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Discovery of Information Diffusion Process in Social Networks∗

Kwanho KIM†, Nonmember, Jae-Yoon JUNG††a), Member, and Jonghun PARK†, Nonmember

SUMMARY Information diffusion analysis in social networks is of sig-
nificance since it enables us to deeply understand dynamic social interac-
tions among users. In this paper, we introduce approaches to discovering
information diffusion process in social networks based on process min-
ing. Process mining techniques are applied from three perspectives: so-
cial network analysis, process discovery and community recognition. We
then present experimental results by using a real-life social network data.
The proposed techniques are expected to employ as new analytical tools
in online social networks such as blog and wikis for company marketers,
politicians, news reporters and online writers.
key words: information diffusion process, online social networks, social
network services, process mining

1. Introduction

With the advent of social network services such as Twit-
ter, Facebook and Tumblr in the last decade, information
is able to be diffused rapidly through social networks. As
users publish information to others and republish the pub-
lications of others, information is forwarded from users to
users, which makes an information diffusion process. Thus,
information diffusion data for a user can be considered as
the historical logs of actual interactions among users. For
instance, in social network services, information which can
be regarded as posts such as user’s statuses, news articles,
bookmarks and photos is diffused by using functions like
“tweet” and “retweet” on Twitter and “blogging” and “re-
blogging” on Tumblr.

Analysis of information diffusion among publishing
and republishing activities in social networks is significant
from two perspectives. First, we can understand overall so-
cial behaviors among the users in a social network service.
Second, a user can recognize his/her own social interactions
as the following issues: which users are influencing or in-
fluenced by the user, how the user’s posts are propagating
to other users, and what communities are organized around
the user. Moreover, those findings can be further utilized for
the various applications such as social marketing [1], pub-
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lic opinion mining [2], and information distribution analy-
sis [3].

There have been many existing studies on social be-
haviors, interaction patterns, user’s influence, information
epidemic, and information propagation by investigating so-
cial links such as friends and followers [4], [5]. However,
the previous approaches rarely reflect the dynamic nature of
social interactions over social networks, since social inter-
actions are not limited to static relations among users. For
example, users in social network services such as Twitter
and Tumblr can interact with other users regardless of static
relationships. Therefore, we expect that analyzing informa-
tion diffusion which reflects the actual interactions among
users can help to deeply understand the dynamic nature of
social interactions.

In this paper, we present an innovative approach to ap-
plication of process mining to information diffusion analysis
in social network services. Process mining techniques sup-
port process-oriented analysis of historical data by employ-
ing data mining and machine learning techniques. Specif-
ically, we propose an information diffusion model and at-
tempt to analyze the information diffusion process over the
ego-centric network for a user. Moreover, for the ego-centric
network, we analyze the social network and the communi-
ties based on the relations among users and their republish-
ing history. To achieve the objectives, we adopt three rep-
resentative techniques, such as social network mining, α-
algorithm, and fuzzy analysis [6]. The techniques provide
different perspectives (i.e. social network, process, and com-
munity) of information diffusion process in social networks.

We regard homogeneous events across users (e.g. re-
publishing the same post) as a process instance. The as-
sumption is reasonable since the republications are repeat-
edly made among users in a social network and republica-
tions related to the same topics are likely to follow the sim-
ilar diffusion process in the same community.

The experimental results show that such analysis tech-
niques for information diffusion process can be utilized as
new analytical tools on social networks to understand the
ego-centric network for a user.

2. Information Diffusion Process

In this section, we first present an information diffusion
model for social network services and then introduce three
process mining techniques for the discovery of information
diffusion process on social network services.
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2.1 Information Diffusion Model

A social network is a tuple S = 〈U, F〉 where U = {ui | i =
1, . . . ,N} represents a set of N users and F ⊆ U × U is a fi-
nite set of post subscription relations between two users. For
example, S = 〈{u1, u2, u3}, {(u2, u1), (u3, u1)(u3, u2)}〉 repre-
sents a social network consists of three users in which u2

subscribes to the posts of u1, and u3 subscribes to the posts
of u1 and u2. Note that (ui, ui) � F for ui ∈ U.

In a social network S , a publishing and republishing
activity of a user is denoted as e = 〈p, r, t〉 where p means
the post, r ∈ F ∪ (U × {φ}) is the republishing relation for
p between two users, and t is the timestamp of the activity.
If r = (u2, φ), it means that u2 published a new post p. For
instance, e1 = 〈p, (u2, u1), t〉 represents that u2 republishes
post p of u1 at time t. We let a set of republishing relations
for post p as R(p) = {r ∈ U × U | ∃e = 〈p, r, t〉}.

Finally, we develop an information diffusion history
model from a set of publishing activities, which represents
the publication or republication cases of all the posts on
a social network service. An information diffusion his-
tory H is a set of pairs (p,R(p)) and formalized as H =

{(p,R(p)) | ∃p.∀r ∈ R(p).∃e = 〈p, r, t〉}.
Prior to introducing the techniques, let us compare in-

formation diffusion process and business process. The pro-
cess mining assumes that there exist one or more process
models in a given event history logs. Similarly, we can as-
sume that there are one or more information diffusion pro-
cesses in an ego-centric social network. It is because that
the posts of a certain user contain one or more topics and
the posts will be diffused according to the topics on the so-
cial network.

2.2 Social Network Analysis

We employ the previous social network analysis method
proposed in [7], [8]. The method focuses on discovering the
relations among users who have participated together in the
same process by utilizing process mining techniques. Since
information diffusion history in social network services has
already contained explicit information of such as users and
republishing history, and it is straightforward to apply the
social mining to the analysis of information diffusion pro-
cess in social networks.

By adopting the technique for a given information dif-
fusion history, we can obtain the sociography such as an
example shown in Fig. 1. The arc weights in the graph can
be interpreted as how often two users publish (or republish)
the same information (i.e. posts) together. In detail, the ma-
trix shows how much percentage a user in the column re-
published the posts that another user in the row republished.
For instance, (u2, u1) = 0.5 means that u1 republished half of
posts republished by u2. In summary, a sociography shows
the relations and shared interests among users in a social
network.

Fig. 1 Example of social network analysis.

2.3 Process Discovery

The problem of information diffusion process discovery can
be defined as how to map information diffusion history to a
process model such that the model is “representative” for the
behaviors in the history. There are many existing techniques
for discovering a process model from historical event log.
Among them, we consider α-algorithm [9] which is one of
the first process discovery algorithms.

Given an information diffusion history H, the α-
algorithm produce an information diffusion process model
based on Petri net by analyzing four kinds of ordering re-
lations: direct succession, causality, unrelated, and parallel,
denoted by >H , →H , #H , and ‖H , respectively. For an in-
formation diffusion history H, a republication relation r is
equivalent to the direct succession relation of the algorithm.
Therefore, we can describe four ordering relations of the
α-algorithm for information diffusion process discovery as
follows:

• u2 >H u1 if and only if there is a republication relation
r = (u2, u1) in H.
• u2 →H u1 if and only if u2 >H u1 and not u1 >H u2.
• u2#Hu1 if and only if not u2 >H u1 and not u1 >H u2.
• u2‖Hu1 if and only if u2 >H u1 and u1 >H u2.

Based on the result of investigating those ordering rela-
tions in the information diffusion history H, we can generate
a Petri net-based information diffusion process by using the
α-algorithm.

2.4 Community Recognition

Since, different from general process mining, our main fo-
cus is on users rather than tasks, we employ the fuzzy min-
ing algorithm to discover communities which are groups of
related users and understand the relations of the users in and
over the communities [10].

In the fuzzy mining algorithm, relationships among
users are obtained by calculating relative significance be-
tween users which is defined as:

rel(u1, u2) =
1
2

f r(u1, u2)
∑

ux∈U f r(u1, ux)
+

1
2

f r(u1, u2)
∑

ux∈U f r(ux, u2)

where f r(u1, u2) represents the frequency of observing the
two users’ relation.

Through the results of the fuzzy mining, we can be
provided for the simple visualization of the discovered rela-
tions among communities and hierarchical view of users and
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communities. Since information diffusion involving many
users is often complex and ad-hoc, we abstract the discov-
ered process to obtain comprehensible model by adjusting
the level of relative significance between users.

Note that some process mining techniques like fuzzy
mining and trace clustering were not developed for struc-
tured business process, but for less-structured or ad-hoc pro-
cesses in real-life. Therefore, the fuzzy mining is useful to
effectively simplify and filter the complicated interactions
on social networks by capturing the communities.

3. Experimental Results

For the three purposes described in Sect. 2: social net-
work analysis, process discovery and community recogni-
tion, we conducted three experiments by applying the sug-
gested methods. For the experiments, we collected dataset
from Tumblr which is one of the most popular micro-blog
services in the world. The service has roughly 9.9 billion
posts in 28 million blogs. In the experiments, we aimed at
providing substantial knowledge for the information diffu-
sion process for a single user. This kind of social network
analysis is often called “ego-centric network” analysis. An
ego-centric network includes as its nodes the ego user and
all nodes to which the ego user has a connection within some
specified path length.

We chose a user “sunsurfer” among the most active
users to construct an ego-centric network in order to demon-
strate the results of the experiments. We then collected the
posts which the ego user has published or republished in re-
cent 3 weeks and that have been republished more than 10
times at August 30, 2011. As a result, 73 posts were col-
lected and the posts were totally republished 2446 times by
433 different users. Note that we used a process mining tool
ProM 5.2 [11] for the experiments.

Fig. 2 Discovered ego-centric network by analyzing the relations among
users.

First, social network analysis for information diffusion
was performed on the ego-centric network, and the result is
shown in Fig. 2. Due to the space limitations, the diagram
depicts social interactions among only the top 20 frequent
users in the network. We can recognize roughly four groups
in the whole diagram and the detailed interaction of some
users in the zoomed-in figure.

Next, an experiment for discovering an information dif-
fusion process model was made by utilizing the α-algorithm.
Figure 3 shows the discovered network obtained by analyz-
ing the history of republications related to the ego user. The
network consists of the ego user and the top 25% users in
terms of their relation weights against the ego user. The re-
sult shows how the posts published or republished by the ego
user were diffused by other users in the social network. In
the zoomed-in figure, we can expect that if a post published
or republished by the ego user reaches to “lonelyoceans”,
the post will be probably transmitted again to “fountain-
of-fortune” via two intermediate paths: “exotic-tea” and
“exotic-c”, or “em-bers”.

Finally, we applied the fuzzy mining algorithm to find
communities for the ego user. Figure 4 shows the result by

Fig. 3 Discovered information diffusion model for an ego-centric
network.

Fig. 4 Discovered communities in an ego-centric network.



1542
IEICE TRANS. INF. & SYST., VOL.E95–D, NO.5 MAY 2012

setting relative significance level to 0.6. The figure repre-
sents the six communities composed of the top 25% users
are mainly related to the ego user. The posts of the ego user
tend to be diffused to four communities (clusters 144, 126,
146, and 130) and then diffused again to two other commu-
nities (clusters 124 and 131). In particular, some posts are
republished from cluster 124 to 126. The zoomed-in figure
for cluster 124 shows in detail how 10 users in the cluster
are related to each other. Through the analysis, we can rec-
ognize the posts of the ego user cannot be diffused to two
clusters 124 and 131 without the republications of clusters
126 and 146, respectively.

4. Conclusion and Discussion

As social network services are growing rapidly, a huge
amount of information is being diffused on the Web. In
this paper, we proposed methods for discovering infor-
mation diffusion process which reflect actual interactions
among users in social networks by using process mining
techniques. Through the experimental results of a real-life
dataset, we illustrated that the proposed approach can pro-
vide interesting results based on republication of a popular
blog service.

It is expected that the proposed methods will be em-
ployed for developing new analytical tools for the special-
ized users such as company marketers, politicians, news re-
porters and online writers. The approach can also be applied
to various different social network services, since most of
the services such as Twitter and Facebook provide open ap-
plication programming interfaces (API), which can be used
for collecting social interaction history among users.

For our future work, we consider information diffu-
sion analysis from an ego-centric network to the socio-
centric network to discover information diffusion patterns.

Furthermore, it can be a challenge to extend the analysis
results to the cases of multiple interconnected services like
the blogosphere.
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