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Devastating Power of OSN 
- Social Unrest 

•  2011 London Chaos 
•  3443 crimes within days 
•  3100 people arrested 
•  $300 million damage 
•  Blackberry Messenger??? 

�  Arab Spring 
�  Organized through Social 

media 
�  Facebook 
�  Twitter 
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Promoting power of OSN 
- Viral Video 
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•  Influence of node i 
•  Expected final number 

of infected nodes s 

•  Influence of set of 
nodes 

Influence of nodes si 

5 

of other individuals. When a node i (a Facebook user, for example) shares some message

on OSNs, it becomes visible to its neighbors (friends or followers); some of the neighbors

would share this information, allowing their neighbors to see it. This process continues until

no new nodes share this message. The mechanism of this spreading process is commonly

described by probabilistic models, i.e., the independent cascade (IC) (6, 12) or Susceptible-

Infected-Recovered (SIR) (13, 14) models originally proposed for disease spreading (15). In

recent years, empirical observations (16,17) and social experiments (18) have demonstrated that

information/opinion spreads through exposures until active nodes stop spreading, confirming

the validity of SIR family models. In this study, for simplicity we assume a constant spreading

probability � between any pair of neighboring nodes, corresponding to the basic IC/SIR model

used in most studies. The methods we present here are applicable to more general spreading

mechanisms where the sharing probabilities are heterogeneous across different links (Section

S8).

The key quantity here is the spreading ability (or viral influence) si of the first (seed) node

i, defined as the expected number of nodes it can spread to: si =
PN

s=1

s · pi(s), where pi(s) is

the probability that a total of s users have shared the information at the end of the process, and

N is the total number of users/nodes in the network. If the information spreads from a set of M

nodes V = {v
1

, v
2

, · · ·, vM}, the spreading ability of the set is similarly defined as:

sV =

NX

s=1

s · pV (s), (1)

where pV (s) is the probability that a total of s users have shared the information at the end of

the process, provided all the users in set V are initial spreaders.

The basic IC/SIR model can be rigorously mapped onto a fundamental and ubiquitous physi-

cal process of bond percolation (15,19). In bond percolation, every bond (link) has a probability

� to be occupied, and it corresponds to the spreading happening across this link. Components
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Figure 1: A. Repeated SIR spreading simulations on Facebook network from an arbitrary node
(NO. 14958 node). Here each connected component is one realisation. It shows that a giant
spanning component originating from this node in the middle, and the other components in
different colors are negligibly small compared to it. B. The histogram of the component sizes
from A. The spreading either reaches a very small number of nodes corresponding to the small
component formation (less than 0.1% of total nodes), or a very large number of nodes (around
15%) which is the relative size of the percolation giant component. The simulations from other
seed nodes give similar bi-modal distributions with a fixed giant component size around 15%.
C. Illustration of percolation-based algorithm on Facebook. The large nodes are the seed nodes
from which spreading starts. If the spreading reaches at least m = 50 nodes in a component
(red), we consider the spreading will eventually form the giant component with size s1; If the
spreading stops before reaching m = 50, we consider it to be small component (green) with
size close to 0. D. Estimation of normalised spreadability s̃i/N from our method is close to the
real values si/N (average value of 10000 realisations for SIR dynamics) for different nodes on
both Facebook and Weibo networks. In these four figures � = 0.02 for Facebook and 0.08 for
Weibo. 10
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Bimodal spreading outcome 
Unique  
Giant Cluster size 

* SIR simulation on New Orleans Facebook network, http://socialnetworks.mpi-sws.org/data-wosn2009.html. (Bimal 
Viswanath and Alan Mislove and Meeyoung Cha and Krishna P. Gummadi, On the Evolution of User Interaction in 
Facebook', Proceedings of the 2nd ACM SIGCOMM Workshop on Social Networks (WOSN'09)). 

* Hu Yanqing, Shenggong Ji, Ling Feng, Yuliang Jin, Shlomo Havlin, ‘Quantify and Maximise Global Viral Influence 
Through Local Network Information ‘arXiv preprint arXiv:1509.03484, 2015 - arxiv.org 



Determination of cutoff m = 2 s* 
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Exponential decay of cluster size with characteristic size s*�excluding GC) 

where pV (s
1
) is the probability that the set V will eventually spread to the giant component.

Equivalently, pV (s1) is also the probability that at least one of the nodes in set V is in the giant

component (or induces viral spreading). Therefore the spreading ability problem is reduced

to finding two quantities s1 and pV (s
1
). If the network is directed like Twitter or Weibo,

one has to distinguish the giant-out s1
out

and giant-in s1
in

component based on the in-links and

out-links (21, 22), and the spreading ability of V is sV = s1
out

· pinV (s1in ) (Section S2.2.2).

From a practical point of view, the estimation of s1 and pV (s
1
) is very difficult since the

giant component size s1 has the same scale as the size N of the whole network, whose entire

global structural information with billions of nodes is extremely costly to obtain, and the compu-

tational complexity for spreading simulation on it is very high. However, from percolation the-

ory we know that comparing to the giant component, the other components are negligibly small

with a characteristic size s⇤, i.e. their asymptotic size distribution decays exponentially (22,23):

p
f

(s) ⇠ s�⌧e�s/s⇤ . (3)

The �-dependent parameter s⇤ provides a typical scale of the finite component sizes and it

is independent of network size N . Note that the further away � is from �c, the smaller is

the characteristic size s⇤. For Erdos-Renyi (ER) networks with average degree hki, s⇤ can be

explicitly written as s⇤ = 1

�hki�1�ln��lnhki . It can be expanded as s⇤ = 2

hki2 |� � �c|�2

+O(|� �

�c|�3

) around �c (Section S3.4). Thus using a cut-off value m larger than s⇤ (shown in Fig. 2) to

filter out non-giant components, we can effectively reduce the computational complexity by one

order of N . In other words, based on percolation theory, we can use merely local information

to estimate global influence.

The probability of pi(s1) that node i is inside a component can be estimated using p̃i(s
1
) =

P1
s=m pi(s) = 1 � Pm�1

s=1

pi(s) , assuming any component having at least m nodes is the giant

component. In practice m can be easily estimated through Monte Carlo samples finding the

5

Figure 2: A. Computation complexity of percolation-based algorithm to select M = 10 most
influential nodes out of L = 100 candidate nodes. Artificial networks are ER networks with
average degree 10 and � = 0.2. The computation time for our algorithm is independent of
network size N , yet that of max k-shell and natural greedy algorithm increases linearly with
N . The points labeled ‘Facebook’ and ‘Weibo’ are the computational time of percolation-based
algorithm. B. Relative estimation error on spreading ability for different threshold values of
m for different artificial networks (for the scale free networks has power law exponent 2.5,
minimal degree 7, maximum degree 100 and � = 0.01; for ER networks the average degree is
4, � = 0.03. Both have sizes N = 50000). Theoretical results are based on generating function
analysis detailed in Section S3.3. We see a fast exponential decay of component size after the
characteristic size s⇤, which is defined in percolation theory following equation (3). For real
networks C. Facebook and D. Weibo, a threshold value m around s⇤ is usually good enough to
guarantee a small estimation error of less than 1% in spreading ability of nodes. Here � = 0.02
for Facebook and � = 0.08 for Weibo.
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Simple Spreadability estimation 
- cluster size cutoff m = 50 
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(sets of connected nodes through occupied bonds) of different sizes form in bond percolation,

and the average size of the components containing node i is exactly the expected number of

nodes influenced by i, i.e. si defined above. In the spreading models, non-viral spreading

means the spreading is localised to the neighbours of the seed node. This corresponds to the

sub-critical phase in percolation where � < �c. Here �c is the critical transition probability that

depends on the structure of the network. In this phase there is no multiplicative effect, there-

fore the information will only reach a population size with the same scale of the seed spreaders

(Section S9). If the message becomes viral, spreading penetrates much further than the nearest

neighbors of the seed node and reaches a large population, corresponding to the super-critical

phase in percolation where � > �c.

A prominent feature of super-critical phase is the formation of a giant connected component

with size being a finite fraction of the entire network; At the same time, the other components

are negligibly small compared to it as demonstrated in Fig. 1A. This means that the information

spreading from node i has a bi-modal outcome (Fig. 1B): either it becomes viral and spreads

to many others totalling s1i (size of the giant component), or it only spreads locally to a small

amount of nodes. In networks with broad degree distributions (such as scale-free networks with

�c = 0 in principle) like Facebook,Twitter or Weibo, super-critical phase is common as the

critical threshold �c is very small (20). Thus the existence of the giant component allows us to

significantly reduce the spreading ability formula by disregarding all components other than the

giant component. Additionally, the giant component containing node i has a size independent

of i, meaning s1i = s1, 8i when N ! 1 (Section S2.1.3). The single seed node spreading

ability equation si =
PN

s=1

s · pi(s) simplifies into si = s1 · pi(s1) where s1 is the size of the

giant component. Similarly for a given set V of seed nodes we have

sV = s1 · pV (s1), (2)

4

GC Size GC Probability 

Spreading ability 

saturation cumulative probability p(s  m) that a random spreading component has size smaller

than m (Section S5). This is because percolation theory dictates that there is a large gap between

s⇤ and s1 in the component size distribution shown in Fig. 1B. Since the relative size of the

giant component s1/N is equivalent to the average probability hpi(s1)i that a randomly chosen

node i is inside the giant component (22), the spreading ability si can be then evaluated from

s̃i = [1 � Pm�1

si=1

pi(si)] · N · [1 � hPm�1

sj=1

pj(sj)i]. Here 1 � hPm�1

sj=1

pj(sj)i is the average

probability that a randomly selected node is inside a component with the size larger or equal to

m, and N · [1 � hPm�1

sj=1

pj(sj)i] = s̃1 is the estimated size of the giant component s1. Here

h· · ·i represents an average over N nodes, which can be calculated by the Monte Carlo samples.

Note that for a set V of seed nodes the above argument also holds by replacing i with V , due

to the uniqueness of the giant component. The value of s̃1 converges quickly with the number

of samples (Section S2.1.1). For random networks with structure fully described by degree

distribution P (k) alone, we have the exact analytical solutions to both pi(s
1
) and s1 (Section

S3 and Section S4).

Given the local structural information, the exact spreading influence of the seed node(s)

could be mathematically calculated for any value of � > �c in principle. But in practice a

Monte Carlo method could be easily carried out. In each round of the Monte Carlo simulation,

spreading proceeds from the seed nodes in V simultaneously until every infected component

either reaches m nodes as indicated by the red branches in Fig. 1C (corresponding to the case

when the source nodes are in the giant component) or no more nodes can be infected as indicated

by the green branches (corresponding to the case when the source nodes are outside the giant

component), whichever happens earlier. Thus the estimated pV (s
1
) is the probability that at

least one component with size at least m is formed at the end of the simulation (note that some

components may contain more than one seed node as shown in Fig. 1C). From Fig 1D, we see

that this method can accurately estimate the spreading ability of set V on real social networks

6
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Find the best spreader set (most influential) 
  - Natural greedy of percolation 
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Algorithm Percolation Greedy Genetic K-shell Katz Eigen Closeness Between
Complexity O(LM) O(NLM) O(NMPG) O(N) O(N3) O(N) O(N2logN) O(N2)

Table 1: Computational complexity of selecting the set of M best spreaders form L candidate
nodes for different algorithms. Our proposed percolation algorithm has the lowest complexity
and is independent of the total number of nodes N in the network. Here we assume that the
number of edges is proportional to the N . L is the number of candidate nodes to choose from,
M is the size of the seed nodes set. G and P are the the number of iterations and population
size in genetic algorithm.
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Figure 3: Extracting the set of M seed nodes to maximise spreading on Facebook and Weibo.
The performance pV (s

1
) (in terms of the probability to spread to the giant component) of our

percolation algorithm is compared with max degree, max k-shell (10), genetic algorithm (Sec-
tion S6.3), betweenness (26), closeness (11), katz (27) and eigenvector (28) for A. Facebok
and B. Weibo. Our percolation-based algorithm shows a clear advantage in terms of maximal
spreading ability over others. The effective performance estimate of our percolation algorithm
is very close to 1 for both C. Facebook and D. Weibo. The submodular boundary at 0.63 is
demonstrated by Ref (6). The strict boundary is the lower bound combining two strict percola-
tion lower bounds (Section S7). The exact boundary is from brute-force search results. In the
simulation � = 0.012 for Facebook, � = 0.055 for Weibo.
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Independent of N – network size 



Conclusion 
•  Local structure hints on global influence 
•  Low computational complexity – independent of N 
• Rich physics 

•  Percolation – Spreading equivalence 
•  Existence of Giant Cluster 
•  Unique size of Giant Cluster 
•  Exponential decay of non giant cluster sizes 
•  Estimated characteristic cluster size – deciding factor of cutoff m 
•  Larger N, more defined GC size, better estimation accuracy. 
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Hu Yanqing, Shenggong Ji, Ling Feng, Yuliang Jin, Shlomo Havlin, ‘Quantify and Maximise Global 
Viral Influence Through Local Network Information ‘arXiv preprint arXiv:1509.03484, 2015 - 
arxiv.org 



Is SIR model realistic?? 
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Experiment on OSN 
- Social Reinforcement 

Clustered Links shuffled 

Daon Centola, The Spread of Behavior in an Online Social Network Experiment, Science, 2010, Vol 329 

Clustered network 
diffusion opinions/
behaviors faster 

In spite of its large L 

Multiple signal 
enhances diffusion 
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The Spread of Behavior in an Online
Social Network Experiment
Damon Centola

How do social networks affect the spread of behavior? A popular hypothesis states that networks
with many clustered ties and a high degree of separation will be less effective for behavioral
diffusion than networks in which locally redundant ties are rewired to provide shortcuts across the
social space. A competing hypothesis argues that when behaviors require social reinforcement, a
network with more clustering may be more advantageous, even if the network as a whole has a
larger diameter. I investigated the effects of network structure on diffusion by studying the spread
of health behavior through artificially structured online communities. Individual adoption was
much more likely when participants received social reinforcement from multiple neighbors
in the social network. The behavior spread farther and faster across clustered-lattice networks than
across corresponding random networks.

Many behaviors spread through social
contact (1–3). As a result, the network
structure of who is connected to whom

can critically affect the extent to which a behav-
ior diffuses across a population (2–8). There are
two competing hypotheses about how network
structure affects diffusion. The “strength of weak
ties” hypothesis predicts that networks with
many “long ties” (e.g., “small-world” topologies)
will spread a social behavior farther and more
quickly than a network in which ties are highly
clustered (4–6). This hypothesis treats the spread
of behavior as a simple contagion, such as dis-
ease or information: A single contact with an
“infected” individual is usually sufficient to trans-
mit the behavior (2). The power of long ties is
that they reduce the redundancy of the diffusion
process by connecting people whose friends do
not know each other, thereby allowing a behavior
to rapidly spread to other areas of the network
(3–5). The ideal case for this lack of redundancy
is a “random” network, in which, in expectation
for a large population, each of an individual’s
ties reaches out to different neighborhoods (4, 9).
The other hypothesis states that, unlike disease,
social behavior is a complex contagion: People
usually require contact with multiple sources of
“infection” before being convinced to adopt a be-
havior (2). This hypothesis predicts that because
clustered networks have more redundant ties,
which provide social reinforcement for adoption,
they will better promote the diffusion of behav-
iors across large populations (2, 7). Despite the
scientific (6, 7, 10) and practical (1, 2, 11) im-
portance of understanding the spread of behavior

through social networks, an empirical test of
these predictions has not been possible, because
it requires the ability to independently vary the
topological structure of a social network (12).

I tested the effects of network structure on
diffusion using a controlled experimental approach.
I studied the spread of a health behavior through
a network-embedded population by creating an
Internet-based health community, containing 1528
participants recruited from health-interest World
Wide Web sites (13).

Each participant created an anonymous online
profile, including an avatar, a user name, and a set
of health interests. They were then matched with
other participants in the study—referred to as
“health buddies”—as members of an online health
community. Participants could not contact their
health buddies directly, but they could receive
emails from the study informing them of their
health buddies’ activities. To preserve anonymity
and to prevent people from trying to identify

friends whomay have also signed up for the study
(or from trying to contact health buddies outside
the context of the experiment), I blinded the
identifiers that people used. Participants made
decisions about whether or not to adopt a health
behavior based on the adoption patterns of their
health buddies. The health behavior used for this
study was the decision to register for an Internet-
based health forum, which offered access and rat-
ing tools for online health resources (13).

The health forum was not known (or acces-
sible) to anyone except participants in the ex-
periment. This ensured that the only sources of
encouragement that participants had to join the
forumwere the signals that they received from their
health buddies. The forum was populated with ini-
tial ratings to provide content for the early adopters.
However, all subsequent content was contributed
by the participants who joined the forum.

Participants arriving to the study were randomly
assigned to one of two experimental conditions—
a clustered-lattice network and a random network—
that were distinguished only by the topological
structure of the social networks (Fig. 1). In the
clustered-lattice–network condition, there was a
high level of clustering (5, 6, 13) created by re-
dundant ties that linked each node’s neighbors to
one another. The random network condition was
created by rewiring the clustered-lattice network
via a permutation algorithm based on the small-
world–network model (6, 13–15). This ensured
that each node maintained the exact same number
of neighbors as in the clustered network (that is, a
homogeneous degree distribution), while simulta-
neously reducing clustering in the network and
eliminating redundant ties within and between
neighborhoods (4, 6, 14).

The network topologies were created before
the participants arrived, and the participants could

Sloan School of Management, Massachusetts Institute of
Technology, Cambridge, MA 02142, USA. E-mail: dcentola@
mit.edu

Fig. 1. Randomization of
participants to clustered-
lattice and random-
network conditions in a
single trial of this study
(N = 128, Z = 6). In
each condition, the black
node shows the focal
node of a neighborhood
to which an individual is
being assigned, and the
red nodes correspond to
that individual’s neigh-
bors in the network. In
the clustered-lattice net-
work, the red nodes share
neighbors with each other, whereas in the random network they do not. White nodes indicate individuals who
are not connected to the focal node.
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Figure 4: Users with more friends sharing a Web link are themselves more likely to share. (a) The probability
of sharing for subjects that were (feed) and were not (no feed) exposed to content increases as a function of the
number sharing friends. (b) The causal e�ect of the feed is greater when subjects have more sharing friends
(c) The multiplicative impact of the feed is greatest when few friends are sharing. Error bars represent the
95% bootstrapped confidence intervals clustered on the URL.

5. TIE STRENGTH AND INFLUENCE
Next, we examine the relationship between tie strength,

influence, and information diversity by combining the ex-
perimental data with users’ online and o⇤ine interactions.
Following arguments originally proposed by Mark Granovet-
ter’s seminal 1973 paper, The Strength of Weak Ties [22],
empirical work linking tie strength and di�usion often uti-
lize the number of mutual contacts as proxies of interaction
frequency. Rather than using the number of mutual con-
tacts, which can be large for pairs of individuals who no
longer communicate (e.g. former classmates), we directly
measure the strength of tie between a subject and her friend
in terms of four types of interactions: (i) the frequency of
private online communication between the two users in the
form of Facebook messages1; (ii) the frequency of public on-
line interaction in the form of comments left by one user
on another user’s posts; (iii) the number of real-world coin-
cidences captured on Facebook in terms of both users be-
ing labeled by users as appearing in the same photograph;
and (iv) the number of online coincidences in terms of both
users responding to the same Facebook post with a com-
ment. Frequencies are computed using data from the three
months directly prior to the experiment. The distribution of
tie strengths among subjects and their sharing friends can
be seen in Figure 5.

5.1 Effect of Tie Strength
We measure how the di�erence in the likelihood of sharing

a URL in the feed versus no feed conditions varies according
to tie strength. To simplify our estimate of the e�ect of tie
strength, we restrict our analysis to subjects with exactly
one friend who had previously shared the link. In both con-
ditions, a subject is more likely to share a link when her

1We quantify message and comment interactions as the
number of communication events the subject received from
their friend. The number of messages and comments sent,
and the geometric mean of communications sent and re-
ceived, yielded qualitatively similar results, so we plot only
the single directed measurement for the sake of clarity.
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Figure 5: Tie strength distribution among friends
displayed in subjects’ feeds using the four measure-
ments. Points are plotted up to the 99.9th percentile.
Note that the vertical axis is collapsed.

sharing friend is a strong tie (Figure 6a). For example, sub-
jects who were exposed to a link shared by a friend from
whom the subject received three comments are 2.83 times
more likely to share than subjects exposed to a link shared
by a friend from whom they received no comments. For
those who were not exposed, the same comparison shows
that subjects are 3.84 times more likely to share a link that
was previously shared by the stronger tie. The larger ef-
fect in the no feed condition suggests that tie strength is a
stronger predictor of externally correlated activity than it is
for influence on feed. From Figure 6a, it is also clear that
individuals are more likely to be influenced by their stronger
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Figure 7: Weak ties are collectively more influen-
tial than strong ties. Panels show the percentage
of information spread by strong and weak ties for
all four measurements of tie strength. Although
the probability of influence is significantly higher
for those that interact frequently, most contagion
occurs along weak ties, which are more abundant.

and exposure to this information on the feed causes a friend
to re-share that same link. (2) Friends visit the same web
page and share a link to that web page on Facebook, inde-
pendently of one another. (3) An individual shares a link
within and external to Facebook, and exposure to the ex-
ternally shared information causes a friend to share the link
on Facebook. Our experiment determines the causal e�ect
of the feed on the spread of sharing behaviors by comparing
the likelihood of sharing under the feed condition (possible
causes 1-3) with the likelihood under the no feed condition
(possible causes 2-3).

Our experiment generalizes Mark Granovetter’s predic-
tions about the strength of weak ties [22] to the spread of
everyday information. Weak ties are argued to have access
to more diverse information because they are expected to
have fewer mutual contacts; each individual has access to
information that the other does not. For information that
is almost exclusively embedded within few individuals, like
job openings or future strategic plans, weak ties play a nec-
essarily role in facilitating information flow. This reason-
ing, however, does not necessarily apply to the spread of
widely available information, and the relationship between
tie strength and information access is not immediately obvi-
ous. Our experiment sheds light on how tie strength relates
to information access within a broader context, and sug-
gests that weak ties, defined directly in terms of interaction
propensities, di�use novel information that would not have
otherwise spread.

Although weak ties can serve a critical bridging func-
tion [22, 37], the influence that weak ties exert has never
before been measured empirically at a systemic level. We

find that the majority of influence results from exposure to
individual weak ties, which indicates that most information
di�usion on Facebook is driven by simple contagion. This
stands in contrast to prior studies of influence on the adop-
tion of products, behaviors or opinions, which center around
the e�ect of having multiple or densely connected contacts
who have adopted [6, 7, 14, 13]. Our results suggest that in
large online environments, the low cost of disseminating in-
formation fosters di�usion dynamics that are di�erent from
situations where adoption is subject to positive externalities
or carries a high cost.

Because we are unable to observe interactions that occur
outside of Facebook, a limitation of our study is that we
can only fully identify causal e�ects within the site. Cor-
related sharing in the no feed condition may occur because
friends independently visit and share the same page as one
another, or because one user is influenced to share via an ex-
ternal communication channel. Although we are not able to
directly evaluate the relative contribution of these two po-
tential causes, our results allow us to obtain a bound on the
e�ect on sharing behavior within the site. The probability
of sharing in the no feed condition, which is a combination of
similarity and external influence, is an upper bound on how
much sharing occurs because of homophily-related e�ects.
Likewise, the di�erence in the probability of sharing within
the feed and no feed condition gives a lower bound on how
much on-site sharing is due to interpersonal influence along
any communication medium.

The mass adoption of online social networking systems
has the potential to dramatically alter an individual’s ex-
posure to new information. By applying an experimental
approach to measuring di�usion outcomes within one of the
largest human communication networks, we are able to rig-
orously quantify the e�ect of social networks on information
spread. The present work sheds light on aggregate trends
over a large population; future studies may investigate how
properties of the individual, such as age, gender, and nation-
ality, or features of content, such as popularity and breadth
of appeal, relate to the influence and its confounds.

7. ACKNOWLEDGMENTS
We would like to thank Michael D. Cohen, Dean Eckles,

Emily Falk, James Fowler, and Brian Karrer for their discus-
sions and feedback on this work. This work was supported
in part by NSF IIS-0746646.

8. REFERENCES
[1] L. A. Adamic and E. Adar. Friends and neighbors on

the web. Social Networks, 25:211–230, 2001.
[2] E. Adar and A. Adamic, Lada. Tracking information

epidemics in blogspace. In 2005 IEEE/WIC/ACM
International Conference on Web Intelligence,
Compiegne University of Technology, France, 2005.

[3] E. Adar, J. Teevan, and S. T. Dumais. Resonance on
the web: web dynamics and revisitation patterns. In
Proceedings of the 27th International Conference on
Human factors in Computing Systems, CHI ’09, pages
1381–1390, New York, NY, USA, 2009. ACM Press.

[4] A. Anagnostopoulos, R. Kumar, and M. Mahdian.
Influence and correlation in social networks. In
Proceedings of the 14th Internal Conference on

WWW 2012 – Session: Information Diffusion in Social Networks April 16–20, 2012, Lyon, France

526



Empirical study on viral spreading 
-  Most popular messages on SINA Weibo 

Duration No. MSG Popularity No. Users Ave. 
Followers 

Max 
Popularity 

Dec 2012 1000 >10,000 40M >100 250,000 

14 

Feng Ling*, Hu Yanqing, Li Baowen, Stanley H Eugene, Havlin Shlomo, Braunstein Lidia A (2015)  
Competing for Attention in Social Media under Information Overload Conditions. 
PLoS ONE 10(7): e0126090. doi:10.1371/journal.pone.0126090 



User data 
- detailed spreading path for each message 

One Message One URL 
Seed node n0 

1ST Infected n1 

No. Nei k1 = 4 
Prior Infect nei k1

- = 1 
Ave. k_ < ki

- > 

Total Users N = 16 
Spams/fake removed 

Final 
Popularity 

R = Ni / N 
    = 8 / 16 

15 



Example of a popular Message 

•  Popularity = 191598 
•  Purple dot : user 
•  Yellow line: sharing path 

16 



Empirical result I 
 - two types of mechanisms 
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Empirical result II 
 - <k_> smaller than 2 
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SIR model on Scale-Free networks 
•  Three states for nodes in epidemic (information) spreading: 

•  S   -   Susceptible 
•  User who have not retweet the message  

•  I    -   Infected 
•  Having retweet the message from a friend recently 
•  Remain visible to followers 

•  R   -   Recovered 
•  Have retweet the message 
•  No longer visible to friends 
•  Not going to retweet the same message again. 

19 
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Difference between disease and tweet 

Probability to infect 
= const 

20 

Probability to infect 
= const / 3 



FSIR Model 
•  Network structure: 

•  Total No. Nodes N = 100,000. 
•  Scale-free Network (numerically resembles OSN) with  

•  P(k) ~ k-2.5 

•  Average degree <k> = 50 (not sparse network) 

•  Simulation model: 
•  Seed node 0 initiate a message at time 0 
•  At time t, a S node i retweets the message from each of its already 

retweeting followees with probability γ/ki. 
•  After τ time steps, node i is no longer visible, and turns into R. Thus the 

total probability of sharing the tweet from a infected neighbor is 
•  Ti = 1 – (1- ϒ/ki)τ. 

•  Spreading stops when there is no existing infected node. 

21 



Empirical v.s. Model 
22 
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Theoretical understanding of phase transition 
- Generating function 
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•  Degree distribution pk 

•  Expected infected population is 

•  Epidemics happens when <s> is infinity 



Percolation of FSIR 
and spreading quantification 
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Unique Giant Component 
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Small size scale of non-GC 
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Figure 1: A. Repeated SIR spreading simulations on Facebook network from an arbitrary node
(NO. 14958 node). Here each connected component is one realisation. It shows that a giant
spanning component originating from this node in the middle, and the other components in
different colors are negligibly small compared to it. B. The histogram of the component sizes
from A. The spreading either reaches a very small number of nodes corresponding to the small
component formation (less than 0.1% of total nodes), or a very large number of nodes (around
15%) which is the relative size of the percolation giant component. The simulations from other
seed nodes give similar bi-modal distributions with a fixed giant component size around 15%.
C. Illustration of percolation-based algorithm on Facebook. The large nodes are the seed nodes
from which spreading starts. If the spreading reaches at least m = 50 nodes in a component
(red), we consider the spreading will eventually form the giant component with size s1; If the
spreading stops before reaching m = 50, we consider it to be small component (green) with
size close to 0. D. Estimation of normalised spreadability s̃i/N from our method is close to the
real values si/N (average value of 10000 realisations for SIR dynamics) for different nodes on
both Facebook and Weibo networks. In these four figures � = 0.02 for Facebook and 0.08 for
Weibo. 10
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