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Abstract—In this paper we introduce a new model to rep- but, at the same time, it is not yet unified within a single
resent an interconnected network of networks. This mode! is service (and it seems this will not happen anytime soon).
fundamental to reason about the real organization of on-lie On a metaphorical level contemporary on-line presence is
social networks, where users belong to and interact on diffent . . . .
networks at the same time. In addition we extend traditionalSNA similar to a pillar, representing a single user connected tF’
measures to deal with this multiplicity of networks and we aply ~ Other users on several autonomous layers (or floors of this
the model to a real dataset extracted from two microblogging architecture made of multiple networks). Two users might
sites. be connected by many layers at the same time - e.g. two
friends may bdriendsin Facebook, in Flickr and YouTube and
followers in Twitter - while other users might be connected o

Our contemporary social experience is largely based on qust one layer - e.g. like co-workers connected only through
ability to master a growing number of social contexts. JakinkedIn. Pillars are therefore the linkage between seévera
interviews, chatting among friends or casual conversatiobn networks each one representing only a layer of that user's
the bus stop, all these social interactions require a specifin-line presence. The result is a highly complex system made
perception of our audience and the ability of choosing tref several layers, one for each on-line service where users ¢
right topic and tone among a list of many possibilities. Wke present, and where users (nodes) can be connected to each
need to perform our social role starting from a clear definiti other through several edges (connections) with differeopp
of the social frame [1] we are performing in. erties. The way in which different users exploit the diffare

When we move into the on-line context this scenario i&inds of connections that are available to them is related to
if possible, even harder to manage. On-line communicatitimeir own personal strategy of on-line identity management
offers undoubtedly many opportunities to experience thithe choice about what to share and using which layer/system
multiplicity of identities and this has been one of the clads obviously part of this strategy. At the same time usershav
sical topics in Computer Mediated Communication studieke ability to move conversations (or topics) from a layer to
[2]. Within this perspective on-line identity has often heeanother.
described as a self conscious performance of identityijpect  The impact of studying the whole system instead of each
[3] played in different on-line contexts. The collapse ofisgb single network should be clear if we think of real and typical
contexts followed by the growing success of Social Networhenomena like on-line information diffusion. YouTube nsse
Sites [4] shift this phenomenon even forward. Within sociare interconnected through following and friendship links
network sites e.g. Facebook or even more prominently withédlowing them to know when other users have posted new
microblogging sites like Twitter or Friendfeed, users Iard videos. However, newspnemesand almost any kind of on-
have a clear perception of their final audience and the cbntlime information usually spread through the network boogci
of the social context where their communicative interaetio from a service to another one: e.g. people post videos on
are taking place is often a challenge [3]. YouTube but this videos often reach a high visibility when

As a partial solution to this problem we saw over the lastsers start posting about these videos on their blogs or on
few years how, despite a general movement toward a reductiwitter or Facebook. This diffusion on Facebook may then
of the number of Social Network Sites (largely due to thkave consequences on YouTube, where for instance new
incredible success of Facebook), dedicated social nesvodonnections can be created between users who where exposed
seem to be still very popular. Services like LinkedIn - foto their videos on Facebook. Studying this kind of phenomena
professional networking - or match.com - for on-line datingin depth is impossible if we do not consider all the networks
show how, despite a huge social pressure pushing us towaneblved, and in this paper we also show that even considerin
a merging of our on-line presence, there is an interest afl networks but separately can lead us to inaccurate sesult
maintaining a higher control over specific areas of our ap-li ~ For this reason we define what we call the ML Model (Multi
presence. Therefore, at the moment, users’ on-line presehayer Model). A ML model is able to deal with the high
is no longer scattered through hundreds of difference sesvi complexity of our contemporary on-line experience espigcia

I. INTRODUCTION



when we want to observe how social phenomena, as well @mnstruction which can be described from a situationist per
information, propagate through several networks at theesaspective [5] as an understanding of the context where the
time. As we can see in our everyday experience and as es@mmunicative interaction takes place leading to a specific
have exemplified in the previous paragraph the informatiamoice about what kind of role is more suitable to perform
propagation process rarely involves only one service or offg.

network. This kind of phenomena implies at least two différe As clearly observed by Meyrowitz’®No Sense of Place
social actions: on one side users act in different on-lirieado [6] media change in a radical way the places where our
contexts dealing with different perceptions of their andie communication happens. Electronic media - from radio to
and - at the same time - their activity contributes to buileith television - delete walls and boundaries that have oftert kep

own on-line identity. specific social contexts isolated. This phenomenon is not
The contributions of this work are the following: only affecting the way in which we define the distinction
« We define a model for the representation of multi laydretween what is public or what is private but affects also
networks. our possibility to have a clear perception of ocamdience
« We extend classical SNA centrality measures to appdnd therefore to have a clear understanding of the social
them to multi layer networks. context. The perception of the audience is therefore always

« We report on the extraction of a real large multi layefore the perception of aimagined audiencevhich is used
network from two microblogging sites, which has beein order to perform our Self-conscious identity constroiati

made publicly available. processes [3]. This consciousness of an audience may change
« We present the results of the application of the extendéd@pending on what kind of on-line service we are studying
measures to this network. [7] (in goal oriented spaces people are more conscious f tha

In summary, we will see that studying a single network oftefevertheless all on-line users have to be understood agpfault
limits our knowledge of on-line organization and dynamic$elections of possibilities operated according to the gaatl
and even studying separately the organization of multipld€ imaginatedaudience of the on-line places they populate.
networks may not be sufficient to understand the overall rolePynamic Network Analysis is an emerging research area
and position of some users. In addition, by comparing SNpartially related to the goal of this paper. Dynamic Net-
metrics computed on the single networks and on the MYOrk Analysis (DNA) brings together social network anatysi
network it is possible to understand how much the singf@NA), link analysis (LA) and multi-agent systems (MAS)
networks are complementary to each other or have a simifthin network science. This interesting and emerging ap-
social function. proach can describe networks with multiple kinds of nodek an

This paper is organized as follows: in the next sectiofultiple types of links connecting them [8], at the same time
we review existing work in this area. While we cannot béimilarly to the model we are proposing, nodes can belong
exhaustive for space reasons and for the number of studigseveral networks at the same time. This approach and the
potentially related to the topic of this paper, we have ttied "€lated meta-matrix model [8] have been widely adopted in
indicate the main references to draw the sociological cantérganization studies [9] and there has also been a grea¢ste
in which our work can be inserted and to indicate related aif the study of Dynamic Social Networks [10] that we expect
complementary researches. Then we formally define the N increase with respect to on-line networks in the future.
model and extend centrality and closeness measures to applyhis multiplicity has to be taken into consideration when
to it. In the following section we describe the dataset usd¥e Start investigating the problem of on-line propagatias.
to test our model and metrics and how we built it from re¥® have highlighted in previous work [11], [12] the choice

social data. We conclude with a discussion of the experiaienP€tween propagating or not a specific information item and
evidences. through what kind of service doing that is mainly a choice

related to our perception of our audience and related to what
Il. RELATED WORK kind of identity we are constructing within that specific on-

This paper deals with at least three fields of related réne place. On a more general level the propagation of items
searches. On one side the ML model deals with the sotlirough networks is a very abstract and general problemtwhic
ological researches on on-line presentation of the self bps been studied in several fields. In general, according to
providing a formal model of the sever#éyers composing our review of existing formalizations, it appears to be ayver
our everyday on-line presence. On another side it deals wibmplex problem for which a simple mathematical solution
complex social network theories by offering a new approactoes not exist. As a result all approaches have carefully
for social network analysis and, at the same time, the final g@xploited the specificities of their application fields awiing
of the ML model is to provide a wider perspective on on-line the specific items traversing the network, e.g., viruses o
propagation phenomena. Due to this highly interdisciplinalnternet surfers, and developing specific solutions thakea
approach a large base of previous researches have to be takelh under those assumptions but are not meant to be general
into consideration. answers to this problem. Our goal here is not to explain in

On-line self presentation has to be understood as a tedetail every approach that has been used but to highlight how
nological mediated aspect of the broader issue of identipyevious researches and uses in different fields can provide



insights into the topic. It is important to highlight that we 1) retaining their informational content;
are not going to move seamless ideas and concepth(as  2) inducing people to reproduce the meme itself;
viral or propagation from a scientific field to another. Every 3) staying alive as long as they are able to be reproduced.

discipline has its own specificity and moving concepts (and according to Jenkins [15], who is investigating how culfura
research methods) around will only generate greater cmfus;qnients spread through our society, there are many crucial
rather than real knowledge. Within this perspective beinlg a gjfferences in the way viruses and cultural content spréhd.
to stress differences appears to be as important as sgesgifidemiological metaphor, even if it is very attractivepshi
similarities. not be used. Jenkins’ point stresses the role of the end imsers
Epidemiology has always tried to understand hawises the propagation process. While in virus spreading peoe ar
and otherpathogensspread over the population at differengimost passive carriers of viruses (they cannot chooseejf th
times and with different modalities. This is aimed at beinglant to be infected or not a_nd’ if infected’ they have no ahoic
able to foresee how many people are susceptible to be idfecitween spreading the virus as it is or changing ity memes
with a specific disease and to be able to undertake proper piged some kind of collaboration to their propagation. Ifsit i
ventive actions. The introduction of Social Network Andadys obviously possible that someone is unintentionally expdse
in epidemiological research has been based both on Sogja{ kind ofunit of informationthe choice between spreading
Sciences and Graph Theory achievements [13] and rose Newr not and the way in which it has to be done is definitely
and unexplored methodological problems. Observing howyp to the single person. This means that the spreading of
disease spreads in the real word assuming the existences@icific information can be done also to pursue specific
a network of social relations underneath pushes researcbgﬁsonm interests, to enforce personal relationshipseset
toward the identification ofmeaningful social connections ysers or according to a personal definition of relevance. [16]
From an epidemiological point of view relevant connectiongformation spreading in socio-technical context is notyon
are those able to spread thathogens matter of what has the major chance of being replicated but

If networks are to be used for epidemiological pur- also of how this replication is used by the members of a

poses, then connections should only be included if ~specific cultural context.

they describe relationships capable of permitting the Within this perspective thenodes of a social network

transfer of infection. [13] involved in the spreading of information, as well as those
This leads to the methodological challenge of being able itrcl)volved_in the_ spreading of any k_ind of cu_ltural object, are
observe and trace only what is relevant from a specific pdint%UbSta.nt'a”y different from those v olved n the s_premym
view, and highlights the role of social networkspathogens of a viral agent. We have to take into consideration nodes

. S with a set of characteristics able to explain why in cultural
propagation. Nevertheless there are many crucial diffesgn o : . .
. ) . . coptexts: expositiog: contagion# spreading. The active role
between the propagation of an epidemic and the spreading . . : .
of media audiences has been part of any media spreading

information in an on-line context. Those differences can : ; )
: . o t%ﬁeory since long time [17]. A theoretically founded resbar
grouped in two major areas: differences related to the eatur

of the connection identificatiorand differences in theode °n Propagation in SNSs should not try to simply show how
behaviour information propagates through a SNS but also understand

. . . . . .. ._what is the role of SNS structures and connections in the
Epidemiologists struggle with the challenge of |dent|g/|nw ! uctu : !

hat fitut naful tiohet " d larger process of propagation of cultural information. Wit
what constitutes aneaningiul connectionetween two Nodes. ;¢ process the belonging of every single node to several
This changes dramatically if the traced disease iserual

. ) : X o networks (that we have defined as layers) and the active role
transmitted diseaser anairborne pathogenThe identification ( yers)

. L of every single node in acting through these layers accgrdin
of what constitutes a link is, after all, up to the researcivaf .to his/her strategies or his/her perception of the auditiawe

to h|s/h_er. _evalua'uon. In the. on-line cpntext, on the oposi to be part of any model aimed at understanding on-line social
the definition of the explicit connection between users, t enomena

meaningful link is part of the SNS itself and its establishment
appears to be an explicit choice of the user. Nevertheless th
existence of any kind of on-line connection among two users
does not imply the actual use of that connection. This leadsin this section we provide some general formal defini-
us to the second difference. tions, with the aim of covering a large number of potential
The second difference when we shift our focus from virapplications, then describe a possible interpretationhefe
diffusion to information/cultural spreading is about theture definitions in the context of multiple on-line social netksr
of the virus itself and the freedom of the host/node. Th&@hese definitions are necessary to extend traditional Isocia
metaphor of media virus [14] had (and still has) great succasetwork analysis metrics to multi-layer networks. In pautar,
among the large audience. Thogeuses often referred as later in this section we extend two classical centrality sueas
memes, are described as media-based viruses not conéeptfdegree and closeness) and discuss why these extensions all
dissimilar to what we know from biological studies. Memesss to extract more information than what we can obtain from
are described [14] as units of information capable of: the analysis of the single networks.

IIl. THE ML MODEL FOR MULTI-LAYER NETWORKS



A. Data structures o 0 Network 1

The definition of a multi-layer model is based on simple / | N\
weighted networks.

Definition 1: A Network Layer is a weighted grap(V, w) / [ |
where V is a set of vertexes and: (V' x V) — [0, 1]. / |

In general social networks are dynamic environments, where I [
the number of nodes and weights change over time. However [
in this paper we are more interested in investigating theetsp
related to the coexistence of multiple networks, therefoee / | .
will focus on static data structures to avoid the introdwreti i

of unnecessary formalisms. Network 2

Fig. 1. A single-layer network. our Facebook friends. In this example every user has exactly
one account on each layer. For this reason we call this a

Example 1:In Figure 1 we have represented a single nekillar multi—network where every user can be seen as a pillar
work with three users and three edges (without specifyifRversing several "floors” and posed on the lower layer, not
the weights). This may correspond to a portion of a TwittdEPresented here, that is the level of physical realityh vait
network, with following relationships. Weights can be used specific geographic location. A Pillar model is charactliz
represent the strength of the relationships from the padint By [C(u)| € {0,1}.
view of information flows: for instance they can be used to Here weights can be used to indicate for each account in
represent the probability that a user will reply to another. V1 the probability that a message will be exportedto and

When we start considering multiple networks, we need ¥dce-versa. In fact, having two or more accounts does not
know which nodes in one network correspond to nodes in tRgcessarily mean that the same user will produce the same
other. This is done using a Node Mapping. content on the two layers — which by the way can be made

Definition 2: A Node Mapping from a Network Layet; = difficult by the different technological settings of the S\
(Vi,w1) to a Network LayerL, = (Va,w;) is a function practice we can use the value of the Node Mapping function to
m: Vi x Vo — [0,1] . For eachu € V4, the setC(u) = {v € representthe probability that an information present onden

Vo | m(u,v) > 0} is the set ofi, nodes corresponding te. v On one network will be posted to nodesdu). Thinking
of real systems, this probability can be 1 in case one network

Fig. 3. A general Multi Layer Network

° o Network 1 is a social media aggregator where the user has registezed th
\ other account — like Twitter messages imported automdyical
| e into Friendfeed, it can be close to 1 — like when we check

| I
in somewhere with Foursquare and posting it on Facebook
I ! involves just a confirmation if we registered the account — or
| | it can be close to 0, when the audiences of the two networks
| | are too different — like when we exchange on Facebook links
that would not be appropriate for a professional network lik

‘ l Network 2 LinkedIn.
V Finally we can define a generic Multi Layer Network, which
consists in a set of networks and a matrix of Node Mappings.
Definition 3: A Multi Layer Network is a tuple MLN=
Fig. 2. A Pillar Multi-Network. (L1,...,L,,IM) where L; = (V;,w;),i € 1,...,n are

Network Layers and IM (Identity Mapping) is anx n matrix

Example 2:The three users in the previous example ma§f Node Mappings, with IM; : V; x V; — [0,1]. If we
also have an account on Facebook, and here we can definev = {v}, IM,; is the identity mapping for thé layer:
another network to represent these three accounts and tihdir,;(v, v) = 1.
relationships. This scenario has been represented ind=Bur Example 3:In Figure 3 we have represented a multi layer
where we exemplified how the connections between Facebowkwork more complex than a simple Pillar model. Here the
friends may not correspond to Twitter connections — fasame node in one network may correspond to multiple nodes
instance a user does not necessarily follow the Twitteustain another. This is a typical case in social media aggregator
of his friends, and often we follow public figures that are nathere for example we can have a BBQurnalists account



Network 1

Network 2 Fig. 6. Node reachability in a Multi-Layer Network

The definition of the extended degree centrality just de-

Fig. 4. Multi-Layer degree centrality: a user not incregsitis/her audience gcribed by example is not immediate, and we can proceed
in three steps. First, given a Multi-Layer Network MLN
(L1,...,L,,IM)and a node € V; we can get all the nodes in
all networks connected to it. If we focus on the case of daéct
unweighted networks this is expressed(by.(; ,,1 (. e, U-
In Figure 4 this set computed on C corresponds{£g B,
D, A, B, D'} while in Figure 5 it is{B, E, A, D'}. At
this point we want to remove nodes that already contribute in
another network to the audience of C. To do this we define an
equivalence class eqy s, w iff IM;(u,v) > 0. As an example,
in Figure 4 nodes A and A are equivalent, while there is no
| | | Network 2 node equivalent to another in Figure 5. This equivalencgscla

defines a partitio®,,,, of our set of users and the number
. of sets in this partition corresponds to the real audienceur
example represented in Figure 4 the resulting partitioretd s
would be{{A,A },{B,B'},{D,D’'}}. Each partition indicates a
set of corresponding nodes, e.g., the account of the same per
son on different networks, therefore they contribute omge

following all registered BBC journalists and providing agle [0 the computation of the centrality measure. In this exampl
access point to all their updates. As a consequence, in t}1§ resulting degree would bg{A.A } {B,B'} {D,D'}}|=3.
case nodes do not represent only users but more in gen&gl the contrary the Degree of the multi layer network in

Network 1

Fig. 5. Multi-Layer degree centrality: a user increasing/tier audience

accounts. Figure 5 would bg{{A },{B},{C'},{D}}| = 4.
Definition 4: Let MLN = (L4,...,L,,IM) be a Multi-
B. Analysis metrics Layer Network with weights 1. The In-Degree Centrality of a

. . _nodevw is defined as:
In this section we extend two fundamental SNA metrics

to the context of Multi-Layer networks. It will be clear how 5(0) = |Pegrar. ( U )|
this extension enhances our analysis power with respect to !
considering each network separately.
In Figure 4 we have represented a user with three con-The definitions for Out-Degree and Degree are simple
nections in each network. If we look at the correspondencéggdifications of this formula.
however, we can see that the six connections include theéNow we can consider closeness, i.e., a measure of how
same three users, therefore the Multi-Layer audience \eill modes are close to each other. In this definition we will
composed by six nodes but limited to three people. On tleensider also the weights of edges, but we introduce it tinou
contrary, in Figure 5 we have represented a case where Ipok&imple unweighted examples.
at the two single networks the central user would look less Figure 6 shows that two users A and D whose accounts are
connected than the one in the previous example. In fact @e/stot connected to each other can be in fact connected if we
has two connections in the first network and two in the othesonsider the ML network. In fact, an information item could
against the three and three of the previous example. reach D from A through the path A~ A - B' - B —-C —
However, this second user is exploiting the two networks’ — D’ — D. This information flow process involves some
in different ways, managing distinct audiences in one ad thormal in-network propagations and thieoicesof some users
other. As a consequence, the overall degree centralitybeill that the information is worth propagating also in the other
4, more than in the previous example. network.

i€[l,n],(u,v)EE;
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Figure 7 shows that even for users that are already connec  *5°*” sookmarkiet
to each other in one or both networks their distance mi, R
decrease. Also in this case this depends on the transfer of
information from one network to the other.

From the point of view of defining closeness centrality,
i.e., the average inverse distance of one node from the ther
these examples highlight how we can compute the extended
distances by considering a single network obtained startin £ |
from the MLN.

Definition 5: Let MLN = (L4,...,L,,IM) be a Multi-
Layer Network and flaft/ LN) = (V,w) where:

e V= Uz Vi

o w(u,v) =w;(u,v) if u,veV;

o w(u,v) =IM, j(u,v)ifueVi,veV,i#j
The distance of two nodes v in the MLN is defined as their
distance in flat{/ LN).

Fig. 8. Top 10 Sources of posts
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IV. EXPERIMENTAL RESULTS 0 50000 100000 150000 200000 250000 300000

Our experimental phase has been designed to investigate -
how the use of the ML model impacts on the ability to describfég. 9. Number of services registered by each user with at lee service
a complex real world situation made of users with multiple
accounts on several social network sites. Therefore we have
selected a group of users each one with an active accohbigure 8 we show how these sources contributed to the User
on two microblogging sites: FriendFeed and Twitter. The twgenerated Content on the site in August-September 2010,
Services appear to be Very Sim“ar regarding their genmtg a.nd. in Figure 9 we ShOW the diStributiOI’l Of the number Of
both are microblogging services (even if Friendfeed is mofgdistered services.
an aggregator of on-line content) and both allow the shasfng At this point we focused on two networks: the same
various kinds of information toward a list of followers. loth Friendfeed and Twitter. Therefore we extracted all usere wh
cases there is no technical requirement of reciprocity & thegistered exactly one Twitter account and whose Twitter
following mechanism. Given this situation we are claimihgtt account was associated to exactly one Friendfeed usetpthis
the best way to describe this scenario is to use the propoég@nove collective accounts not corresponding to singlsqres

ML model and not Separate models for each network. and to build a Pillar ML Model. As a result we selected
) 155,804 users.
A. Data extraction The final step of the data extraction phase consisted in the

Friendfeed is a social media aggregator. In this systemtrieval of the mutual connections between these uselishwh
while users can directly post messages and comment on otvas done respectively using the Friendfeed and Twitter APIs
messages much like in Facebook and other similar SN&s\d resulted in a Friendfeed network with 5,939,687 arcs and
they can also register their accounts on other systemsidn ta Twitter network with 13,142,341 arcs.
way, using the Friendfeed APl we could retrieve the multiple The first analysis that we carried on was the comparison
accounts of the same users for several social services.  of the degree centrality among the two networks (Friendfeed

In our dataset, which is available for download on thand Twitter) and the ML network [18] [19]. Our data showed
project Web site (http://larica.uniurb.it/sigsna) we leoted some interesting results. Figures 10 and 11 show how there
322,967 users who registered at least one service outsislenly a limited linear correlation between degree ceityral
Friendfeed, with a total number of 1,587,273 services. the two microblogging services and in the ML network. This
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means that users may have a very different degree centralityy. 13. Increasing in centrality degree value per usertf®wNetwork
in the two services: a single users might have a huge number
of connections on one system (e.g. Friendfeed) and a small
number of connections on the other (e.g. Twitter). Despitecount. Figure 13 shows the increasing factor of the degree
the close similarity in services’ goal it appears to be clegentrality of every single user when it is calculated on tHe M
that social behaviors on every single system change the’useretwork (the comparison is made with the Twitter network).
centrality within the network, therefore given two systems While the average is quite small it appears evident thakther
even though very similar from a technical point of view - are users that have up to twenty times more connections when
proper measurement of the degree centrality in our scenatese are calculated on the ML network. This suggests a very
can be obtained only through the analysis of the ML netword#ifferent kind of usage of the two services. Even if we are
The evaluation of the degree centrality on the ML netwonkot able so far to make a qualitative evaluation about how
rises a couple of more specific questions: how much the degusers exploit the two networks we can surely claim that a
centrality ranking changes by shifting from a single netwomproper evaluation of their on-line presence cannot de ebsder
approach to a ML network approach? As a consequence of thaty through a single service and that the ML model we are
how much does this affect the single user? Figures 12 and<diBgesting offers a better description of this scenario.
highlight possible answers to these questions. Figure@2+e The second analysis is related to shortest paths and to
sents the gain obtained within the degree centrality rapkin connected components. Introducing the ML model may in fact
using the ML network instead of the single Twitter networkhave two direct consequences on these aspects, as we have ex-
It appears that for the majority of cases there is a very smaliplified when we introduced the extended distance function
increment of ranking positions but at the same time there aye one side the distance that separates two nodes might be
nodes losing or gaining many positions. shorter when we take into consideration the opportunity to
If the ranking of a whole network is a useful piece of inforswitch to another network. In our case two users might not be
mation to describe it, switching the perspective to how mamrectly connected on Friendfeed (even if they might belting
times the degree centrality of a single user changes whag usihe same connected component of the network) and be directly
the ML network model might provide many insights into theonnected on Twitter. On the other side, as we illustrated in
single persons’s use of the networks where he/she has ap aqgtrevious examples, two users might not belong to the same
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Fig. 14. Closeness for ten nodes of the Friendfeed netwdacKpand the
Multi-Layer Network

V. CONCLUSION

In this paper we have proposed a model for the represen-
tation of multi layer networks, together with extensions of
classical SNA centrality measures. Based on this proposal,
other centrality and SNA metrics will be extended in the
future. The application of these metrics to a real large imult
layer network has confirmed that considering a complete
network-of-networks model allows us to extract resultsrfro
our analyses that do not correspond completely to the ones
that can be obtained from each network separately.

We think that introducing multi-layer models in different
kinds of studies of on-line networks could boost open retear
directions and potentially open new ones, and in particular
the study of the connections between different layers, i.e.
the dynamics of information propagation from one network
to the others, and also the topic of data integration foradoci
networks that appears to be a fundamental activity to build
unified user profiles from distributed on-line accounts.

(1]
2
[3]
[4]

—

Average distance (o other nodes (Twitter and Multi-Layer)
2
L

(5]
(6]

(7]

Index

Fig. 15. Closeness for ten nodes of the Twitter network land the
Multi-Layer Network
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connected component on one network while they might bEa]
very close on the other. (0]

As a result of building the ML Network, about 5,000 nodes
on Friendfeed and about 200 in Twitter became connected to
their respective giant components, becoming reachabte frét
the majority of nodes. These numbers are not very relevant]
if we consider the size of the analyzed networks. More
interestingly, Figures 14 and 15 show for a sample of ten snod[@z]
their inverse closeness centrality (i.e., the averageanitst
between them and all nodes reachable on the single networks
both on the two single networks (black) and the ML network
(gray, where we computed the distance function defined ¢ thi
paper). These results show that on the Friendfeed netwerk tkt
distance between nodes is already low in general: comai\x;ier!315
another network does not introduce many better paths. On
the contrary, although momensein average given the larger[16]
number of edges, the Twitter network is more scattered and
there seem to be less connected regions slowing down the fiawy
of information (i.e., increasing distances). As a consegae
the impact of adding another layer is much more importaHfg]
in this network, showing again that extending our perspectif19]
we can find a different scenario with respect to the one \asibl
from the point of view of a single layer.
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