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Chapter 1
Introduction

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

Complex networks are also calledinteraction networks, as nodes are characterized by
their own features but also by their relationships with other nodes,as interactions occur
between networks' elements. For example, in a social network such as Facebook, users
interact and build relations with one another (for example a friendship relation). These
interactions have not been fully understood yet. Therefore, data analysis appears as a nec-
essary step towards a better understanding of phenomena occurring 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 of these networks share
non-trivial statistical properties [BA99b,Lat07,WS98a], it is relevant 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 capturethe key features of the
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graph. This topic has led to an important stream of studies [BGLLf08,AJB00].

Interactions may be observed at di�erent levels, microscopic at the node level or macro-
scopic at the graph level. More precisely, interactions within the network induce the cre-
ation of links between nodes. Through links, members may create new relations,exchange
information or in
uence each other. For example, if one of my friends shares an information
I am interested in, I may spread this information: I may share this information with my
friends (my neighbours in the network). This phenomenon is calleddi�usion or spreading
process, and is at the core of this thesis. Studying di�usion has a high interest and also
many applications. For example, viral marketing aims at using existingsocial networks
and encouraging customers to share product information with their friends [Mon01]. In-
formation dissemination is also an important feature where the challenge is to determine
the best way for an information to be widely adopted [KKT03,HPV]. Inthe opposite, we
want to be aware of any new information that appears in the network with 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 phenomena to be able, in a second
step, to produce more realistic di�usion models.

Investigating how links appear and characterizing this behaviour is crucial to better
understand di�usion phenomena over those networks. Indeed, links may be a way to
spread information, an opinion or to propagate an in
uence. Di�usion phenomena may be
studied in di�erent ways. First, by studying how a node propagatesits content towards its
neighbours. Second, by investigating how a node gets an information from 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 succession ofdi�usion events.

Until now di�usion phenomena have been mostly considered at a macroscopic scale i.e.
by studying all nodes of the network as a whole. We give a complementary way to analyse
the network interaction by considering the problem at di�erent scales. To that purpose,
we use thecommunity structure of the network [NBW06]. It has been observed that nodes
with common features tend to interact preferentially with each other [WF94,GN02]. These
groups of nodes, calledcommunities, are also central in this thesis. Many de�nitions of
"community" have been proposed in literature. We adopt the following de�nition: "A
community is a set of nodes with common features or interests" . The community structure
enables an analysis at di�erent scales: local (individual nodes), global (whole network) and
intermediate scales (groups of nodes).

The approach adopted in this work is empirical. Indeed, I analyse a real network
collected with a measuring procedure. The bene�t of the empirical approach is that the
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results are based on real observations. However it requires a highattention to validate the
observations and results. The collected data may indeed contain many biases 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.

I conduct this study on aFrench blog network1. A blog is a web site constituted of a set
of posts which are short publications, usually dedicated to a speci�csubject and written
by the author of the blog. This work has been achieved in the context of an ANR project
namedWeb
uence that aimed to study a blog network from di�erent aspects, sociological
as well as graph approaches.

Contributions I present here an overview of the contributions of my thesis summarized
in three points:

{ First, I 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) evolves over time. I have
been able to identify several patterns with regards to the community structure which
showed that observing interactions at community scale was relevant.

{ Second, I have studied the tendency of a node to be linked to nodes from its own
community. I have de�ned two metrics namedhomophily and community distance
to measure it. I have been able to distinguish di�erent behaviour patterns and also
to produce synthetic maps to classify communities.

{ Finally, I have investigated how an opinion starting from one post in
uences and
spreads towards other blogs. This succession ofin
uence is represented as a graph
and is called acascade. I have studied cascades through three angles: topological
properties (e.g. size), temporal properties (e.g. cascade duration) and community
properties.

This manuscript is organized as follows. In chapter 2, I introduce the context of this
work and propose a state of the art regarding methods and results used for the analysis of
di�usion phenomena and community structure analysis. I present especially works related
to social networks. Chapter 3 starts with a description of the blognetwork I used for
this work. Then I present a methodology for analysing post popularity and detecting
a community pattern behaviour. In Chapter 4 I introduce two metrics 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 citation
behaviour. Chapter 5 investigates di�usion cascades and the in
uence of individual and
community behaviors. Finally, Chapter 6 presents my conclusions and some 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 networks collected
from a real context also calledreal-world networks. We can cite many examples such
as computer, social, biological, or linguistic networks, internet maps, web graphs, data
exchanges and co-authoring networks, protein interactions or word occurrence networks.
These networks may be modeled with graphs where networks' elements arenodes(vertices
in graph theory) and are related bylinks (edgesin graph theory).

These graphs are studied through graph theory and algorithmic approaches, which are
traditionally used to study algorithmic properties of random graphs(i.e. graphs de�ned
mathematically). Many designations have been proposed to represent this type of graphs.
In this manuscript, I will use equivalently interaction networks and complex networks.

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

In this chapter I present a state-of-the-art of notions and methods used for network
analysis. I start with basic de�nitions that will be used in the manuscript. The state-of-
the-art is organized in three parts: interaction network characterization (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. Moreover, many questions
and problems raised by these networks are general and transversal. Therefore, it is possible
to work on problems independently from the case of study, and tryto apply these results
to other real world cases.

These problems can be divided into four principal research axes to group the main
questions of the �eld [Lat07]. I give a brief description of each one below with more
emphasis on analysis as I mostly contributed to that research axis.
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2.2.1 Measurement and metrology

In general, interaction networks are not directly available. Themeasurementis the op-
eration which consists in collecting information about the nodes and links of the considered
object. Measurement methods naturally depend on the studied network. In most cases it
is impossible to measure the whole network. Indeed, the measurement procedure is limited,
and a trade-o� must be found between measurement frequency,duration and the quantity
of collected information. As an example, we may cite the case of internet [LMO08,DRFC05]
and Peer-to-peer networks measurements [ALM09b,ALM09a].

Metrology consists mainly in the study of biases introduced by the measurement pro-
cedure. As we cannot capture the totality of nodes and links, metrology analyses the gap
between the measured sample and the real graph and the e�ects the various results that
can be obtained with this sample. Many works have been done in the �eld and especially
in the context of the internet [ACKM09, GL05]. One bias due to measurement is when a
property of a node is studied over time. As nodes arrivals are not synchronised, the obser-
vation duration may be di�erent from a node to another and the conclusion could therefore
be biased [Mag10]. In Section 3.3 I show in details how such a bias may be removed, based
on a methodology used in another context [SR06].

2.2.2 Analysis

One may consider the analysis part as the most crucial for understanding real world
networks and phenomena occurring within them. When we perform an analysis, the un-
derlying social network can be considered at two di�erent levels of resolution: one in which
the network may be seen as a heterogeneous population of individuals and is observed in an
aggregate way, and another which considers the structure of the network 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. Therefore, we use statistical
and structural notions in order to synthesize relevant graph characteristics. In addition,
one may be interested in analyzing the network at a microscopic scale, for example at node
scale for a static analysis (e.g. with the degree or betweenness centrality) or a dynamic
analysis (for example link arrival over time) [BHKL06].

Networks from di�erent contexts continually evolve over time. Thisdynamics impacts
the network topology, as nodes and edges are added and deleted.This evolution can be
observed at two scales:
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1. The evolution of macroscopic network properties, like diameter and network density
(through a series of network snapshots) [LKF07,CSN07].

2. The network evolution at the level of individual edges and nodes (for example nodes
popularity). Studying individual evolution is important as microscopicmechanisms
induce some properties observed at the macroscopic level [CMAG08,HPV].

2.2.2.1 Basic de�nitions

In this Section I present basic de�nitions and notations used throughout this manuscript.
A graph G = ( V; E) is de�ned by a setV of nodes(vertices in graph theory) and a set

E � V � V of links (edgesin graph theory). We denote byN (u) = f v 2 V; (u; v) 2 Eg
the neighbourhood of a nodeu in G i.e. all nodes which are connected tou 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 links (u; 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 two degrees. Thein-degree
is the number on incoming links and theout-degreeis the number of outgoing links.

The basic statistics describing such a graph are its sizen = jV j and its number of links
m = jE j. Its average degree isk = 1

n

P
u2 V d(u) = 2m

n ; its density is � = 2m
n:(n� 1) , i.e. the

number of links divided by the number of possible links between all pairsof nodes.

Moreover, a value can be assigned to every link to represent a property (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 integerk, the number Pk of nodes
with a degree equal tok: Pk = jf u 2 V : d(u) = kgj.

Degree distributions play a key role in graph analysis. In particularhomogeneousand
heterogeneousones may be distinguished.

In homogeneous distributions (such as normal, Gaussian and Poissonian distributions)
the degrees of nodes are very close to the average degree. This means that the average
degree gives an important information as it indicates the expected behavior of nodes.

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

Many works have demonstrated that real world characteristics follow power laws. For
Example, in the Internet most routers have a very low degree, whilea few routers have
extremely high degrees [FFF99]. Power-law distributions attempt to�t this degree dis-
tribution. We can cite many other examples as citation graphs [Red98], web network
[BKM + 00,KKR+ 99], online social networks [CZF04], Internet AS (Autonomous Systems)
graph [FFF99].

Power law distributions have been used to characterize many network properties. In
[Mit03,New06,CSN07] one can �nd a detailed mathematical analysis of 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 possible connections. It is a
measure of the local density of nodes and corresponds to the probability that two nearest
neighbours ofu are connected with each other. In other words, it is the probabilitythat
any two neighbors of any node are linked together.

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

cc� (u) =
jf (v; w) 2 E s:t v; w 2 N (u)gj

d(u):(d(u)� 1)
2

:

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

cc� (G) =

X

u2 V; d(u)� 2

cc� (u)

jf u 2 V; d(u) � 2gj
:

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

cc_ (G) =
3N4

N_

whereN4 denotes the number of triangles,i.e. sets of three nodes with three links in
G, and N_ denotes the number of connected triples,i.e. sets of three nodes with at least
two links in G. This notion of clustering is slightly di�erent from the previous one since
it gives the probability, when one chooses two links with one common extremity, that the
two other extremities are linked together.
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2.2.2.2 Common properties of complex networks

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

{ Low diameter : the average distance between nodes is low, i.e. there generally exists
a short path between every pair of nodes. This property leads to the notion ofsmall
world [Mil67](see Section 2.3) or also "six degree of separation" according to which
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 probability 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 chosen randomly.

{ Heterogeneous degree distribution : it is generally approximated by a power low,
pk � k� � , with � between 2 and 3 in general.

These properties are now considered as fundamental in the complex networks do-
main and are often completed by others applying to speci�c networks. For example,
[RB02, PGF02] show that real-world networks are resilient to random node attacks, i.e.,
connectivity is not highly impacted even if many random nodes are removed.

2.2.3 Modeling

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

2.2.4 Algorithmics

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

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

{ Information spreading: e.g. �nd the best way to maximize a spreading 
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 relationsbetween some indi-
viduals. It is modeled with a graph where nodes are people and edges are relations between
them, such as a friendship. It is traditionally studied by sociologists who analyze the con-
nections between individuals or collective behaviours and social structures. In sociology
we refer to vertices or people asactors and edges asties. Sociologists usually obtain their
data from interviews with the analyzed people. This data, although very 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 analyzed relations in the best
cases.

For most people, social networks nowadays refer to online social networking asFacebook
or MySpace. This term started to be used at the beginning of the twentieth century by
Georg Simmel. In the 1930s, Jacob L. Moreno was a pioneer in collecting and analyzing so-
cial interactions in small groups, especially classrooms and work groups. In 1954, John A.
Barnes [Bar54] started using the termsocial 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 small-world experiment
done by Stanley Milgram in the 1960s [mil69,Mil67]. Milgram was interestedin quantifying
the distance between two actors in social networks. It corresponds to the minimum number
of edges that must be traversed to travel from one vertex to the other through the network.
He found that the average length of completed paths was only 5:9. 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 particular de�ni-
tion will depend on what questions we want to answer. An edge can represent a friendship
or professional relation, communication pattern or money exchange.
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Recently, di�erent aspects related to the dynamics of real world networks have been
investigated, in particular key measures like link creation and deletion[SBF+ 08]. In the
context of social networks, such metrics are closely related to interaction patterns, as they
shed light on typical human behaviours, for example bursting activity patterns [?].

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

A recurrent topic of interest in this context is the detection of information bridges among
groups, like political parties [AG05a]. One possible way consists in tracking similar contents
throughout the dataset as in [GGLNT04]. On the other hand, citation links are supposed to
play the role of communication pathways, so they may be the elementary bricks of di�usion
processes, and may thus be compared to models of such phenomena [BGH+ 10,PSV01]. This
hypothesis has been studied in several contexts, including photo-sharing platforms [CPH09]
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, studyingtheir evolution
gives clues to understand dynamical trends such as the evolution of popularity [SBLGL10].

One class of networks iscitation networks. A classical example is author / co-author
citation network [BHKL06]. It corresponds to a network of citations between academic pa-
pers. The network is constructed with vertices as papers and there is a directed edge from
paper A to paper B if A cites B [LKF05] as I will explain in Section 3.2.1. The important
di�erence between citation networks and others (for example theworld 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 have been written. In blog
networks, we may �nd closed loops for many reasons, like local time error, human mistake
or even collecting data bias. In this case a preliminary correction data step is required as
described in Section 3.4.2.

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

2.4 Di�usion phenomena

The two main families of di�usion models from the literature arethreshold [Gra78,
GLM01] and cascademodels [AA05,CR09]. In threshold models, one node is 'infected' if a
given number (or proportion) of its neighbors are infected. In thiscontext, it can be seen
as an opinion adoption model. In cascade models, each infected nodespreads information
towards a given proportion of its neighbors.

2.4.1 In
uence patterns

In
uence has been studied in many di�erent contexts like sociology,communication,
marketing, and political science [KP05,Rog62]. The notion of in
uence has an importance
in di�erent contexts, for example in understanding how businessesoperate, how a fashion
spreads [Gla02] and how people vote [EK]. Studying in
uence patterns can help us better
understand why certain trends or innovations are adopted faster than others and how we
could help advertisers and marketers design more e�ective campaigns. However it is dif-
�cult to get readily available quanti�cation, and essential components like human choices
and the ways our societies function cannot be reproduced within the con�nes of the lab.

A more recent view has investigated the role of in
uentials. It showsthat the key
factors impacting in
uence are the interpersonal relationships between ordinary users and
the preparedness of people to adopt [WD07]; this approach has been used for marketing
strategies such as collaborative �ltering. In this thesis, in addition to studying the role
of in
uential nodes, I want to identify roles and in
uences of groupof communities on
information propagation.

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

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

The authors of [AG05b] have studied discussion topics and citation patterns of political
bloggers for the 2004 U.S. Presidential election. They have focused on political blogs and
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have shown that blog behaviors could be di�erent according to the type or topic of the blog.

The di�usion of topics over time has also been addressed in [GGLNT04].This study
concluded with the existence of two types of topics:chatter topics, with a stable popularity
over time, in opposition to spiker topics with varying popularity values. In Chapter 3 I
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 have afundamental role in
information spreading. Cascades are also known asfads. Many works observed how an
idea or action was suddenly widely spread through the network. In blog networks, a story
or piece of information may be widely cited by the blogger community and is eventually
also referred to by the mass media.

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

In many contexts, information cascades are spreading phenomena which can result in
a wide adoption [BHW92]. Cascades have been studied for many yearsby sociologists to
understand di�usion of innovation [Rog62]; more recent works haveinvestigated cascades
for the purpose of selecting trendsetters for viral marketing [DR01], �nding inoculation
targets in epidemiology [NFB02], and explaining trends in blogosphere [KNRT05].

In this thesis I investigate information spreading based on cascadeextraction. The
statistics computed are based on Leskovec et al. methodology [LMF+ 07] which uses ci-
tations between blogs to extract cascades rather than contentanalysis methods, which
produce less realistic cascading behaviors [GGLNT04]. However, I have proposed origi-
nal approaches to de�ne blog classes based on topological and community features of the
network (see Section 3.4).

Figure 2.1 illustrates a cascade sample which corresponds to a Directed Acyclic Graph.
In a cascade the node which starts the spreading is calledcascade initiator1. Its role may
be critical for the cascade propagation. Therefore, I have investigated (see Section 5.4)
how the community of the �rst node of the cascade impacts the cascade properties.

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

Social cascades have been studied through popular photos and a social network col-
lected from Flickr: [CMAG08] investigated how information disseminates through social
links in online social networks and showed that social cascades werean important factor
in the dissemination of content.

Previous research on the di�usion of information and in
uence overnetworks has been
done in the context of epidemiology and the spreading of diseases [Gra78,GLM01]. There
are many models of in
uence spreading in social networks. I will not detail epidemiological
models because they are not our purpose. We have to note that for example a model of
product di�usion predicts the number of people who will adopt an innovation over time.
It does not explicitly account for the structure of the social network but it assumes that
the rate of adoption is a function of people who have adopted. In mywork I will not only
consider how wide a di�usion is but also topological, temporal and community character-
istics.

Most works have focused on the study of thetopological patternsof the underlying
contact networks and their in
uence on the properties of spreading phenomena in social
networks such di�usion of information, innovations, computer viruses, opinions [BBV08,
DNMKKL09,IKMW07]. However, most of these studies of dynamicalphenomena on social
networks do not consider the community structure of the network.
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2.5 Communities

Community research �eld is strategic to understand and analyze complex networks.
The �rst type of research on communities is related to community detection algorithms.
Many automatic community detection algorithms exist, in general based on node similar-
ity, which identify groups of nodes which have similar properties [For09,NG04]. [BGLL08]
proposes a very e�cient algorithm to compute a hierarchical community structure in very
large graphs. Another approach proposed by [YYA10] to detect hierarchical communities
consists in creating link communities instead of nodes communities. Allthese algorithms
try to maximise an objective function (for example modularity [NG04])and have been
tested on synthetic and real graphs. Community detection is not our purpose in this thesis.

The second type of research on communities is their analysis. Unfortunately only few
works tried to understand the community structure of real-worldcomplex networks. Dur-
ing the 2004 U.S. Presidential election, the authors of [AG05b] studied discussion topics
and citation patterns of political bloggers. They showed that blog behaviors could be
di�erent according to blog types or topical communities. For example news blogs do not
behave as personal diaries. In [BHKL06] authors have proposed aframework for compar-
ing the di�erent kinds of communication dynamics within di�erent communities of social
communication networks.

In this chapter, I have presented the methods and the notions mostly used for analysing
real-world networks in general and social networks in particular. Ihave presented how links
have been studied in di�erent contexts and for various purposes.As we have seen, most
of these works are based on topological graph properties, but the community structure of
the network is rarely considered to analyse spreading. In this thesis, I address topologi-
cal and temporal blog network characteristics and show community impact with di�erent
determined patterns.
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3.1 Introduction

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

The chapter is organized as follows. After a description of a blog network and of the
dataset I used for this study in Section 3.2, Section 3.3 presents the results of traditional
blog and post analysis. My contributions related to the characterization of post and cita-
tion dynamics according to their community structure are described in 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 hasbecome an important
medium of communication and information on the Web for a large population due to
an easy use and an intuitive interaction. In the research domain, this virtual network
is extremely popular due to its timely nature and the observation of the creation and
spreading of information and opinions at a large scale. The work presented in this chapter
was published in [SBLGL10].

3.2.1 Blogs

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

Most blogs are interactive: visitors may write a comment and send messages to the
author; this interactivity distinguishes blogs from static websites. Many blogs provide
comments or news on a particular subject; others function as more personal online diaries.
A typical blog contains links to other blogs, text, images, and links and other media related
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to its topic. Blogs are generally textual, however some blogs focus on art (art blog), videos
(video blogging), and audio (podcasting).

Types of blogs

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

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

Most blogs are personal some others operate in a collaborative way. Personal bloggers
usually take pride in their blog posts, even if their blog is read by only few people. Po-
litical blogs may have many contributors with the same goals, who discuss their political
orientation and give their opinion on daily people preoccupations. Thisis also the case
in blogs dedicated to news (considered as a mass media). Journalistsand specialists of
various �elds (sociology, art, sport, music) maintain their blogs andtheir publications are
an extension of the journalistic work. Therefore, they are more professional and have a
di�erent way of writing and presenting their content, and making citations to other blogs
(which has a direct impact on the analysis I make in this thesis).

Blog structure

As I said above, a blog is constituted by a set of posts written at a determined time
(date in Figure 3.1) with a text body with references to other pages on theweb (for example
pictures, videos and websites). In the text we may found a reference to a previous post,
from the same blog (auto-citation) or from another blog, by quoting 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 posts (and consequently
blogs).

In addition to citation link and publication date the blog is composed of ablog-roll
which is a static set of blogs which the current blog is referring to as blogs 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 a post Pa from
blog A and a postPb from blog B. If Pa contains a reference toPb, 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 (notedout-link ).
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Figure 3.1: Blog sample

In terms of information spreading, we can say thatPa has 'adopted' Pb's content or
that Pb's content has been spread towardsPa. The citation relationships between posts
may be extended to the blogs they belong to: we may then say that blog 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 discussion)1.

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

Previous works have studied the process of post and link creation and shown 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 perspectives.
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Figure 3.2: Authority and hub

This burstiness results from human behavior [WCP+ 02,VOD+ 06] and may be observed in
di�erent contexts. As said earlier, power law distribution is indeed observed in many social
network properties [BA99b].

3.2.2 Data description

Figure 3.3: Three continents

The corpus analyzed in this section was obtained by daily crawls of 6344 blogs (1; 230; 692
posts) during 4 months from November 1st, 2008 to March 1st, 2009. These blogs have
been chosen according to their popularity and activity in the French-speaking blogo-
sphere. They have been selected by a company specialized in blog andopinion 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 description of their pub-
lications by RSS (Rich Site Summary); RSS represents a key featureto capture temporal
features as all posts published by the 6344 blogs are recorded as they are 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 analysts according to
their topics; we therefore call this classi�cationsemantic or topical.

The existence of this community structure is a major advantage asit allows us to study
the impact of topical communities on network topology and on post dynamics (see Section
3.3). This manual classi�cation provides three abstraction levels: Continent, 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 structure 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 correspondsto the number of blogs
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within each community. It also shows the sub communities in each continent. In Table
3.1 I have cited the �ve most active blogs for each continent.Society 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, cars blogs. Individu-
ality continent regroups more personal blogs where people share theirstories, experience
or their centers of interest.

Blogs have been selected according to their activity. However, in order to represent the
3 continents fairly, approximatively the same number of blogs has been chosen in the 3
corresponding communities, as shown in Table 3.22.

In chapter 3 I will give a more detailed description and analysis of this manual commu-
nity structure. For now, I want to show the impact of the community 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 are citations between
posts (see Figure 3.4.a). The analysis at post network layer gives a macroscopic vision of
interactions within the blogosphere. For example, it allows to observe the impact of a post
in terms of number of citations which corresponds to theimpact of one topic (for example
election results or virus danger) during a speci�c time. The post network is a Directed
Acyclic Graph (DAG) because as we mentioned previously we cannot cite a post which has
not been published yet. The edges are not weighted and have a timestamp corresponding
to the time of citation. All outgoing links of a given post have the sametimestamp. On
the other hand, incoming links may have di�erent timestamps as theycome from di�erent
posts.

The blog network is a graph representing blogs connected by inter-blog citations. Nodes
of the graph are blogs and edges, corresponding to citation links, are directed and weighted

2. In this table, all �ltering steps have been applied except removinglinks referring to resources.
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Figure 3.4: Blog and post network

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

Now I explain how the data are represented and how I build the blog network. Starting
from the crawled pages for each postP (the following information was extracted for each
post P which belongs to a blogB and published at timeT). The �rst line should be read as
follows: at time T, the post P from the blog B cites the postPi from the blog B i (created
at time Ti ). A post Pi cited by P is published at timeTi (4th column) induces thatTi � T
as a post cannot refer to a post which has not been published yet.

T P B T1 P1 B1

T P B T2 P2 B2

::: :::
::: :::

T P B Tk Pk Bm

If a post P makes multiple citations to the same postPi , only one citation is considered
as it corresponds to citations at the same time and links between posts are 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 byP
can belong to the same blog (B1 to Bm ).
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Considering this set of citations, the post network is created as follows:
{ Add node p
{ For i between 1 andk, add the nodePi if it does not exist i.e. if this is the �rst time

this post appears in the data.
{ Add k directed edges betweenP and Pi 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 i 2 f B1; B2; :::; Bmg, add the nodeB i if it does not exist.
{ For all B i 2 f B1; B2; :::; Bmg:

{ If no edge exists betweenB and B i , add a directed and weighted edge betweenB
and B i ; the weight of the edge is the number of citation links betweenB and B i

created byP.
{ If an edge already exists, increment the weight of the edge by thenumber of new

citations made fromB to B i .

3.2.4 Data Cleaning

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

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

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

Out-links can point to a post inside the dataset (if the post has beenpublished by
one of the 6344 blogs of the corpus), or outside the dataset if thepost refers to a post
belonging to another blog, a resource (picture, video...) or any web page. During the
cleaning process those links were removed for two reasons: �rst,resources like pictures
cannot 'cite' any post and therefore cannot contribute to the citation dynamics. Second,
no temporal information is available about blogs outside the dataset, so 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 towards
blogs outside the initial dataset were removed as these blogs are not connected to any blog
from the initial dataset. After this �ltering process, the blogs network contains 4907 nodes
(blogs) and 28; 258 edges (citation links among blogs).

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

3.3 Activity analysis

In this section I present a �rst blog and post network characterisation, starting by a
temporal study of the blogosphere activity. Then, I analyse blog network topology and
and blogs degree with a traditional approach (used in similar studies [KNRT05,AZAL04])
based on the blog network community structure.

3.3.1 Blogosphere activity

I �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 blogsactivity. Moreover, it
is useful to detect periodic behaviors.

Figure 3.5a shows the number of posts published daily during 4 months. Instead of
starting from a low value and increasing gradually, the number of posts is high from the
beginning, which is due to the crawling technique: the activity of all blogs of the corpus
is monitored by link
uence3 (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 suddenly after the 40th
day. This is also due to the crawling method, as a new set of blogs was introduced in
the corpus at that time. To avoid any bias due to measurement the �rst 40 days have
therefore not been taken into account. We can also observe an activity decrease between
days 50 and 63. This corresponds to the period of Christmas holidays, during the two last
weeks of December, which indicates that bloggers are less active during holidays. Figure
3.5b displays the number of posts created for each day of the weekfrom Saturday to
Friday. A weekly periodicity may be observed on this �gure, as week-end days show a
lower production activity. This e�ect has also been observed in previous work [LMF+ 07].

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

3.3.2 Blog and post networks characterization

In this section I use a classical methodology to characterize real-network topological
properties. All analysis have been done on 80 days of corpus data (as I have removed the
�rst 40 days as mentioned previously). First, I use statistical distributions, and investigate
the blog degree, distinguishing between incoming (in-degree) and outgoing links (in-degree).
I also use the community structure to observe its impact on degreedistributions.

Figure 3.9 represents the in-degree and out-degree distribution and cumulative distri-
bution. We may observe that in-degree and out-degree follow similardistributions (Figures
3.6a, 3.6c). They are very heterogeneous and well �tted by powerlaws with exponents 1:4
and 1:1. The two exponents are lower than what we may �nd in literature for other real-
world networks (between 2 and 3). This statical distribution can bedi�cult to interpret
as dots may superpose. Therefore I complement it by a cumulative distribution where it
is easy to identify major values as well as extreme behaviors.

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

To go further I have plotted the in and out-degree with regards tothe blog continent.
The aim is to observe the impact of topical communities on blog degree. To be able
to compare the degree distributions I have plotted cumulative density 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) d)cumulative distribution
in the blogs network.

of blogs a degree less or equal to 10.
Figure 3.7a shows in-degree cumulative density distribution. We observe that the distri-

bution of blogs fromSocietycontinent 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 fromIndividuality 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 degreeis the correlation
between in and out-degrees. Figure 3.8 shows that these degreesare correlated for high
degree values (approximatively when the degree is higher than 180). The interpretation is
that if the blog is active enough than it will get an attention (i.e. a number of in-links)
proportional to his activity. However, as the number of dots with low degree values is high
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Figure 3.7: in-degree and out-degree cumulative density distribution per 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 equal to 0:36. 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 [LMF+ 07] which observed an even smaller correlation coe�cient.

In addition of blog degree, we are interested in the number of links (citations) between
two blogs. As mentioned previously, I do not take in count auto-citation links (links from
a post to another post from the same blog) because I want to characterize how two distinct
blogs may cooperate with each other. Figure 3.9a shows the cumulative distribution of
inter-blog links number. In addition of being a heterogeneous distribution 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 exceed10 however we may
�nd some blogs which interact more than 20000 times. In complementarity of the number
of intra-blog links I have been interested in the number of days during which two blogs
have interacted with each other at least once. We observe that 64% of blog pairs interact
only one day and 94% less than 20 days. Those results also illustrate that most blogs have
only very few interactions with other blogs whereas some blogs havea high activity and
during a long time.
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Figure 3.9: Inter-blog activity

The activity of a blog can be measured through the number of postsit sends (publishing
activity) or through the number of citations by others blogs (in-linking activity which
re
ects the in
uence of the blog). I have calculated the distribution of the number of
citations per blog. In the blog graph this represents the sum of weights of out-going edges.
It is close to a power-law distribution with exponent 1:2. The total number of citations
is 666; 191 which represents an average of 135 citations per blog during 4 months. The
number of posts per blog is also close to a power law with exponent 1:25. The distribution
of edges weights in the blog network, which corresponds to the number of blog-to-blog links
also follows a power-law distribution with exponent 2:27. The post network has similar
characteristics. I have found that distributions of posts in- and out-degrees are close to
power laws with exponents 2:6 and 3:1 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 I explore new approaches and methods to characterize post and citation
dynamics in di�erent blog communities. The post popularity measuresthe impact of
posts over time. More precisely I study the evolution of the numberof incoming links
starting from the day of publication. I also pay attention to biases that occur when
studying a property over time (in this case post popularity). I address how such a bias is
introduced and how it may be removed for better results. Here I present a methodology
which goes beyond traditional approaches by de�ning classes of dynamic behaviors based
on topological features of the post network, and by investigatingthe 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) Citation and post
correlation.

I investigated how the overall number of citations and posts evolved over time. Figure
3.10a presents this evolution during the 80 days of measurement (the �rst 40 days have
not been taken into account as explained in Section 3.3). Figure 3.10ashows that the
numbers of posts and citations grow in similar ways. Figure 3.10b presents the correlation
between the number of citations and posts per day. The daily ratio between total number
of citations and post remains approximatively constant during the 80 days, with an average
value of 1:28. This high correlation of post and link numbers per day means thatthe ratio
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between the total number of citations per post is constant even when blogosphere topology
changes.

3.4.2 Biases

Trying to study the dynamics of a complex network is usually biased since only a partial
view of the studied object may be observed [BM].
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Figure 3.11: Biases causes

A bias is induced by missing information, typically all links that appear before or after
the capture. This type of bias is observed when we study a property over time and the
nodes arrive in the system in a desynchronized way. Such biases have been studied in
Peer-to-Peer networks and other contexts [SR06,BM]. In this case I consider citation post
arrivals. Each post has a date of publication, afterwards, it may becited by more recent
posts and possibly after the end of the collected data. If a post is published before the
start of the trace (see Figure 3.11.b) the studied property will be underestimated. Border
e�ect also appears when links arrive after the end of the measurement (see Figure 3.11.b).
This creates a bias toward posts appearing at the end the captureas they cannot be cited
during as many days as earlier posts. The result is that we overestimate the observed
property at the end of the trace.

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

3.4.3 Post popularity

Now I investigate the evolution of post popularity evolution after publication day, in
terms of number of links each post gathers from its �rst day of appearance (i.e. its posting
day) until 40 days later, according to the methodology to correctbias described in Section
3.3. In Figure 3.13a we observe that most citations are made within the �rst 24 hours
which is in accordance with previous studies [AA05]. Results di�er from[LMF + 07] where
popularity decreases signi�cantly at the end of the measurement,but this is due to the
bias I 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 according to their community
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(Leisure, Society, Individuality). We observe that popularity of posts from Individuality
community decreases more than the popularity of posts from Leisure and Society after
13 days after post creation. Moreover, although the number of citations of posts from
Society community is higher than the number of citations of posts from Society, both plots
tend to converge after 27 days after post creation. As a conclusion, 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-axis (denoted by X )
represents the number of days during which the posts have been cited. a) The value on
the y-axis (denotedY) corresponds to the number of distinct citation periods (e.g. for a
post cited on days 1; 2; 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, f 5g and f 7; 8g). b) The value on the y-axis
represents the sum of all citations of a post for the corresponding number of days. So for
example a dot with coordinates (3; 34) represents a post which hasbeen cited on 3 distinct
days and 34 times in total.

An interesting approach to study posting behavior is to classify posts according to
incoming citations. Thanks to the bias correction method, all incoming citations for each
post are known during 40 days after its creation. Figures 3.14a and3.14b explore this
information.

On Figure 3.14a, an additional curve is displayed, corresponding to astochastic 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 ploty = x � (40 � (x � 1))=40). We can observe that
the dots are very close to this stochastic behaviour. Apart from posts which are cited only
a few days (i.e. for whichX is low), the citation of posts is neither oscillating (asY values
are not higher than those of the stochastic curve) nor continuous (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 each day is not
visible; Figure 3.14b completes the view; We observe that most postsare cited only few
days. However a group of posts can be identi�ed which are cited more than 30 days; they
correspond to a speci�c class of behavior. Moreover, posts whichare cited on many days
(i.e. with high X values) are cited more than once a day, asY 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 frequency of citations per day.

Figure 3.14b indicates a statistically signi�cant classi�cation of postsinto two groups:
{ posts which are cited on at most 10 distinct days; they represent99% 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 three continents (Leisure,

Society and Individuality) are distributed among these two types ofpopularity.

3.4.5 Post popularity and impact of community structure

Let us �rst focus on posts which are cited only one day. Figure 3.15ashows the distribu-
tion of the total number of in-links for all posts cited only one day and 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 these posts represents 89%
of the total number of posts in the dataset; second, taking into account all posts of the
�rst class would be confusing e.g. a post cited 10 times on a single day would appear
like a post cited once on 10 distinct days. The distributions of the posts of each class are
heterogeneous. However, the behaviors within each community di�er: the Individuality
continent has the lowest total number of citations (corresponding to the surface below its
curve) which indicates that personal blogs have a smaller popularitythan posts from other
blogs. The popularity of posts from theLeisure community is much higher but these posts
are not cited many times as the maximumx value is 9 (i.e. posts cited 9 times on the only
day they have been cited). On the other hand we observe that all posts with x > 10 belong
to the Society continent. Those posts have a high popularity and the corresponding topics
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Figure 3.15: a) Distribution of citations of posts cited only one day. Adot with coordinates
(x; y) means that there arey posts which have been citedx times on their single citation
day (as X =1). b) Cumulative number of citations per total number of citation days.
This plot represents the cumulative probability density function (CDF) of the number of
citations per number of days forX greater than 3.

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

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

3.5 Conclusion

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

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

One conclusion of this �rst work is that the study of complex systemproperties (in
this case the characterisation of post citation activity) through the community structure
point of view is a promising approach. This approach goes beyond traditional methods
and provides a complementary interpretation to traditional methods 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 important topic
with both fundamental and practical implications [LMF+ 07]. However the volume and
complexity of these networks make this task very challenging. Intuitively, nodes with
common features i.e. which belong to a samecommunity [NBW06] tend to interact pref-
erentially with each other, but limited knowledge is available on this topicfor real-world
data [CR09].
In Chapter 3, I have shown the impact of topical communities on citation behaviour
[SBLGL10]. I have focused mainly on post popularity and have observed that a com-
munity approach can be e�cient to classify and detect speci�c patterns with regard to this
property.

In this chapter I go further and propose a generic methodology in Section 4.2 to study
interaction links in complex networks with regard to their community structure. To do so,
I de�ne two measures: linkhomophily and community distance. This approach consists in
studying interaction links at various community scales, and thus at various granularity lev-
els rather than considering nodes individually. Moreover, it allows to identify new classes
of communities and to cartography them with regards to their interaction behaviour. I
also study variations between incoming and outgoing links.
My approach is original as it studies citation patterns with regards to a prede�ned hier-
archical community structure. Community detection is often an automatized task, using
algorithms which rely on the structural properties of the network(for a review see [For09]).
In addition to topical communities, I have implemented my methodology with synthetic
community structures using Louvain algorithm [BGLL08] which proposes an e�cient algo-
rithm to compute a hierarchical community structure in very large graphs.

I apply this methodology to the same blog network as before [SBLGL10] in Section 3.2.
This approach allows to study interactions with regard to the community structure and
conversely to characterize communities according to link homophily and distances. The
citation behavior of the studied blogs is analyzed with regard to two di�erent community
structure:

{ in Section 4.3, the topical community structure provided by blog analysts is consid-
ered;

{ in Section 4.4, an automatic community detection algorithm is used onthe dataset
to identify a partition of blogs according to citation links in the blog network, thus
showing that this methodology may be applied in a general case even ifno community
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structure is given.
The work presented in this chapter was published in [BGTL11].

4.2 Framework

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

This section is structured as follows: I �rst introduce de�nitions related to the hi-
erarchical community structure. I then de�ne in Section 4.2.2 two metrics to evaluate
whether interaction links relate nodes from a same community (at alllevels of the hierar-
chical structure). I explain how these metrics are complementaryto modularity which is
used traditionally to evaluate partitions quality [NBW06]. In Section 4.2.3 I 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
I propose requires a community structure such that each node ofV belongs to exactly
one community at each level of the tree1. Communities may be based on nodes features,
e.g. groups of web pages dealing with similar topics, or on topological information, e.g.
hyperlinks between these pages. Case of studies will be given in Section 4.3 and 4.4 with
semantic and topological community structures respectively.

De�nition 1 Hierarchical Community Structure
Given a community partitionP = f C1; C2; :::; Clg of V , a sub-partition P0 = f C0

1; C0
2; :::; C0

mg
of P is a partition of V such that8 C0

i 2 P0, 9 Cj 2 P such thatC0
i � Cj . This is denoted

P0 v P.
A hierarchical community structure of G is de�ned as a series of partitionsPk v

Pk� 1::: v P2 v P1 v P0 with P0 = V, i.e. P0 contains only one community which is

1. More general hierarchical community structures will be considered in the future to allow overlapping
communities.
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the whole set of nodes andPk = ff vg; v 2 Vg, i.e. Pk contains n communities containing
each only one node. Given a partitionPi , i is called the level of the partitionPi within the
global tree of communities with(k + 1) levels.

  C3
C1' C2' C3' C4' C5'

C1

C1' C2'

C2

C3'

C4' C5'

Partition P0

Partition P1

Partition P2

a) Tree vision B) Nested ensembles vision

C0

C0

C1 C2 C3

Figure 4.1: Hierarchical community structure example

In �gure 4.1, I give two example representations of a same community structure, a tree
and nested partition vision. In this example, the community structure has 3 partitionsP0:
the whole network,P1: 3 communities,P2: �ves communities .

Let C 2 Pi ; we denoteD j (C) the set of descendentcommunities at distancej of C in
the community tree, i.e. D j (C) = f C0 2 Pi + j ; C0 � Cg, with ( i + j ) < k + 1. Note that
j 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 hierarchical com-
munity structure (i.e. in each partition Pi ) we may de�ne a function denotedCi identifying
a node's community at leveli of the community structure. Letv 2 V; Ci (v) = C 2 Pi , s.t.
v 2 C.

4.2.2 Homophily

The approach I present requires an interaction network and a hierarchical 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 tree, 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 Pi of the hierarchical community structure. Let
G0 = ( C; E0) be the subgraph induced byG = ( V; E) i.e. C � V and E 0 = E \ (C � C).

We de�ne � j the proportion of edges ofE 0 that connect two nodes from the same com-
munity at the j th level of the community tree, withj > i .

� j (C) =
j f (u; v) 2 E 0; Cj (u) = Cj (v)g j

j E 0 j

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

 j (C) =

P
C02 D j � i (C) j E 0 j � (j E 0 j � 1)

j E j � (j E j � 1)

High values of � j (C) �  j (C) indicate a high homophily, i.e. a signi�cant fraction of
links between nodes from a same community at thej th level of the hierarchy, independently
of the number of edges in these communities. Themodularity function [New03, CNM04]
has been de�ned to evaluate the quality of a partition; a high value ofmodularity means
that there is a high density of links within communities of the partition. However, the
metrics � and  I propose do not have the same goal: they measure the proportionof
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 samecontinent (resp. region, territory ) in the whole graph.

Given the subgraphG0 = ( C; E0) induced by G, I will therefore compare the value of
� j (C) �  j (C) with the value of modularity Qj (C):

Qj (C) =
card(Dj � i (C))X

s=1

"
ls

j E 0 j
�

�
ds

2� j E 0 j

� 2
#
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where ls is the number of links between nodes within community s,ds is the sum of
the degrees (total number of links) of nodes in s, andi is the level of community C in
the community tree. Two communities may have very closeQj (C) values but di�erent
� j (C) �  j (C) values. This will be illustrated in Section 4.3.2.
I will study interaction links homophily by �rst comparing � j (C) value for the various
communities at di�erent levels of the community tree. I will then use j (C) values two
identify the most relevant � j (C) values when these values are close for several communities.

4.2.3 Community distance

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

De�nition 4 Community distance
Given a couple of communitiesu 2 Pi and v 2 Pj , there exists a minimal integert such

that there is a communityC in Pt with u � C and v � C. We then de�ne the community
distance of the spreading link(u; v) as:

d(u; v) =
(i � t) + ( j � t)

2

This distance will be used for communities at thekth level to characterise interaction
links between nodes.

Note: If the community tree is a balanced tree then the de�nition of community
distance can be simpli�ed as the distance to the closest common ancestor in the community
tree. Given a couple of communitiesu; v 2 Ph, there exists a minimal integert such that
there is a communityC in Pt with u � C and v � C.

d(u; v) = h � t

Figure 4.2 shows an example of two community distances measurements. In 4.2.a we
measure the community distances links made betweenu, v in red (u 2 C10 and v 2 C20)
and u0, v0 in blue (u0 2 C30 and v0 2 C50). In this case,d(u; v) = 1 and d(u0; v0) = 2 which
indicates that the link betweenu0 and v0 connects two communities more distant than the
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  C1' C2' C3' C4' C5'

Partition P0

Partition P1

Partition P2

C0

C1 C2 C3

C3

C1

C1' C2' C3'

C4' C5'

a) Tree vision B) Nested ensembles vision

C0
v'u'vu 

C2

Figure 4.2: Community distance example

link between u 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, I distinguish links which
start from C (outgoing links), denotedout(C), and links which arrive to C (incoming links),
denotedin (C).

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

in � (C) =
j f (u; v) 2 in (C) s:t: d(u; v) = � g j

j in (C) j

out� (C) =
j f (u; v) 2 out(C) s:t: d(u; v) = � g j

j out(C) j

The distribution of distances associated to incoming and outgoing citation links will
allow us to identify categories of blogs and to map communities according to their blogs
interactions (see Section 4.3.3).

4.3 Case study: topical community structure

In this section, I use the formalism introduced in Section 4.2 to analyze the 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 French-speaking blogo-
sphere (1; 074; 315 posts) during 4 months from November 1st, 2008 to March 1st, 2009.
The blog network dataset we used for the experimentation is the same dataset described in
Chapter 3. In the previous Chapter I have focused on post popularity and therefore have
worked at post network layer. In this study, I focus on blog interactions. Consider a post
Pa from blog A and a postPb from blog B. If Pa contains a reference toPb, 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 anautomatic classi�ca-
tion. Second, classifymanually each blog into hierarchical classes based on topical blogs'
knowledge. In this study I use a manual community classi�cation. Such a classi�cation is
generally hard to obtain due to the large size of datasets, but is very interesting as it is
validated manually, unlike in automatic classi�cation.

In this case classi�cation intocommunitieshas been built manually by professional blog
analysts according to blogs topics (http://linkfluence.net ). This topical classi�cation
is organized in three hierarchical levels:continent, region and territory (from the most
general to the most speci�c, see Figure 4.3). For instance, the blog http://www.sailr.com
belongs to theleisure continent, the sport region and the sailing territory . The hierar-
chical community structure I consider for this dataset therefore comprises 5 levels: level 0
corresponding to a single community (with all blogs), level 1 with 3 continents (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, I therefore consider the directed graphG =
(V; E) where V is the set of blogs andE 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 levels.

Level i � i (G) � i (G) �  i (G) 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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Figure 4.3: Blog network community structure

First, I measure the � j probabilities over the whole graphG = ( V; E) in order to
evaluate the impact of the levelj in the hierarchical community on homophily2.

The results presented in Table 4.1 show that �1(G) = 89% which means that 89% of
blogs cite blogs from the same continent. Moreover, 74% of blogs cite blogs from the same
region (and therefore same continent). The value of �2(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 quality than layer 1. On the
other hand, layer 3 has the lowest modularity. �3(G) is also lower than � 2(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 continent and 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, I now focus on links within each continent at the re-

2. Since posts from the same blog have by de�nition the same classi�cation I 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 citeblogs within the same
region (Table 4.2). We may see that homophily values are very high. Inparticular, Individ-
uality and leisure continents have � 2 values greater than 98%. However, 2(Individuality )
is also very high (97%) which means that the high value of �2(Individuality ) is more ex-
pectable than the value of �2(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. However, the high value of
� 2(society) �  2(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 be in a
random case, and this continent is therefore also relevant.

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

We may also observe in Table 4.3 a very low homophily probability with regards to
random values, for example, �3(automobile)�  3(automobile) = 0 :041. Blogs in this region
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cite blogs outside their territories much more than in the random case. 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
examplebasketball, cycling and diving) do not cite one another. Therefore,sports region is
considered as a highly homophile community, which is also the case ofappearance, notebook
and cooking regions.

Figure 4.4a shows that �2(C) �  2(C) and modularity Q2(C) are correlated for almost
all regions as most of them are close to the diagonal: both homophily and modularity con-
sider the density of links within a community; � j (C) �  j (C) could therefore be considered
as a kind of unbiased modularity (with regards to the number of links ineach community).
More precisely, I illustrate the di�erences between both functionsin Figure 4.4b which
plots the values of � 2(C),  2(C) and Q2(C) for all regions, sorted by increasing modular-
ity value Q2(C). We may observe that regions with very close modularity values mayhave
very di�erent � j (C) and  j (C) or � j (C) �  j (C) values (eg. regions 5, 6, 9 corresponding
respectively to agora, cooking and notebook). This con�rms that in order to study ho-
mophily we have to consider at the same time the value of �j (C) and � j (C) �  j (C) and
not only one of them.
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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 considering the distribution
of community distances for all links of G (given in Table 4.6). Distance 1links connect
blogs from the sameterritory (and thus the sameregion and continent). Distance 2 links
connect blogs from the sameregion 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 means that most links
are between blogs from the sameregion but not the sameterritory as one may suppose.
The region layer is therefore signi�cant from the citation point of view 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 wasvery low for some
communities and that most citations were between blogs from the same region. In this
section, we go further by �rst studying for eachregion its number (resp. fraction) of links
at each distances 1; 2; 3 and 4, see Figure 4.5a (resp. 4.5b).

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

We distinguish incoming (in ) and outgoing (out) links because they have di�erent
meanings. In links measure the attention raised by a community while out links re
ect its
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Figure 4.5: Number of link distances by region
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Figure 4.6: Fraction of in and out link distances by region

centers of interest (i.e. the blogs it refers to). For example, a community can cite blogs
from close communities (at a small distance) and be cited by blogs from far communities
(at a high distance).
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In Figure 4.6 we characterise blogs from each region according to their fraction of out
links out� (C) (Figure 4.6a) at each distance (resp. in linksin � (C) in Figure 4.6b): blogs
from notebookregion cite distant blogs (i.e. from di�erent continents as most out links
are at distance 4). On the other hand, these blogs are mostly referred to by close blogs
(from the same territory as distance 1 is the majority for in links). When we now compare
regions, some communities with very similar pro�les appear, for example, 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, basketball). Sports and cooking may thus be
classi�ed asself-centeredcommunities.

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

X-sport 3 region incoming links come at 80% from the same territory or region (distance
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 the blogs it cites,
but it cannot control who cites it, which leads to various in links distances.
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Figure 4.7: Fraction of in and out link distances by territory in individuality continent.

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

3. X-sport: extreme sports
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resents the fraction of incoming and outgoing link distances forindividuality territories.
Individuality continent is partitioned into 4 regions (appearance, notebook, homeandhouse)
and 14 territories (listed in Figure 4.7). The �rst observation is that in and out links dis-
tances distributions are more similar than it was the case at the region layer (on Figure
4.6). However, outgoing links have a more important proportion of links 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 classifyindividuality territories
into three classes. The �rst class gathers territories which have asigni�cant fraction of
links at each distance. There are 6 territories in this class which belong to homeand house
regions (the 6 last territories in Figure 4.7). This citation pattern behaviour indicates that
those blogs interact (both through incoming and outgoing citations) with a large variety
and number of communities in the blogosphere at each level of the community tree. The
second class contains self-oriented communities (fashion and comics). The third class is
made of territories with a high distance majority. A deeper investigation shows that the
topics of those blogs are related tosociety 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 layer. Green
square=society, red circle=leisure, blue triangle=individuality.

So far, I have analyzed the fraction of link distances in each region.In order to provide
an overall picture, I have used average distances of in and out linksas the coordinates of
each region on a 2D map (Figure 4.8). We may note that the patternsfound in Figure 4.6
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are con�rmed here despite the use of an average value. For example x-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 behaviour of these blogs is
not related to their topical classi�cation (they always cite and are being cited outside their
topical community).
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Figure 4.9: Average in and out links distance correlation insport community

Now I focus on more speci�c communities at territory level. I �rst consider territories
within sport region (Figure 4.10). In this example I 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 2:4 for all communities, which
means that in average incoming links come fromsports region. Cycling and yachting have
almost an average of 1 for incoming and outgoing links, so they are atthe same time
self-centered (no outgoing links with high distance) and do not get any attention from the
rest of the blogosphere even fromsports blogs. Basket ballcommunity has the same pro�le
for incoming links but is less self-centered and tends to cite blogs within its community
as the average links distance is close to 1. On the other hand,Horse-riding and rugby
communities cite blogs from other regions and continents and do notinteract with close
communities even in the same continent (distance greater than 3).

The second example is related to political blogs withinagora region (Figure 4.10).
First we may observe that all political blogs have incoming and outgoing average links
distances lower than 2:3. Consequently political blogs interactions globally remain within
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agora region. The territories correspond to political groups in France. It is interesting
to observe that europe political group has fewer interactions outside its community than
the other political groups while its activity in terms of number of interactions is high('
4000). The ecologypolitical group has a di�erent pro�le, its audience (incoming links)
remains local while its centers of interest tend to be outside the territory but still inside
the political sphere. All other political groups have an average outlinks distance comprised
between 1:9 and 2. They have the same citation behaviour which consists in a local citation
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 territory to another.Right-
wing political group receives a rather local attention whileextreme 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 communities

Until now I have studied community citation pro�les in terms of proportion of links and
average distance rather than number of links. I complete the study in Figure 4.11 where I
plot the number of in links with regards to the number of out links at distances 3 and 4 at
the region layer.

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

regions belong tosociety 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 I have applied the proposed community-based methodology to the
topical community structure obtained manually. In this section I apply 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 cases. The second objec-
tive aims at generalizing the proposed methodology to other types of community structures.

As mentioned previously, most graphs from di�erent contexts canbe decomposed in
sub-graphs of communities. In community detection algorithm �eld the most common
de�nition of communities is a set of sub-graphs with nodes densely connected and the
nodes belonging to di�erent communities being sparsely connected.There are several
algorithms in literature as mentioned in section 2.5. One problem in mostcommunity
detection algorithms is that they are not deterministic which means that two executions on
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the same graph may produce two distinct results. For this study I have used an extension
of Louvain community detection algorithm [BGLL08] (a description ofthe algorithm is
given in the next section). One bene�t of this algorithm is that it calculates community
partitions which are stable over time, calledcommunities cores. In the previous Section I
have studied link citation properties with regards to a topical community structure. Here I
consider this automatic community detection algorithm which uses topological 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 proposed to�nd good partitions
in a reasonably fast way. Community detection algorithms can be classi�ed into three
categories: divisive algorithms, which detect inter-community links and remove them from
the network, agglomerative algorithms, which merge similar nodes/communities recursively
and optimization methods, based on the maximisation of given a function. The quality of
the partitions resulting from these methods is often measured withmodularity. Louvain
algorithm is considered as an agglomerative algorithm.

The algorithm is divided in two phases repeated iteratively. In this case we assume that
we have a weighted network of N nodes. First, the algorithm assignsa di�erent community
to each node of the network; in this initial partition there are thus as many communities as
there are nodes. Then, for each nodei it considers the neighborsj of i and evaluates the
gain of modularity that would take place by removingi 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 obtain a partition.

The detection of core communities consists in detecting the most stable communities
[QF10] appearing in several executions of the algorithm4 . First, the Louvain algorithm
is applied n times (in our case we �x n = 100). Second, for each pair of nodes (i; j ) we
calculate the number of executions (frequency notedP(i;j )) for which i and j appear in the
same community. After, a threshold that is applied toP(i;j ) values. For example if the
threshold is equal to 1 it means that we consider only communities in which the nodes
have appeared in the same communityn times. The variation of the threshold produces a
hierarchical community structure.

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

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

Level 0

Level 1

Level 2

Figure 4.12: Automatic community structure

4.4.3 Results

Homophily

First, I measure the � j probabilities over the whole graphG = ( V; E) in order to
evaluate the impact of the levelj 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 �2(G) = 98%.
The homophily for the whole graph is higher in this case than in topical communities
(89% at continent level, 74% at region level and 21% at territory level). If we compare
with topological communities (see Section 4.3.2) we observe that thehomophily 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 a community topic into
subtopics, the higher the probability that blogs in subtopics interact. This is not the case
in automatic communities where the goal is to minimize inter-communityinteraction.

Table 4.5: Probability to link blogs from the same community

Community ID � 2(Ci)
0 0.99
1 0.96
6 0.97

After considering the whole graph, I now focus on links at level 1 which contains three
communities (Table 4.5). The homophily values remain very high for all sub-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 community described
in Section 4.4.2. As we have three levels 0, 1 and 2 we obtain three distance values. A
distance 1 means that the two blogs are from the same community atthe level 1 and 2
and on the opposite a distance 3 means that the two blogs do not belong to the same
community for any level. The distribution of community distances in the whole graphG
shows that 98% of links have a community distance of 1. This is not a surprising result: the
community detection algorithm seeks to maximize modularity, which reduces community
distance.

Now, we calculate for eachcommunity 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 do not observe 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 outgoing behaviors. On
the other hand, at level 2 we can observe some communities with a signi�cant number of
links with a community distance greater than 1. Those links may be considered as non
intuitive and can be helpful to detect outliers. However, the majority distance is 1 for most
of them.

In my opinion, one interesting feature of using automatic communitystructure is to
study non topological graphs. On can imagine to build a network where nodes are blogs,
and a link is made between two blogs if they share a semantic content.The automatic
community structure can be a way to study such a network at di�erent scales and give
interpretations on how the semantic content is di�used through topological communities.
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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 communities could also
be used for the proposed community-based methodology.
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4.5 Summary and perspectives

I have proposed a generic methodology to analyse interaction behaviour in complex
networks, with regard to a hierarchical community structure de�ned over their nodes. This
approach mainly relies on two measures:homophily and community distance. The former
evaluates in an unbiased way the tendency of nodes to interact within their own community.
I have compared homophily with themodularity quality function and have shown their
complementarity. Links community distance captures whether nodes of a network interact
with nodes fromcloseor distant communities. I have applied this approach to a citation
network of French blogs captured during four months, manually classi�ed according to
their topics. Citation links have been studied at various scales, whichhas given new
insight on blogs topical communities. I have also studied the case of automatic hierarchical
communities and have compared the two studies. Finally, I have proposed a synthetic map
based on an average value of community distances and have illustrated it at the region and
territory levels.

One perspective of this work is to study other community structures, identi�ed by other
automatic community detection algorithms. I will pay speci�c attention to overlapping
communities. The methodology I proposed may also be applied in this case. Having
several types of hierarchical community structures is a good opportunity to compare the
information we get regarding citation links. In a second step, I wantto investigate other
networks and determine statistical metrics to better classify andunderstand hierarchical
communities. In the following chapter, I will study di�usion cascades, i.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 becomes adopted
due to the in
uence of neighbors in the network [Gra78]. As we have seen in Section 2.4
there are many models of in
uence spreading in social networks. Many di�usion models
predict the number of people who will adopt (an opinion or innovation)over time and do
not explicitly account for topological patterns. On the contrary,the cascadepoint of view
allows to investigate which individual dynamics lead to global spreadingphenomena. My
goal in this chapter is, in a �rst step, to characterize cascades using several metrics and in
a second step, to determine how community properties impact cascade characteristics.

Cascades have been theoretically analyzed in random graphs using athreshold model
[WD07]. However, only few empirical analyses of the topological patterns of cascades have
been done [LSK06,CMAG08]. Those works aim at characterizing cascade topological prop-
erties separately and demonstrate that they follow a power-low distribution. In this work
I propose to go beyond known studies; in addition to topological properties, I investigate
community information to understand how cascades spread through communities. I apply
this approach to the topical community structure described in theprevious chapter. This
community structure has three hierarchical levels, which allows an analysis at di�erent
scales.

A typical question I address in this chapter is: what is the impact of the community
from which the cascade starts on cascade size, shape or duration?

The chapter is structured as follows. First, I explain how cascadesare computed and
present �rst statistics. Second, I investigate cascade shapes to determine which cascade
topologies are more frequent. Then, I study at a macroscopic level the di�erent properties
which characterize a cascade and investigate their impact on each other. Finally, at the
node level (i.e. microscopic level) the impact of the community of the cascade origin is
observed with di�erences for each metric.

The work presented in this chapter is currently under submission.

5.2 Cascades de�nition and computation

5.2.1 Data corpus

The corpus analyzed in this section was obtained with the same crawling methods as
the dataset used previously but on a di�erent period of time. The advantages of this new
dataset is that it contains a higher number of blogs and was measured during a longer
period. In addition, having multiple versions of the same object, on di�erent periods of
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time, is helpful to validate the various datasets and obtained results. This dataset covers
a period of �ve months, from February 1st to July 1st 2010. The dataset is composed of
10; 309 blogs, 848; 026 posts and 1; 079; 195 citation links.

I proceeded to a dataset cleaning which consisted in:
{ removing links that point to posts outside the dataset or to otherresources on the

web as pictures or web-pages.
{ removing all posts with incorrect time stamps (i.e. out of the measuring period).
{ removing auto-citation links (links between two posts from the same blog).
{ removing links which cite a future post (mistake).
The resulting post network is composed of 20; 885 posts and 25; 837 links; it was used

to extract cascades as explained in the next section.

5.2.2 Cascade computation

A B C

E

G

H

I

Citation

Diffusion

G

F J F

Figure 5.1: Cascade samples.

Cascades are subgraphs of the post network, where each node corresponds to a post
and edges to citation links. In order to compute post cascades, I started by posts which
do not cite any other post; each of them represents the beginningof a cascade called
"origin". Consider one such post; if it is cited by one or several posts, the process carries
on recursively: posts which have cited this citing post (or posts) are looked for and so on.
Each post can belong to several cascades, represented as Directed Acyclic Graphs (e.g.
post F in Figure 5.1). On Figure 5.1, the cascades origins areA, B and C. Information is
therefore spread from the origin to the leaves (posts with no incoming link).

Propagation 
ows represent in
uence between blogs through their posts. I focus on
information di�usion among di�erent blogs, therefore links betweentwo posts from a same
blog were removed. Indeed, self-citations can make cascades longer but do not represent
a di�usion process from one blog to another. This hypothesis has animpact on cascades
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sizes however ignoring blogs self-citations removes some biases andleads to more relevant
cascades.

Figure 5.2: Extracted Cascade samples.

The total number of cascades is 10; 659. The most common cascade is the trivial one
composed of two posts and represents 65% of the whole. Figure 5.2show samples which
have more than 10 nodes, representing 1; 5% of all cascades.

5.3 Macroscopic analysis: cascade structure and com-
munity impact

5.3.1 Cascades shapes

This section aims at studying cascade shapes, in order to know whattypes of cascades
appear frequently in the blog network. Do they look like trees, stars or chains? I explored
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the structure of cascades by performing the following procedure. After computing all
cascades, I used an isomorphism algorithm to determine whether a cascade was identical
to another.

Isomorphic cascades

Two graphsG and G0 are isomorphic if there is a one-to-one mapping from the nodes
of G to the nodes ofG0 that preserves the adjacency of nodes.

I have used VF2 algorithm based on a depth-�rst strategy [CFSV01]. There is no known
polynomial time algorithm for graph isomorphism, however, the computational time in this
case is reasonable because we deal with small graphs.

The most used algorithms are Ullmann, Schmidt and Dru�el (SD), VF,VF2, and
Nauty. Brute force graph isomorphism results in a dept-�rst search tree. Ullmann reduces
the search space through backtracking [Ull76]. SD is another backtracking algorithm;
however, it relies on information contained in the distance matrix representation of the
graphs [Ull76]. VF is based on a depth-�rst strategy with a set of rules to prune the search
tree [Ull76]. VF2 uses the same concept but stores the information inmore e�cient data
structures [CFSV01]. Nauty is based on a set of transformations that reduce the graphs
to a conical form on which isomorphism tests are faster [McK81]. These algorithms, while
exponential, strive to be e�cient in practice.

To reduce complexity, some algorithms give an approximate, heuristic solution. They
use an e�ciently computable signature to compare graph isomorphisms.

Interpretation

There are a total of 10; 659 cascades and 641 isomorphic shapes. The most common
post network cascades shapes are given in Table 5.1, where the redpost is the cascade
origin.

65% of cascades are composed of two nodes (6; 992=10; 659). The second most frequent
shape represents 10% with three nodes. If we compare all shapeswe may observe that
cascades tend to bestars (e.g. cascade 19) rather thatchains (e.g. cascade 30). It is more
obvious if we compare the shape frequency of cascades with the same size. For example, if
we consider cascades 2, 30 which contain 3 nodes and 19, 4 which contain 5 nodes thestar
shapes are more frequent. If we compare the shape frequencieswith previous work done
on another blog network [LMF+ 07] we observe that the ranking order is almost the same.

Now, I compare the cascade shapes in the three continents (three last columns in Table
5.1), in order to see if some shapes are more frequent in a continent. Therefore, for each
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continent I have computed the fraction of each shape over all cascades which start in this
continent. I observe that for the three continents, the shapesfrequency distributions are
very close. This means that at continent layer the cascade origin has not a signi�cant
impact on cascade shape. However, we may �nd a more important correlation between
cascade origin and shape between communities at a lower level in the community structure.

ID shape # nodes # links frequency Society Individuality leisure

1 2 1 6992 71:6% 79:5% 72:3%

2 3 2 1173 13:2% 8:5% 11:4%

81 4 3 397 4:3% 2:2% 4:2%

30 3 2 370 3:5% 4:1% 5:5%

19 5 4 182 2:0% 1:1% 1:2%

29 4 3 134 1:4% 1:2% 1:6%

88 6 5 83 1:4% 0:5% 0:4%

4 5 4 56 1:0% 0:2% 0:2%

101 3 3 52 0:8% 0:7% 0:6%

702 4 3 46 0:4% 0:3% 0:5%

418 7 6 33 0:3% 0:2% 0:5%

107 5 4 30 0:4% 0:1% 0:1%

333 4 3 30 0:2% 0:4% 0:5%

122 5 4 29 0:3% 0:4% 0%

Table 5.1: cascade shapes ordered by frequency

Now I focus on the largest cascades represented in Figure 5.31. In terms of frequency,
all those shapes appear only once as they are very complex. Unlike most frequent shapes
described in Table 5.1, large cascades seem to havetree-like shapes.

When looking at cascade topologies we may note that they are very complex and we
may distinguish nodes with a more important role in the cascade spreading phenomena.

1. In this visualization links are not directed for readability.
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Figure 5.3: Largest cascades in our dataset. All cascades has at least 30 nodes.

This raises the following questions: what makes a cascade have certain characteristics?
What makes a cascade longer or bigger? Those issues are addressed in the next section.

5.3.2 Cascades topological, temporal and community proper ties

To understand cascades characteristics and understand how they are formed we need to
characterise them precisely with regard to all their features detailed below (see Table 5.2).
We classify cascade properties in three categories: topological, temporal, and community-
related. In this section I consider properties at the cascade scalerather than at the node
scale. The topological characteristics regroup classical graph measures. Temporal features
are measured by the total duration of the cascade (T) and the timestamp of cascade origin
(Ts).

A �rst step is to consider each property and study its distribution using cumulative
density distributions (also called PDF probability density function).
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Table 5.2: Cascade properties

Notation Description
Nn Number of nodes
N l Number of links
N lvl Number of levels
r Degree assortativity
� Cascade density
Ts Timestamp of the cascade start
T Total duration
Acm Average link community distance
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Figure 5.4: Cumulative distribution of the number of nodes (in red) and links (in green).

The number of nodes and links indicate the size of the cascade. The cumulative distribu-
tion of the number of nodes (Nn ) and links (N l ) per cascade shows a similar heterogeneous
distribution ( Figure 5.4). The total number of cascades is 10659. Apoint (x; y) with
x = 10, y = 95% on the red plot means that there are 95% cascades which havea number
of nodes inferior to 10. We observe that 65% of cascades are composed of only two nodes
(6992 cascades). In fact most posts are not cited more than once. In addition, 5% of
cascades have sizes (Nn and N l ) greater than 10. There are also very large cascades with
over 100 nodes. The same results are observed for the number oflinks. In fact the numbers
of edges and nodes increase similarly which suggests that the average degree in the cascade
remains constant as the cascade grows. This also suggests that they are mostly tree-like.

In addition to the size of cascades, I analyse their depth (i.e. their number of levels)
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noted N lvl . It corresponds to the length of the maximum path between the cascade origin
and a leaf. The algorithm is described in Algorithm 1. This algorithm is recursive and cov-
ers the cascade from origin to the leaves. Figure 5.5 represents the N lvl cumulative density
function. A point ( x; y) with x = 4, y = 98% means that 98% cascades have at most 4
levels. We observe that almost 84% of cascades haveN lvl = 1, but some have up to 16 levels.

Algorithm 1 : Level number computing
Input : Cascade (DAG graph) with theroot noder .
Output : Integer N lvl

Predecessors(node i): set of nodes which cite i
N lvl  1
Rec(nodei; levell):
for u 2 P redecessors(i ) do

N lvl  maximum (l; N lvl )
Rec(u; l + 1)

Rec(r; 0)

 0.82

 0.84

 0.86

 0.88

 0.9

 0.92

 0.94

 0.96

 0.98

 1

 0  2  4  6  8  10  12  14  16

# 
ca

sc
ad

e 
fr

ac
tio

n

# level

Figure 5.5: N lvl cumulative density function

Next, I study the distribution of cascade density (noted� ). The density of a graph is
the number of links divided by the number of possible links between all pairs of nodes.
Given a cascade withNn = n and N l = m, the density is � = m

n:(n� 1) . Note that this
density formula is for directed graphs. Density is a fraction that goes from a minimum of
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0 if no edge is present2 to 1 if all edges are present3.
Here we consider only cascades withNn > 2. Figure 5.6a shows the density distribution; we
may observe that it is also heterogeneous and that most cascadeshave a density comprised
between 0:4 and 0:7. The density values may be considered as high, but this result is not
surprising because most cascades have a small size. The question one may ask is if the size
of a cascade impacts the density: in Figure 5.6b we show the correlation between density
and size of cascades. We observe that the density is inversely proportional to the size of
the cascade.
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Figure 5.6: Cumulative distribution of cascade density.

Another typical feature of real world networks is the tendency of nodes of a certain
degree to be connected with other nodes with similar degree. We measure it by degree
assortativity noted r [New02, PN03]. Positive values ofr indicate a correlation between
nodes of similar degree, while negative values indicate relationships between nodes of dif-
ferent degrees.r lies between� 1 and 1. Whenr = 1, the network is said to have perfect
assortative mixing patterns, while atr = � 1 the network is completely dissociative. New-
man [New02] has compared many networks and noted that biologicaland technological
networks show disassortative behaviour while social networks areassortative. The reasons
for such results are not completely understood.

Figure 5.7 represents the cumulative distribution of cascade degree assortativity (only
cascades withNn > 2 are considered). We observe that 0:95% of cascades have a negative
degree assortativity. It means that cascades in the blog networktend to have a disas-

2. which is not possible in our case because a cascade has at least oneedge
3. This is also impossible because there can be no cycle in a cascade.
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sortative behaviour. In addition, the degree assortativity measure gives an indication of
cascade shape [New10]. A disassortative graph has high-degree nodes which tend to con-
nect low-degree ones creating a star-like structure. In an assortative graph, high-degree
nodes are linked together, surrounded by a less dense periphery of nodes with lower degree.
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Figure 5.7: Cumulative distribution of cascade degree assortativity.

In addition to topological properties, I used the community distance de�ned in Section
4.2.3 and the topical community structure to measure the tendency of cascades to relate
closeor distant communities. This is captured with a value notedAcm measured as follows.
First, we compute the community distance for each link. Afterwards, we compute for each
cascade the average community distance of its links. We then investigate the impact of
the Acm measure on other cascade properties. The cumulative distributionon Figure
5.8 shows that the average community distance has an heterogeneous distribution with
majority between an average of 2 and 3.

5.3.3 Temporal and topological cascades properties correl ation

In the previous section the di�erent cascades properties have been studied indepen-
dently. Now I go further to determine how topological and temporal features may impact
each other. I �rst study the impact of the average community distance on the duration
of the cascade. The intuition is that if a cascade crosses over links which have a high
community distance the cascade duration may be longer.

In Figure 5.9 I represent the average community distance with the 25th and 75th
percentile in relation to cascade time duration. For each 0:5 Acm interval I compute the
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Figure 5.9: Impact of community distance on cascade duration.

average duration of all cascades in the interval. We may observe two peaks (in [1; 1:5] and
[3; 3:5] intervals). The cascade duration seams to be higher when the average community
distance is very small or high. As an example, the average di�erencebetween cascades
with Acm in [1; 1:5] and Acm in [2; 2:5] is about 5 days.

After studying the impact of communities on cascade duration, we now observe the
impact on cascade size (see Figure 5.10). The cascade size (in termsof number of nodes
and links) tends to be maximum for cascades with an average community distance between
2 and 2:5.

Next, we investigate whether the number of levelsN lvl which is a topological metric,
is correlated to cascade duration. One may have the intuition that the higher the number
of levels, the longer the cascade. The result is shown in Figure 5.11a where the cascade
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Figure 5.10: Impact of community distance on cascade size.
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Figure 5.11: Number of level and size cascade impact.

duration increases for values ofN lvl between 2 and 3 with an average of 5 days. After that,
the duration is decreasing. So, the cascades with a longer durationare in average cascades
with a small number of levels (2 and 3) rather than a high number as one may expect.
We also observe that spreading speed is higher when the cascade has more levels and so
tends to have achain shape. On the other hand, the cascade size has a di�erent impact
(see Figure 5.11b where the average cascade duration increases proportionally to the size
for both N l and Nn ). This means that the higher the number of nodes in the cascade, the
longer the cascade duration.
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5.4 Microscopic analysis: impact of individual nodes
on cascades

In the previous section I have studied cascades properties at macroscopic level. Now, I
go deeper and investigate in what way a node impacts the rest of thecascade. The origi-
nality of this work is that I include a community aspect, at di�erent layers. As explained
earlier, the community structure has been built manually by professional blog analysts
according to blogs topics. It is composed of three hierarchical levels: continent, region and
territory (from the most general to the most speci�c). First, I study the impact of conti-
nent of the node which started the cascade. Second, for each node cascade node I study
how communities a�ect the cascades in order to di�erentiate their impact on di�usion.

5.4.1 Impact of cascade origin

I �rst study the di�erences between cascades depending on whichcommunity they start
to spread from. In this section I focus onContinent layer (which corresponds to the level 1
in the hierarchical community structure), with the three communities: Leisure,Individuality
and Society.
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Figure 5.12: Impact of community origin on cascade time duration.

The �rst metric is cascade duration represented by the cumulativedensity functions
(Figure 5.12). I use the cumulative density function in order to compare the various
community impacts. We may see that cascades which start fromSociety community have
a shorter duration thanLeisure cascades and that in the oppositeIndividuality community
tends to initiate cascades with a longer duration.
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Figure 5.13: Impact of community source on cascade levels.

For the number of levels, we observe the opposite (see Figure 5.13). The Society com-
munity produces in proportion longer cascades (with a higherN lvl ). The same distribution
has been observed for cascade sizes (the �gure is not presentedhere). In summary,Society
community induces shorter cascades in time duration, with a longer number of levels and
a higher number of nodes. The same analysis may be done for the other communities.

Next, we study the average community distance for each community. The �rst obser-
vation is that the average community distance of cascades which start in leisure continent
have at 70% a community distanceAcm = 1. The leisure cascades tend to be smaller than
those starting from other continents and also have a small community distance which means
that citations come from very close communities. On the other hand, Societycascades have
a higher community distance and larger cascades.

This gives an indication on the correlation between topological and community proper-
ties. We may suppose that the links community distance impacts the di�usion 
ow. Indeed,
observing the link community distance can help understand resultingcascade characteris-
tics.

5.4.2 Impact of intermediate blogs

Now, we investigate the impact of not only the cascade origin but of all nodes of the
cascade (see notation in Figure 5.3). We illustrate an example in Figure5.15. The posti
(in green) is published atTi and belongs toconi , regi and ter i communities at the conti-
nent, region and territory levels respectively.T maxi = max(Tj ; Tk) represents the impact
of the post on the total duration of the cascade.N node maxi = 3 and lvl maxu = 2. The
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Figure 5.14: Impact of community of origin on average community distance.

Table 5.3: Table of symbols

Notation Description

Tu Time at which post u was published
conu Post u Continent
regu Post u Region
teru Post u Territory
lvlu Post u level in the cascade
lvl maxu Number of levels after the postu
T maxu Time delay betweenu and the last published post
N node maxu Number of nodes after the postu

Ti

Tk

Tj

Figure 5.15: An example of node impact.

three metrics regroup temporal and topological properties.

We study each property for three communities in each levelcontinent, region and ter-
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ritory .
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Figure 5.16: Impact of node community at Continent level.

We start by the individual impact at Continent level (Figure 5.16). With regard to the
time delay T max which a post causes (see Figure 5.16a),Society and Individuality posts
have approximatively the same impact whileLeisure posts have a more important impact
on cascade duration. On the other hand, posts belonging toSociety community have an
important impact on cascades in terms of number of nodes (note that x-axis is at log
scale) and levels (Figure 5.16c and 5.16b). The conclusion is that whena di�usion passes
through Societycommunity, cascades tend to be larger but not with a higher time duration.

At Region level we consider three communities,Agora (which regroups mass media and
opinion actuality), Politics and Technologyblogs. The three communities belong toSociety
Continent. For cascade duration, the impact of the three communities is almost similar.
However, with regard to the number of nodes and levels,Agora and Politics have a very
similar distribution with a more important impact than posts from Technologycommunity.
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Figure 5.17: Impact of node community at Region level.

Agora and Politics posts provoke almost the same di�usion processes and thereforehave
a similar di�usion pattern in terms of di�usion size.

At Territory layer we consider three communities fromPolitics community: Left-wing,
Right-wing and Center-wing. We observe thatCenter-wing has a more signi�cant impact
on cascade duration. It means that the cascades spread for a longer period. However, we
do not observe a signi�cant di�erence for cascades size. We note that the number of nodes
does not exceed 110 for the three communities.
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Figure 5.18: Impact of nodes community at Territory level.

5.5 Conclusion

In summary, I have proposed a new approach for the empirical study of di�usion cas-
cades. I gave a de�nition of what I considered as a cascade; in particular I did not consider
citations within the same blog in cascade computation. I have observed that cascades shape
frequencies were very similar to previous work done on American blognetwork [LMF+ 07],
which suggests that cascades shape in blog networks is a common property. The topolog-
ical properties distribution analysis has shown a heterogeneous behaviour in general. In
particular, I observed that cascade density was inversely proportional to cascade size and
that cascades tended to be disassortative.

Second, in addition to topological properties, I have investigated community informa-
tion to understand how cascades spread through communities. Therefore, I have used a
topical community structure with three hierarchical levels which allows analysis at di�erent
scales. The community of cascade origin has an impact on cascade properties and especially
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on average community distance for which the di�usion behaviours di�er noticeably.
Finally, I did not consider only macroscopic scale: in Section 5.4, I showed that at

node scale, community origin has a di�erent impact on the rest of cascades features. At
Continent level, Society nodes have a more signi�cant impact on cascades size and num-
ber of levels but not on their duration. Political Communities related to politics have a
similar impact on cascades size howeverCenter-wing blogs increase the cascade duration.
One perspective is to consider the impact of other nodes properties, for example nodes
Betweenness centralityor node degree in the blog network.
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Chapter 6
Conclusion and Perspectives

In this thesis I have studied real-world di�usion phenomena in a blog network through
the analysis of citation links. Understanding node interactions is a crucial to investigate
di�usion phenomena. The approaches classically used for studying di�usion within a real-
word network ignore the community structure. Indeed, they consider essentially node
to node interactions while in this thesis in addition to those approaches I characterized
di�usion behavior with regard to the network community structure.

I have shown that it was relevant to consider the community structure to better char-
acterize and classify di�usion patterns at di�erent scales.

I have applied this empirical methodology to aFrench blog networkwhich have many
advantages as it was observed during several months, and a community structure is de�ned
over it.

In a �rst step, I have proposed a new approach and method to characterize post and
citation dynamics in di�erent blog communities. I have been able to identify classes of
post popularity evolution from topological features of the network, and have investigated
the impact of topical communities on citation dynamics.

I have shown that distinct patterns related to both the duration and the frequency of
citations could be observed in the various communities. I have identi�ed communities with
a high popularity among posts with small citation duration.

The second problem I have addressed consists in characterizing the tendency of nodes to
interact within their own community. I have proposed a methodologyto analyse interaction
behavior, with regard to the hierarchical community structure de�ned over the nodes. This

97
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approach mainly relies on two measures:homophily and community distance.
Community distance measures whether nodes of a network interact with nodes from

closeor distant communities. Citation links have been studied at various scales, in thecase
of manual and automatic hierarchical communities and I have compared the two studies.

I have proposed a synthetic map based on an average value of community distances for
incoming and outgoing citations and have illustrated it at theregion and territory levels.
Communities with apparently close topics (e.g. political wings) have a di�erent behaviour
and a di�erent impact on other communities.

Finally, I have considered di�usion cascades. In a �rst step, I havecharacterized cas-
cades using several topological, community and temporal metrics and in a second step, I
have studied how community properties impact cascade characteristics. I have used a topi-
cal community structure with three hierarchical levels which allows an analysis at di�erent
granularities. The community of the cascade origin has an impact on cascade properties
and especially on the average community distance for which di�usion behaviours di�er
signi�cantly.

At a microscopic level, I have observed a real impact of intermediatenodes on cascade
dynamics. I have shown that communities have a role on di�usion phenomena and I have
been able to observe and quantify it.

The work conducted in this thesis opens several perspectives.

One perspective of this work is to study other community structures, identi�ed by other
automatic community detection algorithms. I would pay speci�c attention to overlapping
communities. The methodology I proposed may also be applied in this case. Having several
types of hierarchical community structures is a good opportunityto compare the informa-
tion we get regarding citation links. The study of automatic community structures may
allow us to detect "unexpected" links which connect distant communities and understand
when such events occur in the network.

Another relevant investigation is to consider other interactions within the blogosphere.
Indeed, the blog network is composed of multiple interaction networks. In addition to blogs
and post networks, there are also blogroll and comment networks. The blog activity may
be seen as the result of the sum of all networks which have di�erentdynamics. The aim
is to have a more complete view of interactions which compose the blogs dynamics. Two
problems may be addressed: �rst how can we aggregate all information and study it as one
single network? Second, what is the impact of each network on the others? In particular,



CHAPTER 6. CONCLUSION AND PERSPECTIVES 99

how comments could lead to new interaction in post networks?

I have studied in this thesis di�usion phenomena at di�erent scales ofa community
structure. One perspective is to consider other network properties, for example characterize
nodes activity by considering the local clustering coe�cient, centrality measure or time
activity in the system. The approach based on community structure will highlight nodes
(or groups of nodes) with common characteristics and will help determine di�erent patterns.

Finally, a key perspective is to design models for di�usion phenomena which take into
account not only basic topological features (for example the size of the di�usion) but
also community information. For example such models could generatea di�usion with a
determined community distance distribution.
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Abstract
Real-world networks are also calledinteraction networks as nodes have relationships

with one another and di�erent interactions occur between them. Understanding howin-

teraction networks are structured and which events may occur within them, are indeed

key questions of the �eld. Interactions within the network induce the creation of links

between nodes. Through links, members may create new relations,exchange information

or in
uence each other. This phenomenon is calleddi�usion process.

Until now di�usion phenomena have been mostly considered at a macroscopic scale i.e.

by studying all nodes of the network as a whole. We give a complementary way to analyse

the network interaction by considering the problem at di�erent scales. To that purpose,

we use thecommunity structure of the network.

We propose in this thesis an analysis of di�usion phenomena in aFrench blog network

with regard to its community structure. Methodologies we introduce are general and may

be used in other contexts of real-world networks. We have studieddi�usion phenomena in

di�erent ways. First, by studying how a node propagates its content towards its neighbours.

Second, by investigating how a node gets an information from its neighbours. Third, by

considering a di�usioncascadewhere an information spreads from one node to the rest of

the network through a succession of di�usion events. Consideringthe community structure

of the network in link analysis is relevant as we have been able to characterize di�usion

between nodes (and also communities) and to identify interaction behaviour patterns.

Key Words:

complex networks, interaction links, community structure, homophily, blog network,

statistic analysis, cascades
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Di�usion d'information dans les r�eseaux de blog et structure en commununaut�es

R�esum�e.

On peut mod�eliser de nombreux objets issus du monde r�eel par des graphes. Ces objets sont

issus de contextes tr�es di��erents (ex. r�eseaux informat iques, sociaux ou biologiques), cependant

ils se ressemblent au sens de certaines propri�et�es statistiques. On les d�esigne sous le terme g�en�eral

de graphes de terrain(complex networksen anglais) ou grands graphes d'interaction.

L' analysedes graphes de terrain est probablement le plus grand champ de recherche du do-

maine et l'�etude des ph�enom�enes de di�usion constitue un des axes importants dans la compr�ehension

de ces objets. Beaucoup de pr�ec�edentes �etudes ont �et�e men�ees sur la di�usion avec une approche

th�eorique mais avec l'apparition de donn�ees issues du monde r�eel de plus en plus riches, une

approche empirique de l'analyse de ces r�eseaux est apparuecomme une n�ecessit�e.

La di�usion peut être de di��erentes natures : di�usion d'inf ormation, d'id�ees ou d'opinion.

Cette di�usion est vue dans la plupart des travaux comme le r�esultat de l'interaction entre les

�el�ements du r�eseau (i.e. les n�uds du graphe). En compl�e ment de cette vision, nous consid�erons

dans cette th�ese que la di�usion, en plus de se produire entreles n�uds, est aussi le r�esultat

de l'interaction entre des groupes de n�uds, appel�es communaut�es, qui ont des propri�et�es en

commun. On dit que le r�eseau poss�ede unestructure en communaut�es. Cette approche ouvre de

nouvelles perspectives pour la compr�ehension et la caract�erisation des graphes de terrain.

L'objectif de cette th�ese est d'�etudier les ph�enom�enes de di�usion de mani�ere empirique non

seulement �a l'�echelle des n�ud mais �a di��erents niveaux de la structure en communaut�es. A l'aide

d'une approche statistique, nous proposons un ensemble de m�ethodes et de m�etriques pour abor-

der la di�usion sous un nouvel angle et aller plus loin dans la caract�erisation de ces ph�enom�enes.

Nous nous proposons d'�etudier les liens de di�usion au sein d'un r�eseau de blogs francophones.

Nous montrons en premier lieu l'impact des communaut�es surla popularit�e des blogs et dis-

tinguons des classes de comportement. Cela nous conduit �a investiguer les interactions entre

les communaut�es. Pour ce faire, nous d�e�nissons deux mesures : la distance communautaire et

l'Homophilie. En dernier lieu, nous �etudions la di�usion de proche on proche dans le graphe,

caract�eris�ee par des cascades de di�usion. Nous montrons que notre approche permet de d�etecter

et d'interpr�eter les di��erents comportements de di�usion et de faire le lien entre les propri�et�es

topologiques, temporelles et communautaires.

Mots cl�es. graphes de terrain, communaut�es, di�usion, r�eseau de blogs, analyse statistique,

cascade de di�usion.




