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Chapter

Introduction

We can cite many examples of complex networks in the real world: inraputer science
we nd the internet (networks of interconnected routers, autoomous systems or comput-
ers), the web (a set of web pages related by hyper-links), overlagtworks (eg. Peer-to-peer
networks) and content sharing networks (email or le exchanggsWe can also cite many
examples of complex networks in other elds: in sociology and humaaisnce (all types of
social networks), biology (the brain network or protein interactia networks), linguistics
(for example co-occurrence and relations between words) and mgeothers. These net-
works are generally modelled as mathematical graphs, where nodes the elements of the
network ans links represent nodes interactions.

Complex networks are also callethteraction networks as nodes are characterized by
their own features but also by their relationships with other nodesas interactions occur
between networks' elements. For example, in a social network bBuas Facebook users
interact and build relations with one another (for example a friendsp relation). These
interactions have not been fully understood yet. Therefore, datanalysis appears as a nec-
essary step towards a better understanding of phenomena ogauwy in real-world complex
networks. Understanding howinteraction networks are structured and which events may
occur within them, are indeed key questions of the eld. As most ohese networks share
non-trivial statistical properties [BA99b, Lat07,WS98a], it is releant to consider them as
a coherent group.

The analysis of interaction networks aims at characterizing their structure and the
evolution of their properties over time. The objective is to captur¢he key features of the
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graph. This topic has led to an important stream of studies [BGLLfOJBOO].

Interactions may be observed at di erent levels, microscopic at thnode level or macro-
scopic at the graph level. More precisely, interactions within the nebrk induce the cre-
ation of links between nodes. Through links, members may create new relatioegchange
information or in uence each other. For example, if one of my frierglshares an information
| am interested in, | may spread this information: | may share this irdrmation with my
friends (my neighbours in the network). This phenomenon is calledi usion or spreading
process, and is at the core of this thesis. Studying di usion has a lhignterest and also
many applications. For example, viral marketing aims at using existingocial networks
and encouraging customers to share product information with tivefriends [Mon01]. In-
formation dissemination is also an important feature where the chatige is to determine
the best way for an information to be widely adopted [KKTO03,HPV]. Inthe opposite, we
want to be aware of any new information that appears in the netw&rwith a minimum
cost (monitoring only a relevant portion of the network) [LKG" 07]. In addition to those
applications, it is essential to better understand those phenomano be able, in a second
step, to produce more realistic di usion models.

Investigating how links appear and characterizing this behaviour isracial to better
understand di usion phenomena over those networks. Indeed, ks may be a way to
spread information, an opinion or to propagate an in uence. Di usia phenomena may be
studied in di erent ways. First, by studying how a node propagateis content towards its
neighbours. Second, by investigating how a node gets an informatisom its neighbours
(how it adopts it). Third, by considering a di usion cascadewhere an information spreads
from one node to the rest of the network through a successiondifusion events.

Until now di usion phenomena have been mostly considered at a mascopic scale i.e.
by studying all nodes of the network as a whole. We give a complemarnt way to analyse
the network interaction by considering the problem at di erent sckes. To that purpose,
we use thecommunity structure of the network [NBWOG6]. It has been observed that nodes
with common features tend to interact preferentially with each otar [WF94,GNO02]. These
groups of nodes, calledommunities are also central in this thesis. Many de nitions of
"community" have been proposed in literature. We adopt the followig de nition: "A
community is a set of nodes with common features or interestsThe community structure
enables an analysis at di erent scales: local (individual nodes), glal(whole network) and
intermediate scales (groups of nodes).

The approach adopted in this work is empirical. Indeed, | analyse aalkenetwork
collected with a measuring procedure. The benet of the empirical approach is that the
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results are based on real observations. However it requires a hatention to validate the
observations and results. The collected data may indeed contain nyabiases for di erent
reasons and dealing with them is itself a challenging problem.

The goal of my thesis is to empirically study di usion phenom ena in complex
networks, at various scales provided by their community str uctures.

| conduct this study on aFrench blog network. A blog is a web site constituted of a set
of posts which are short publications, usually dedicated to a specisubject and written
by the author of the blog. This work has been achieved in the contegf an ANR project
namedWeb uence that aimed to study a blog network from di erent aspects, socioldgal
as well as graph approaches.

Contributions | present here an overview of the contributions of my thesis summized
in three points:

{ First, | have studied post and blog "popularity” within the blogosphere. The aim is
to capture how the in uence of a post (or a group of posts) evolgeover time. | have
been able to identify several patterns with regards to the commity structure which
showed that observing interactions at community scale was relean

{ Second, | have studied the tendency of a node to be linked to nad&om its own
community. | have de ned two metrics namedhomophily and community distance
to measure it. | have been able to distinguish di erent behaviour p&rns and also
to produce synthetic maps to classify communities.

{ Finally, | have investigated how an opinion starting from one post inuences and
spreads towards other blogs. This successioninfuence is represented as a graph
and is called acascade | have studied cascades through three angles: topological
properties (e.g. size), temporal properties (e.g. cascade ducs®) and community
properties.

This manuscript is organized as follows. In chapter 2, I introduce géhcontext of this
work and propose a state of the art regarding methods and ressilised for the analysis of
di usion phenomena and community structure analysis. | presentspecially works related
to social networks. Chapter 3 starts with a description of the blogetwork | used for
this work. Then | present a methodology for analysing post populdy and detecting
a community pattern behaviour. In Chapter 4 | introduce two metics to evaluate the
impact of the community structure on di usion phenomena: linkscommunity homophily

1. See description in Section 3.2
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and distance These metrics allow to classify communities according to their citatio
behaviour. Chapter 5 investigates di usion cascades and the in mee of individual and
community behaviors. Finally, Chapter 6 presents my conclusions @érsome key directions
for further work.
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14 2.1. INTRODUCTION

2.1 Introduction

Complex networks study is a recent eld consisting in considering ngorks collected
from a real context also calledreal-world networks We can cite many examples such
as computer, social, biological, or linguistic networks, internet mapsveb graphs, data
exchanges and co-authoring networks, protein interactions orowd occurrence networks.
These networks may be modeled with graphs where networks' elenitseare nodes(vertices
in graph theory) and are related bylinks (edgesin graph theory).

These graphs are studied through graph theory and algorithmic pmaches, which are
traditionally used to study algorithmic properties of random graphgi.e. graphs de ned
mathematically). Many designations have been proposed to repees this type of graphs.
In this manuscript, | will use equivalently interaction networks and complex networks

Understanding how interaction networks are structured, how ty evolve and grow, and
what phenomena impact them are the central questions in this reseh eld [FN93,Lat07].
Earlier studies have shown fact that most complex networks, evdrom di erent context
share many characteristics [BA99a].

In this chapter | present a state-of-the-art of notions and métods used for network
analysis. | start with basic de nitions that will be used in the manuscipt. The state-of-
the-art is organized in three parts: interaction network chara@rization (static and dy-
namic), community structure in complex networks and nally link di usion and spreading
phenomena.

2.2 Complex networks: de nitions and research area

Many real world networks share some non-trivial properties. Mepver, many questions
and problems raised by these networks are general and transar Therefore, it is possible
to work on problems independently from the case of study, and tp apply these results
to other real world cases.

These problems can be divided into four principal research axes toogp the main
questions of the eld [LatO7]. | give a brief description of each one loev with more
emphasis on analysis as | mostly contributed to that research axis.
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2.2.1 Measurement and metrology

In general, interaction networks are not directly available. Theneasurementis the op-
eration which consists in collecting information about the nodes and ks of the considered
object. Measurement methods naturally depend on the studied tmerk. In most cases it
is impossible to measure the whole network. Indeed, the measuretgrocedure is limited,
and a trade-o must be found between measurement frequena@uration and the quantity
of collected information. As an example, we may cite the case of intet [LMO08,DRFCO05]
and Peer-to-peer networks measurements [ALMO09b, ALM09a].

Metrology consists mainly in the study of biases introduced by the measurengsro-
cedure. As we cannot capture the totality of nodes and links, metiogy analyses the gap
between the measured sample and the real graph and the e ectsetvarious results that
can be obtained with this sample. Many works have been done in theldeand especially
in the context of the internet [ACKMQ09, GL05]. One bias due to measement is when a
property of a node is studied over time. As nodes arrivals are notrsshronised, the obser-
vation duration may be di erent from a node to another and the coalusion could therefore
be biased [Mag10]. In Section 3.3 | show in details how such a bias may émoved, based
on a methodology used in another context [SR06].

2.2.2 Analysis

One may consider the analysis part as the most crucial for undeasiding real world
networks and phenomena occurring within them. When we perforrmaanalysis, the un-
derlying social network can be considered at two di erent levels oésolution: one in which
the network may be seen as a heterogeneous population of individuand is observed in an
aggregate way, and another which considers the structure ofemetwork and studies how
individuals are in uenced by their neighbours. Indeed, a rst step inreal world network
analysis is to describe the main graph features and properties. Thore, we use statistical
and structural notions in order to synthesize relevant graph chacteristics. In addition,
one may be interested in analyzing the network at a microscopic scaler example at node
scale for a static analysis (e.g. with the degree or betweennesstiadity) or a dynamic
analysis (for example link arrival over time) [BHKLO6].

Networks from di erent contexts continually evolve over time. Thisdynamics impacts
the network topology, as nodes and edges are added and delet&tiis evolution can be
observed at two scales:
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1. The evolution of macroscopic network properties, like diametend network density
(through a series of network snapshots) [LKFO7, CSNO7].

2. The network evolution at the level of individual edges and nodefof example nodes
popularity). Studying individual evolution is important as microscopicmechanisms
induce some properties observed at the macroscopic level [CMAGABV].

2.2.2.1 Basic de nitions

In this Section | present basic de nitions and notations used thraghout this manuscript.

A graph G = (V;E) is de ned by a setV of nodes(verticesin graph theory) and a set
E V V oflinks (edgesin graph theory). We denote byN (u) = fv 2 V; (u;v) 2 Eg
the neighbourhood of a node in G i.e. all nodes which are connected to by a link of the
graph G. The number of nodes inN (u) is the degreeof u: d(u) = jN(u)j. In undirected
graphs, there is no distinction between linksu; v) and (v; u).
A directed graph also called adigraph is a network in which each edge has a direction, from
one vertex to another. In a directed network each vertex has omdegrees. Then-degree
is the number on incoming links and theout-degreeis the number of outgoing links.

The basic statistics describing sucigl a graph are its sime= jVj and its number of links
m = JEj. Its average degree ik = 3 ., d(u) = 2"; its density is = n:(znm 5 I-e. the
number of links divided by the number of possible links between all paicf nodes.

Moreover, a value can be assigned to every link to represent a peofy (for example a
cost to follow the link). In this case this is aweighted graph For example, in the internet,
the bandwidth of links may be modeled by weight.

Degree distribution

The degree distribution of a graph indicates for each integ&r, the number P, of nodes
with a degree equal tak: Py = jfu 2 V : d(u) = kgj.

Degree distributions play a key role in graph analysis. In particulanomogeneousnd
heterogeneousnes may be distinguished.

In homogeneous distributions (such as normal, Gaussian and Poisism distributions)
the degrees of nodes are very close to the average degree. Theams that the average
degree gives an important information as it indicates the expectecebavior of nodes.

Heterogeneous distributions (such as Zipf and power-law distribons) are such that
there are several orders of magnitude between degrees, andimodes have a degree very
di erent from the average degree. Then, the average value givitle information: it is
very di erent from the degree of most nodes, and randomly chaseiodes may have very
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di erent degrees.

Many works have demonstrated that real world characteristicoflow power laws. For
Example, in the Internet most routers have a very low degree, while few routers have
extremely high degrees [FFF99]. Power-law distributions attempt tat this degree dis-
tribution. We can cite many other examples as citation graphs [Redf8web network
[BKM * 00, KKR* 99], online social networks [CZF04], Internet AS (Autonomous Sysns)
graph [FFF99].

Power law distributions have been used to characterize many netkoproperties. In
[Mit03,New06,CSNO7] one can nd a detailed mathematical analysi$ network properties
that usually follow power law distributions.

Clustering coe cient

The clustering coe cient of a nodeu is de ned as the fraction of existing connections
among its nearest neighbours divided by the total number of pos#bconnections. It is a
measure of the local density of nodes and corresponds to the lpability that two nearest
neighbours ofu are connected with each other. In other words, it is the probabilitghat
any two neighbors of any node are linked together.

It is de ned for any node u of degree greater or equal to 2:

jf(v;w) 2 Esitv;w 2 N(u)gj.

d(u):(d(u) 1)
2

cc (u) =

The clustering coe cient of the graph itself is the average of this Vae for all nodes:

X
cc (u)
u2Vv; d(u) 2 .
fu2V;du) 2gj

A second notion of clustering coe cient (sometimes calledransitivity ratio ) applies
directly to the whole graphG:

cc(G) =

3Ny
N

where N4 denotes the number of trianglesi.e. sets of three nodes with three links in
G, and N denotes the number of connected triples,e. sets of three nodes with at least
two links in G. This notion of clustering is slightly di erent from the previous one sice
it gives the probability, when one chooses two links with one commonteemity, that the
two other extremities are linked together.

cc (G) =



18 2.2. COMPLEX NETWORKS: DEFINITIONS AND RESEARCH AREA

2.2.2.2 Common properties of complex networks

Earlier studies have shown that most complex networks have nonvtal properties in
common [WS98b]. This suggests that even if we study some speci arqggex networks,
some results may be valid for complex networks in general. The conmproperties of
complex networks [Lat07] are:

{ Low diameter : the average distance between nodes is low, i.e. there generallytexis

a short path between every pair of nodes. This property leads the notion of small
world [Mil67](see Section 2.3) or also "six degree of separation" accordirggwhich
two nodes are separated by no more than six nodes.

{ Very low density : this is equivalent to a very small average degree comparing to

n; in other words, when two nodes are randomly chosen, the prdblty that they
are linked is very small.

{ High clustering coe cient . there are signi cantly more chances that two nodes

are linked if they have a neighbour in common than two nodes choseamdomly.

{ Heterogeneous degree distribution : itis generally approximated by a power low,

p« k ,with between 2 and 3 in general.

These properties are now considered as fundamental in the comxpleetworks do-
main and are often completed by others applying to specic netwosk For example,
[RB0O2, PGF02] show that real-world networks are resilient to rando node attacks, i.e.,
connectivity is not highly impacted even if many random nodes are reved.

2.2.3 Modeling

In order to conduct simulations, it is essential to capture the obsesd properties in
practice through complex networks models. A rst class of modelsmas at generating
synthetic graphs with speci c properties. For example the degreadstribution which follows
a power-law to re ect real-world observation as in the model proged in [?]. A second class
of models focuses on di usion phenomena rather than graph sttuce. A large amount of
work on information di usion or in uence has been done in di erent cotexts. For example,
epidemiologystudies diseases or viruses spreading [Bai75, AM92].

2.2.4 Algorithmics

Because of their large size, working on real networks naturally leado algorithmic
problems. A rst class of algorithms deals with classical problems in gph theory (as
graph diameter or shortest path) but are no longer applicable in theontext of complex
networks. This is principally due to the scale of such objects. The@md class concerns
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new algorithmic problems that appeared with the emergence of reateraction networks.
For example:

{ Community detection: a decomposition into groups such that the imber on intra-
group links is maximized. Therefore, a local density measure is usadgch as clus-
tering coe cient or modularity [NG04].

{ Information spreading: e.g. nd the best way to maximize a spreadg ow while
minimizing the cost of the operation [LKG 07].

2.3 Social networks and interaction links

A social network is in general a representation of a set of relatiobgtween some indi-
viduals. It is modeled with a graph where nodes are people and edgesralations between
them, such as a friendship. It is traditionally studied by sociologists o analyze the con-
nections between individuals or collective behaviours and social sttures. In sociology
we refer to vertices or people asctors and edges asies. Sociologists usually obtain their
data from interviews with the analyzed people. This data, althoughery detailed, can be
di cult to obtain. The process of interviewing people is often long andcostly and so the
obtained datasets are rather small, with several hundreds of dgaed relations in the best
cases.

For most people, social networks nowadays refer to online sociatworking asFacebook
or MySpace This term started to be used at the beginning of the twentieth cdary by
Georg Simmel. In the 1930s, Jacob L. Moreno was a pioneer in collegtand analyzing so-
cial interactions in small groups, especially classrooms and work gps. In 1954, John A.
Barnes [Bar54] started using the ternsocial networkfor patterns of ties. Many other works
have contributed to the development of the eld as Elisabeth Bott'son kinship [Bot57],
Sigfried Nadel and Harrison White on social structure [Nad57].

One of the most famous social network experiment is certainly smalbrld experiment
done by Stanley Milgram in the 1960s [mil69,Mil67]. Milgram was interested quantifying
the distance between two actors in social networks. It correspas to the minimum number
of edges that must be traversed to travel from one vertex to ehother through the network.
He found that the average length of completed paths was onlyd5 This result is the origin
of the idea of the "six degrees of separation"”.

An edge in a social network may be de ned in many di erent ways. A pdicular de ni-
tion will depend on what questions we want to answer. An edge carpresent a friendship
or professional relation, communication pattern or money exchga.
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Recently, di erent aspects related to the dynamics of real world etworks have been
investigated, in particular key measures like link creation and deletiofsBF* 08]. In the
context of social networks, such metrics are closely related to @maction patterns, as they
shed light on typical human behaviours, for example bursting actiwtpatterns [?].

Online social networks | and blogs in particular | provide interesting g rounds for
such studies: they may be described globally, giving insights on oviéraacroscopic trends
[BGH* 10]. Moreover they give a lot of information, enabling rich descriptianof datasets,
like posting and commenting pro les [MT10].

A recurrent topic of interest in this context is the detection of infomation bridges among
groups, like political parties [AG05a]. One possible way consists in tkacg similar contents
throughout the dataset as in [GGLNTO04]. On the other hand, citatia links are supposed to
play the role of communication pathways, so they may be the elemany bricks of di usion
processes, and may thus be compared to models of such phenaiBGH" 10,PSV01]. This
hypothesis has been studied in several contexts, including phatbaring platforms [CPHOQ9]
or blog networks [LMF" 07]. It is then acknowledged that their con guration gives insights
on the mechanisms of in uence among actors [CR09]. Finally, studyirtipeir evolution
gives clues to understand dynamical trends such as the evolutiohpmpularity [SBLGL10].

One class of networks igitation networks A classical example is author / co-author
citation network [BHKLOG6]. It corresponds to a network of citatiors between academic pa-
pers. The network is constructed with vertices as papers and tieeis a directed edge from
paperA to paperB if A citesB [LKFO05] as | will explain in Section 3.2.1. The important
di erence between citation networks and others (for example thevorld wide web) is that
a citation network is acyclic: there is no closed loop of directed edges. The reason is that
if a paper wants to cite another paper, this one must already havesbn written. In blog
networks, we may nd closed loops for many reasons, like local timg@, human mistake
or even collecting data bias. In this case a preliminary correction daitep is required as
described in Section 3.4.2.

With the growth of the internet, many new interaction networks have emerged. These
networks are callednformation networks and the most studied object is theWorld Wide
Weh Many of these networks have a social aspect, for example netigof e-mail commu-
nication, network of social networking websites such dacebook[fac] or twitter [twi] and
networks of blogs and online journals. In this thesis | will mainly focusn a blog network
described in Section 3.2. The blog network is also a citation network @mas similar char-
acteristics. The evolution of the web and the appearance of largelime social networks
gives an opportunity to observe di usion phenomena in new context In these networks
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information spreads across social links. Content, under the forof ideas, products, and
messages, spreads across social connections.

2.4 Diusion phenomena

The two main families of di usion models from the literature arethreshold [Gra78,
GLMO01] and cascademodels [AA05,CR09]. In threshold models, one node is ‘infected’ if a
given number (or proportion) of its neighbors are infected. In thigsontext, it can be seen
as an opinion adoption model. In cascade models, each infected nedesads information
towards a given proportion of its neighbors.

2.4.1 Inuence patterns

In uence has been studied in many di erent contexts like sociologygommunication,
marketing, and political science [KP05,R0g62]. The notion of in uerchas an importance
in di erent contexts, for example in understanding how businesseaxperate, how a fashion
spreads [Gla02] and how people vote [EK]. Studying in uence pattesrcan help us better
understand why certain trends or innovations are adopted fast¢han others and how we
could help advertisers and marketers design more e ective campasg However it is dif-
cult to get readily available quanti cation, and essential componets like human choices
and the ways our societies function cannot be reproduced withinghcon nes of the lab.

A more recent view has investigated the role of in uentials. It showshat the key
factors impacting in uence are the interpersonal relationships Iween ordinary users and
the preparedness of people to adopt [WDOQ7]; this approach has baesed for marketing
strategies such as collaborative Itering. In this thesis, in addition & studying the role
of in uential nodes, | want to identify roles and in uences of groupof communities on
information propagation.

Online communities have become a signi cant way to receive new infoaton, and
in uence in such communities needs to be explored.

Identifying in uence patterns may be seen di erently depending oithe context. In this
thesis | study a blog network (described in Section 3.2) with an innotree approach. More
precisely, | measure the in uence of a blog according to the way it sgads information and
to the way it is cited by other blogs.

The authors of [AG05b] have studied discussion topics and citatioragterns of political
bloggers for the 2004 U.S. Presidential election. They have focdsm political blogs and
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have shown that blog behaviors could be di erent according to the/pe or topic of the blog.

The di usion of topics over time has also been addressed in [GGLNTO4This study
concluded with the existence of two types of topicchatter topics, with a stable popularity
over time, in opposition to spiker topics with varying popularity values. In Chapter 3 |
also investigate the impact of the topic of a blog on its dynamics.

2.4.2 Information cascades

Interactions between groups of individuals in real networks havefandamental role in
information spreading. Cascades are also known fls Many works observed how an
idea or action was suddenly widely spread through the network. Indy networks, a story
or piece of information may be widely cited by the blogger community ahis eventually
also referred to by the mass media.

A cascade is due to an activation of nodes (individuals) in a graph. A de is activated
if it is in uenced by the state of its neighbors. A related formalism is a gph where a
directed edge (i, j, t) indicates that node i in uenced node j at timet.

In many contexts, information cascades are spreading phenoraewhich can result in
a wide adoption [BHW92]. Cascades have been studied for many yebyssociologists to
understand di usion of innovation [Rog62]; more recent works haviavestigated cascades
for the purpose of selecting trendsetters for viral marketing [D&L], nding inoculation
targets in epidemiology [NFB02], and explaining trends in blogosphere NIRTO5].

In this thesis | investigate information spreading based on cascaé&traction. The
statistics computed are based on Leskovec et al. methodology [LM#/] which uses ci-
tations between blogs to extract cascades rather than conteanalysis methods, which
produce less realistic cascading behaviors [GGLNT04]. However, iagproposed origi-
nal approaches to de ne blog classes based on topological and oamity features of the
network (see Section 3.4).

Figure 2.1 illustrates a cascade sample which corresponds to a DiegtAcyclic Graph.
In a cascade the node which starts the spreading is callegscade initiator!. Its role may
be critical for the cascade propagation. Therefore, | have indggted (see Section 5.4)
how the community of the rst node of the cascade impacts the ceade properties.

1. We consider only one cascade initiators but a cascade with multiple itiator can be considered in
some contexts.
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Figure 2.1: Cascade sample

Social cascades have been studied through popular photos andoaia network col-
lected from Flickr: [CMAGO08] investigated how information disseminas through social
links in online social networks and showed that social cascades wareimportant factor
in the dissemination of content.

Previous research on the di usion of information and in uence ovenetworks has been
done in the context of epidemiology and the spreading of diseasesd@, GLMO1]. There
are many models of in uence spreading in social networks. | will notetkil epidemiological
models because they are not our purpose. We have to note that fexample a model of
product di usion predicts the number of people who will adopt an inneation over time.
It does not explicitly account for the structure of the social netark but it assumes that
the rate of adoption is a function of people who have adopted. In nwork I will not only
consider how wide a di usion is but also topological, temporal and commity character-
istics.

Most works have focused on the study of théopological patternsof the underlying
contact networks and their in uence on the properties of spready phenomena in social
networks such di usion of information, innovations, computer virges, opinions [BBV0S,
DNMKKLO09,IKMWO07]. However, most of these studies of dynamicgbhenomena on social
networks do not consider the community structure of the netwdt
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2.5 Communities

Community research eld is strategic to understand and analyze owplex networks.
The rst type of research on communities is related to community dection algorithms.
Many automatic community detection algorithms exist, in general bged on node similar-
ity, which identify groups of nodes which have similar properties [FOBQNGO04]. [BGLLO8]
proposes a very e cient algorithm to compute a hierarchical commuity structure in very
large graphs. Another approach proposed by [YYA10] to detectdrarchical communities
consists in creating link communities instead of nodes communities. Alese algorithms
try to maximise an objective function (for example modularity [NG04])and have been
tested on synthetic and real graphs. Community detection is notum purpose in this thesis.

The second type of research on communities is their analysis. Untorately only few
works tried to understand the community structure of real-worldcomplex networks. Dur-
ing the 2004 U.S. Presidential election, the authors of [AGO5b] stigdl discussion topics
and citation patterns of political bloggers. They showed that blog éhaviors could be
di erent according to blog types or topical communities. For examie news blogs do not
behave as personal diaries. In [BHKLO6] authors have proposedramework for compar-
ing the di erent kinds of communication dynamics within di erent communities of social
communication networks.

In this chapter, | have presented the methods and the notions retly used for analysing
real-world networks in general and social networks in particular. Have presented how links
have been studied in di erent contexts and for various purposesAs we have seen, most
of these works are based on topological graph properties, butetitommunity structure of
the network is rarely considered to analyse spreading. In this thes| address topologi-
cal and temporal blog network characteristics and show commuypitmpact with di erent
determined patterns.
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3.1 Introduction

In this chapter | explore new approaches and methods to characize blogs dynamics.
In particular, the evolution of post popularity over time is studied, & well as behaviour
patterns. | aim at going beyond traditional approaches by de ningclasses of dynamic
behaviors based on topological features of the post network, caby investigating the
impact of topical communities on blog dynamics.

The chapter is organized as follows. After a description of a blog meirk and of the
dataset | used for this study in Section 3.2, Section 3.3 presentsethesults of traditional
blog and post analysis. My contributions related to the characteraion of post and cita-
tion dynamics according to their community structure are descriltein Section 3.4, before
concluding and presenting perspectives of this work.

The work presented in this chapter was published in [SBLGL10].

3.2 Blog network description

Over the last years, the activity and popularity of online networks ingeneral and
blogs network in particular, have been increasing continually. It hasecome an important
medium of communication and information on the Web for a large popuian due to
an easy use and an intuitive interaction. In the research domain, g virtual network
is extremely popular due to its timely nature and the observation ofhe creation and
spreading of information and opinions at a large scale. The work pezged in this chapter
was published in [SBLGL10].

3.2.1 Blogs

A blog is a sort of website. Blogs are usually maintained by an individualhw reg-
ularly publishes information to describe events or to comment multintga resources such
as images or video. A publication is called post and is commonly displayed in reverse-
chronological order. Two features of posts are important in thishesis. First, each post
has an unique hyper-link address so other posts can access it amdeptially refer to it.
The blog webpage displays the last published post. Second, the timepost publication
is known: each post has a timestamp which | use for temporal anallys

Most blogs are interactive: visitors may write a comment and send s&ages to the
author; this interactivity distinguishes blogs from static websites. Many blogs provide
comments or news on a particular subject; others function as n@personal online diaries.
A typical blog contains links to other blogs, text, images, and links ahother media related



CHAPTER 3. BLOG NETWORK ANALYSIS: GLOBAL APPROACH 29

to its topic. Blogs are generally textual, however some blogs focus art (art blog), videos
(video blogging), and audio (podcasting).

Types of blogs

There are many di erent types of blogs. One may classify blogs aedmng to their
content but also to the way this content is written and presented.

Many blogs focus on a particular subject, eg. politics, educatioraghion, house, travel,
project, music, quizzing, family, mom blog (blog discussions especia#lipout home and
family), legal issues and many others.

Most blogs are personal some others operate in a collaborative w&grsonal bloggers
usually take pride in their blog posts, even if their blog is read by only ¥e people. Po-
litical blogs may have many contributors with the same goals, who digss their political
orientation and give their opinion on daily people preoccupations. This also the case
in blogs dedicated to news (considered as a mass media). Journaletsl specialists of
various elds (sociology, art, sport, music) maintain their blogs andheir publications are
an extension of the journalistic work. Therefore, they are morergfessional and have a
di erent way of writing and presenting their content, and making ci@ations to other blogs
(which has a direct impact on the analysis | make in this thesis).

Blog structure

As | said above, a blog is constituted by a set of posts written at a tlgmined time
(datein Figure 3.1) with a text body with references to other pages on thgeb (for example
pictures, videos and websites). In the text we may found a referee to a previous post,
from the same blog (auto-citation) or from another blog, by quotig the corresponding
url , which is called acitation link (see Figure 3.1). Citation links are very important
in my thesis as they represent the citation interaction between ptss(and consequently
blogs).

In addition to citation link and publication date the blog is composed of &log-roll
which is a static set of blogs which the current blog is referring to addgs with the same
interest. The blog-roll is associated to the whole blog and not to individual posts and is
not my focus here.

Each blog and post is identi ed by its hyper-link address. Consider agst Pa from
blog A and a postPb from blog B. If Pa contains a reference téb, then there is a citation
link from Pa to Pb, i.e. Pa cites Pb. Post Pb has an incoming link pointing to it (noted
in-link ) while post Pa has an outgoing link starting from it (noted out-link).



30 3.2. BLOG NETWORK DESCRIPTION

made in caraibes L Date J

—— Hyperlink towards
' | a Web site
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: General links to other
L ] blogs (blograll)

Comments

Figure 3.1: Blog sample

In terms of information spreading, we can say thaPa has 'adopted' Pb's content or
that Pb's content has been spread towardBa. The citation relationships between posts
may be extended to the blogs they belong to: we may then say thatolg A cites blogB
and consider thatA has adoptedB's information (or that B's information has been spread
towards A).

Citation links should not be mistaken withcomments If someone comments an existing
post, this contribution is not a post (as it does not start a new disasion)!.

One may be interested in identifying important nodes in the networkThis problematic
is essential in many real-networks and in particular for the web or bjpnetworks. Most
popular blogs have many links pointing to them and few going out. On ¢hcontrary, some
blogs have many outgoing links. In the rst case we call the blog aauthority or popular
blog; in the second one it is &ub (see Figure 3.2.) In reality all blogs have a double nature
because best hubs are also authorities [Kleinberg1999]. Looking &othority blogs may
be a way to optimize topic research. The idea is that a page cited by aad hub is more
authoritative than one cited by a very bad hub.

Previous works have studied the process of post and link creatiomdashown that
their activity was bursty; results show that the network dynamicsfollows a power law.

1. Comments have not been studied in my work, but this is one of my pespectives.



CHAPTER 3. BLOG NETWORK ANALYSIS: GLOBAL APPROACH 31

\/ 0 \/ 0
/\ /\

Authority Hub

Figure 3.2: Authority and hub

This burstiness results from human behavior [WCP02,VOD* 06] and may be observed in

di erent contexts. As said earlier, power law distribution is indeed oferved in many social
network properties [BA99D].

3.2.2 Data description

Individuality

Figure 3.3: Three continents

The corpus analyzed in this section was obtained by daily crawls of @Bdlogs (2 230 692
posts) during 4 months from November 1st, 2008 to March 1st, @9. These blogs have
been chosen according to their popularity and activity in the Frenclspeaking blogo-
sphere. They have been selected by a company specialized in blog epohion analysis
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(http://linkfluence.net ) as being the most active and productive blogs which provide
rich information for activity and dynamics study. Blogs provide a dexiption of their pub-
lications by RSS (Rich Site Summary); RSS represents a key featucecapture temporal
features as all posts published by the 6344 blogs are recorded lasytare published. It
allows a fast and automatic information update.

Topical community structure

Table 3.1: Most active blogs for each continent

Continent || Blog

Society http://www.lepoint.fr
http://www.engadgetmobile.com
http://www.macgeneration.com
http://www.liberation.fr
http://www.le garo.fr

leisure http://www.sailr.com
http://www.autoblog.com
http://www.autobloggreen.com
http://www.jeuxcherche.com
http://www.gamekult.com
Individuality || http://www.beaute-test.com
http://www.plurielles.fr
http://www.sweetange.fr
http://www.designspotter.com
http://philippe-watrelot.blogspot.com

Blogs have been classi ed manually into communities by blogs analystscarding to
their topics; we therefore call this classi cationsemantic or topical.

The existence of this community structure is a major advantage dsallows us to study
the impact of topical communities on network topology and on postythamics (see Section
3.3). This manual classi cation provides three abstraction levels: @tinent, Region and
Territory (from the most general to the most speci c). In this Chapter we focus only on the
top layer (Continent layer). The whole hierarchical community streture will be addressed
in the next Chapter.

The three continents are:Society, Individuality and Leisure. Figure 3.3 is a represen-
tation of the continents where the size of the circles correspontts the number of blogs
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within each community. It also shows the sub communities in each camént. In Table
3.1 | have cited the ve most active blogs for each continentSociety continent include
for example blog related to news (as http://www.lepoint.fr), politics and society topics.
Leisure is composed, among other, of sport blogs, videogame blogs, cdogé. Individu-
ality continent regroups more personal blogs where people share trstories, experience
or their centers of interest.

Blogs have been selected according to their activity. However, indar to represent the
3 continents fairly, approximatively the same number of blogs has ee chosen in the 3
corresponding communities, as shown in Table 3.2

In chapter 3 | will give a more detailed description and analysis of this amual commu-
nity structure. For now, | want to show the impact of the communit/ structure on citation
behaviour and try to distinguish di erent pattern classes.

Table 3.2: Activity by continent

Continent  # of blogs # of posts # of links

Society 2245 564535 736324
Leisure 2045 469896 429748
Individuality 2054 150927 326228

3.2.3 Blog and post network

The post network is a graph where nodes are posts and edges atations between
posts (see Figure 3.4.a). The analysis at post network layer gives agroscopic vision of
interactions within the blogosphere. For example, it allows to obseswthe impact of a post
in terms of number of citations which corresponds to thampact of one topic (for example
election results or virus danger) during a specic time. The post nebrk is a Directed
Acyclic Graph (DAG) because as we mentioned previously we canndtieca post which has
not been published yet. The edges are not weighted and have a tinasp corresponding
to the time of citation. All outgoing links of a given post have the samémestamp. On
the other hand, incoming links may have di erent timestamps as thegome from di erent
posts.

The blog network is a graph representing blogs connected by inteleg citations. Nodes
of the graph are blogs and edges, corresponding to citation linksealirected and weighted

2. In this table, all Itering steps have been applied except removinglinks referring to resources.
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a) Post network b) Blogs and posts ¢) Blog network

Figure 3.4: Blog and post network

(see Figure 3.4.c). In terms of stucture, blod is linked to blog B with a weight n if there
aren posts from blogA which have cited posts from blod. The blog network is obtained
by regrouping the nodes at post network layer. The citation timesimp is not determinant
in blog network analysis because we aggregate all posts activitiestoé blog.

Now | explain how the data are represented and how | build the blog tweork. Starting
from the crawled pages for each pof (the following information was extracted for each
post P which belongs to a blod3 and published at timeT). The rst line should be read as
follows: at time T, the postP from the blog B cites the postP; from the blog B; (created
at time T;). A post P; cited by P is published at timeT; (4 column) induces thatT; T
as a post cannot refer to a post which has not been published yet.

T P B T, P B;
T P B T, Py B>
T P B Tk P« Bm

If a post P makes multiple citations to the same posP;, only one citation is considered
as it corresponds to citations at the same time and links between pesre not weighted.
From this representation, the postP has madek citations toward k posts and the blogB
has madek citations toward m blogs. It is obvious thatk m as several posts cited by
can belong to the same blogH; to By,).
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Considering this set of citations, the post network is created asli@wvs:

{ Add node p

{ For i between 1 andk, add the nodeP; if it does not exist i.e. if this is the rst time
this post appears in the data.

{ Add k directed edges betweeR and P; for i between 1 andk.

The blog network layer is updated as follows:

{ If blog B does not exist, add it as a node in the blog network.

{ For all B; 2fBj;B5;:::;Bng, add the nodeB; if it does not exist.

{ Forall Bi 2fBq;B5;::;Bng:

{ If no edge exists betweerB and B;, add a directed and weighted edge betwedh
and B;; the weight of the edge is the number of citation links betweeB and B;
created byP.

{ If an edge already exists, increment the weight of the edge by thmimber of new
citations made fromB to B;.

3.2.4 Data Cleaning

A preliminary step consists in cleaning the dataset, in order to reme\errors and ensure
that data represent the actual blogs dynamics.

The data consist of posts and citation links. Each link connects a pia® another post
at a given time (indicated by a timestamp). An example of error in the itial dataset
is when a post cites a more recent post (i.e. a post which has a highgndéstamp); this
would mean that it refers to a post which has not been created yefThis may happen
if the corresponding blogs are hosted on servers in di erent time 1zes; this may also be
due to a human manipulation. Such ‘impossible’ links are ltered as the formation they
provide is erroneous (at least with regard to the temporal infornten).

In order to study spreading cascades between di erent blogs,|fseitation links (i.e.
citations of posts within the same blog) have been removed, as thdg not provide any
information about di usion towards other blogs.

Out-links can point to a post inside the dataset (if the post has beepublished by
one of the 6344 blogs of the corpus), or outside the dataset if tip@st refers to a post
belonging to another blog, a resource (picture, video...) or any welage. During the
cleaning process those links were removed for two reasons: retsources like pictures
cannot ‘cite’ any post and therefore cannot contribute to the cdtion dynamics. Second,
no temporal information is available about blogs outside the dataseto they are unusable
for our study of the blogosphere dynamics.
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When building the blog graph, blogs with no in-link and with out-links only bwards
blogs outside the initial dataset were removed as these blogs aré connected to any blog
from the initial dataset. After this Itering process, the blogs netvork contains 4907 nodes
(blogs) and 28258 edges (citation links among blogs).

In this section, we have described the blog corpus. In the followingction, traditional
blog and post analysis is performed in order to check data consistgrwith existing work
on the subject and study the dynamic evolution of blogs and postver time.

3.3 Activity analysis

In this section | present a rst blog and post network character@tion, starting by a
temporal study of the blogosphere activity. Then, | analyse blogatwork topology and
and blogs degree with a traditional approach (used in similar studies NRT05, AZALO04])
based on the blog network community structure.

3.3.1 Blogosphere activity

| rst study the number of posts created per day in order to knowthe daily activity.
One goal is to see if the measuring procedure collects the real blagsivity. Moreover, it
is useful to detect periodic behaviors.

Figure 3.5a shows the number of posts published daily during 4 monthénstead of
starting from a low value and increasing gradually, the number of ptssis high from the
beginning, which is due to the crawling technique: the activity of all bigs of the corpus
is monitored by link uence® (as opposed to a 'snow ball' approach starting from a single
blog and discovering new blogs through citation links of this blog).

Another observation is that the number of posts increases suddg after the 40th
day. This is also due to the crawling method, as a new set of blogs wasraduced in
the corpus at that time. To avoid any bias due to measurement therst 40 days have
therefore not been taken into account. We can also observe ariaty decrease between
days 50 and 63. This corresponds to the period of Christmas holidgayduring the two last
weeks of December, which indicates that bloggers are less activeimy holidays. Figure
3.5b displays the number of posts created for each day of the wek&m Saturday to
Friday. A weekly periodicity may be observed on this gure, as weesnd days show a
lower production activity. This e ect has also been observed in présus work [LMF* 07].

3. link uence is a SME specialized in blog analysishttp://fr.linkfluence.net/
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Figure 3.5: Number of posts a) per day during 4 months, b) for eactay of the week

3.3.2 Blog and post networks characterization

In this section | use a classical methodology to characterize readtwork topological
properties. All analysis have been done on 80 days of corpus dads ( have removed the
rst 40 days as mentioned previously). First, | use statistical digibutions, and investigate
the blog degree, distinguishing between incoming (in-degree) andgaing links (in-degree).
| also use the community structure to observe its impact on degregstributions.

Figure 3.9 represents the in-degree and out-degree distributioncacumulative distri-
bution. We may observe that in-degree and out-degree follow simildistributions (Figures
3.6a, 3.6¢). They are very heterogeneous and well tted by powkws with exponents 14
and 1. The two exponents are lower than what we may nd in literature foother real-
world networks (between 2 and 3). This statical distribution can beli cult to interpret
as dots may superpose. Therefore | complement it by a cumulativesttibution where it
is easy to identify major values as well as extreme behaviors.

If we observe the cumulative distribution of in-degree in Figures 3.6ke see that almost
90% of blogs have a in-degree and out-degree smaller than 100. él@xr, some blogs have
a degree greater than 30000. The same distribution is observeddat-degree (Figure 3.6d).

To go further | have plotted the in and out-degree with regards tahe blog continent.
The aim is to observe the impact of topical communities on blog degreelo be able
to compare the degree distributions | have plotted cumulative deitg distributions (also
called PDF probability density functions). A dot with x =10 and y = 0:5 means that 50%
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Figure 3.6: a) c)In-degree and out-degree distributions and b) @umulative distribution
in the blogs network.

of blogs a degree less or equal to 10.

Figure 3.7a shows in-degree cumulative density distribution. We olyge that the distri-
bution of blogs fromSociety continent is lower than forindividuality and Leisure continents
while Individuality and Leisure continents have a close distribution. This indicates that
in-degree inSociety continent blogs is higher than those of blogs frortndividuality and
Leisure continents. The distinction betweenLeisure and Individuality distributions is more
visible for out-degree distribution. Individuality blogs tend to have a smaller out-degree
than Leisure blogs.

One other important characterization with regard to blogs degreés the correlation
between in and out-degrees. Figure 3.8 shows that these degraes correlated for high
degree values (approximatively when the degree is higher than 18The interpretation is
that if the blog is active enough than it will get an attention (i.e. a numiker of in-links)
proportional to his activity. However, as the number of dots with lav degree values is high
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Figure 3.7: in-degree and out-degree cumulative density distributioper continent in the
blog network
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Figure 3.8: blog in-out correlation

the correlation coe cient between in and out degrees is only equabtd:36. The small value
of this coe cient contradicts the intuition that the popularity of a b log (indicated by its
in-links) is related to its activity (its out-links). However, this result is in line with out-
comes of previous studies [LMFO7] which observed an even smaller correlation coe cient.

In addition of blog degree, we are interested in the number of linksi{@tions) between
two blogs. As mentioned previously, | do not take in count auto-cit#on links (links from
a post to another post from the same blog) because | want to claaterize how two distinct
blogs may cooperate with each other. Figure 3.9a shows the cumivatdistribution of
inter-blog links number. In addition of being a heterogeneous disttithion we also observe
on that plot that 55% (4700=8500 blogs) of blog to blog interactions correspond to only
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one link. The majority (88%) of intra-blog link numbers do not exceed0 however we may
nd some blogs which interact more than 20000 times. In complemexrity of the number
of intra-blog links | have been interested in the number of days dumnwhich two blogs
have interacted with each other at least once. We observe that %4of blog pairs interact
only one day and 94% less than 20 days. Those results also illustratattmost blogs have
only very few interactions with other blogs whereas some blogs haaehigh activity and
during a long time.
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g 6500 - 4 g 7000 *
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distribution of # blog-to-blog citations  tion of # blog-to-blog days interaction

Figure 3.9: Inter-blog activity

The activity of a blog can be measured through the number of postssends (publishing
activity) or through the number of citations by others blogs (in-linkng activity which
re ects the in uence of the blog). | have calculated the distribution of the number of
citations per blog. In the blog graph this represents the sum of wéity of out-going edges.
It is close to a power-law distribution with exponent 12. The total number of citations
is 666191 which represents an average of 135 citations per blog during 4nths. The
number of posts per blog is also close to a power law with exponer23. The distribution
of edges weights in the blog network, which corresponds to the nhar of blog-to-blog links
also follows a power-law distribution with exponent 27. The post network has similar
characteristics. | have found that distributions of posts in- and wt-degrees are close to
power laws with exponents B and 31 respectively. All these results are consistent with
the state of the art [LMF* 07].
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3.4 Post popularity and community structure

In this section | explore new approaches and methods to charaGte post and citation
dynamics in dierent blog communities. The post popularity measureshe impact of
posts over time. More precisely | study the evolution of the numbeof incoming links
starting from the day of publication. | also pay attention to biases hat occur when
studying a property over time (in this case post popularity). | addess how such a bias is
introduced and how it may be removed for better results. Here | psent a methodology
which goes beyond traditional approaches by de ning classes ofrdynic behaviors based
on topological features of the post network, and by investigatinghe impact of topical
communities on post popularity dynamics.

3.4.1 Dynamics of post and citation arrivals
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Figure 3.10: a) Evolution of the number of posts and citations. b) Cition and post
correlation.

| investigated how the overall number of citations and posts evoldeover time. Figure
3.10a presents this evolution during the 80 days of measuremenhét rst 40 days have
not been taken into account as explained in Section 3.3). Figure 3.16hows that the
numbers of posts and citations grow in similar ways. Figure 3.10b pesds the correlation
between the number of citations and posts per day. The daily ratiodtween total number
of citations and post remains approximatively constant during the@days, with an average
value of 228. This high correlation of post and link numbers per day means th#e ratio
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between the total number of citations per post is constant evenh&n blogosphere topology
changes.

3.4.2 Biases

Trying to study the dynamics of a complex network is usually biased sie only a partial
view of the studied object may be observed [BM].

Before Collected data (80 days) After

b) o |

Figure 3.11: Biases causes

A bias is induced by missing information, typically all links that appear bfore or after
the capture. This type of bias is observed when we study a propgrover time and the
nodes arrive in the system in a desynchronized way. Such biaseseéh@een studied in
Peer-to-Peer networks and other contexts [SR06,BM]. In this sa | consider citation post
arrivals. Each post has a date of publication, afterwards, it may beited by more recent
posts and possibly after the end of the collected data. If a post isulplished before the
start of the trace (see Figure 3.11.b) the studied property will benderestimated. Border
e ect also appears when links arrive after the end of the measurent (see Figure 3.11.b).
This creates a bias toward posts appearing at the end the captuas they cannot be cited
during as many days as earlier posts. The result is that we overestite the observed
property at the end of the trace.

The solution consists in observing the popularity of all posts duringhe same period of
time (see Figure 3.12). | have divided the data trace into equal pedoof 40 days. Each
post created during the rst 40 days (e ective period in Figure 3.1pof the capture has
been monitored during 40 days after its publication. All other data i@ not taken into
account. This correction method was applied for all the rest of cpger studies and results.
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Figure 3.13: Evolution of post popularity a) overall evolution b) acaaling to post com-
munity.

3.4.3 Post popularity

Now | investigate the evolution of post popularity evolution after pblication day, in
terms of number of links each post gathers from its rst day of apgarance (i.e. its posting
day) until 40 days later, according to the methodology to corredbias described in Section
3.3. In Figure 3.13a we observe that most citations are made within éhrst 24 hours
which is in accordance with previous studies [AA05]. Results di er frofLMF* 07] where
popularity decreases signi cantly at the end of the measuremenhut this is due to the
bias | mentioned earlier. Here, popularity is divided by half after the rst 24 hours but
later on it decreases at a much slower pace.

Figure 3.13b represents the evolution of posts popularity accordirnto their community
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(Leisure, Society, Individuality). We observe that popularity of psts from Individuality

community decreases more than the popularity of posts from Leiguand Society after
13 days after post creation. Moreover, although the number oftations of posts from
Society community is higher than the number of citations of postsdm Society, both plots
tend to converge after 27 days after post creation. As a condlois, we may say that post
popularity evolves quite similarly in the 3 studied communities.

3.4.4 Two types of citation dynamics
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Figure 3.14: Post classi cation - for both plots, the value on the x»as (denoted by X)
represents the number of days during which the posts have bedted. a) The value on
the y-axis (denotedY) corresponds to the number of distinct citation periods (e.g. for a
post cited on days 12;3;5;7;8, X =6 as it is cited on 6 days, andY =3 as these citations
occured during 3 periods of time:f 1;2; 3g, f5g and f 7;8g). b) The value on the y-axis
represents the sum of all citations of a post for the correspondimumber of days. So for
example a dot with coordinates (3; 34) represents a post which hlasen cited on 3 distinct
days and 34 times in total.

An interesting approach to study posting behavior is to classify pts according to
incoming citations. Thanks to the bias correction method, all incomup citations for each
post are known during 40 days after its creation. Figures 3.14a ar3ll4b explore this
information.

On Figure 3.14a, an additional curve is displayed, corresponding toséochastic be-
havior. It corresponds to the probability to be cited the dayx and not the day before
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(x 1), multiplied by the number of daysx if the x days are chosen at random among the
40 observation days. We obtain the ployy = x (40 (x 1))=40). We can observe that
the dots are very close to this stochastic behaviour. Apart fromgsts which are cited only
a few days (i.e. for whichX is low), the citation of posts is neither oscillating (a% values
are not higher than those of the stochastic curve) nor continugu(as there are very few
dots with low Y values whenX is high).

One limit of Figure 3.14a is that the number of citations of posts on eaaay is not
visible; Figure 3.14b completes the view; We observe that most postee cited only few
days. However a group of posts can be identi ed which are cited neothan 30 days; they
correspond to a speci ¢ class of behavior. Moreover, posts whiale cited on many days
(i.e. with high X values) are cited more than once a day, aé values tend to be higher
than the minimum bound corresponding to the curvey/=X. We may therefore conclude
that the higher the number of citation days, the higher the frequacy of citations per day.

Figure 3.14b indicates a statistically signi cant classi cation of postsnto two groups:

{ posts which are cited on at most 10 distinct days; they represer@9% of all posts.

The number of posts cited only one day represents 89% of posts.

{ posts cited on more than 10 days.

Going further, we study in the next section how posts from the tlere continents (Leisure,
Society and Individuality) are distributed among these two types opopularity.

3.4.5 Post popularity and impact of community structure

Let us rst focus on posts which are cited only one day. Figure 3.15hows the distribu-
tion of the total number of in-links for all posts cited only one day ad for each community
at continent level (Society, Individuality and leisure). The reasons for this restriction to
posts cited only one day are the following: rst, the number of thesposts represents 89%
of the total number of posts in the dataset; second, taking intocgount all posts of the
rst class would be confusing e.g. a post cited 10 times on a single dapuld appear
like a post cited once on 10 distinct days. The distributions of the ptsof each class are
heterogeneous. However, the behaviors within each community dr: the Individuality
continent has the lowest total number of citations (correspondmto the surface below its
curve) which indicates that personal blogs have a smaller popularititan posts from other
blogs. The popularity of posts from theLeisure community is much higher but these posts
are not cited many times as the maximunx value is 9 (i.e. posts cited 9 times on the only
day they have been cited). On the other hand we observe that albpts with x > 10 belong
to the Society continent. Those posts have a high popularity and the correspoimg) topics
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Figure 3.15: a) Distribution of citations of posts cited only one day. Aot with coordinates
(x;y) means that there arey posts which have been citea times on their single citation
day (as X=1). b) Cumulative number of citations per total humber of citation days.
This plot represents the cumulative probability density function (COF) of the number of
citations per number of days forX greater than 3.

can be considered aspikers because they are cited a lot only one day. After studying
these posts in more detail, we found out that they belonged mainly tblogs related to
news sites, thus con rming their interpretation as spikers.

We have focused so far on posts cited only one day. We now studg titation dynamics
of posts cited on at least 3 di erent days, illustrated on Figure 4.8aThe curve representing
the popularity of the Individuality community increases more slowly tlan the 2 other curves
for low X values and increases signi cantly for the maximum values of. This rapid
increase at the end of the measurement is a border e ect due toettiact that each post
is monitored during only 40 days. Therefore the maximum value (1) Bato be reached
at the end of the plot, and it is not possible to know whether posts @ 40 days have
actually been cited 40 days, or 41 days (or more). An isolated groopposts cited on more
than 30 days may be identi ed in this community; they belong to blogs ith an important
forum-like activity. These blogs may be considered as 'di erent’' frm traditional blogs and
this representation is therefore interesting to detect outliers. @the other hand, the two
other communities (Leisure and Society) show a di erent behavior iterms of popularity
evolution. In particular, no speci c increase can be observed atétend of the measurement
on these curves as the maximum value is reached aroudd= 10 and X = 20 for Leisure
and Society communities respectively. The conclusion is that poststhese communitites
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are not cited on more than 10 (resp. 20) days after their publicatioand that these posts
therefore do not need to be monitored more than 10 days (resp0 days).

3.5 Conclusion

| have proposed a new approach and methods to characterize tparsd citation dynam-
ics in di erent blog communities. In particular, the evolution of post ppularity over time
has been studied. | have gone beyond traditional approaches bg ning classes of post
popularity evolution from topological features of the post netwdt, and by investigating
the impact of topical communities on citation dynamics. | have propsed a new repre-
sentation of posts' popularity using daily incoming citations, in orderto classify posts.
Moreover, | showed that distinct patterns related to both the duation and the frequency
of citations could be observed in the various communities. By compag only posts with
a small citation duration (for example only 1 day) | have been able to atate posts with
a high popularity (spikes as the citation duration is very small) and ha shown that this
type of pattern is present in one continent and not the others.

In Section 3.3 | have presented a methodology to correct biasesvéwds most recent
posts and blogs in the dataset. | have observed that post popuilgr decreased slowly
but remained signi cant even after 40 days. An interestingly high aoelation was found
between the total numbers of posts and links per day, which meatigat the ratio between
total number of citations and posts remain constant even when ¢éhblogosphere topology
evolve over time. In particular, the topology of the post network &s allowed us to identify
two main classes of post popularity. A deeper study of each classshehown that blogs
related to spiker topics could be detected easily as well as blogs witrdm-like activity.
Finally, the impact of topical communities on the evolution of post poplarity over time
and on information di usion cascades has been investigated. In peular, it showed that
the measurement's duration may be reduced for speci ¢ blog commities. The study of
the impact of community information on post and citation dynamics sbwed that dynamic
patterns were related to social behaviours.

One conclusion of this rst work is that the study of complex systenproperties (in
this case the characterisation of post citation activity) through he community structure
point of view is a promising approach. This approach goes beyond ditional methods
and provides a complementary interpretation to traditional methds of network dynamics.
This community-based approach is developed in the following chapter
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4.1 Introduction

Understanding interaction patterns in real-world networks is an imprtant topic
with both fundamental and practical implications [LMF"07]. However the volume and
complexity of these networks make this task very challenging. Initively, nodes with
common features i.e. which belong to a sanemmunity [NBWO06] tend to interact pref-
erentially with each other, but limited knowledge is available on this topidor real-world
data [CRO09].

In Chapter 3, | have shown the impact of topical communities on citon behaviour
[SBLGL10]. | have focused mainly on post popularity and have obsex that a com-
munity approach can be e cient to classify and detect speci ¢ paterns with regard to this

property.

In this chapter | go further and propose a generic methodology ire&ion 4.2 to study
interaction links in complex networks with regard to their community sructure. To do so,
| de ne two measures: linkhomophily and community distance This approach consists in
studying interaction links at various community scales, and thus atarious granularity lev-
els rather than considering nodes individually. Moreover, it allows to ahtify new classes
of communities and to cartography them with regards to their intesiction behaviour. |
also study variations between incoming and outgoing links.

My approach is original as it studies citation patterns with regardsd a prede ned hier-
archical community structure. Community detection is often an atomatized task, using
algorithms which rely on the structural properties of the networKfor a review see [For09]).
In addition to topical communities, | have implemented my methodologwith synthetic
community structures using Louvain algorithm [BGLLO8] which propees an e cient algo-
rithm to compute a hierarchical community structure in very large ¢aphs.

| apply this methodology to the same blog network as before [SBLGQ]Lin Section 3.2.
This approach allows to study interactions with regard to the commmity structure and
conversely to characterize communities according to link homophilynd distances. The
citation behavior of the studied blogs is analyzed with regard to twoigdrent community
structure:

{ in Section 4.3, the topical community structure provided by blog aalysts is consid-

ered;

{ in Section 4.4, an automatic community detection algorithm is used othe dataset

to identify a partition of blogs according to citation links in the blog netvork, thus
showing that this methodology may be applied in a general case evenafcommunity
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structure is given.
The work presented in this chapter was published in [BGTL11].

4.2 Framework

The methodology | propose consists in studying interaction links in aetwork with
regard to its community structure. The construction of this stricture can be obtained in
di erent ways; | have applied the proposed methodology to the sarblog network studied
in Chapter 2 because it presents a high interest and has many adtages. However, it
is important to note that these methodology and metrics can be afipd to any other
interaction network. Therefore, | explain in Section 4.2.1 how a hierehical community
structure may be obtained for any complex network.

This section is structured as follows: | rst introduce de nitions rdated to the hi-
erarchical community structure. | then de ne in Section 4.2.2 two ratrics to evaluate
whether interaction links relate nodes from a same community (at akevels of the hierar-
chical structure). | explain how these metrics are complementatyp modularity which is
used traditionally to evaluate partitions quality [NBWO0G6]. In Section 4.23 | introduce the
notion of community distanceto evaluate whether interaction links between nodes relate
\close" or \distant" communities.

4.2.1 Hierarchical community structure

Let a graph G = (V; E), with V a set of nodes andE a set of edges. The methodology
| propose requires a community structure such that each node ®f belongs to exactly
one community at each level of the tree Communities may be based on nodes features,
e.g. groups of web pages dealing with similar topics, or on topologicafarmation, e.g.
hyperlinks between these pages. Case of studies will be given in Becd.3 and 4.4 with
semantic and topological community structures respectively.

De nition 1  Hierarchical Community Structure
Given a community partitionP = fCy; Cy;:::; Cig of V, a sub-partition P°= fC2; C;:::;;Cl g
of P is a partition of V such that8 C°2 P9 9 C; 2 P such thatC? C;. This is denoted
POv P.

A hierarchical community structure of G is de ned as a series of partitionsPy v
P« 1:v P, v Py v Py with Pp = V, i.e. Py contains only one community which is

1. More general hierarchical community structures will be considesd in the future to allow overlapping
communities.
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the whole set of nodes anBy = ff vg;v 2 Vg, i.e. P, contains n communities containing
each only one node. Given a partitiod;, i is called the level of the partitiorP; within the
global tree of communities witi(k + 1) levels.
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Figure 4.1: Hierarchical community structure example

In gure 4.1, | give two example representations of a same commuyistructure, a tree
and nested partition vision. In this example, the community structee has 3 partitionsPo:
the whole network, P;: 3 communities,P,: ves communities .

Let C 2 P;; we denoteD; (C) the set of descendentcommunities at distancej of C in
the community tree, i.e. D;(C) = fC°2 P;,;;C°  Cg, with (i + j) <k + 1. Note that
| is a relative distance with regard to the current level.

De nition 2 Community function

As each node inV belongs to exactly one community at each level of the hietdaoal com-
munity structure (i.e. in each partition P;) we may de ne a function denoted5 identifying
a node's community at level of the community structure. Letv 2 V; G(v) = C 2 Pj, s.t.
v2C.

4.2.2 Homophily

The approach | present requires an interaction network and a hierchical community
structure (or a community tree), formally de ned in Section 4.2.1. The rst step of my
methodology consists in evaluating, at all levels of the community teg the probability
(that we call homophily probability) that a link exists between two nodes from the same
community.
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De nition 3  Interaction link homophily probability
Let C a community from the partition P; of the hierarchical community structure. Let
G°= (C; EY be the subgraph induced g = (V;E) i.,e. C V andE°= E\ (C C).

We de ne ; the proportion of edges oE° that connect two nodes from the same com-
munity at the j level of the community tree, withj > i .

jf(uv) 2 E5GU) = G(Vv)g]
JE®]

i(C)=

Note that, in this de nition, the value of ;(C) may be biased by the number of links
in communities at the™ level; for example, if there is one very large community, ; (C)
is likely to be higher than if all communities have comparable sizes. Indar to avoid
such a bias, we consider the value of;(C) i (C), where (C) is the probability that
a link exists between two nodes (chosen randomly) from the samearoounity among the
descendents of the communitZ at the j level of the hierarchy:

P 0 o
con, ¢yl E% GE° 1)
JEj (E] 1)

i(C) =

High values of ;(C) i (C) indicate a high homophily, i.e. a signi cant fraction of
links between nodes from a same community at thé' level of the hierarchy, independently
of the number of edges in these communities. Thaodularity function [New03, CNMO04]
has been de ned to evaluate the quality of a partition; a high value afodularity means
that there is a high density of links within communities of the partition. However, the
metrics and | propose do not have the same goal: they measure the proportioh
internal links with regards to a random distribution.

For example, 1(G) (resp. 2(G), 3(G)) measures the fraction of citation links inG
between two nodes from the sameontinent (resp. region, territory ) in the whole graph.

Given the subgraphG°= ( C;E9 induced by G, | will therefore compare the value of

i (C) i (C) with the value of modularity Q; (C):

o " #
card(% i(C)) |s ds 2

JE%) 2 Efj

Q(C)=

s=1
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where ls is the number of links between nodes within community s is the sum of
the degrees (total number of links) of nodes in s, andis the level of community C in
the community tree. Two communities may have very clos®; (C) values but di erent
i (C) i (C) values. This will be illustrated in Section 4.3.2.
| will study interaction links homophily by rst comparing ;(C) value for the various
communities at di erent levels of the community tree. | will then use ;(C) values two
identify the most relevant ; (C) values when these values are close for several communities.

4.2.3 Community distance

In the previous section | have de ned the probability for a link to relée blogs from the
same community. Now | want to characterise the interaction beh&ur more precisely, in
particular for links which do relate nodes from a same community: ddése nodes belong
to close or distant communities? What is the proportion of close versus distant links?
In order to answer these questions, | introduce the notion @bmmunity distanced(u; v)
between two nodess and v.

De nition 4  Community distance

Given a couple of communitiess 2 P; andv 2 P; , there exists a minimal integert such
that there is a communityC in P, withu C andv C. We then de ne the community
distance of the spreading linKu; v) as:

i D+0 v
2

d(u;v) =

This distance will be used for communities at th&™" level to characterise interaction
links between nodes.

Note: If the community tree is a balanced tree then the de nition of commuity
distance can be simpli ed as the distance to the closest common asize in the community
tree. Given a couple of communitiesi; v 2 Py, there exists a minimal integert such that
there is a communityC in Py with u C andv C.

dlu;v)=h t

Figure 4.2 shows an example of two community distances measuretserin 4.2.a we
measure the community distances links made between v in red (u 2 C1°andv 2 C29
and u®, vPin blue (u°2 C3%and v°2 C59. In this case,d(u;Vv) = 1 and d(u®v9 = 2 which
indicates that the link betweenu® and v° connects two communities more distant than the



CHAPTER 4. CITATION LINK STUDY: COMMUNITY ORIENTED APPROAC H 55

aye A /,r/’7_>—>“\\\ \\
Partition PO 7 co N Rt .
/ l \ CoET e e \
N ) o !
Partition P1 Cl ) Cc2) C3 ) '\ o . « ’I
, \ ! \ \ L — 7
. N i \ N C4 cs5' ‘
iy S, G e
PamtlonPZ CO~-___ -7
u v u' V' )
a) Tree vision B) Nested ensembles vision

Figure 4.2: Community distance example

link betweenu and v. In gure 4.2.b) we can observe in a simple way the two links and
how they connect distant communities.

Among interaction links involving nodes of the communityC, | distinguish links which

start from C (outgoing links), denotedout(C), and links which arrive to C (incoming links),
denotedin (C).

| then de ne the fractions of incoming linksin (C) (resp. outgoing linksout (C)) at
distance involving community C:

. _jf(u;v) 2in(C) sttt d(u;v) = g
" ©- jin(C)
out (C) = LT (UY) 2 0ut(C) st d(u;v) = g

jout(C) j

The distribution of distances associated to incoming and outgoing aiion links will
allow us to identify categories of blogs and to map communities accaord to their blogs

interactions (see Section 4.3.3).
4.3 Case study: topical community structure

In this section, | use the formalism introduced in Section 4.2 to analgzhe blog dataset
introduced in Section 3.2.
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4.3.1 Dataset and community structure description

The dataset was obtained by daily crawls of 6007 blogs in the Frenspeaking blogo-
sphere (31074 315 posts) during 4 months from November 1st, 2008 to March 1&009.
The blog network dataset we used for the experimentation is thers& dataset described in
Chapter 3. In the previous Chapter | have focused on post popuity and therefore have
worked at post network layer. In this study, | focus on blog interetions. Consider a post
Pa from blog A and a postPb from blog B. If Pa contains a reference téb, then there is
a citation link from A to B.

To get a hierarchical community structure of the blog network twopossibilities are
available. First, perform a community detection algorithm and get amutomatic classi ca-
tion. Second, classifynanually each blog into hierarchical classes based on topical blogs'
knowledge. In this study | use a manual community classi cation. Sin a classi cation is
generally hard to obtain due to the large size of datasets, but is yemteresting as it is
validated manually, unlike in automatic classi cation.

In this case classi cation intocommunities has been built manually by professional blog
analysts according to blogs topicshitp://linkfluence.net ). This topical classi cation
is organized in three hierarchical levelscontinent, region and territory (from the most
general to the most speci c, see Figure 4.3). For instance, the bltittp://www.sailr.com
belongs to theleisure continent the sport region and the sailing territory. The hierar-
chical community structure | consider for this dataset therefa comprises 5 levels: level 0
corresponding to a single community (with all blogs), level 1 with 3 cdnents (Leisure,
Individuality, Society), level 2 with 16 regions, level 3 with 96 territories and nally level
4 with the 6007 individual blogs.

To refer to the formalism of Section 4.2, | therefore consider thdrdcted graphG =
(V;E) whereV is the set of blogs ancE is the set of citation links.

4.3.2 Citation links homophily

Table 4.1: Probability to link blogs from the same community at various heels.

Level i i(G) | i(G) i(6) | Qi(G)
1-Continent | 0.89 1.53| 0.313
2-Region 0.74 1.95| 0.363
3-Territory 0.21 2.62| 0.167
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Blogosphere

Level 0: whole graph

Level 1: Continent layer

Level 2: Region layer

Level 3: Territory layer

Level 4: blogs

Figure 4.3: Blog network community structure

First, | measure the ; probabilities over the whole graphG = (V;E) in order to
evaluate the impact of the levej in the hierarchical community on homophily.

The results presented in Table 4.1 show that ;(G) = 89% which means that 89% of
blogs cite blogs from the same continent. Moreover, 74% of blogseciilogs from the same
region (and therefore same continent). The value of ,(G) is inferior to 1(G), but if we
consider 1(C)  1(C), layer 2 appears to be more signi cant (as homophile links are less
expectable). In terms of modularity, layer 2 has a greater qualityhian layer 1. On the
other hand, layer 3 has the lowest modularity. 3(G) is also lower than ,(G) and 1(G)

but the high value of 3(C) 3(C) indicates that links at territory level are signi cantly
more homophile than expected in a random case.

Table 4.2: Probability to link blogs from the same region in each contineand associated
modularity

Continent # of link 2(Ci) | 2(Ci) | Q2(Ci)
Individuality 43949 0.98 0.97| 0.442
leisure 12811 0.99 0.56| 0.667
Society 39579 0.78 0.13| 0.0401

After considering the whole graph, | now focus on links within each ntnent at the re-

2. Since posts from the same blog have by de nition the same classiation | have removed auto-citation
links, as they represent a di erent kind of citations, 24% (or 114 261) of the total number of links remains.
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gion layer, i.e. the tendency of blogs from the same continent to ciktogs within the same
region (Table 4.2). We may see that homophily values are very high. particular, Individ-
uality and leisure continents have , values greater than 98%. However,,(Individuality )
is also very high (97%) which means that the high value of ;(Individuality ) is more ex-
pectable than the value of ,(Leisure).

Table 4.3: Probability to link blogs from the sameTerritory for eachRegion

Region # of link 3(Ci) | 3(Ci) 3(Ci) 3(Ci) | Q(Ci)
agora 36878| 0.149| 0.178 0.837| -0.013
appearance 1047, 0.820| 0.335 2.448| 0.382
automobile 1653 0.015| 0.383 0.041| -0.252
notebook 208| 0.995| 0.454 2.188| 0.0455
cooking 2591| 0.948| 0.884 1.072| 0.002
culture 2114 0.507| 0.500 1.013| -0.038
home 864 | 0.528| 0.364 1.450| 0.114
video_.games 2619| 0.026| 0.352 0.074| -0.259
house 53| 0.811] 0.428 1.893| 0.372
marketing_comm 170| 0.747| 0.848 0.880| 0.003
human-resources 83 0.506| 0.370 1.365| 0.0242
health 19| 0.263| 0.317 0.828| -0.065
sports 3798 0.951| 0.315 3.012| 0.523
technology 2429 0.421| 1.445 0.122| 0.105
traveling 4 0.75| 0.406 1.844| 0.093
X-sports 32| 0.531] 0.381 1.393| -0.060

It is interesting to notice the very low value of modularity at the region layer for the
society continent, which means that the quality of the partition is not good interms of
intra community links density with regards to random cases. Howekgethe high value of

2(society) »(society) shows that although homophily of blogs among regions from
society is lower than the two other continents, it is much higher than it would e in a
random case, and this continent is therefore also relevant.

| now study citation links homophily within selected regions at the teiitory level, i.e.
the tendency for blogs from a same region to cite blogs from the saterritory (Table 4.3).
Let us notice the low values of modularity: this indeed not suprising ake classi cation
into continents, regions and territories is based on blog topics ananon their interaction
links.

We may also observe in Table 4.3 a very low homophily probability with regds to
random values, for example, s(automobile)  z(automobile) = 0:041. Blogs in this region
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cite blogs outside their territories much more than in the random cas This suggests that
the classi cation of automobileregion into territories is not relevant from the citation point
of view.

Conversely, the homophily probability 3(sports) is high = 0:95 (with also a high

3 3 value): in this case, the division into territories is consistent with thecitation
behaviour.

Moreover, this result indicates thatsports sub-communities at the territory layer (for
examplebasketballcycling and diving) do not cite one another. Thereforesports region is
considered as a highly homophile community, which is also the caseappearancenotebook
and cooking regions.

Figure 4.4a shows that ,(C) »(C) and modularity Q,(C) are correlated for almost
all regions as most of them are close to the diagonal: both homophilgdamodularity con-
sider the density of links within a community; ;(C) ;(C) could therefore be considered
as a kind of unbiased modularity (with regards to the number of links ieach community).
More precisely, | illustrate the di erences between both functionsn Figure 4.4b which
plots the values of ,(C), »(C) and Q,(C) for all regions, sorted by increasing modular-
ity value Q,(C). We may observe that regions with very close modularity values maave
very dierent j(C)and ;(C)or ;(C) ;(C) values (eg. regions 5, 6, 9 corresponding
respectively to agora cooking and notebooR. This conrms that in order to study ho-
mophily we have to consider at the same time the value of;(C) and ;(C) i (C) and
not only one of them.
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Figure 4.4: Delta vs modularity at region layer
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4.3.3 Citation links community distance

Table 4.4: Distribution of community distances in G

Distancek | # links | % of links
1 15523 21%
2 38793 53%
3 11012 15%
4 6857 9.4%

Let us now study the citation behaviour more precisely by considegrnthe distribution
of community distances for all links of G (given in Table 4.6). Distance links connect
blogs from the sameerritory (and thus the sameregion and continent). Distance 2 links
connect blogs from the samesgion but not the sameterritories. Distance 3 links connect
blogs from the samecontinent but not the sameregions Finally, distance 4 links connect
blogs from di erent continents

We observe that distance 2 is the most frequent (53%), which mesathat most links
are between blogs from the sameegion but not the sameterritory as one may suppose.
The region layer is therefore signi cant from the citation point of viev and in the following
we start by studying region layer.

4.3.3.1 Community pro ling based on links distance

In the previous section, we observed that homophily probability wagery low for some
communities and that most citations were between blogs from the rs& region. In this
section, we go further by rst studying for eachregion its number (resp. fraction) of links
at each distances 12; 3 and 4, see Figure 4.5a (resp. 4.5b).

We would like to compare the citation behaviour independently from th size of the
communities, but as 78% of links come from the agora region, we fecon fractions of
links numbers (Figure 4.5b) which are easier to read. Di erent patm@s appear but there
is generally one (or two) main distances. Communities with very similarrp les also
appear. For exampleautomobile and video-gamesor sport and cooking More precisely,
sport and cooking have a majority of their links at distance 1 and most others at distace
4.

We distinguish incoming (in) and outgoing (out) links because they have di erent
meanings. In links measure the attention raised by a community whilaublinks re ect its
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centers of interest (i.e. the blogs it refers to). For example, a conunity can cite blogs
from close communities (at a small distance) and be cited by blogs ifindfar communities
(at a high distance).

PNWN

PNWS
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In Figure 4.6 we characterise blogs from each region according teithfraction of out
links out (C) (Figure 4.6a) at each distance (resp. in linkgn (C) in Figure 4.6b): blogs
from notebookregion cite distant blogs (i.e. from di erent continents as most out liks
are at distance 4). On the other hand, these blogs are mostly refed to by close blogs
(from the same territory as distance 1 is the majority for in links). WWen we now compare
regions, some communities with very similar pro les appear, for exate, sport and cooking
or automobileand video-games

More precisely, sports and cooking have most of their links at distance 1 and others
mainly at distance 4. This means that most in and out links insports region are made
within the same territories (e.g. football basketbal). Sports and cooking may thus be
classi ed asself-centeredcommunities.

We may note that out links tend to have a dominating distance (which igess often the
case with in links), e.g. travelling: distance 4,health: distance 3,agora distance 2 and
cooking distance 1.

X-sport? region incoming links come at 80% from the same territory or regionigdance
1 and 2) while its outgoing links point to blogs from a di erent continentat 80% (distance
4). This is rather logical as a blog can have a \policy" with regard to th blogs it cites,
but it cannot control who cites it, which leads to various in links distaces.

appearance notebook home  house appearance notebook home  house

PNWA
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0.6 0.6
0.4 0.4
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Figure 4.7: Fraction of in and out link distances by territory in individudity continent.

One may deepen these observations by considering the territoryda. Figure 4.7 rep-

3. X-sport: extreme sports

PNWA
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resents the fraction of incoming and outgoing link distances fondividuality territories.
Individuality continent is partitioned into 4 regions @ppearancenotebook homeand housg
and 14 territories (listed in Figure 4.7). The rst observation is thatin and out links dis-
tances distributions are more similar than it was the case at the regidayer (on Figure
4.6). However, outgoing links have a more important proportion of lks at distance 3 and 4
than incoming links. This means that allindividuality territories cite blogs which are more
distant than the blogs which cite them. Moreover, we may classiindividuality territories
into three classes. The rst class gathers territories which have signi cant fraction of
links at each distance. There are 6 territories in this class which belpto homeand house
regions (the 6 last territories in Figure 4.7). This citation pattern b&aviour indicates that
those blogs interact (both through incoming and outgoing citatioswith a large variety
and number of communities in the blogosphere at each level of thenmounity tree. The
second class contains self-oriented communitiegghion and comics). The third class is
made of territories with a high distance majority. A deeper investigaoon shows that the
topics of those blogs are related tsociety continent as they deal with everyday life topics.

4.3.3.2 Community mapping based on community distance
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Figure 4.8: Average in and out links distance correlation at region laye Green
square=society, red circle=leisure, blue triangle=individuality.

So far, | have analyzed the fraction of link distances in each regiolm order to provide
an overall picture, | have used average distances of in and out links the coordinates of
each region on a 2D map (Figure 4.8). We may note that the patterrfsund in Figure 4.6
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are con rmed here despite the use of an average value. For exdep-sport and notebook
are clearly grouped together. Self-centeredcommunities also appear with low values of
out-distances, e.g.cooking and sport. On the contrary "travelling” has high in and out
average community distances which means that the citation behawo of these blogs is
not related to their topical classi cation (they always cite and are ling cited outside their
topical community).
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Figure 4.9: Average in and out links distance correlation isport community

Now | focus on more speci c communities at territory level. | rst cansider territories
within sport region (Figure 4.10). In this example | only studysports territories which
deal with one sport in particular and not blogs related to sport news First we may
note that incoming links average distance is smaller than.£ for all communities, which
means that in average incoming links come frosports region. Cycling and yachting have
almost an average of 1 for incoming and outgoing links, so they are #ie same time
self-centered (no outgoing links with high distance) and do not geng attention from the
rest of the blogosphere even frosports blogs. Basket ballcommunity has the same pro le
for incoming links but is less self-centered and tends to cite blogs withits community
as the average links distance is close to 1. On the other handprse-riding and rugby
communities cite blogs from other regions and continents and do nwtteract with close
communities even in the same continent (distance greater than 3).

The second example is related to political blogs withimgora region (Figure 4.10).
First we may observe that all political blogs have incoming and outgajnaverage links
distances lower than 2. Consequently political blogs interactions globally remain within
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agora region. The territories correspond to political groups in France. tlis interesting
to observe thateurope political group has fewer interactions outside its community than
the other political groups while its activity in terms of number of inteactions is high(
4000). The ecology political group has a dierent pro le, its audience (incoming links)
remains local while its centers of interest tend to be outside the w@ory but still inside
the political sphere. All other political groups have an average olihks distance comprised
between 19 and 2. They have the same citation behaviour which consists in a Ibcéation
activity within the community and at the same time a high interest in other political groups
publications. On the other hand, the attention is di erent from a teritory to another. Right-
wing political group receives a rather local attention whilextreme left-winggroup has the
largest audience in the blogosphere.
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Figure 4.10: Average in and out links distance correlation in political comunities

Until now | have studied community citation pro les in terms of propation of links and
average distance rather than number of links. | complete the stydn Figure 4.11 where |
plot the number of in links with regards to the number of out links at ditances 3 and 4 at
the region layer.

It shows an important correlation of incoming and outgoing links at disance 3 meaning
that there is a high reciprocity between blogs at region level. For dishce 4, correlations
are much lower as triangles are not on the diagonal. In addition, 13giens out of 16
are below the diagonal and only two are above, indicating that mosegions tend to cite
far blogs much more than they are cited by them. This also means ththe majority of
distance 4 links are made from regions below the diagonal to the twbave. Those two
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Figure 4.11: in and out links distance correlation at region layer (to e readability the
two axes are in log scale). Each point corresponds to a regiBnand a distanced and has
coordinatesin 4(R) and outy(R). All points with d = 1;2 would be on the diagonal so we
do not display them. Squares correspond = 3; triangles to d = 4.

regions belong tcsociety continent and areagora and technology We may qualify them as
popular communities as they attract citations from distant blogs.

4.4 Case study: Automatic community structure

In Section 4.3 | have applied the proposed community-based metlaogy to the
topical community structure obtained manually. In this section | aply it to the same blog
network (to study citation behavior) but this time with regard to an automatic commu-
nity structure built according to topological features (i.e. citationlinks). The rst goal is
to compare the results obtained for the automatic and manual ces. The second objec-
tive aims at generalizing the proposed methodology to other typef@mmunity structures.

As mentioned previously, most graphs from di erent contexts cate decomposed in
sub-graphs of communities. In community detection algorithm eld he most common
de nition of communities is a set of sub-graphs with nodes densely rotected and the
nodes belonging to di erent communities being sparsely connectedlhere are several
algorithms in literature as mentioned in section 2.5. One problem in mostommunity
detection algorithms is that they are not deterministic which meanshiat two executions on
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the same graph may produce two distinct results. For this study ldve used an extension
of Louvain community detection algorithm [BGLLO8] (a description ofthe algorithm is
given in the next section). One benet of this algorithm is that it calcdates community
partitions which are stable over time, calleccommunities cores In the previous Section |
have studied link citation properties with regards to a topical commmity structure. Here |
consider this automatic community detection algorithm which uses pwlogical information
to detect density connected sub-graphs.

4.4.1 Louvain community detection algorithm and community
cores

Community detection algorithms aim at partitioning the network into communities of
densely connected nodes. Many algorithms have been proposedni good partitions
in a reasonably fast way. Community detection algorithms can be ckied into three
categories: divisive algorithms, which detect inter-community linksrad remove them from
the network, agglomerative algorithms, which merge similar nodesimmmunities recursively
and optimization methods, based on the maximisation of given a funoh. The quality of
the partitions resulting from these methods is often measured witmodularity. Louvain
algorithm is considered as an agglomerative algorithm.

The algorithm is divided in two phases repeated iteratively. In this caswe assume that
we have a weighted network of N nodes. First, the algorithm assigagli erent community
to each node of the network; in this initial partition there are thus & many communities as
there are nodes. Then, for each nodeit considers the neighborg of i and evaluates the
gain of modularity that would take place by removing from its community and by placing
it in the community of j. The nodei is then placed in the community for which this gain
is maximum only if this gain is positive. For each algorithm execution we tdin a partition.

The detection of core communities consists in detecting the mostasie communities
[QF10] appearing in several executions of the algorithtn First, the Louvain algorithm
is applied n times (in our case we xn = 100). Second, for each pair of nodes;{) we
calculate the number of executions (frequency notdgi;; ) for which i andj appear in the
same community. After, a threshold that is applied toP;;, values. For example if the
threshold is equal to 1 it means that we consider only communities in veh the nodes
have appeared in the same community times. The variation of the threshold produces a
hierarchical community structure.

4. The algorithm is non-deterministic which means that two executiors on the same graph may give
two di erent results.
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4.4.2 Community structure

| have run the Louvain community detection algorithm and communitie cores and have
obtained a hierarchy of three levels (see Figure 4.12). The Louvaitgarithm has been
applied 100 times. A matrixP is built, containing for each pair of nodes;j the number
of timesi and | have been in the same community out afi executions of the algorithm.
This matrix may correspond to a graph where each pair of nodesj() is connected, with
a weight equal toP; . After, we variate the threshold from 0% to 100% to obtain the
hierarchy. A threshold of 10% means we delete all edges with weightenor to 10%. Then
if threshold= 0%, there is only one community containing all nodes. Ahreshold equal to
100% means two nodesj are in the same community only ifP; = 100. The obtained
hierarchical structure has 3 three communities at level 1 and six &vel 2. However the
resulting hierarchy had initially more levels and communities that whereemoved. Indeed,
| have kept only signi cant communities and ignored very small commities (less than 50

blogs).
Level 0
Level 1
Level 2 t;éL::>
Figure 4.12: Automatic community structure
4.4.3 Results
Homophily

First, | measure the ; probabilities over the whole graphG = (V;E) in order to
evaluate the impact of the levej in the automatic hierarchical community on homophily.
The results show that 1(G) = 99% which means that 99% of blogs cite blogs from the same
community at level 1. At level 2 the homophily remains very high with ,(G) = 98%.
The homophily for the whole graph is higher in this case than in topicaloenmunities
(89% at continent level, 74% at region level and 21% at territory lel)e If we compare
with topological communities (see Section 4.3.2) we observe that themophily decreases
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signi cantly which is not the case in automatic hierarchical community My hypothesis is
that in the topical communities case the more we try to sub-divide aoenmunity topic into
subtopics, the higher the probability that blogs in subtopics interac This is not the case
in automatic communities where the goal is to minimize inter-communitynteraction.

Table 4.5: Probability to link blogs from the same community

Community 1D 2(Ci)
0 0.99
1 0.96
6 0.97

After considering the whole graph, | now focus on links at level 1 whicontains three
communities (Table 4.5). The homophily values remain very high for alug-communities
of these three communities.

Community distance

Table 4.6: Distribution of community distances in G

Distancek | # links | % of links
1 56607 98%
2 329 0.5%
3 267 0.4%

The community distance is calculated based on the hierarchical coramty described
in Section 4.4.2. As we have three levels 0, 1 and 2 we obtain three dis@ values. A
distance 1 means that the two blogs are from the same community #te level 1 and 2
and on the opposite a distance 3 means that the two blogs do not bedpto the same
community for any level. The distribution of community distances in tke whole graphG
shows that 98% of links have a community distance of 1. This is not arpuising result: the
community detection algorithm seeks to maximize modularity, which duces community
distance.

Now, we calculate for eacltommunity its fraction of links at each distanced = 1;2 and
3, for each community level (Figure 4.13 and 4.14). At level 1 we dotnabserve signi cant
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Figure 4.13: Fraction of in and out link distances community at level 1
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pattern di erentiation nor any di erence between incoming and ougoing behaviors. On
the other hand, at level 2 we can observe some communities with arsigant number of
links with a community distance greater than 1. Those links may be ceidered as non
intuitive and can be helpful to detect outliers. However, the majaty distance is 1 for most
of them.

In my opinion, one interesting feature of using automatic communitgtructure is to
study non topological graphs. On can imagine to build a network whemodes are blogs,
and a link is made between two blogs if they share a semantic conterithe automatic
community structure can be a way to study such a network at di eent scales and give
interpretations on how the semantic content is di used through tpological communities.



CHAPTER 4. CITATION LINK STUDY: COMMUNITY ORIENTED APPROAC H 71

Figure 4.14: Fraction of in and out link distances community at level 2
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The goal in this Section was to show that automatically detected camunities could also
be used for the proposed community-based methodology.
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4.5 Summary and perspectives

| have proposed a generic methodology to analyse interaction belwar in complex
networks, with regard to a hierarchical community structure dened over their nodes. This
approach mainly relies on two measuresiomophily and community distance The former
evaluates in an unbiased way the tendency of nodes to interact wititheir own community.
| have compared homophily with themodularity quality function and have shown their
complementarity. Links community distance captures whether n@$ of a network interact
with nodes from close or distant communities. | have applied this approach to a citation
network of French blogs captured during four months, manually cési ed according to
their topics. Citation links have been studied at various scales, whichas given new
insight on blogs topical communities. | have also studied the case aftematic hierarchical
communities and have compared the two studies. Finally, | have proped a synthetic map
based on an average value of community distances and have illusaaitt at the region and
territory levels.

One perspective of this work is to study other community structues, identi ed by other
automatic community detection algorithms. | will pay specic attenton to overlapping
communities. The methodology | proposed may also be applied in thissea Having
several types of hierarchical community structures is a good opgunity to compare the
information we get regarding citation links. In a second step, | warto investigate other
networks and determine statistical metrics to better classify andnderstand hierarchical
communities. In the following chapter, | will study di usion cascadesi.e. successions of
citations of a given post.
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5.1 Introduction

Di usion phenomena happen when an action, information or idea bee®s adopted
due to the in uence of neighbors in the network [Gra78]. As we haveen in Sectio