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Abstract—This paper explores new approaches and methods process of post and link creation and showed that theirigctiv
to characterize post and citation dynamics in different blg was bursty; results show that the network dynamics follows
communities. In particular, evolution of post popularity over a power law. This burstiness results from human behavior
time is studied, as well as information spreading cascadehis . .
methodology goes beyond traditional approaches by defining 51, [f’t] Q”d_maY b_e observed in dl_fferent conte_xts. Power
classes of dynamic behaviors based on topological features law distribution is indeed observed in many social network
the post network, and by investigating the impact of topical properties [7].
communities on post popularity dynamics and on information  The spreading of information through a social network can
spreading cascades. This methodology has been applied t0 &g seen as diffusion of information on a network. The two
corpus of active French blogs monitored during 4 months. . . - o

main families of models from the literature describing how

. INTRODUCTION nodes adopt new ideas are threshold models [8], [9] and cas-

Over the last years, activity and popularity of online So_cade_models [10]. In thresho_ld mod_els, one node is _'infécted
cial networks have been increasing continually. Theseairt if @ given number (or proportion) of its neighbors are inéett
networks are extremely popular as they allow the productidit this context, it can be seen as an opinion adoption model. |
sharing and spreading of information and opinions. A blogScade models, a node spreads information towards a given
consists in a set of web pages (posts) frequently updated &i@pPortion of its neighbors. In this paper, we study infotiora
commented. Each blogger can publish a post which may refireading based on cascade extrac_tlon. The statisticsutechp
to other posts and cite other blogs. A blog network, made?m our dataset and presented in Section 4 are based on
of blogs interconnected by citation links, is a very intéires Leskovec et al. methodology [11] which uses pos'F citations
object for the study of complex systems dynamics as it is eatg){l_extract the cascades rather than content analysis n&thod
to extract and provides precise temporal information. which produce less realistic cascading behaviors [_12]. Qu_r

This paper explores new approaches and methods to ciR@Per goes beyond the state of the art by proposing origi-
acterize blogs dynamics. In particular, evolution of pospp nal approaches to define posts classes based on topological
ularity over time is studied, as well as information diffusi features of the post network. .
cascades. We aim at going beyond traditional approaches bjPuring the 2004 U.S. Presidential election, authors of [4]
defining classes of dynamic behaviors based on topologi€i#died discussion topics and citation patterns of palitic
features of the post network, and by investigating the irhpal9gers. They showed that blog behaviors could be difteren
of topical communities on blog dynamics. according to blog type or topical community. For example

This article is organized as follows. After a descriptioM€Ws blogs do not behave as personal diaries. The diffusion
of selected related works in Section 2, Section 3 describ@ktopics over time has also been addressed in [12]. Thigstud
the studied blog dataset, with a focus on methods to mif@ncluded with the existence of two types of topicatter
imize measurement biases. Section 4 presents the resiffiCcs, with a stable popularity over time, in opposition to
of traditional blog and post analysis, and shows consisteiftiker topics with varying popularity values. In this paper,
observations with the literature on the subject. Finally olve investigate the impact of a blog theme on its dynamics by
contributions related to the characterization of post aadion ~ correlating topological dynamics to community activityistis
dynamics in different blog communities are described poSsible as the studied blog dataset contains manuallyedefi
Section 5, before concluding and presenting perspectifesGsses of blogs, as described in the following Section.
this work. [Il. DATASET DESCRIPTION ANDBIAS CORRECTION

[l. RELATED WORK A. Definitions

Studying and modeling blogs as social networks has beerin a blog, a publication is called post A post can, in
raising an increasing interest [1], [2], [3], [4]. Blogskdi addition to its own content, make a reference to a previous
other social networks extracted from the Internet and thie, wegpost (from the same blog or from another blog) by quoting the

represent a rich content as semantic complex networks armdresponding url, which we call aitation link. Consider a
social behavior networks. Previous works have studied tpestPafrom blogA and a posPb from blogB. If Pacontains



a reference tdb, then there is a citation link frorRato Pb, In order to study spreading cascades between differensplog
i.e. Pa cites Pb. PostPb has an incoming link pointing to self-citation links (i.e. citations of posts within the sarlog)

it (notedin-link) while postPa has an outgoing link starting have been removed, as they do not provide any information
from it (noted out-link). In terms of information spreading,about diffusion towards other blogs.

we can say thaPa has 'adoptedPb's content or thatPb's  Qut-links can point to a post inside the dataset (if the post
content has been spread towaR#s The citation relationships has been published by one of tha44 blogs of the corpus),
between posts may be extended to the blogs they belongdpoutside the dataset if the post refers to a post belonging t
we may then say that blog cites blogB and consider thad  another blog, a resource (picture, video...) or any web page
has adopte®'s information (or thatB's information has been puring the cleaning process those links were removed for two
spread towards\). reasons: first, resources like pictures cannot 'cite’ arst pad
Citation links should not be mistaken wittommentsIf  therefore cannot contribute to the growth of cascades.r®kco
someone comments an existing post, this contribution is ne§ temporal information is available about blogs outside th
a post (as it does not start a new discussion). The corpiigtaset, so they are unusable for our study of the blogospher
analyzed in this paper was obtained by daily crawl$®f4  dynamics.
blogs (., 230, 692 posts) during 4 months from NovembEst, \yhen puilding the blogs graph, blogs with no in-link and
2008 to March 1st, 2009. These blogs have been chosen aggit, oyt-links only towards blogs outside the initial datas
cording to their popularity and activity in the French-sgieg \ere removed as these blogs are not connected to any blog
blogosphere. They have been selected by a company Spegialy, the initial dataset. After this filtering process, theds

ized in blog and opinion analysis (RTGI, http://linkfluenet) | oovork containgi907 nodes (blogs) ands, 258 edges (cita-
as being the most active and productive blogs which provigde . . 1s among blogs).

richer information for activity and dynamics study. All lgj®
provide a description of their publications by RSS (RicheSit
Summary); RSS represents a key feature to capture tempoxal

. Bi
features as all posts published by the 6344 blogs are retorde 1ases

as they are published. Post information is composed of WOTyying to study the dynamics of a complex network is

types of data: usually biased since only a partial view of the studied abjec
« metadata which contain general information like thghay be observed [13].

date of publication as well as the manual community rjrot 5 pias is introduced by the choice of blogs corpus.
classification of the blog publishing the post, __ Blogs have been selected according to their activity and
. t.he core of the post containing the full text and the C'tat'oﬁopularity. However, in order to represent theContinents

links. fairly, the same number of blogs has been chosen in3the
Moreover, this dataset has a major advantage as blogs ha@¥fresponding communities, as shown in Tabte Note that
been clustered manually into labeled classes (which we Wile three continents have differences in term of post ard lin
call communitiesn this paper); this will allow us to study the production, even though the number of blogs is comparable.
impact of topical communities on post dynamics (see Sectigisecond bias is induced by missing information, typically a
5). This manual classification provides three abstracgorls: |inks that appear before or after the capture. Biases hase be
Continent, Region and Territory (from the most general t§ydied in [14], [13] in Peer-to-Peer networks. We consider
the most specific). In the context of this paper, we will focugere each (post, out-link) couple at publication time, sereh
mostly on the Continent layer, which is composed of thrqg no incoming-link before the measurement begins. Border
communities: 'Leasure’, 'Society’ and 'Individuality’ anthe  effect also appears when links arrive after the end of the
Regional layer composed af; sub-communities. measurement. This creates a bias toward posts appearkme at t
B. Data Cleaning end the capture as they cannot be cited during as many days

as earlier posts. The solution we propose consists is obgerv

e e elase, e popany ofal post curng he same percd oftme. I
P his paper, each post created during the fiiGtdays of the

dynamics. apture has been monitored (i.e. the citations towardsst ha

The data consist of post and C'ta“of‘ Imk_s. EQCh. I'”E en recorded) duringp days after its publication (see Figure
connects a post to another post at a given time (indicat;

by a timestamp). An example of error in the initial dataset ) . . : .
is when a post cites a more recent post (i.e. a post whi_ch'n this Section, we have described the blogs corpus which

has a higher timestamp); this would mean that it refers to'%USed throughout this paper. In the following Sectionditra
post which has not been created yet! This may happen if tH@na! blog and post analysis is performed in order to check
corresponding blogs are hosted on servers in different tirflgta consistency with existing work on the subject.

zones; this may also be due to a human manipulation. Such

’impossible’ links are filtered as the information they pntry 1in this table, all filtering steps have been applied exceptoréng posts

is erroneous (at least with regard to the temporal inforomgti referring to resources.
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IV. TRADITIONAL BLOG AND POST ANALYSIS

100000

A. Blogosphere Activity

This Section presents traditional statistics on blogosphe
activity. Figure 1a shows the number of posts publishedydail
during 4 months. Instead of starting from a low value and
increasing gradually, the number of posts is high from the i
beginning, which is due to the crawling technique, as the i oo
activity of all blogs of the corpus are monitored (as opposed o e

; , . . (c) in out correlation
tq a Sn(_)W ball approach Start'_ng_from a Slngle blOg and Fig. 2. In-degree and out-degree distributions in the blogfsvork.
discovering new blogs through citation links).

10000

1000

blog out-degree

degree values. However, as the number of dots with low degree
values is high the correlation coefficient between in and out
degrees is only equal @36. A small value of this coefficient
contradicts the intuition that the popularity of a blog (cated
by its in-links) is related to its activity (its out-linksilowever,
this result is in line with outcomes of previews studies [11]
who observed an even smaller correlation coefficient.
%1 2 3 4 5 6 7 8 The activity of a blog can be measured through the number
(;;e““” D"‘y(s;;‘”"’”"’"“” of posts it sends (publishing activity) or through the numbe
Fig. 1. Number of posts a) per day duridgnonths, b) for each day of the of citations by _Oth_ers_ blogs (in-linking aCtI_VItY)' We have
week calculated the distribution of the number of citations plegb
In the blog graph this represents the sum of weights of out-
Another observation is that the number of posts increasgsing edges. It is close to a power-law distribution with
suddenly after thelOth day. This is also due in part to theexponentl.2. The total number of citations 866, 191 which
crawling method, as a new set of blogs was introduced in thepresents an average 00.5 citations per blog duringt
corpus at that time. To avoid any bias due to measurement thenths. The number of posts per blog is also close to power
first 40 days have not been taken into account. We can algav with exponentl.25. The distribution of edge weights in
observe an activity decrease between Hth and the63th the blog network, which corresponds to the number of bleg-to
days. This corresponds to the period of Christmas holidaygog links also follows a power-law distribution with expamt
during the two last weeks of December, which suggests thr27. The post network has similar characteristics. We have
bloggers are less active during holidays. Figure 1b displajound that distributions of posts in- and out-degrees iselo
the number of posts created for each day of the week fragma power law with exponentz.6 and 3.1 respectively. All
Saturday to Friday. A weekly periodicity may be observed ahese results are consistent with the state of the art.

this figure, as week-end days show a lower production agtivit
C. Cascades
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B. Blog and Post Network Characterization Cascades are subgraphs of the post network, where each
The blog network is a graph representing blogs connectedde corresponds to a post and edges to citation links. kerord
by inter-blog citations. Nodes of the graph are blogs an@&sdgto compute post cascades, we start by posts which do not cite
corresponding to citation links, are directed and weightedny other post; each of them represents the end of a cascade.
Blog A is linked to blogB with a weightn if there aren Consider one such post; if it is cited by one or several posts,

posts from blogA which have cited posts from bloB. The the process carries on recursively: posts which have ditisd t
blog graph is composed of907 nodes and8, 258 edges. citing post (or posts) are looked for and so on. Each post
The number of citation links i$66,191 which represents can belong to several cascades, represented as trees.othe ro
the sum of all edge weights. The in-degree and out-degrefeeach tree is the initiator of the cascade, with in-coming
follow similar distributions (Figures 2a, 2b). They are yeredges from the nodes that cited it. Information is therefore
heterogeneous and well fitted by power laws with exponerggread from the root to the leaves of the tree. Propagation
1.4 and 1.1. The correlations between in and out-degredkws represent influence between blogs through their pAsts.
(Figure 2c¢) show that these degrees are correlated for higitplained in Section 3, as we focus on information diffusion



among different blogs, links between two posts from a same
blog were removed. Indeed, self-citations can make cascade: ‘
longer but do not represent a diffusion process from one blogs -

to another.

The total number of cascades (with at least two nodes) is
13,247. The most common cascade is composed of two posts 0

and represents5% of the whole.
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Fig. 5. Evolution of post popularity a) overall evolution &jcording to post
community.

Another interesting aspect is the evolution of post popitylar
after publication, in terms of number of links each post
gathers from its first day of appearance (i.e. its posting) day
until 40 days later, according to the methodology to correct
bias described in Section 3.3. In Figure 5a we observe that
most citations are made within the fir8d4 hours which is

Fig. 3. Distribution of the number of a) links and b) nodes pascade.  in accordance with previous studies [10]. Results differrfr

We observe in Figure 3 that the distributions of the numbgk1] were popularity decreases significantly at the end ef th
of links and nodes in cascades have a heavy-tailed disoibutmeasurement, but this is due to the bias we mentioned earlier
with respectively2.5 and 3 as exponents. Most cascades ardere, popularity is divided by half after the fir3t hours but
made of only2 nodes while only a few contain a large numbelater on it decreases at a much slower pace.
of nodes. Figure 5b represents the evolution of post popularity at:cor

In this Section we computed basic statistics to charaeerifg to their community (Leasure, Society, Individualityye
post and blog networks, as well as information diffusioabserve that popularity of posts from Individuality comrityn
cascades. Obtained results are consistent with the stake ofdecreases more than the popularity of posts from Leasure and
art. The following Section goes further in the study of postociety afterl3 days after post creation. Moreover, although
and citation dynamics and presents our approach to clasdlf¢ number of citations of posts from Society community is
post according to their popularity and study the impact dfigher than the number of citations of posts from Society,
communities on this popularity and on cascades. both plots tend to converge after days after post creation.
As a conclusion, we may say that post popularity evolvesequit

V. DYNAMICS OF POSTS AND CITATIONS IN DIFFERENT similarly in the 3 studied communities.

BLOG COMMUNITIES

A. Dynamics of Post and Citation Arrivals B. Two types of Citation Dynamics

180000
160000
140000
120000
100000

posts -
citations

3500
3000
2500

2000

10000

1000

100

time [day]
citations

80000 y 1500 ;
60000 o

. 1000 + 4
40000

e NP e

20000  #

oo 0
40 50 60 70 80 90 100 110 120 130 0 500 1000 1500 2000 2500 3000
count posts

@) (b) @ (b)
a) Evolution of the number of posts and citations. Hpton and Fig. 6. Post classification - for both plots, the value on trexis (denoted
by X)) represents the number of days during which the posts haye dited.

post correlation.
. . S The value on the y-axis (denot&d corresponds to the number of distinct
We investigated how the overall number of citations, posf ation periods (e.g. for a post cited on days2. 3,5,7,8, X=6 as it is

and blogs evolved over time. Figure 4a presents this ewsluticited on6 days, andv'=3 as these citations occured during 3 periods of time:

during the80 days of measurement (the firtd days have not {1,2,3}, {5} and{7,8}). b) The value on the y-axis represents the sum of
all citations of a post for the corresponding number of d&a for example

been taken into account as explained in Se_Ctipn 4). Figlé_r%lot with coordinateg3; 34) represents a post which has been cited3on
4a shows that the number of posts and citation grows dfstinct days and4 times in total.

similar ways. Figure 4b presents the correlation between th An interesting approach to study posting behavior is to
number of citations and posts per days. The daily ratio betweclassify posts according to incoming citations. Thanksuo o
total number of citations and post remains approximativebias correction method, all incoming citations for eachtpos
constant during the30 days, with average valué&.28. This are known duringt0 days after its creation. Figures 6a and
high correlation of post and link numbers per day means th&lh explore this information.

the ratio between total number of citations and post is @mist On Figure 6a, an additional curve is displayed, correspond-
even when blogosphere topology changes. ing to a stochastic behavior. We can observe that the dots are

10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40

Fig. 4.



very close to this stochastic behaviour. Apart from posti&tvh community is much higher but these posts are not cited many
are cited only a few days (i.e. for whicX is low), the citation times as the maximune value is9 (i.e. posts cited times
of posts is neither oscillating (a$ values are not higher thanon the only day they have been cited). On the other hand
those of the stochastic curve) nor continuous (as thereeaye we observe that all posts havingia > 10 belong to the
few dots with lowY values whenX is high). Society continent. Those posts have a high popularity and
One limit of Figure 6a is that the number of citations othe corresponding topics can be consideredmkersbecause
posts on each day is not visible. Figure 6b completes the. vidivere are cited a lot on a short period of time (here, only one
We observe that most posts are cited only few days. Howewsay). After studying these posts in more detail, we found out
a group of posts can be identified which are cited more #an that they belonged mainly to blogs related to news sitess thu
days; they correspond to a specific class of behavior. M@mowonfirming their interpretation as spikers.
posts which are cited on many days (i.e. with hifhvalues) We have focused so far on posts cited only one day. We
are cited more than once a day,¥svalues tend to be higher now study the citation dynamics of posts cited on at I€ast
than the minimum bound corresponding to the pink cunaifferent days, illustrated on Figure 7b. The curve repnéag
defined ag/=X. We may therefore conclude that the higher ththe popularity of the Individuality community increases n@o
number of citation days, the higher the frequency of citatio slowly than the2 other curvesfor lowX values and increases
per day. significantly for the maximum values of. This rapid increase
Figure 6b indicates a statistically significant classifmat at the end of the measurement is a border effect due to the
of posts into two groups: fact that each post citations are monitored during oty

« posts which are cited on at mosb distinct days; they days. Therefore the maximum valug) (has to be reached
represend9% of all posts. Within this class, the numbe@t the end of the plot, and it is not possible to know whether
« posts cited on more thard days. days (or more). An isolated group of posts cited on more than

0 days may be identified in this community; they belong to

Going further, we study in the next Section how posts fro ith : cant f lik tivity. Th bl
the three communities are distributed among these two ty gs with an |mpor an oru,m-l € activily. These blogsima
e considered as 'different’ from traditional blogs andsthi

of popularity. representation is therefore interesting to detect ostli®n the
C. Types of Citation Dynamics and Communities other hand, the two other communities (Leasure and Society)
show a different behavior in terms of popularity evolutiém.
particular, no specific increase can be observed at the end of

1000 — 1 ——
ddl't : oo / the measurement on these curves as the maximum value is
100 0904 reached aroun& = 10 and X = 20 for Leasure and Society
e / communities respectively. The conclusion is that postbese
w0 ° X - oo / cor_nmuni'gites_ are no longer cited aftdr (resp.20) days since
L \/\K *A M/Tx oona | g their publlcanon and that these posts therefore do not heed
1 eei 0.982 —t be monitored more thah0 days (resp20 days).

@ ®) In this subsection, a deeper study of each type of post
Fig. 7. a) Distribution of citations of posts cited only onaydA dot with Popularity has shown an impact of post communities on the

coordinates(, y) means that there ageposts which have been citedtimes  evolution of their popularity. In the following subsectiowe

on their single citation day (aX'=1). b) Cumulative number of citations per ; ; ; il i ; ; agd'
total number of citation days. This plot represents the dative probability Investigate their poten'ual impact on information Spr :

density function (PDF) of the number of citations per numbledays forx —cascades.
greater tharﬁ: ) ) D. Cascades and Communities
Let us first focus on posts which are cited only one day.
Figure 7a shows the distribution of the total number of in- 1m0 — &
links for all posts cited only one day and for each community. °
1000 60
{ 50

The reasons of this restriction to posts cited only one day_
are the following: first, the number of these posts represent &

100

number of nodes
IS
5}

89% of the total number of posts in the dataset as said " + - IS

earlier; second, taking into account all posts of the firassl © % § i i ERE

would be confusing e.g. a post citdd times on a single ' . o ol e e
day would appear like a post cited once tihdistinct days. @) ()

The distributions of the posts of each class are heterogsnedig. 8. a) Distribution of communities per cascade. A dotwgbordinates

however, the behaviors within each community differ: thér,v) means that there arg cascades which contain posts framdifferent
communities. b) Number of communities per cascade. A ddt edordinates

Individuality _Continent has the IOWESt_tOtal number_ of MHS (z,y) means that there is a cascade containingodes which involvese
(corresponding to the surface below its curve) which in@isa communities.

that personal blogs have a smaller popularity than postsCascades may be composed of posts from different com-
from other blogs. The popularity of posts from the Leasumunities, but one may expect that they mostly occur among



posts of a same community. The data considered here magedicular, it showed that the measurement’s duration meay b

it possible to explore this question, for the first time to oureduced for specific blog communities. The study of the impac

knowledge. This is the focus of this Section. of community information on post and citation dynamics has
86% of cascades contain only posts from the same Continestitown promising results and we will carry on working on this

(Society, Leasure or Individuality). However this comntyni in the future.

view may be too high-level and a more detailed analysis isIn this study, the spreading process has been studied only

necessary. through the analysis of citation links between posts. A new
For the following figures, we have used the second levéataset containing both these citation links and comments

community classification which is composed tf Regions about existing posts will be available shortly. This eneidh

(i.e. sub-communities). Figure 8a represents the digtabwf blog information will allow us to compare the results preasen

the number of Regions per cascade. This distribution shoimsthis study with statistics based on comments only and on

that 75% of these cascades are made of posts from ortlye joint use of comments and citation links.

one sub-community. This means that at the Region levelAnother perspective of this work is to apply this methodol-

cascades are homogeneous in term of community compositiogy to other types of complex networks in which diffusion

which confirms our intuition. Figure 8b represents the size processes take place in order to assess the interest of this

cascades (i.e. the number of nodes they contain) as a fanct@pproach in other contexts.

of the number of communities. It shows that few cascades areAcknowledgementsThis work is partially funded by the

composed of posts from more théncommunities. We also WebFluenceANR and Ville de PariDiRe projects.

observe that the cascades which contain the highest number

of nodes are not those which involve the highest number of

communities. These results indicate that there is an impfact [11 E. Adar, L. Zhang, L. A. Adamic, and R. M. Lukose, “Implictructure
and the dynamics of blogspace,” iWorkshop on the Weblogging
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