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Abstract—Understanding the dynamics of a Social Network
and modelling the same is a promising and an open area of
pursuit for researchers. Information Diffusion in Social Networks
identifies and explains how the information spreads over a Social
Network (in particular) and over the WWW (in general). In
this paper, we study two Information Diffusion models with a
case study of Twitter Interaction Networks. We identify, enlist
and summarize various parameters identified in the respective
Information Diffusion models. We intend to create a Knowledge
Base which will help researchers to quickly understand the
existing works.
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I. INTRODUCTION

The spread of information is creating new nervous system
for our planet. The emergence of World Wide Web (WWW)
has resulted into the generation of information at a colossal
rate and scale. The enormity of such online content is over-
whelming for most of the traditional data analysis methods
and tools. WWW has changed the perception of the rate of
information generation and its reach. Saito et al. [13] states
that the Web 2.0 era passed leaving behind great strength to
the end-users. Prosumers (users who can both produce and
consume information) contribute significant quantities of mul-
timedia content over WWW. This behaviour when combined
with Social Networking (i.e. communication between users
through online communities) has formed a new Internet era
where multimedia content sharing through Social Networking
Sites (SNSs) is an everyday practice. More than 200 SNSs
of worldwide impact are known today and this number is
growing quickly. Many of the existing top web sites are either
pure SNSs or offer some social networking capabilities [2].
The WWW simply added a remote access interface to the
traditional social network and a new era of human networking
emerged in the form of Online Social Network (OSN) [14].
A well-known data mining analysis technique applied on
WWW namely Social Network Analysis (SNA) acts as a
back bone for e-commerce and marketing, dark web mining,
community detection, opinion mining, sentiment analysis, user
profiling, online search, information dissemination and much
more. Social Network Analysis has helped academic, com-
mercial and security organizations in analysing, understanding
and predicting the dynamics of a Social Network. With the
emergence of WWW, the physical limits of the traditional
social networks vanished. This resulted in an exponential

growth: both in terms of geographical reach and information
produced by the users of a Social Network. This online
data evolved and accumulated over time. At this scale and
complexity, traditional statistical methods and data processing
tools failed to process data effectively. SNA provides ways of
analysing and visualising this data in the form of a network or
a graph. With the introduction of SNA, the domain for network
analysis got richer and border.
The study of information diffusion originates from the research
of computer virus(epidemic) spreading over network [11]
[8]. Information Diffusion in Social Networks describes the
anatomy and intricacies of the network under consideration.
Knowing (i) what and where information is being produced,
and (ii) to where, how and why it is being transferred, will help
in identifying the hidden functionalities of Social Networks.
The process of Information Diffusion in Social Networks is not
trivial. The nodes of the network adapt a piece of information
and its behaviour is changed accordingly. A node that might
seem critical to diffuse information between two sub-networks,
might not act well under certain circumstances. Critical or ma-
licious information can spread uncontrollably over a network.
The management and prediction of information diffusion in
Social Networks is not possible until there is a model that
can capture and analyse the hidden mechanism underlying
diffusion. The traditional analysis tools may show when and to
where information propagated, but it fails to explain how and
why did it propagate. The parameters like diffusion rate and
who influenced whom plays a decisive role in understanding the
dynamics of Social Networks. Besides these complexities, the
interdependence between diffusion processes also influences
flow of information. When information diffuses in parallel, it
either compete or cooperate [10], thereby resulting in complex
relative-diffusion scenarios.
Researchers have in recent years developed a variety of tech-
niques and models to capture Information Diffusion in Social
Networks [5], analyse it, extract knowledge from it and predict
it. The aim of this survey is to study such models and create
a knowledge base for future research.
The rest of this paper is organized as follows.In Section II we
identify and define some generic parameters and attributes used
to define information diffusion in general. In Section III we
provide an overview of some existing state-of-art information
diffusion models with a case study of Twitter.In the last section
we summarize the reviewed models and discuss their pros and
cons.
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II. PARAMETERS AND ATTRIBUTES OF INFORMATION
DIFFUSION

• Node: A user of any online social network represented
as a point in the network model, associated with a
vector of characteristics/attributes.

• Similarity: Based on demographic information.

• Familiarity: Based on time spend together in same
topic.

• Homophily: Gradations of similarity between users.

• Heterophily:Gradations of difference between users.

• Social Influence: The effect of the immediate neigh-
bours on a particular node and vice-versa in a social
network.

• Temporal Order: Ordering of nodes as per their inter-
action time w.r.t each other.

• Spatial Proximity: The proximity or closeness of nodes
in the social graph.

• Duration of Contact: The time for which a node under
observation is exposed to new information.

• Informed Node: A node that has been exposed to
new information or A node to which a particular
information has reached.

• Uninformed Node: A node that has not been exposed
to new information or A node to which a particular
information has not reached till that instance of time.

• Seed Node: The starting/root node from which the
information originates/starts diffusing.

• Diffusion Paths: The paths in a social network through
which a particular information diffuses or dissipates.

• Stickiness: The measure of the contingency of an
information. The peak value of the curve.

• Persistence:The time for which an information stays
on a particular diffusion rate. The measure of rate of
decay after the peak.

• k-exposed: A node x is said to be k-exposed if x has
k informed neighbours.

• Speed: The time when (if) the first diffusion occurred.

• Scale: The number of affected nodes or users at the
first degree.

• Range: The depth of diffusion i.e. the levels up to
which the users are affected in the interaction network.

• Twitter Attributes:The following attributes have been
used in context of Twitter network

◦ tweet; A piece of information published by a
Tweeter user x, shared and visible to other
users of x’s choice.

◦ re-tweets; A piece of information re-published
by a Tweeter user y, which may originally
belong to some other user say x.

◦ topic; A coherent set of semantically related
terms that express a single argument [ref].

◦ mention hashtag; A means of tagging a par-
ticular information by inserting a # followed
by the tag information. Sometimes, @ symbol
followed by a user-name is used to men-
tion/address a particular user.

◦ posting rate; The rate at which a user x pub-
lishes its posts/tweets on Tweeter.

III. INFORMATION DIFFUSION OVER INTERACTION
NETWORKS: CASE STUDY OF TWEETER

Although a considerable amount of work has been done
in modelling the process of Information Diffusion in online
social networks [8] [9] [1] [7] [4] [16] [3], we study two
user-interaction based information diffusion models given by
Romero et al. [12] and Yang et al. [15], with both models
using the underlying Interaction Network of Twitter. Both [12]
and [15] highlight the importance of the hidden Interaction
Networks over the less active or dormant followers-following
networks or relationships. These models highlight the im-
portance of persistent or repeated exposure to a particular
information as a driving factor to define diffusion pathways.
We then analyse the factors affecting the speed, scale and range
of the diffusion process.

A. Variance in Diffusion Process Across Different Topics

In [12], the authors discuss the traditional way of
understanding the network dynamics by unfolding the
similarities between different information diffusions in that
network. They however argue that the decisive factor in the
process of information diffusion is the variation of paths
through which diffusion occurs. Having said that, they
further mention that this variance which can be represented
mathematically as a probability (the quantitative analogue of
stickiness) is not enough to decide the diffusion paths [12].
The differences in the type or topic of the information plays
an important role as well. Furthermore, they add another
attribute of information adoption resulting by its repeated
exposure namely Persistence [12]. They study how a user
adopts a particular hashtag on Twitter after repeated
exposure from her neighboring nodes. Hashtags of different
topics show varying mechanics of spread which can be
analyzed in terms of the probabilities.
In [12], a Twitter data set is used and an interaction
network is constructed. They have not considered the passive
relationship of X follows Y as it is not a clear parameter of Xs
interest in Y as there is bulk following/followers relationship
on Twitter. However @-message-interaction shows
an authoritative link between the two users X and Y . A
threshold t is defined as: There exists an edge between users
X and Y if X includes @Y in at least t tweets [12]. They
define P (k) for all users X who have not adopted hashtag
H , where k is the number of neighbors of X who have
adopted H . They define P (k) to be the fraction of such
users who mention H before a (k + 1)st neighbor does so.
In other words, P (k) is the fraction of users who adopt the
hashtag directly after their kth exposure to it, given that they
hadn’t yet adopted it. The plotting of P (k) as a function of
k averaged over the 500 most-mentioned hashtags in their
dataset, they observe two basic features of the average P (k)
curves shape: a peak value for small values of k, followed
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by decline for larger values. They formulate two parameters
namely Stickiness and Persistence on the plotted graph.
The [12] discuss the variation in adoption dynamics by
analyzing different hashtags. They find that the political
hashtags had unusually higher persistence, while as the
twitter-idioms have high stickiness but low persistence.
Looking into the sub-graph formation and tie-strengths, they
found that there existed many sub-graphs Gm for political
hashtags that showed higher internal degree, greater density of
triangles and ties of different strengths. The fraction of strong
ties in political sub graphs Gm is actually lower than the
fraction of strong ties for the full population of widely-used
hashtags, indicating the overall greater density of edges in
political sub graphs comes more dominantly from a growth
in weak ties than from strong ones [12].
They try to obtain an insight into the interdependency between
P (k) and Gm by simulating the P (k) curve of each top
hashtag on the sub graph Gm of each other top hashtag.
A data set comprising of over three billion messages
from more than 60 million Twitter users (from
August 2009 until January 2010) has been used
in [12]. For t = 3, the resulting network contains
8, 509, 140 non-isolated nodes and 50, 814, 366 links.
Human annotation and Web-based definitional resources
were used for hashtag selection and classification e.g.
Celebrity (]mj, ]brazilwantsjb, ]regis), Technology
(]iphone, ]jquery, ]photoshop) etc.
In order to understand the mechanism behind the spread of
hashtags on Twitter, [12] estimate the probability P (k)
for a user u to use hashtag h in future provided k neighbors
of u have used h ie. u is k-exposed. They calculate two P (k)
variants namely ordinal time and snapshot estimate.

Pk =
I (k)

E (k)
(1)

where E(k) is the number of users who were k-exposed
to h at some time, and I(k) be the number of users that are
k-exposed and used h before becoming (k+1)-exposed [12].
They observed that hashtags of different types and topics
exhibit different mechanics of spread. Some curves increased
dramatically initially as k increased but then started to decrease
relatively fast, while other curves increased at a much slower
rate initially but then saturated or decreased at a much slower
rate.
The persistence and stickiness parameter is formally defined as
F (P ) and M(P ) respectively. In order to find the differences
between the spreading of various hashtags, the influence
curves with different shapes are identified and depicted sig-
nificant differences in F (P ).
To check how well these two parameters defined any curve
for a particular hashtag, they constructed the approximation
curves P̃ for an influence curve P with known values for
F (P ), M(P ) and maximum value of K. The approximation
error was found to be very small, asserting the completeness
of these two parameters in defining and analyzing the curves.
Focusing on the structure of a network to see its effect on
the information diffusion, they analyze the variations in the
structure of the sub graphs Gm for different categories. Various
structural parameters including average degree, number of

triangles, border, and entering degree were computed and
the political hashtags showed maximum difference from the
average in these parameters.
Finally the tie-strength between two users is defined in [12].
They follow two different approaches, one being the numerical
measure i.e. total number of @-messages sent between two
nodes and the other being the reciprocity of the link between
two nodes i.e. a bi-directional link is the strongest.

B. Predicting the Speed, Scale and Range

In [15], the authors focus on the interactions among
the Tweeter users in order to understand the information
propagation in Tweeter. Quoting Huberman et al. [6] the
number of tweets is more dependent on the number of friends
than the number of followers.
Again working on the assumption that the interaction network
(hidden network), rather than the potentially very passive
follower network helps in the network analysis of Tweeter,
[15] build an interaction network based on @username
mentions to extract networks structural properties and
attributes of users. Working on a tweeter data set collected
over one month (July 8th2009 August 8th2009) comprising
of 3, 243, 437 unique users and 22, 241, 221 posts [15].
The mentioning parameter holds over the follower/following
parameter as the former shows active user interaction. Here
mentioning comprises of all uses of @ i.e. re-tweet,
reply etc. The interaction network is built by assigning
a link from A to B, if B mentions A in her tweet that
contains topic C that A has talked about earlier [15]. Based
on time-stamps of the tweets, a diffusion network is built. All
posts from a particular topic keyword are ordered based on
time-stamps and diffusion links are identified.

Starting with the spread of information via re-tweets or
mention hashtag, they applied a survival analysis model to
identify both the time at which a particular user is influenced
and tweets under a specific topic (and whether she will tweet
at the first place or not). Using Cox proportional hazards
regression model, they quantify the degree to which both users
and tweets predict the speed of distribution to the first degree
offspring. They used the aspects of each user (activity level in
tweeting, mentioning & being mentioned) and characteristics
of tweets (embedded link in a tweet, itself a mention, and stage
of tweet in the topic lifespan) in predicting the diffusion speed.
The regression analysis in [15] yielded following results for the
selected parameters:
When a user has high posting rate and has high rate of being
mentioned, her tweet will gain first offspring in a shorter time.
Adding to it, if the tweet is already a mention, the chances of
diffusion increases. The stage of tweet in the topic lifespan had
a positive effect on the diffusion, while as the link parameter
had no effect (or the direction of effect was not stable) on
the speed of the diffusion. Overall impact was found to be
that of being mentioned by other people. And that the speed
and efficiency varies over time and is not linear. Answering to
the question of scale (how many people tweet about the same
topic as first degree child nodes in the diffusion network?),
the activity level of a user and her mention rate by others act
as a stable predictor. Unlike speed, the presence of links in
the tweet generated more child nodes. Finally explaining the
range metric defined by the number of hops in the diffusion
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chain, more than 50% nodes failed to produce offspring of first
degree, 30% had off springs of degree 2. The effect diminished
after 5 hops and for most of the topics, 95% ancestor nodes
stopped creating off springs. Like speed, the higher tweeting
activity of a user and being mentioned by others had a positive
effect on range. Besides when a tweet is a mention itself
and occurring at the later stage of the topic lifespan with an
embedded link had a relatively higher range [15].

IV. CONCLUSION

We studied two models for Information Diffusion in this
paper. In the first model, although [12] consider the variation of
information diffusion process across different topics, but they
assume the closed world scenario for the different hashtags.
However this is not the case in the real world as there
is a very prominent impact of external factors that define
the information diffusion process. The information diffusion
process can take new paths as was seen at the time of some
major political events, where information spread at callosal rate
defying the modelled diffusion paths. In the second model, [15]
enlisted and saw the affect of various parameters to define the
speed, scale and range of the information diffusion process.
As mentioned before without the loss of generality, both of
the models considered the Interaction Networks of Twitter.
In [15], we saw that the speed of diffusion does not remain
constant and a more active user (along with active interaction
network) speeds up the process of diffusion. Similarly the
presence of links in Tweets resulted in the large scale, however
the scale showed a persistent behaviour as compared to the
speed parameter in [15]. From these two studies [12] [15],
we have a basic set of parameters defining the diversity of
diffusion across different topics, the speed of information
diffusion, its rate and scale of diffusion. These parameters can
help the researchers to design a model that can approximate
the real diffusion pathways with higher accuracy.
The various existing works in the area of information diffu-
sion lake uniformity as they consider different networks with
different assumptions. The two models discussed in this paper
show a generality by focusing on the real-world interaction
networks with a similar data set.
The topic of information diffusion still remains as an open
challenge for researchers as there exist many varying con-
straints and factors that hinder the stabilizing of any single
model for the same. This paper may serve as an information
repository for researchers who intend to model the information
diffusion process, with special emphasis on the strong and
dominant interaction networks of Twitter.

REFERENCES

[1] A. Apolloni, K. Channakeshava, L. Durbeck, M. Khan, C. Kuhlman,
B. Lewis, and S. Swarup. A study of information diffusion over
a realistic social network model. In Computational Science and
Engineering, 2009. CSE ’09. International Conference on, volume 4,
pages 675–682, Aug 2009.

[2] E. Commission. Social networks overview: Current trends and research
challenges. Nov. 2010.

[3] M. Gomez Rodriguez, J. Leskovec, and B. Schölkopf. Structure and
dynamics of information pathways in online media. In Proceedings
of the Sixth ACM International Conference on Web Search and Data
Mining, WSDM ’13, pages 23–32, New York, NY, USA, 2013. ACM.

[4] D. Gruhl, R. Guha, D. Liben-Nowell, and A. Tomkins. Information
diffusion through blogspace. In Proceedings of the 13th International
Conference on World Wide Web, WWW ’04, pages 491–501, New York,
NY, USA, 2004. ACM.

[5] A. Guille, H. Hacid, C. Favre, and D. A. Zighed. Information diffusion
in online social networks: A survey. SIGMOD Rec., 42(2):17–28, July
2013.

[6] B. Huberman, D. Romero, and F. Wu. Social networks that matter:
Twitter under the microscope. First Monday, 14(1):8, 2009.

[7] J. L. Iribarren and E. Moro. Impact of human activity patterns on the
dynamics of information diffusion. Phys. Rev. Lett., 103:038702, Jul
2009.

[8] C. Jiang, Y. Chen, and K. J. R. Liu. Evolutionary information diffusion
over social networks. CoRR, abs/1309.2920, 2013.

[9] M. Kimura, K. Saito, R. Nakano, and H. Motoda. Extracting influential
nodes on a social network for information diffusion. Data Mining and
Knowledge Discovery, 20(1):70–97, 2010.

[10] S. A. Myers and J. Leskovec. Clash of the contagions: Cooperation and
competition in information diffusion. In M. J. Zaki, A. Siebes, J. X. Yu,
B. Goethals, G. I. Webb, and X. Wu, editors, ICDM, pages 539–548.
IEEE Computer Society, 2012.

[11] R. Pastor-Satorras and A. Vespignani. Epidemic spreading in scale-free
networks. Phys. Rev. Lett., 86(14):3200–3203, Apr. 2001.

[12] D. M. Romero, B. Meeder, and J. Kleinberg. Differences in the
mechanics of information diffusion across topics: Idioms, political
hashtags, and complex contagion on twitter. In Proceedings of the
20th International Conference on World Wide Web, WWW ’11, pages
695–704, New York, NY, USA, 2011. ACM.

[13] K. Saito, K. Ohara, Y. Yamagishi, M. Kimura, and H. Motoda. Learning
diffusion probability based on node attributes in social networks. In
Proceedings of the 19th International Conference on Foundations of
Intelligent Systems, ISMIS’11, pages 153–162, Berlin, Heidelberg,
2011. Springer-Verlag.

[14] M. Wani, M. A. Alrubaian, and M. Abulaish. A user-centric feature
identification and modeling approach to infer social ties in osns. In
Proceedings of International Conference on Information Integration
and Web-based Applications & Services, IIWAS ’13, pages 107:107–
107:114, New York, NY, USA, 2013. ACM.

[15] J. Yang and S. Counts. Predicting the speed, scale, and range of
information diffusion in twitter, 2011.

[16] J. Yang and J. Leskovec. Modeling information diffusion in implicit
networks. In Proceedings of the 2010 IEEE International Conference
on Data Mining, ICDM ’10, pages 599–608, Washington, DC, USA,
2010. IEEE Computer Society.

International Journal of Computer Application                                    Issue 4, Volume 3 (May - July  2014)                        

Available online on http://www.rspublication.com/ijca/ijca_index.htm                              ISSN: 2250-1797______________________________________________________

R S. Publication, rspublicationhouse@gmail.com                                                                        �                          Page 313

____________________________________________________


	Introduction
	Parameters and Attributes of Information Diffusion
	Information Diffusion over Interaction Networks: Case study of Tweeter
	 Variance in Diffusion Process Across Different Topics
	Predicting the Speed, Scale and Range

	Conclusion
	References

