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Abstract

Social networks have evolved to a key technology for in-
formation diffusion. Consequently, discourse behavior and
communication dynamics have become an important research
area. However, privacy settings limit data acquisition ex-
tremely, such that empirical online content and discourse
analysis are hardly applicable here. Since the “human factor”
mostly influences the behavior of individual actors, network
analysis also provides a restricted perspective. This leads to
the question: How to present the “human factor” in combi-
nation with network dynamics?

In this paper, we propose the application of agent-based
simulation (ABS) and intelligent agents for analysis of infor-
mation propagation in social networks. The benefit of a sim-
ulation approach is, that dynamic analysis of communication
behavior as well as artificial scenarios can be produced. In
contrast to conventional ABS, where agents are modeled in a
reactive or stochastic way, intelligent behavior of the agents
should lead to a more realistic behavior of the simulated hu-
man actors. Thus, intelligent agents should provide a compre-
hensive perspective on communication processes taking place
in social networks. We discuss our current state of work in
using a variety of psychological theories for accomplishing
a representation of different personal traits and relationships
between actors.

1. MOTIVATION
Considering the number of one billion active1 users, Face-

book has become the most popular social network. Less than
eight years after it has been made available to the public, so-
cial media platforms like Facebook and Twitter have become
a central component of the Internet’s development called Web
2.0.

1Users logging into their accounts during the last month are being de-
scribed as active.

Due to the rising popularity and the continuous increase of
the number of user accounts, a shifting of personal life into
social media can be determined. In this way, among other
things, a possibility for staying in contact with old friends and
neighbors after moving to another city has been created. As
a result of this, the circle of friends grew. Outside social net-
works most of the surveyed people answered, that they have
between two and five close friends they share their feelings
with or whose advice they seek. According to Facebooks own
statement, the average user has 190 “friends” he is related to.
Hence, seeking advice by publishing status updates will result
in a larger target group being addressed by the message.

The opportunities coming along with this development
have also been identified by enterprises. Because of that the
commercial sales and distribution of goods and services have
been shifted to social networks, too. What the developers in-
tended to be a platform for private communication has be-
come an essential channel for customer contact. Due to the
fast propagation of information about innovations, a new
product’s level of awareness can increase significantly within
a short period of time. In particular for addressing a certain
type or group of customers or for market analysis reasons in
general, social media have become a huge benefit for business
companies.

In order to be able to use this new appearing opportu-
nities efficiently, e.g. for supporting business activities, this
fundamentally changed way of communication needs to be
comprehended. As the circumstances changed from the ex-
change of messages between a few individuals towards mass-
communication, it is no longer possible to fall back on tradi-
tional models. But also the changed relevance of the regional
dimension of communication needs to be considered. Instead
of being restricted to a smaller number of nearby contacts, in-
formation can be shared with large number of receivers within
a short time.

This leads to effects of communication emerging from so-
cial networks, which have not been observable in that way
before. Considering the Trends 2013 published by Facebook
(see fig. 1) there are two kinds of topics the users talked about.



On the one hand there were discussions about events whose
occurrence by date was known before, like the elections of
the President of the United States and the pope of the Catholic
Church or the birth of the “Royal Baby” in the United King-
dom. But on the other hand some discussions and trends oc-
curred spontaneously after a certain event which has not been
predictable. For example the controversies after the deaths of
Margaret Thatcher and Nelson Mandela. Both of them polar-
ized the society into admirers and opponents of their accom-
plishments and their manner of achieving them. Shortly after
the announcement of their deaths, people started to use social
media to discuss the different perspectives.

Table 1. Facebook 2013 Year in Review: The most talked
about topics. [8]

Facebook Trends 2013
1. Pope Francis 6. Harlem Shake
2. Election 7. Miley Cyrus
3. Royal Baby 8. Boston Marathon
4. Typhoon 9. Tour de France
5. Margaret Thatcher 10. Nelson Mandela

In order to understand the process of communication be-
tween interconnected people, a new model needs to be devel-
oped first. This enables us to reproduce the existing systems
and evaluate proposed changes or notional systems by sim-
ulation them before the implementation is done. Because of
that, the aim of this work is to reproduce the behavior of each
user inside the network in order to replicate the emergence of
public behavior. For this purpose different types of users and
user groups need to be determined and described. Afterwards
the identified characteristics shall be used to implement an
agent-based simulation model.

As intelligent agents are a more sophisticated approach for
modeling human behavior, we propose such an architecture to
be used for modeling the identified characteristics in. By us-
ing intelligent agents, different objectives for certain behav-
iors can be balanced within the agents and individual goals
can be evaluated in concrete situations. Doing so, the behav-
ior can be modeled on a more detailed level, so that compet-
ing motives, alternative objectives and conflictive actions can
be considered. Accordingly the working hypothesis of this
research is that deliberative agents are more appropriate for
modeling and simulating of human behavior in online social
networks.

This work is structured as follows: First a brief introduc-
tion into agent-based simulation of social systems is given.
In section 3 different approaches for representing character-
istics and other relevant attributes of social network users will
be introduced. Afterwards the agent architecture will be de-
scribed and a first implementation will be evaluated. Finally
we discuss the current state of the work and give a look on
future aspects.

2. STATE OF THE ART
For understanding social phenomena, the simulation of so-

cial societies was first described by Doran and Gilbert in
1994. By creating a model for objective and reproducible con-
sideration a foundation for the simulation of the behavior is
given. [7]

For the purpose described in this paper, a modeling tech-
nique which provides the ability to represent a large number
of individuals is required. Inside a predefined environment
these individuals need to act in order to reach goals given.
These requirements match Wooldridge’s description of intel-
ligent software agents as computer systems capable of au-
tonomous actions in order to meet delegated objectives situ-
ated in some environment. [17] Thus, agent technology de-
scribes a suitable approach for satisfying the given require-
ments.

This work particularly focuses on deliberative agents, as
they possess an explicit model of the environment they are lo-
cated in and make decisions based on symbolic reasoning. For
supporting the decision making process agents often need to
draw on the knowledge of other agents in their environment.
For that reason communication is an inevitable component of
the multi-agent system to be created as it is a prerequisite for
cooperation.

To recreate the behavior of social network users as realis-
tic as possible, the different motivations that lead people to
the use of social media and the individual actions they per-
form need to be described. Rao and Georgeff introduced BDI
agents as an implementation of agent’s beliefs, desires and
intentions. By describing the informational (beliefs about the
world), the motivational (objectives of the agent) and the de-
liberative (what the agent has chosen to do) state of an agent,
the implementation of individual behaviors can be simplified.
[13]

The combination of social simulation and multi-agent sys-
tems as artificial societies was first described by Conte et al.
in 1998. [5] Later on Davidsson coined the term “Agent-based
social simulation” (ABSS) from an informatic view. [6]

3. CONCEPT
As agent-based modeling and simulation of social net-

works is mainly done by using stochastic diffusion-processes
or equation-based modeling (see [3] and [9]), we propose to
use deliberative intelligent agents for the model to be devel-
oped. BDI agents, as a particular kind of deliberative agents,
we assume to be a suitable approach.

Wooldridge mentions three aspects, making BDI agents a
compelling architecture for this application. [18]

1. ”It is founded upon a well-known and highly respected
theory of rational actions in humans.”



2. ”It has been implemented and successfully used in a
number of complex fielded application.”

3. ”The theory has been rigorously formalized in a family
of BDI logics.”

Additionally, there exists a variety of development libraries
for the implementation of such architectures.

3.1. Representing human behavior
To model a social network as realistic as possible, data and

information on the communication behavior of people using
it are required. Empirical methods for collecting data are not
available in the context of social networks. Due to privacy
restrictions set by the users, fieldwork becomes difficult be-
cause user-data are not accessible. Also the reconstruction of
the network under laboratory conditions is made difficult by
the large amount of users which need to be taken into account.
Therefore the specific representation of human behavior will
be based on psychological theories.

Characterizing a social network user applying the Big Five
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Figure 1. Characterizing a social network user applying the
Big Five personality dimensions. Referring to [10].

For deliberation based on the user’s character, the traits
need to be formalized. The lexical hypothesis describes a
widespread psychological approach for classifying differ-
ent personalities. Goldberg broke the pool of words for de-
scribing characteristics down into five distinct traits, open-
ness to experience (curiosity, creativity), conscientiousness
(self-discipline, dutifulness), extraversion (energy, emotions,
sociability), agreeableness (cooperative, compassionate) and
neuroticism (anger, depression, vulnerability). Each of them
can be seen as a scale for evaluating the strength of a certain

dimension. According to Goldberg, no more than this five di-
mensions, called Big Five, are needed to completely charac-
terize a person (see fig. 1). [10]

Individual preconditions regarding the Big Five personal-
ity traits causes differences in how users behave and espe-
cially communicate in social networks. But as the emergence
arises from the communication between single user types, the
way messages are being propagated needs to be considered as
well. Three main approaches have been established during the
last century.

Diffusion of Innovation is the process of a new idea or
method being adopted by the society. Rogers separates this
process into five categories of adopters. After beginning with
a slow increase of the number of adopters a critical mass is
reached, which then causes a steeper rise. On reaching a peak,
the graph starts falling again in a mirror-imaged manner until
the process comes to a standstill. [14]

An information can as well be seen as an infectious virus.
Thus, the information propagation can be interpreted as the
virus being spread. Individuals are now divided into three dif-
ferent stadiums: susceptible (did not receive the information
yet), infected (received the information) and recovered (can
no longer propagate the information). [12]

According to gaming theory the decision about adopting
an information can as well be seen as a group-decision. When
receiving an information the principle “I’ll go if you go” will
be applied. After a critical mass of adopters is reached within
the group, the receiver decides to adopt the information, too.
[4]

Regarding real social networks, an interaction between a
diffusion of innovation process and decision making based on
the opinion of the social environment can be observed. For
describing the composition of this social environment, Gra-
novetter divided the connection between users into strong and
weak ties. While strong ties represent a close friendship, weak
ties rather describe a casual acquaintance. [11]

3.2. Agent architecture
BDI agents distinguish decision making and the resulting

behavior into beliefs, desires and intentions. Each agent per-
ceives its environment by possessing a beliefset storing infor-
mation about the world. Based on objectives the agent wants
to accomplish goals are adopted by the agent for the active
pursuit using intentions. By defining a number of individual
goals, conflicts may occur as the goals possibly are inconsis-
tent or contrary. The BDI architecture enables the agent to
perform a dynamic conflict management (see fig. 2) in order
to avoid or solve this issues. Through various steps the basic
beliefs the agent’s actions are based on are being brought into
agreement with the desires the agent would like to accomplish
and the intentions the agent can perform. After reconsidering
the intentions, a list of potential options will be generated. A



deliberator then selects a subset of options to be adopted and
executed.

According to the BDI interpreter given by Rao and Geof-
frey (see fig. 2) the agent consists of three dynamical data
structures representing its beliefs, desires and intentions. For
the perception of the environment and the changes occurring,
events are used. Due to the perception of the agent as founda-
tion of the decisions and actions performed, these events are
being collected and processed on each iteration of the inter-
preter. In the case of social networks, events are the sum of all
private messages, public postings and status messages writ-
ten by other users. Hereby an internal representation of the
environment containing the agent’s beliefs about the world is
being created.

intentions 

generate options 

desires 

belief revision 

goal list 

filter options 

beliefs 

planning 

sensor input 

intention reconsideration 

intentions' 

action output 

Figure 2. BDI decision-making process. Referring to [16].

The individual preferences in using social networks and the
functions provided are based on the user’s desires. Accord-
ingly, this component needs to represent the different charac-
teristics using the Big Five personality traits described before.
Neuroticism is the most relevant dimension affecting the be-
havior of users in social networks, as it influences the activity.
Users with high neuroticism scores tend to use the Facebook
Wall more frequently. The same development can be observed
for users with high openness to experiences, as they Like con-
tent more often than the average user does. A high open-
ness to experience causes the desire to share information with
other users by liking postings or publishing status updates.
Efficient users with high self discipline scoring high in con-
scientiousness chose well which information to share and pre-
fer uploading pictures to inform friends about news. Extraver-
sion causes the need to be well informed. These users tend
to like the statuses their friends posted more often. Highly
agreeable users choose consuming over active participation

in social networks and behave passive. [2][15]
After choosing how to react on a certain event the actions

this interaction is being performed is represented by the user’s
intention. It describes a plan as a combination of different ac-
tions. Indeed, all users do have the same amount of possibili-
ties to write messages, but their characteristics affect the fre-
quency they use them. While introverted people rather choose
the upload of pictures to inform their friends about news in-
stead of sending a status update.

4. EVALUATION
The different approaches mentioned above have been im-

plemented into a simulation model using MASON2, a Java-
framework. MASON is a fast discrete-event multi-agent sim-
ulation library. The advantages are the possibility of separat-
ing the model itself and the visualization of the simulation for
performance purposes and the large number of single agents
being supported.

In order to evaluate the model, the diffusion of a new in-
formation has been simulated. For this purpose, the KONECT
project provides a collection of networks for research in net-
work science. The Facebook dataset containing the New Or-
leans network group has been selected for the evaluation. It
contains more than 60 000 users connected with almost 1,3
million relationships. [1, S. 12] The output generated using
this dataset for simulation will then be compared to data ex-
tracted from a real social network.

As the dataset available on KONECT does not contain in-
formation about the strength of the relationships between the
users, these values need to be generated artificially. Accord-
ing to Granovetter, interpersonal relationships can often be
seen as triads consisting of three persons. Assuming a given
person A is related to persons B and C, a relationship between
B and C is present as well. Thus, the strength of relationships
defined in the KONECT dataset will increase by the number
of friends two users have in common. [11]

According to the Facebook Trends 2013 (see tab. 1) the
harlem shake has been one of the topics mostly talked about
in the last year. Against all odds, this topic has not been
caused by a political or societal event. In fact this trend is
based on a video3 published by the internet comedian Filthy
Frank in the middle of 2012. The song harlem shake, to which
he is dancing in the video, became a chartbuster and within
a short period of time more than 40 000 additional videos
have been uploaded by people around the world dancing the
harlem shake. Analyzing the rapid diffusion of the video (see
fig. 1) with social media monitoring tools shows, that DJ
Thomas Wesley Pentz caused the exponential growing of the
video’s views by sharing the link with his 800 000 followers.

2MASON is an acronym for Multi-Agent Simulator Of Neighborhoods.
3The video is available at: http://youtu.be/8vJiSSAMNWw
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Figure 3. Number of postings with the topic “harlem shake”.
Observed data versus simulation.

According to the harlem shake development, the simulated
diffusion of the information will be initiated by the user hav-
ing the most relationships as well. The outcome gained has
been compared to the real diffusion process observed in social
networks (see fig. 3). Regarding the real data, the number of
postings deviates from the expected development for a short
period twice but then resumes the former trend. By having a
closer look at the date, these time spans can be identified as
weekends. We assume, that the habits of using internet are
different during the week and at the weekend. As a detailed
consideration of different national habits concerning internet
usage on weekdays is intended to be done in the future, this
aspect will not be part of the simulation model yet.

Comparing the two graphs, a similar process can be ob-
served. The shape of the graphs matches the diffusion of inno-
vations process described by Rogers. As the diffusion of the
information starts, the number of postings starts rising slowly,
too. After a critical mass is reached, the number of postings
per day increases exponentially until it reaches a peak. The
following decrease of the number of postings appears to be
mirror inverted to the initial increase. By including the fa-
mous user to the early adopters of the information a signifi-
cantly faster propagation occurred.

These results can merely serve as a first step, as the un-
derlaying BDI architecture is of rudimentary character only.
Currently we are working on extending the BDI model by
comparing advanced reactive agent models.

5. DISCUSSION
The objective of our research is to reproduce the behavior

of actors using social networks for information propagation.
Obviously, simulation technique, especially ABS, is an ade-
quate means for analysis and research of communication dy-
namics and information propagation within social networks.
As a working hypothesis, we assume, that the application of
intelligent agents will significantly improve the quality and
the comprehensibility of the simulation model for reproduc-
tion. In this paper we introduced psychological theories for
modeling human actors in such a simulation. Furthermore, we
discussed the application of a BDI architecture for specifying
and implementing these theories in software agents as the ba-
sis of the simulation model. In the evaluation we focused on
the implementation of the Big Five personality traits and the
approach of strong and weak ties for depicting different user
types in the model. Evaluating the model by simulating the
spread of an information showed, that the diffusion process
is similar to diffusion observed in a real-world system. Thus,
the results of the evaluation indicate benefits of the priory in-
troduced theoretical model for agent specification and imple-
mentation with respect to reproduction of social networks and
their users.

However, at the current stage of research, the agent archi-
tecture is implemented on a rudimentary level only, such that
further research is needed here. As an important next step,
it has to be analyzed, if the BDI architecture is beneficial in
this context in contrast to a more sophisticated reactive agent
model. Based on this results, the use of BDI agents for sim-
ulating information propagation in social networks showed
to be feasible and therefore should be continued. In further
steps, the extension of the model using additional theories of
communication behavior and insights gained from the analy-
sis of real social networks are intended.
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