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Abstract—In this paper, we present a horizontal view of  pattern is to connect with friends, family, and acquain&s\c
social influence, more specifically a quantitative study oftte in-  thereby reinforcing the structural dimensions of peer abci
fluence of neighbours on the probability of a particular nodeto worlds that exist in schools. It is less common for teens

join a group, on four popular Online Social Networks (OSNSs), . - L
namely Orkut, YouTube, LiveJournal, and Flickr. Neighbours to seek out new friends onlirg]. We therefore think it is

in OSNs have a mutually acknowledged relation, most often reasonable to assume that most users that are friends with
defined as friendship, and they are directly connected on a others who joined the same group, are friends first and then
graph of a social network. Users in OSNs can also join groups join OSN groups.

of users. These groups represent common areas of interest.e/V/ Group memberships have been studied in social network

present a simple social influence model to describe and exjita . . .
the group joining process of users on OSNs. To this end, we analysis as two-mode social networks [3], variously referr

extract the social influence from data sets of OSNs of a millio ~ t0 as affiliation networks, membership networks hyper-
sample nodes. One of our findings is that a set of neighbours networks with relations being termedffiliation relation or

in the OSN is about100 times more powerful in influencing a  involvement relation Affiliation networks exhibit a dual-
user to join a group than the same number of strangers. ity of social relations and affiliations. They are two-mode

Keywords-social networks; social influence; networks consisting of subsets of actors, and connections
among members of one of the modes are based on linkages
. INTRODUCTION established through the second mode. More precisely, the

Social influence occurs when an individual's thoughts orfirst mode is a set of actors as usual in social networks,
actions are affected by other people. The process of interpethe second, additional mode is a setesents which can
sonal influence that affects actors’ attitudes and opinisns be a wide range of specific kinds of social occasions: e.g.,
an important foundation of their socialization, identiayyd  social clubs, boards of directors of corporations, unigrs
decisions. [1]. committees. In this paper we use the tergmups and

Online social networks (OSNSs), such as Facebook, Orkutmemberships/hen referring to the common-interest (second
Flickr, and LiveJournal, have become very popular andnode) part of the affiliation network, angbcial networks
continue to grow their user base. Users on these OSNandneighboursfor the friendship (first mode) part.
usually have explicitly labeled friends, which we consider An interesting feature of affiliation networks is that,
to be proximity relationships on the networks. Users carthanks to their dual nature, one can look at either part of
choose to create or join a group or community based onhe network and derive predictions for the other. We are
common interests, such as affiliations, hobbies, politicainterested in how friendships in OSNs, or, more generally,
stands, or religions. They can invite other users to joinneighbors in social networks, influence the choice of groups
the same groups. It is commonly believed that the closeto join. Conversely, when we look at group memberships,
proximity peers, such as friends and friends of friendsghavthe question becomes what we can predict about a user’s
social influence on the joining of a certain group of thatfriends given the groups she has joined.
node. As in any social networks, online or offline, the effect Affiliation networks are most commonly represented as
can also be the other way around, when people get to knotwo-mode sociomatrices, bipartite graphs and hypergraphs
others by virtue of their common interests and membership8Vhile the latter provide a more immediate intuition thanks
in the same groups. These acquaintances then become né&wtheir visualization, they are not scalable to large data s
social relations. In OSNSs, these new relations may result iras used in this paper.
links between users and thus new neighbours in the network The rest of the paper is organized as follows. We discuss
topology. In this paper, we analyse snapshots of networkelated work in 1. We explain the social influence model in
topologies. There is therefore no information on what cameSection Il and the data sets used in this paper in Section IV.
first, the friendship link or the group membership. At leastA description of the analysis and results can be found
for teenage users, it has been found thatdominant usage in Section V, followed by an outline of future work in



Section VI and conclusions in Section VII. share a focus, or an affiliation, but these ties are likely to
form specific kinds of network patterns, such as clusters.
Il. RELATED WORK

Online social networks are a fairly recent phenomenon. Ill. SOCIAL INFLUENCE MODEL
One of the first projects to study the impact on people’s We propose a simple social influence model based on
behaviour and social life was the Digital Youth project. social influence network theory [1]. The theory tells us how
A qualitative study [2] found that there is strong direct a network of interpersonal influence enters into the process
peer pressure to join OSNs among American teenagers igf opinion formation. In social influence network theorygth
addition to their own feeling of being left out if they do final outcome of an idea in a group of actors is the result of
not join. Reasons for not joining vary, but the dominantthe interpersonal influences between these actors, and also
categories of non-participators seem to be disenfranghiseactors’ susceptibilities to interpersonal influence.
teens with little access to OSNs, conscientious objectors, Here we model the action of joining an online social
and former users. group as the result of the node’s original opinion about

There have been theoretical and empirical studies othe group, the influence of other nodes in the network, and
group formation and preferential behavior in online groupsits susceptibilities to interpersonal influence on joinihg
Backstrom et at. [4] studied the membership, growth andyroup. In OSNs, the influence can be in the form of direct
evolution of large social networks. They observed that thénvitation from another node in the system (e.g., a friend)
tendency of an individual to join a community is influenced or just the indirect observations of the activities of amoth
by both the number of friends he has within the community,node related to the group (e.g., the posting of a picture in
and more crucially how those friends are connected to one social group by a friend). In this model, we assume that
another. Another work also by Backstrom et al. [5] examinedthe social structure of the group of actors is fixed during the
the preferential behavior of Yahoo! Groups. They foundprocess of opinion formation. This is realistic in an OSN
that different types of groups produce varying degrees ofn the way that the network would not evolve too fast for
engagement. Members of a smaller, private group usuallthe small amount of time a user needs to decide whether to
have higher engagement than members of a large, publigick or not to click on a button to join a group.
one. The more groups a person belongs to, the less likely Setting aside the possibility of a set of users that become
that they would be heavily involved in all of them. Anag- neighbours on a social graph because they met virtually in
nostopoulos et al. [6] studied the influence and correlatioman OSN group and then became friends, we assume that a
in social networks. They define several general models thajser’s decision of joining a particular group on the OSN is
replicate the aforementioned sources of social correlatioinfluenced by (N-1) other nodes in the whole network. We
and propose simple tests that can identify influence as sourghen define the group-joining process in the OSN in a set of

of social correlation. N actors to be:
While these studies have shown the existence of cor- ® . "
relation between user actions and social influence, there Yy =AWy + (I - Ay 1)

is no quantitative study of a large range of OSNs and, ., _ 93
characterisation of the social influence of each network L
Most of the previous works are trying to show the eV°|Uti°nactors’ opinions at time, W = [w;,] is an NzN matrix
of a certain type of OSN. Instead, we try to do a broad study; . , ' Y N

. AR . interpersonal influence® € w;; <1,> .  w;; = 1) and
of several OSNs with a certain static snapshots of time. Ou P € wy < 1,05 wig = 1)

i is t q fitative big pict f th ) IA = diag(ai1,a22,...,ann) is an NxN diagonal matrix of
aim IS o produce a gquantitative big picture ot the Socialy g o susceptibilities to interpersonal influence omijog
influence of different types of OSN and to try to explain

the diff based th t f th i d tha group (0 < ay; < 1).
e difrerence pased on € nature o e service an e If we app|y the equation (1) iterative]y, we obtain

network topology of the OSN. More specifically, we look at
how the proximity friendship will influence the joining of y = =1,y 1) (2)
groups/communities on the OSN.

Prior to OSNs, affiliation networks have been studied in"Where,

., wherey() is an Nz1 vector of actors’ initial
opinions about joining a groupY) is an Nz1 vector of

different contexts [3], such as of memberships on a corporat (t—2)
board of directors, club memberships of a set of community VD — (AW 4 Z (AWYB|I—A)  3)
decision makers or elites, memberships in voluntary organi k=0

zations, researchers’ affiliations with academic insog, ) (=2 3

committees of faculty members, trade partners of major oil When we consider the process in an equilibrium state

exporting nations, high-school clubs, and eremonial event assuming convergence), equation (1) becomes
attended by members of a village. It has been found tha‘ ’

not only are pairwise ties more likely between people who Y = AWy 4 (I — A)y™ (4)



If we assumel — AW to be non-singular, then It was launched in February 2004, and as of November 2008,
it claims to host more than 3 billion photos. On a Flickr
user’s profile page, there are contacts (friends) and public
groups this user is belonging to. Groups are used in Flickr to
V=(- AW)(—I)(I —A) (6) share content and for conversation. A group can be public or
private. Each group has a pool for photos, which are shared
V' is a matrix of reduced-form coefficients describing theby the members of this group, and a discussion board for
total interpersonal effects that transform a user’s ihdf@n-  talking. The data set we used in this paper contains over
ion about joining a group into final opinions. Considering 1.8 million users and 22 million links. The neighbour and
that in an OSN, an invitation to join a group usually can membership information are obtained via the APIs exported
only be sent to friends (i.e., direct neighbours) or users caby Flickr for third-party developers. This data set covers
usually only observe the activities of their direct friend®  a large fraction of the large weakly connected component
can simplify the numbeV to be the target actor and her (WCC), which is the set of nodes in a directed graph where
direct neighbours. We will show later in the result sectioneach node has a path to every other node in the same set if
that actually strangers have very little similarity in joig  all links are viewed as undirected.
the same groups as an actor.
In this paper, we look at how the social influence of theB: Orkut Data Set
neighbours affects a node’s opinion about joining a group. Orkut (www.orkut.com) is a social network website run by
Since we use snapshot data of the OSNs, which do ndBoogle to help users meet new friends and maintain existing
show the dynamics of the evolution of the network, we arerelationships. It is a more explicitly social network websi
more interested in looking at the similarity of the group compared to the other three networks we study. Brazil and
memberships of a node with its neighbours, and what théndia constitute the major user base of Orkut. As of May
difference is compared to random nodes in the system. Thi8008, 53.86% users are from Brazil, and 16.97% from India.
would be useful for us to validate our claim above that weln Orkut, a group is called a community. Orkut communities
can limit the number of actor¥ to be the node and its direct allow members to connect over a shared interest or hobby.
neighbours. Additionally, it can be useful for us to estienat Users can join a community or create their own community.
the interpersonal influence parameters for each OSN. In Orkut, links are indirectly created by trust relation-
ships and require consent from the target. The data was
IV.  ONLINE SOCIAL NETWORKSDATA SETS collected using HTML screen-scrapping between October
The OSNs we study in this paper include Flickr, Orkut, 3rd and November 11th, 2006. The crawled subset consists
LiveJournal, and YouTube. The data were collected byof 3,072,441 users, corresponding to 11.3% of Orkut's user
crawling in late 2006 and 2007 [7]. The networks may havepopultion of about 27 millions at the time of the crawl. This
evolved in the past two years, which is the same for anydata collection was limited because Orkut requires a logged
real social network, and it is true for all dynamic systems.in account to browse the network and limits the rate at which
Studying a human social network at a certain point in timea single IP address can download information.
can still give us some general insight and knowledge into _
human behavior, in the sense of anthropology and sociology:+ LiveJournal Data Set
Furthermore, this is the biggest available OSN data, and LiveJournal (www.livejournal.com) is an online social
it usually takes a lot of effort and resources to do large-network for bloggers. Users can share their blog, journal,
scale data collection, making it extremely difficult to adbhta and diary. LiveJournal was started in March 1999. In Live-
data that shows changes over a meaningful period of timdournal, a group is also called community. A community is a
or that even just exceeds the extent of the one used herp@urnal run by a member for people with common interests.
Our interest is more on the steady state of the membershiphe data set we used covers around 95.4% of the users of
distribution instead of the evolution. We believe itis jiist  the whole LiveJournal community at that time. It contains
for us to look into these data sets, as has traditionallyover 5.2 million users and 72 million links. The LiveJournal
been done for social network analysis of static graphs, irdata in this paer was obtain from a crawl from December
order to better understand correlations of group memhasshi 9-11, 2006, with the APIs provided by the website.
and friendships in OSNs. The data sets were collected b
automated crawling scripts on a cluster of 58 machines:

y>) = vy (5)

where,

. YouTube Data Set

Statistics of the data sets [7] are summarised in Table I. YouTube (www.youtube.com) is a video-sharing website
) where users can upload, view, and share videos, and it
A. Flickr Data Set includes a social network. YouTube was created in February

Flickr (www.flickr.com) is an image and video hosting 2005. Besides video sharing, YouTube also allows users
website, web services suite, and online community platformto create groups. Groups allow multiple people to discuss



OSN Orkut Flickr LiveJournal | YouTube
Number of users 3,072,441 | 1,846,198 | 5,284,457 | 1,157,827
Estimated Crawled Fraction 11.3% 26.9% 95.4% unknown
Number of links 223,534,301 22,613,981 77,402,652 | 4,945,382
Mean number of friends per usef 106.1 12.24 16.97 4.29
Fraction of links symmetric 100.0% 62.0% 73.5% 79.1%
Number of groups 8,730,859 103,648 7,489,073 30,087
Mean group membership per us¢r 106.44 4.62 21.25 0.25
Table |

HIGH-LEVEL STATISTICS OF THE CRAWLEDOSNDATA SET

things publicly and to post videos that apply to the discus- ... e s ns o e
sion. A creator or member of a group can add video, invite o
other members, start a conversation, and offer comment
to videos and topics that other members have added. Tt
YouTube data set we studied in this paper was obtained o
January 15th, 2007, it consists of over 1.1 million users anc = o
4.9 million links, and is believed to cover a large fracton .. . . . . . . . | |~ P
of the whole network.

Probatbiiy Distbution pixh
Probatbiiy Distbution pixh

w
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V. RESULTS ANDANALYSIS
A. Sample Properties

Since the network is too big for membership analysis, we
decided to sample a portion of each network with sample -
points chosen uniformly distributed. Because differertt ne L e .

o El 0 El o o @ [ @ @ oo

works have different link densities and the computer memory T e

Can. only handle a limited amount of pperatlons, we Sampl%igure 1. Degree distribution of Orkut(T-L), Flickr(T-RJyeJournal(B-L),
a different number of nodes from different networks. Forand YouTube(B-R) .

example, we sample 5,000 nodes from Flickr, LiveJournal,

Protatiy Distbuion pix)
Protabiy Distbuion pf)

and. YouTube, but can only handle 350.nodes from Otfkut OSSN Sistrbution T KolSmir T Mean T Median T Max
Figure 1 shows the degree distributions of the sample Orkut Pareto? 0.072 | 1082 27 996
it it Flickr Logistic 0.072 5.6547 0 656
nodes for aI_I these four OSNsand the desc_rlptlve_stat|st|cs Livedournal | Gen. Extr. valuel 0181 | 23335 6 ooa
are shown in Table Il. We can see that Flickr, LiveJournal,| vouTube Logistic 0.345 | 0.478 0 66
and YouTube all have low degree distributions compared Table I
to the Orkut data set, which focuses on friendships. Flickr MEMBERSHIP STATISTICS OF THEOSN SAMPLES

has an extreme degree distribution with an average degree
of 5.6547 and the maximum can be as large as 3612. The

table also shows the types of the distributions for eachhe whole network (Table I). Orkut has an average of as
data set and the corresponding Kolmogorov-Smirnov valu%gh as 108 groups per node, but each YouTube user tends

measuring the fitness of the fitting. to have less than half the number of group memberships.
—_— S ¥ - - This is easily explainable by the fact that the main purpose
Istripution Ool-omir ean edian ax . TN .

Orkut Dagum 0098 1 743011 46 557 of YouTube is not for socialising. I__|veJournaI has a mean

Flickr Frechet 0.278 | 5.6547 0 3612 | group number of 23 and for the Flickr case, the average is
LiveJournal | Gen. Gama(4P)| 0.096 16.965 6 733 56
YouTube Lognormal 0.081 9.068 3 656 e

Table Ii B. Metrics

DEGREESTATISTICS OFOSNSAMPLES.
The metrics we are looking for from the data sets are the

Figure 2 shows the distribution of the number of groupssimilarities of a node’s memberships with its neighbours.

each node has. and Table Ill summarises the descriptiv'é'ere we definite the result of mutual influence, or we can
statistics of the graphs. We can see that the mean numbefs© call it similarity, of a node by its £ neighbours as:

of groups of our sample are very similar to the mean of Zk (M)
S(i) = I=1MUGHEGG)] )

1There are around 45,000 neighbours of these 350 sample aadetbe k
program thus needs to process 45,350 nodes instead of 350. N .. . .
2For Flick, LiveJournal, and YouTube, we only shows degregoufh00 Where’G(l) is the groups jomed by nodg andk is the

for better resolution, and the same case for Figure 2 degree of node.
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Figure 2. Group distribution of Orkut, Flickr, LiveJourpand YouTube.

This definition is based on the classic Jaccard index [8Df links between the neighbours by the maximum number of
which was proposed by Jaccard over a hundred years adimks that can be formed among these neighbours. We show
to evaluate the similarity of two communities. This metric the correlation of these two metrics in Figure 3. Also from
basically measures how strong the mutual influence of &able V, we can see that the maximum S-C correlation is
node and each of its neighbours is on joining the same grouf®.4745 in the Orkut case, and for the YouTube case, it is as

We can also define the influence power of naden its  low as 0.0670. We can say that from the data sets available,

neighbours as: we cannot observe a strong correlation between similarity
Zk (m(G(Z—)G(J—”) and the clustering coefficient.
I(6) = == kIGO)' (8) Usually, a node with a high degree is expected to have

. . ) high influence power (i.e., higher degree centrality) [10].

The difference betweefi(i) and (i) is that for S(i), the  \yg want to look at how the degree of a node will affect the
result is normalise.d with the union of both the groups of thesimilarity values,S(i), and also the influenc&(). This can
sample node and its neighbour, but for (i), the resultigonl pe gone by correlating the similarity/influence with the aod
normalised with the group membership of the neighboufjegree. We show in Figure 4 the correlation for Flickr and
node j. This shows how many groups joined by nogle vouTube. We can see that there is little correlation between
are correlated with the influence of node the degree and the similarity of nodes. Similar tendencies
C. Social Influences are observed in the Orkut gnq LiveJournal cases, so we
In order to compare the difference of influence from theOmlt them for redundancy. Similar results a}Iso oceurin .th(.a
neighbour nodes and from random nodes in the networknOd.e |.nflu-ence case, and we also summanse_the descriptive
we take all the neighbour nodes for the sample nodegtat.'stICS n TabI(_a V. L_Jsually, however, node m_ﬂu_en(_:e has

. a higher correlation with degree compared to similarity.
and randomly assign the same number of nodes as control
neighbour nodes to each sample node.

From Table IV, we can see that the neighbours have a.. Souior-ort ‘ i
much higher similarity value compared to the control nodes, .
and the difference is as high as 105 times for the YouTube ,, .
data set. Since we select the control nodes from the comman,, o ’ 3
neighbour sets of all the sample nodes, this difference is | ~ - .-~ o
expected to be large if we do random sampling from the | L
whole network. ;

D. Similarity by Degree and Clustering

According to Backstrom et al. [5], the probability that a
node will join a group depends on how many friends of the ..
node already are in the group, but more importantly also ory «
how well these friends know each other. We try to investigate® =
this by looking at the correlation between the similarity ©
values and the clustering coefficients [9] of the sample . o .
nodes. The clustering coefficient of a node roughly measures e o R B .
how many triangles are formed among its neighbours, the _ S _ o
higher the clustering coefficient the better the neighbourgfn‘jgfes' Correlation of similarity and clustering coefist in OSN
know each other. It can be calculated by dividing the number

o




Statistics N-Orkut C-Orkut N-Flickr C-Flickr N-Live C-Live N-tube C-tube
Sample Size 350 350 5,000 5,000 5,000 5,000 5,000 5,000
Mean 0.02545 | 0.00117 | 0.01575 | 3.8510E-4| 0.01985| 0.00472 | 0.00968 | 9.1566E-5
5% 0 0 0 0 0 0 0 0
25% (Q1) 0.00777 0 0 0 0 0 0 0
50% (Median) | 0.0165 | 6.3500E-4 0 0 0.00212 0 0 0
75% (Q3) 0.03543 | 0.00176 0 0 0.02221 | 0.00472 0 0
Max 0.22071 | 0.00969 1 0.01973 1 0.5 1 0.08333
Table IV

CHARACTERISTICS OF THE MUTUAL INFLUENCE IN THE EXPERIMENTALDATA SETS

Correlczlﬁ(';ln &5 82% I(:)l.lfl8(r5 L'ngggzmal Y%"Jgg;)e group first? Is there a correlation between the number of

Correlation (s-d)| -0.088 | 0.040 |  -0.026 0.002 | friends an OSN user has and how many groups she has
Correlation (i-s) | -0.013 | 0.153 0.016 0.027 joined, are joiners more social? How has group-joining

Table V behavior changed over the years since the phenomenon of

CORRELATIONS OFOSNSAMPLES. OSNs started? By now, OSNs have become quite main-

stream, predominantly with younger people, has group join-
ing become more wide-spread as users get used to OSN
Figure 3 shows the correlation between the similarity andeatures and explore more?

the clustering coefficient for these four OSNS. Since we only have data on the online social networking
part and not on the history of how the links between nodes
were made in relation to the social ties in the real world
(the meat spaceas it is sometimes called to distinguish
from thevirtual spaceon the Web), we have no information
on how many friendships in an OSN stem from real-
world acquaintances from real-world groups or other irgere
affiliations. Also, links between users in one OSN can be
o s the result of getting to know each other in a different viftua
e o space, such as another OSN or other interactive websites,

Gormmiston - Flie: Cormalstion - Youtube.

Figure 4. Correlation of similarity and node degree of Hiftk and such as mOgS with commenting fea_tur_es'
YouTube(R). In Section Il we presented a social influence model that,

in the next step, we will use to further analyse the data sets

Similarity and influence show a very high correlation (Fig- listed in Section IV.

ure 5), but are not completely correlated. Nodes that have VII. CONCLUSIONS
low similarity values can, however, have a high influence

y In this paper, we analyse the influence of friendship on
value sometimes.

group membership and vice versa using data sets of four

e ——— popular online social networks, with the data sets comgjsti

of millions of sample points. We calibrate the influence gsin

similarity measurements, and characterise the diffeiente

these four systems.

L e We note that most users of OSNs so far do not join
groups. When they do join, most limit themselves to very

few groups, but there is a long tail in the distribution and a

Infuance

N ' o + few nodes join a large number of groups. We can say that
from the data sets available, we cannot observe a strong
Figure 5. Correlation of node influence and mutual influenicElickr(L) correlation between similarity and clustering coefficent
and YouTube(R).

We found that basically there is little correlation between
the degree and the similarity of nodes in our data sets.
Similarity and influence show quite a high correlation, but
they are not completely correlated. Nodes that have low

This paper presents a first step toward analysing theimilarity values can, however, have a high influence value
relationship between social ties and group memberships isometimes.
online social networks. The correlations we found do not indicate causation,

Some open questions include: What part of social relaas we analyse a snapshot of the topologies. Causation in
tions are created by virtue of being members of the samene way would mean social influence by friends leading

VI. FUTURE WORK



to joining groups, in the other way it would mean that [4] L. Backstrom, D. Huttenlocher, J. Kleinberg, and X. Lan,
group membership leads to social relations with other group ~ “Group formation in large social networks: membership,

; ; o : growth, and evolution,” inKDD '06: Proceedings of the
members. In both interpretations, it is about the corremati 12th ACM SIGKDD international conference on Knowledge

between s_OC|aI t'e_s and personal_ 'ntereSts_' . discovery and data mining New York, NY, USA: ACM,
Comparing the influence of neighbours in the social net- 2006, pp. 44-54.

work on group joining behavior to the influence of random
nodes in the network, we find that the neighbors, i.e., fiend [5] |; EaC';StFOW:P Rf- Kutf_n?f-b Ch3 Marlow, IJ Novak, and
(in varying senses of the word, depending on the nature of - _10mKInS, Frelerential behavior n onfineé groups,” in
the onIine_ socia}l network the samples are t:_;\ken from) have West? Zﬁea?(?h F;r:(;: evsgl')n%ig mﬁiégtﬁgfvtlggfi,cﬁ?eﬁgﬁ? on
a much higher impact than random nodes, i.e., strangers. ACM, 2008, pp. 117-128.

Additionally, we proposed a simple social influence model
based on social influence network theory. Future work [6] A. Anagnostopoulos, R. Kumar, and M. Mahdian, “Influence

; At ; : and correlation in social networks,” iIKDD '08: Proceed-
g]r::lliﬁgessogi]ael r?:tf/)\llgilgzt;fs;?f model to the analysis of ing of the 14th ACM SIGKDD international conference on

Knowledge discovery and data miningNew York, NY, USA:
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