectivity and dynamoicneuronal networks from the
geometric features of specific types of neur @, 385thimcase, the form of neurons is
highly associated to their functior@ZS]. The first studyhagraph theory to represent brain
connections was performed by Felleman and Van E [391994. They mapped the hi-
erarchical organization of the cerebral cortex, repor8@§ connections among 32 visual and
visual-association areas, in order to study the distribbterarchical processing in the cerebral
cortex of primates. Watts and Strogatz in 1998 analyzed tstaeuroanatomical network with
complex networks theory, i.e. the nervous systen@.aflegans{@]. This network, formed by
N = 282 neurons and/ = 3,948 synaptic connections, revealed a small-world charatieris
structure, but not a scale-free distribution of links. Thpdlogy of such network is suitably
represented by the Watts-Strogatz small-world model. I8imésults were obtained by Hilge-
tag @], who studied compilations of corticocortical nentions data from macaque — the
whole cortex, the visual and the somatosensory — and cater Gthdies suggested that the
large scale organizations of the brain cortex of@[%a],@] and monke 1] are nei-
ther regularly nor randomly connected. Most cortical neksdiave a multi-cluster structure,
presenting the small-world property (e.g.Gn elegansc) = 0.28 and/ = 2.65, in macaque
visual cortex(c) = 0.59 and/ = 1.69, in macaque cortexc) = 0.49 and/ = 2.18, and in cat
cortex(c) = 0.60 and?¢ = 1.79). Therefore, the neuronal and cortical connectivity aiediby
these works are small-world networks. This particular togg might be chosen by selection
pressure to minimize wiring costs. The small-world streetallows the network to have a
modular organization and connections between such moblyladding several long-distance
connection@@m. Costa and Spo@[%?] charaetkdprtical networks by considering
hierarchical measurements and identified principles foictiral organization of networks. In
addition, Costa et aI®8] proposed a computational retroction approach to the problem
of network organization in cortical networks and showed tha organization of cortical net-
works is not entirely determined by spatial constraintsrtiCal areas has also been analyzed
dynamically. Costa and Sporr@%] applied Metropolisatgits on four configurations of
the cat thalamocortical systems, i.e. (i) only corticaliseg and connections; (ii) the entire
thalamocortical system; (iii) cortical regions and cortimts with the thalamic connections
rewired so as to maintain the statistics of node degree add degree correlations; and (iv)
cortical regions and connections with attenuated weighteeconnections between cortical
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and thalamic nodes. They identified particular substrestutetermined by correlations be-
tween the activity of adjacent regions when only corticglisas and connections were taken
into account. In addition, two large groups of nearly honmames opposite activation was ob-
served in cases (ii) and (iii). The same authors also iryatstd uniform random walks effects
on dynamic interactions between cortical areas in the e lbihalamocortical connections and
shown that such connections are organized in in order tcagtee strong correlation between
the out-degree and occupancy r 400].

The small-world topology has a direct influence in the dyr@aihcomplexity of the net-
work. As discussed by Barahona and Pecora [46] and Hong aoic{@], information propa-
gates faster on many small-world networks of undirect unifg coupled identical oscillators.
Thus, the topology of neuroanatomical networks provide®tseb propagation of activities
than regular or equivalent random networks. Also, Lagai&edezet al. ] showed that
nonidentical Hodgkin-Huxley neurons coupled by excitateynapses present coherent oscil-
lations in regular networks, fast system response in rangeimvorks, and both advantages in
small-world networks. Therefore, the topological orgatian of neuroanatomical networks
is directly related to network function. A good review abalyhamical modeling of brain
functions is [EQIZ].

Other approaches of brain functional networks are baseth@rdncept of functional or
effective connectivity. The network is constructed by reaegs of brain physiological func-
tions instead of brain anatomy. Aertsetral. [@] introduced the application of graph theory to
study brain functions. Three basic approaches are mainisidered in order to obtain the con-
nection structures: (i) electroencephalographic (EE@)magnetoencephalographic (MEG),
and (iii) functional magnetic ressonance imaging (fMRIheTdata obtained by the two first
methods are very suitable for graph analysis because ofghespatial resolution. Starh_[A|O4]
presented the first work that considered MEG, in 2004. Bygoating MEG recordings of five
healthy human subjects, the graph was formedvby: 126 vertices and ,890 edges. For fre-
quency bands smaller th&Hz and larger thaB0 Hz, the synchronization patterns displayed
the features of small-world networks. Bassstal. [@] detected small-world properties in
brain functional networks obtained from 22 subjects usirayelet decomposition of MEG
time series.

Dodel et al. [@] applied graph theoretical analysis as a new apprtaathentify func-
tional clusters of activated brain areas during a task. |Hgut al. ] showed that the
functional network obtained by fMRI, considering sevenjsats, follows a power law. The
unweighted networks are obtained by correlation matriedsch are obtained by functional
correlations between brains sites (called “voxels”). Twaels are connected if their temporal
correlation exceeds a pre-defined threshldThe main drawback of this approach is related
to the choice of the right.. Forr. = 0.6, 0.7 and 0.8, scale-free topologies were seen in
the obtained networks, irrespective of the type of task icemed. High clustering coefficient
(~ 0.15), relative small-world { = 11.4 for N = 31,503, ¢ = 12.9 for N = 17,174, and
¢ =6.0for N = 4,891), well defined coefficient of the power law-(2.2), and hierarchical
organization ¢c(k) ~ k~) were observed. Therefore, the obtained functional nésvatere
scale-free and small-world. Similar studies were perfating Salvadoiet al. [@] with five
subjects, but using the frequency rather than time domaianbther work, Achardt al. [@]
considered the resilience of brain functional networks @mtluded that the brain regions are
so resilient to random failures as to target attacks (reinmivine largest hubs). In this way,
the authors suggested that the brain networks are not Bealeas suggested by Eguiler
al. [407].

MEG and EGG techniques were considered to study the relbgbmeen brain networks
topology and brain pathologies. The matrices obtained Ing & synchronization likelihood
values were converted in unweighted networks by consigeithreshold. Sta4] chose
the threshold to keep the network with average degree equal.tStarnet al. [IM] compared
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a group of 15 Alzheimer patients to a healthy control groufpdpatients and showed that the
networks obtained for the first group have less pronouncedll-smorld features than for the
healthy patients. Bartolomet al. ] compared the networks of spatial patterns of fumetio
connectivity of the brain measured at rest by MEG obtained Topatients with brain tumours
to 15 healthy patients. They concluded that brain tumoues #&he functional connectivity
and the network topology of the brain. While pathologicatwarks are closer to random
networks, healthy networks are closer to small-world nekao Therefore, randomization in
network structure can be associated with brain damage.

In summary, the complex network theory is useful for neusrse, opening up new op-
portunities and creating new challenges. For instance,naetry to understand how brain
topology changes during animal growth or evolution. Alé®, implications of the genetic and
environmental factors for brain formation can be addressataetwork representation. Studies
related to brain structure and pathologies may help urateidbrain diseases.

17 Linguistics

The creation of language is one of the greatest accomplistsne¢ the human species. Under-
standing the evolution and organization of a specific laggua useful because it sheds light
into cognitive processes, as the way people think stronfjcis the organization of a lan-
guage. Conversely, the language influences how humans thiskalso important to compare
the properties of various languages, to study their evmiutiMoreover, the use of linguistic
data is crucial for automated systems such as Web searafiesraid machine translators.

Various linguistic structures can be treated as networ@uding texts and thesauri. The
Natural Language Processing (N LﬂMZ] community hasttaahlly used such network rep-
resentations in developing applications for automatiglege understanding and generation.
For instance, Graph Theory concepts have been used to ealnﬁmalysis 3] and Spectral
Graph Theory concepts have been used for word sense diszatibigand text summarization
m]). More recently, linguistic networks were includedtire context of complex networks
research. Novel techniques frequently based on statigtigesics are now used in language
studiesMG], providing new approaches for NLP apfibos and linguistic theories. In-
deed, there has been an increasing effort to join stafigtltgsics and language studies, as
demonstrated by the realization of a workshop inside STAYBH3, the largest conference on
statistical physics in the worI@l?].

A linguistic network can be formed by, for example, a groupndérconnected words or
syllables. The many ways these elements can be linked indtveork lead to a division of
two main groups of linguistic networks: semantic and supiaifi The former group comprises
networks such as the ones constructed from dictionariesexicdns, which usually contain
information about semantic relationships between wondsh &s synonyms or antonyms. The
latter group mainly uses the inner structure of words or thetipn of words in texts to build
networks. For example, in a word-adjacency network, wordscannected if they appear as
neighbors in a text. These linguistic networks are freqyesitidied according to some well-
known types of complex networks, namely small-world andesé@e networks. Consequently,
the tools most often used to study linguistic networks aeertfeasurements referred to as
degree, clustering coefficient and length of the shortasisp&xamples of these investigations
are discussed in the next subsections.

17.1 Semantic Networks

Semantic networks usually encode relationships betweeses of words of a language, as
in a thesaurus where each entry (frequently a word) is fabbly a list of words that express
concepts similar to the entry. An English thesaurus useduiiol semantic networks is the
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Roget's Thesaurus, originally published in 1852. The Wetdiatabase is another resource
to construct semantic networks. This lexicon groups wonds $ets of synonyms and stores
other semantic relationships between words, such as antemypernymy and hyponymy. A
semantic network can also be obtained from word-assoniai@eriments, where someone
sequentially and freely provides words that he/she thinksamantically related.

Semantic networks are usually characterized through thiécation of small-world and
scale-free properties. As already mentioned (Sefion 2¢haork with the small-world effect
has a high clustering coefficient and a low average shortst while a scale-free network
is characterized by a power-law degree distribution. EBhglhesauri, for example, are known
as small-world and scale-free networ@@@ 420].drtiqular, a directed network was
built in [@], and thek™ andk°"* distributions were described with the Burr XII distributio
with two power-law regions. It was even suggested that dhee memory is originated in a
process of efficiency maximization in the retrieval of infation (also related to the fact that
the neural network is a small-world networ@m]. Cyclésaurist walks were used to give
complementary information to clustering coefficient andrst path (a tourist walker goes to
the nearest site that has not been visited in thedaseps) @1]. Furthermore, the Wordnet
network is scale-free and small—wor@lﬂzz]. In thiswak, polysemic links (used for
the different meanings of a word) are important for the simalfld effect, and hubs typically
represent abstract concepts. Word-association netwogksnawn to be scale-free and small-
world m,@@q. When the flow of sequentially inducedaxiations is considered, other
properties such as context biasing and edges asymmetryrmerm@ﬂ. Evoked words
from two economically distinct populations were used tolduvord-association networks,
and it was showed that the scale-free structures obtaireethdependent of the population’s
economic Ievel4].

The process of lexical development for an individual was ehedi in @], using a pref-
erential attachment strategy that produces both scateafnid small-world structures. The net-
work obtained with this model encodes associations, whah lie thought of as semantic,
between words or concepts. Three main rules guide this m@dlel process of differentia-
tion, in which a new word/concept is defined as the variatibthe meaning of an existing
word/concept through the acquisition of part of the pattdroonnectivity of an existing node;
(ii) the probability to differentiate a node is proportidrta its degree; and (iii) each node
has a “utility” value which gives the probability that it Wibe connected to new nodes. As
shown in [418], this model produces networks similar to ¢hobtained from real-world data
of word-associations.

17.2 Superficial Networks

The networks considered in this subsection do not emplowaéminformation; instead, they
use syntactic structures or sequence of words in texts. ®tleese networks is based on
a list of consonants in specific natural languages. The ssyl#bles of a language may
be used to build another type of superficial network, wheesrthdes are the syllables and
the edges indicate that two syllables co-occur in the sanrd.wdnother network of interest
encodes on its structure the proximity of words in texts. unohsa network, called a word-
adjacency or co-occurrence network, words that appeareaedr other in a text are connected,
as word proximity frequently indicates some kind of syritamlationship|{Z1|6]. Furthermore,
syntactic relationships can be encoded in the network @uplif a grammar formalism is
employed, such as dependency grammars.

As was the case of the semantic networks, the concepts oéelelgtribution, clustering
coefficient and length of the shortest paths are frequersthgd to characterize superficial net-
works. Indeed, a bipartite consonant network displayedaégime power-law distribution for
the occurrence of consonants over Iangua@ [425]. Thigonlefpresents two sets of nodes,
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one for the 317 languages and one for the 541 consonantse wltensonant node is connected
to a language node if the former is present in the latter. Augoiese syllable network, built
from the entire work of the eminent Brazilian writer MachatiAssis, also presents a power-
law degree distribution, along with the small-world eﬁ@ . Although some superficial
networks were studied regarding community structure ][which uses a non-bipartite
consonant network), the most investigated network pragsedre indeed the small-world ef-
fect and the scale-free degree distribution. The wordeadjey networks obtained from the
British National Corpus (BNC) were shown to be small—wonimlla;cale—freG], where the
authors even associate language disorders to hubs distimmeWord-adjacency networks
built from technical and literary texts in English and Pgudase were shown to be scale-free
and small-world8 . Moreover, a George Orwell's noved&4) was used to build a word-
adjacency networ 9], which exhibited a composite pelaarbehavior when the node de-
gree was correlated to the average neighbor’'s degree ahd avéerage clustering coefficient.
Word-adjacency networks from different languages (Ehglisrench, Spanish and Japanese)
were found to belong to a superfamily of networks based orsitpaificance profile of sub-
graphs, called motif 3]. The significance profile coregathe number of each motif in a
real network with its number in a random network with the saize and degree distribution.
Syntactic networks were obtained for Czech, German and Riamaexts using a dependency
grammar formalism, where binary relations are defined betvexical nodeO]. The au-
thors showed that these networks present the small-wdddteé scale-free degree distribution
and disassortative mixing. Finally, a syntactic dependeratwork was built for the Romanian
Ianguagel], and it was shown that spectral methods stdebmmunity structur2]
can be useful to group words of the same class.

Word-adjacency networks have been applied to natural kEgeprocessing tasks. For in-
stance, an automatic assessment of text quality was implechevith network measurements,
in which correlation was established with text quality ssoassigned by humans to essays
written by high-school students in Portugud@433]. A mepecific task of quality assess-
ment was studied iMSS], where network measuremesits associated to the evaluation
of the quality of Portuguese summaries. A similar approaak adopted ir@G] to evaluate
the quality of automatic translations, where the originad &ranslated texts, or more specifi-
cally, their word adjacency networks, were compared andlégeee of structural change from
source to translation was measured and correlated witkl&t@om quality. Another NLP task
studied with word-adjacency networks was the authorshipagtierization, where texts in En-
glish created by famous writers were related to network mmsents@?].

A growth model for word-adjacency networks was proposeI, which adds to a net-
work full sentences instead of single words. Every word oéa sentence is represented by a
node that is connected to the other nodes of the sentencéhf.eentence is represented by a
complete subgraph - a clique). The ratio between new and otdsin a sentence decreases
over time according to a power-law, while the old words aeetibbs. This model is in good
agreement with real data, and presents both scale-freenaalthworld properties. A prefer-
ential attachment approach for the construction of constonatworks was reported in [425].
The degree distribution fits well with the network obtaineshf a real consonant inventory.

18 Physics

Physics is a promising area in which many phenomena can beletbds a network. For
instance, in 2001, Bianconi and Barab@438] discovdratid Bose-Einstein condensate was
related to complex networks. The authors mapped the netin@iBose gas, where the nodes
corresponded to energy levels and the links were parti¢les.condensation state was reached
when a single node had a macroscopic fraction of the linkstioBuet al. [@] reported a
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complementary work with topological inhomogeneities ia tletwork being considered.

18.1 Energy landscapes

In 2005 Doye and Masselm40] used networks to study the aownfignal space of the
Lennard-Jones potential. To build the network, called tteacgraph, the authors consider
each minima of the potential function as a nodes. The sudiaognof each node defines its
basin of attractions. The nodes are connected when therdiie@ state transition between
their respective minima, not considering auto-loops anttiptels edges. The results indicates
that the network topology is scale-free and presents swald effect. Moreover, the au-
thors found an interesting negative correlation betweerddgree and the potential energy of
the minima, indicating that the low energies minima actswsshthe signatures of scale-free
networks. Further, the authors found that the scale-freégr@af this network is not due to
preferential attachment, but it is a direct consequencéepbtential landscape topography,
because the basins of attraction related with low-energyirmim are larger in general and
more likely to have surrounding transition states. The @nstlalso suggested that the small-
world effects can be useful to explain the Levinthal paraflekich says that the time of a
protein to arrive at its the native conformation is largerttthe age of the universe) because it
reduces dramatically the number of steps needed to find the manformation. For example,
in a typically problem with10?! minima, algorithms based on global optimization converges
in average, after only 150 minima. It is important to obsehat reaction graphs were already
used in previous papers, such @441], to investigate tmedss of water dimer, anm42] to
study interconnection of the protein conformal space. |&fel al. ] also studied energy
landscapes through networks (weigthted in this case). rTimgiings include some analytical
results for low-dimensional models and they discuss hown#tevork approach is useful to
study the isomerization problem. Recently, the landscapgpm-glasses was also mapped in
networks by Seyed-allagit al. ]. The authors found that the degree distribution ef th
resulting network follow a Weibull distribution, insteafithe power-law found previously for
the Lennard-Jones potenti@MO]. The authors concluldatithe topology of the landscape
networks are not universal because they depend on the phpsiperties of the model system.

18.2 Astrophysics

Magnetic effects were also explored through complex nétwoncepts. In@S] the authors
suggested that the solar corona can be considered as al@#ltorganized system. Hughes
and Paczusk@l@?] studied the spatial structure otwark generated from this critical
system after the transient phase. To build this network,pgmoach similar to that of earth-
quakes studies was used, with the solar surface being aettiseresh with each mesh cell
being a node. Two nodes were connected when a magnetic #&c flaoe) emerged between
the cells. The network obtained has scale-free topology avfiower law distribution of degree
and strength.

18.3 Ising Model

With the complex networks field becoming more popular, syst¢hat were only studied in
regular networks started to be described in networks whitrary topologies. This is the case
of the Ising, Potts and'Y” models. Gittermar@S} showed that a phase transitionreccu
when there is a minimum number of long range connections @ae.NBarrat and Weng]
found that at high temperatures the system behaves as iortliertional 1D case. At low, non-
zero temperatures, a ferromagnetic phase transition wasi fim the small-world Ising model.
Therefore, the phase transition in the small-world Isingdedds of a mean-field nature. In
2001, Honget al [@] used Monte Carlo simulation to confirm the results afg@man ],
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Barrat and Weig@9], and found critical exponeats= 0, 3 = 1/2,v = 1l andv = 2 («a is
the critical exponent for specific hedt,s the critical exponent for magnetizationandy are
the critical exponent for the susceptibility)

The two and three dimensional cases of the small-world Isingel were studied by Her-
rero @]. He noted that, in 2D and 3D, the small-world getisnehanges the universality
class of the phase transition. In 1D, the critical tempeeaisigiven byT,. « |log p|~! where
p is the probability of rewiring an edge. Herrero found thaRih and 3D, the dependence be-
tweenT, andp is given by the power laW, — 7 o p'/*?, whereT? is the critical temperature
in the regular lattice and is the spatial dimension. The bidimensional Ising modeb alas
studied more recently by Cai and @52].

The Ising spin system under a scale-free topology was iigatetl by Aleksiejulet al. in
2002 @] and Bianconﬂ&]. A ferromagnetic-paramagnphase transition was observed,
with the critical temperature depending on the network ag&,. « |log N|. The analytical
solution for this model in a network with arbitrary degrestdbution was found i@ 6].
In 2004, a spin system under a directed version of the Bairdthdsrt network was investi-
gated by Sumour and Shadat__ﬂ457], who used Monte Carlo siimilep show the existence of
spontaneous magnetization of the system.

The p-Potts model was investigated by Dorogovtsev et. aIOKM@] for networks
with degree distributionP(k) = £~7. The authors showed that when the second moment of
this distribution diverges, the phase transition is camdus and of infinite order instead of the
first-order phase transition.

18.4 Nanotechnology

In [@], a study was presented of nano self-assembled efetthat showed random topology
and small-world effects. These circuits have better peréorce in the synchronization process,
small latency and density of classification task, in conguarito purely local circuits. The
authors also discussed the marketing and technologichllityaof building self-assembled
circuits with these features.

19 Chemistry

Recently, complex networks concepts have been applieceimisitry. Jianggt al. [@] showed
how an ammonia plant can be mapped in a complex network, wdiggiayed small-world
properties. Moreover, the ammonia plant network is wea&lfrsmilar and possesses a mod-
ular structure. Each detected community represents a rmos@ttion in chemical plants. An-
other interesting result is that the ammonia complex ndteghibits excellent allometric scal-
ing, guaranteeing a better fluid flow.

In 2001 Amaral and Barthélemmm] showed that the smalldveffect emerges on the
phase space of polymer conformations. For this, each comaftion was represented by a single
node in a complex network and two nodes were connected if thd/Carlo distance between
them was unitary. Another work involving polymer analydisough complex networks was
developed by Kabakgioglu and Stelia__LhGZ]. Chemical reactiwere studied as a complex
network topology. For example, Lazaros and Argyra@[mﬁsbsﬂgated the classic model
A+ A — 0andA + B — 0 under scale-free topology. Their results indicate thastieed of
the reaction is rather faster than in lattice models. Theastalso observed that the diffusion
behavior on very sparse scale-free networks are the sanoe i@gtilar lattices.

Another network built from chemical reactions can be fomn@], in which the UMIST
Database for Astrochemistry was used to generate netwdrke.nodes were reactants and
products of each relevant reaction found in the interstedadium and in planetary atmo-
spheres (including Earth, Mars, Titan, Venus). Among ttsellis, two basic topologies were
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revealed and associated with the presence or absence.ofAdeording to the authors, the
Earth chemical network is the only one to present a scagetfpology, although all the others
also displayed small-world properties. The communitydtice was investigated in the Earth
chemical reaction network, with two main communities beigntified. They are related to
reactants and products of the reactions with OH and Cl, aedobthe products is £D. The
authors suggest that the community structure in this nétwesults from action of the most
reactive free radicals of Earth atmosphere, namely Cl and OH

20 Mathematics

Complex networks have been used to represent sets of natargkime numbers connected by
some specific rules. Cors@%} used a fundamental theofemnober theory, which states
that each natural number has a unique decomposition in pfaeters, to build a network.
Two natural numbers (nodes) were connected if they sharézhst one prime factor. The
networks were nonsparse and small-wodd~ 2, N ~ 10°). The degree distribution was
invariant with network size (number of natural numbers agred to build the network) and
presented plateaux related to families of prime numbersan@ta and Dasguptm%] used
a similar method to connect two prime numbers according teea pparametera(). Given an
even number, this number can be written as a sum of two prime numbers p and=gp + q.
The probability of establishing a connection between p aisd;g— ¢|“. The authors observed
a phase transition in the network topology by varying the fparameter. Fotv > «g, the
network exhibits a scale-free topology and high clustedaogfficient, characterizing a small
world effect. Outside this regime, the power law of the degtistribution was not observed,
but the hubs still existed. The size of the network studigt*s10? nodes.

21 Earthquakes

The study of earthquake occurrences and its spatial diftibmay be done through complex
networks. Abe and Suzul@GﬂGS] proposed a method intwthie earth surface was di-
vided into cells that were the nodes of the network. Two ss&ige earthquakes (i.e without
any other between they) establish a new link in the netwotiwéen the cells where these
shocks occurred. Upon analyzing seismic data from JapaCalifrnia, the authors showed
that both earthquake networks have a scale-free topolotydiferent scale coefficients. This
difference may characterize the distinct tectonic platedyaed. The hubs were found to be
related to the place where a mainshock occurred (i.e eakeguvith large magnitude). In an-
other pape 9], the earthquake network was shown to hageyasmall average path length
and high clustering coefficients, in comparison to the ramahetwork version. These results
suggest the presence of the small-world effect and a hl@calcorganization, as indicated by
the power-law behavior of the clustering coefficient witepect to the node degréE[_h?O]. The
seismology network is therefore different from the Bar&#dlert networks, which also has
a scale-free degree distribution but no hierarchical strec Structured networks contain fea-
tures that are linked to the physical properties of the gaike dynamics. The mixing property
was investigated using the concept of nearest-neighboag®eonnectivity, in which Abet
al. showed that highly connected nodes are linked to each, dtindroth seismology networks,
namely from California and Japan. Abe and Suz@[ﬂl] disoed that in the growth of a
seismology network after the main shock the clusteringfmeft remains constant during the
time At, which depends on how the network was built, topically of dhéer of hours. After
At, the clustering coefficient has a steep drop and then detawyly siccording to a power law
before it becomes stationary again.
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The seismology networks were also studied by Baiesi andLBhb@], who used cor-
relation between events to classify them systematicalfpi@shocks, main shocks and after-
shocks. The network was built with each earthquake (nodivieg one incoming link from
its most correlated predecessor, while outgoing linksrrefeto aftershocks. It displayed the
scale-free behavior with exponefnt= 2. The metrics used consider the magnitude and the
spatial and temporal distances between events. Two dpaliatant earthquakes can be re-
lated if the temporal distance is short, which is consisteitih the self-organized nature of
earthquake dynamics.

22 Security and Surveillance

Latora and Marchiori@S] studied the consequence andept@n of terrorist attacks in a
given network, and suggested a method to detect criticagsi¢ice. the most important nodes
for efficient network functioning). The network efficiency lielated to the shortest path be-
tween all nodes of the network. The importance of a particntade is given in terms of
the change in network efficiency when this node is removede ddietion of an important
node leads to a large decrease in network efficiency. Theoeuthustrated this concept in
the communication network Infonet, which is the US and Eaespinternet backbones. After
deactivating all nodes, one by one, the most important nddeescted were New Jersey and
New York. The results indicated that the destruction of ¢hesdes can reduce network effi-
ciency by more thas0%. Another important result indicated that the most conribciedes
are not necessarily the most important. For example, dedictn of Chicago, with degree 15,
only reduces network efficiency 8%, while New Jersey and New York, both with degree 9,
reduces network efficiency 7% and53%, respectively.

In the same paper, the authors gave a second example in weiglbailt a network where
the nodes were the terrorists related directly or indiyeatith hijackers of September 2001
attacks. The links are knowledge interplay among the hijesskThe data were obtained from
information taken from major newspapers. Mohamed Atta henflight AA-11, was the most
critical node, who also has the largest number of direct eotions with other terrorists. The
second most critical node was Salem Alhazmi although itsegeg half of the maximum. This
shows that even nodes with low connectivity can play a ctuola for the network efficiency.

23 Spreading of Viruses and Diseases

Epidemics of computer viruses have been studied with th@fagtaphs and random graphs
for at least three decades. In 1991, Kephart and Wihité [4téheed epidemiological models
to investigate the spreading of computer viruses usingexdid random graph. They showed
that proliferation can be controlled if the infection rateed not exceed a critical epidemic
threshold. Kleczkowski and Grenfd@?S] applied a catuhutomata model to the spreading
of diseases in small-world networks, where the dynamicheftctusters was investigated as a
function of the network order parameter (the fraction of ltthveg range links). In the model,
N, agents were placed in the nodes of a two-dimensional sga#iieel The nodes were
classified as infected, infectious and immune. At each titap &\t = lweek) each agent
interacts with itsz nearest neighbors. Moreover, the authors included a miattern in the
model, i.e. they allowed two agents to swap their positidreng time, in order to reflect the
rules of the social structure. The results showed that uporeasing the mixing the disease
spreads faster. The problem of disease spreading in smdltwetworks was also explored in
[Efﬂ], where the authors found the exact values for the epiclehresholds as a function of the
infection and transmission probabilities. Also studyihg tsystem, Kuperman and Abramson
[@] found an interesting oscillatory behavior of the sifehe infected subpopulation. The
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authors showed that the number of infected agents changeddn irregular, low-amplitude
state, to a spontaneous, high amplitude state, when the pademeter changed from 0 to 1.
Recently, Smalkt al. [@] showed that only with the introduction of a small-Vgbtopology

in the epidemiological model the random fluctuation of thed data could be explained.

In 2001 the first papers appeared which took into accountdhke-dree topology of the
networks. Pastor-Satorras and Vespign[479] showed ith@ontrast to the pure small-
world lattices, the uncorrelated scale-free networks witponent0 < v < 1 do not have
a critical threshold, thus indicating that in these netwodiseases spread regardless of the
infection rate of the agents. For the scale exponent in thgerh < ~+ < 2 the critical threshold
appeared but no critical fluctuations were observed. Omly fo 2 has the traditional behavior
been observed. For correlated scale-free networks R(iti| k) o< k there is a non zero critical
threshold for the spreading dynami@ [, 49]. This resal$ wiodified in subsequent papers
[@,], where the authors used analytical argument$idar ghat in absence of higher
order correlations, the epidemic threshold is null for sdate networks witl2 < ~ < 3.
The analytical solution of the SIR model (susceptibledtifaus-recovered), including bipartite
nodes and non-uniform transmission rate, was found by Ne\/\@]. The effects imposed
by the finite size of the networks to epidemic threshold waslietl by Pastor-Satorras and
Vespiagnani in@S].

The lack of epidemic threshold in social networks with sdede topology is worrying be-
cause for any transmission rate the disease can propagdt@dales of the networbﬁv 84,
,@]. This is the case of the sexual contact network adam, as shown by Liljerost
al. . The solution to eradicate virus spreading in théssses of network was proposed in
, 9], which is based on immunizing the hubs of #tevark target immunization
Through computer simulation they showed that this apprdselble to eradicate the disease,
being more effective than a random immunization. Thougltiefit, this method requires a
priori information about the whole network structure, sashthe connectivity of all nodes.

Instead of this global approach, Cohetral. [@] suggested a local method referred t@es
guaintance immunizatigrwhere a subset of nodes was randomly selected and, degesdin
the neighborhood of each node, immunization was perforne ], Gbmez-Gardefiest
al. studied various immunization strategies for Internet sretithe Autonomous Systems (AS)
and Routers networks. They suggested a new immunizatiohaahéhat is neither local nor
global, in which each vertex looks at its neighborhood (atimam distancel) and immunizes
the highest connected neighbor. The results confirmeddHie the most efficient method.

Spreading on growing networks also was investigated. Huygtsal. [@] studied the
oscillatory pattern for the number of infected computersscale-free networks as new users
joined. The authors simulated the spreading dynamics omankes$ with exponent of degree
distribution extracted from real data of received and semils. Random immunization was
not able to eradicate the virus. The number of infected caenploscillated with a period
depending on the fraction of vertices that receive immuitra It also occurs in the scale-
free networks, but in this case, it is possible to find a setavhmeters to stop the oscillatory
pattern and eliminate the virus. For example, an immuronati 20% of the hubs in a growing
scale-free network prevents virus infection.

Real data oMycoplasma pneumoniasfection was used ir@B] to build a mathematical
model and to investigate the spread and control of this sés@aclosed communities. Other
approaches, including percolation theory, have also beed to study disease spreading with
complex network5 .

Recently, Li and Wan 6] studied the SIR dynamics on smatd networks where
they took into account a delay-time recovery. The resulticate that the action aiming at
the recovery of the network should be executed as soon aibleoks avoid the spread of the
infection. The spreading on geography networks also wasidered. In 2007 Guet al. [@]
proposed a novel model for geographic networks where theveeg was based on the action
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Table 4: Topological properties of the collaboration netwo

Measurement Value
Number of nodes 911
Number of edges 4479

Average degree 9.83
Maximum degree 70

Average clustering coefficient 0.78
Assortative mixing coefficient 0.92
Average shortest path length 35.64

radius (local region immunization). The results indicatiee existence of a critical value for
this radius above which the epidemic spreading vanishedemRly, a particular type of scale-
free network with self-similar structure was consideredZtyanget al. [@]. The authors

showed that the network had high clustering coefficientigdavorld" and dissortitative be-
havior. Using a renormalization approach, they solved tiRerSodel under this topology and
found the existence of an epidemic threshold. The main asman of the authors is that the
degree distribution does not suffice to characterize thdeapic dynamics.

24 Collaboration Network of the Papers Cited in this Review

In order to have a more complete perspective of the workseaddrg applications of complex
networks, we constructed a network of collaborations @kimo account the references listed
in the present survey. More specifically, each author in eaférence entry was mapped
into a node, while co-authorship was considered to implértt@nconnections (i.e. an edge
was used to interconnect each pair of co-authors). A progras especially implemented
in order to filter, organize the Bibtex database. The netwarktains 911 nodes and 4479
edges is illustrated in Figufg 3. The main areas coveredemthsent survey are identified
by colors. Several features can be seen in this figure. Ristoverall network is highly
fragmented, except for two larger connected components.|digest connected components
(with 189 nodes), contains articles from every area. Thersgtargest connected component
(with 168 nodes) is mostly composed of biological articles.third connected component
with intermediate size (27 nodes) can be identified in thesuppiddle part of the figure. All
other communities involve less than 19 nodes and are hightydgeneous with respect to the
covered areas. This high fragmentation indicates that pipdications of complex networks
are still performed by distinct communities of researchirs little integrated manner. As a
consequence, the concepts and methods used by each of threindias are not likely known
or applied by the other communities. It is felt that impottand interesting advances could
be achieved through a more integrated research and moreséntmllaboration between the
several communities in Figuié 3.

Table[4 shows the main measurements of the topology of thabcohtion network. The
way in which the network was constructed naturally impliesihigh clustering coefficient.
The assortative mixing coefficient)(is particularly high, implying that highly connected re-
searchers tend to be co-authors.
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Figure 3: Collaboration network considering the papermrdcih this review. The colors corre-
spond to the main areas covered in this survey: biology (ietjrmation networks (green),

social networks (blue), technological networks (yellow@lather areas (gray). Graph visual-
ization obtained by using Cytosca@%].

25 Conclusions and perspectives

Frequently, the success of new areas of physics are judgezhtyofrom the theoretical con-
tributions they imply, but also from their potential for dipptions to real-world data and prob-
lems. Despite its relatively young age, the area of compétwaork research has already es-
tablished itself, especially through its close relatiopshith formal theoretical fields such as
statistical mechanics and graph theory, as a general andrfpdvtheoretical framework for
representing and modeling complex systems. It has beerbleaphtaking into account not
only the connectivity structure of those systems, but altsicate respective dynamics (see, for
instance, the surveys by Newm[22] and Boccatstél. [IE]).

Judging by the large number of areas and articles reviewdtkipresent survey, complex
networks have performed equally well (if not better) witegect to their application potential.
Indeed, the generality and flexibility of complex networksesds to virtually every real-world
problems, from neuroscience to earthquakes, encompaatiegst the 21 areas considered
in the present work. In addition, most of the studied revidweport detailed and compre-
hensive investigations where not only complex systemsegeesented as networks, but their
topological properties are also quantified with respectriaraber of measurements. Also, fre-
quently real-world networks are compared with some of thstiexg theoretical models such
as scale-free and small-world. While the application pionf complex networks is clearly
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substantiated, it is important to conclude the presentesuy conducting a global analysis of
the reported applications.

Table[® lists the 21 application areas considered here anddirespondinqiumber of
reviewed paperghesize of the networkshenumber of applied measuremeras well as the
number of theoretical modetsdopted for comparative purposes. Despite the bias impled
the choice of articles to be reviewed, this table still pd@& a representative snapshot of the
state of the art in complex networks applications.

The first remarkable aspect in this table is the fact thagjmatpplications is the area where
complex networks have been more intensively applied (50catipns), while the applications
in Internet (one of the important initial motivations forraplex networks research) is limited
to 39 articles. Other areas that received particular isteirem complex network research
include World Wide Web, transportation, transcriptionurmscience, linguistics and physics,
all with at least 20 reviewed articles. The areas with thellestanumber of applications (less
than 10 revised articles) include actors, citations, acdqaaces, trust, trust, sexual contacts,
sports, music, financial market, metabolic, chemistry,hmatatics, and earthquake. It is an
interesting, difficult issue to identify which of these aseawill remain little investigated, while
others may become the focus of increasing attention.

Another important feature in Taklé 5 concerns the size ohitevorks. Though complex
networks usually involve very large number of nodes (e @riret and WWW), valuable results
can be also obtained by applying complex networks conceftsrethods to small networks.
This agrees with the fact that 22 areas involve networkslemat equal to 1000 nodes. Also
interesting is the considerably large range of the sizesetforks used in each area. At the
same time, several areas have considered very large netwatk 8 areas including networks
in excess of 100000 nodes.

Interestingly, the measurements to characterize quawgiathe connectivity of the net-
works vary considerably from one area to the other, reachsngany as 20 different measure-
ments in the case of organizational management. Most apiplits, however, involve only 4 or
5 distinct measurements such as node degree and clustegffgtient. Surprising trends can
also be identified in Tablg 5 regarding the number of thecaibthodels considered or proposed
as part of the investigation of the real-world structuresinfrcing the major motivation and
importance the Internet has had in complex networks, a ¢6tb? models appeared in the ap-
plication articles. This seems to corroborate the factah@definitive model of the Internet has
not been reached yet. Several papers with applicationsdisweonsidered 8 or more models,
including linguistics, WWW, transportation and computeiesce.

The results contained in the revised works, as well as thergsemeasurements and models
adopted, provide unquestionable evidence about the iampmetand dynamics of the complex
network field. Because of their intrinsic potential for repenting, characterizing and model-
ing real-world complex systems, complex networks are gbiseplay a key role in an ever-
increasing number of areas. The developments which mapctesize the future application
of complex networks include the use of additional measungspeequired for a more compre-
hensive characterization of investigated structures,edlsas additional theoretical models that
may be created.
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