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Abstract. This paper proposes a new model of interactions between
agents who play the Ultimatum Game (UG) from the characteristics
of knowledge discovery techniques and interactions in Social Network-
ing Sites (SNS), more precisely on Twitter. To support the work, the
authors present simulations using the UG with a spatial and evolution-
ary approach as well as technical knowledge discovery using SNS. With
this we intend to find a more efficient way of interactions in UG, where
failure is reduced in each round. For this purpose, the authors present
here two new techniques that will be internalized in agents: the use of
a historic reputation of the interactions between agents and, in certain
periods of time, to perform the profile discovery profile of the agent offer
in a general scope and their particular interactions with each agent.
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1 Introduction

Game theory [30] helps to understand theoretically the decision process of agents
that interact in strategic situations by the logic of the situation where they are
involved. It is considered that agents make their choices in a rational form [15].

However, the classical game theory has not been sufficient to explain human
behavior observed in various situations, such as social systems. To resolve this
issue, some researchers have been strayed from the paradigm of self-esteem and
rational choice, adopting the social preference theory [8].

In the other hand, the use of Social Networking Sites (SNS) to understand,
and in some cases, try to predict events, also has gained attention in the spe-
cialized scientific community [35, 10, 22].

Using these mechanisms, it is possible analyze how information circulate
inside a network of individuals, even try to predict the interaction between them.
In this paradigm, there is an expressive number of applications that can take
advantage of these possible interactions, as the study of the spread of epidemics,
or self-regulation of agents, where this work will have its focus.
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Also in this context, the use of SNS can serve as support for modeling a
system where the interactions between individuals are optimized to the point
that they only occur when the possibility of success is high among the exchanges.
For example, in a conventional Ultimatum Game (UG) (that will be presented
in details in Section 2), with the principle that players do not know the social
preferences of their opponents, there is a great possibility that the offer made
will be denied. To optimize this process, looking at a larger number of well done
exchanges in the game, mechanisms such as the use of genetic algorithms (which
will be detailed later) may be used.

Based on these assumptions, this paper attempts to propose a new method-
ology for the self-regulation of agents adding a history of interactions between
agents in order to optimize the exchanges in the UG. The model is also based
in algorithms widely used for identification of profiles in SNS, as the Yenta and
ReferralWeb (discussed in Section 5.1), as well as an algorithm developed by the
authors to search and filter data in SNS (shown in Section 5.2).

This paper is organized as follows: In Section 2, we present some concepts
about UG. The Evolutionary and Spacial model of UG for regulating economic
exchange is discussed in Section 3. In Section 4 we present a detailed study on
Social Networks, focusing in Online Social Networks more precisely in Twitter
that, the model proposed in next section was based. Next, we have the Sec-
tion 5 where we proposes a new model based in interactions on SNS. Finally, in
Section 6 we realize the considerations.

2 The Spatial and Evolutionay Ultimatum Game

In the simplest form of the UG, two players determine how to divide among
them a certain economic value. The first player, the proposer, proposes how
the value should be divided, and the second player, the responder evaluates
the proposal. If the responder accepts the offer, the money is divided according
to the proposal made by the proposer, otherwise both players receive nothing.
Players are informed that they only can participate in the game once and can
not bargain, in other words, once the offer has been made by the proposer, the
responder will choose to accept it or not.

Based on the classic game theory, if the second player is rational, he will prefer
to receive any value, even if this value is very low, therefore receive little is better
than getting nothing. As the proponent knows that any proposed value to the
second player will be accepted, even if this value is very low, reserve to themselves
the greatest possible gain and thus leave the smallest possible value for the second
player. This is a rational solution given by the Nash equilibrium1 [45, 21, 15].

However, the results of experiments conducted with groups of people play-
ing the UG counter to rational solution. Experiments performed in 25 different
countries have shown that most proponents make a fair offer (up to 80% of users
offer between 40% to 50% of total) and more than half of that respond reject

1 A combination of strategies is a Nash equilibrium if the strategy of a player is the
best answer to the strategies chosen by other players, and this applies to all players.
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offers less than 30% of the total [32, 31, 34]. This human behavior is considered
irrational compared to theoretically rationality proposed by game theory.

We also observe that if the same play is performed several times between
the same people, the result will tend to deal more fair, since the player who
answers may reject lower offers in order to get better deals in later rounds [34].
Thus, other factors are important in the analysis of the UG, such as their social
preferences [8, 45].

It is worth noting that the spatial and/or network structure to model the
interaction of agents is another important factor that influences the outcome of
spatial games (for example, when we consider n > 2 players) [45, 24, 41].

For social science, evolutionary game theory can describe and predict the
choices of the most successful human beings, since it is better equipped to deal
with the appropriate weaker assumptions of rationality.

The evolutionary game theory has biological characteristics that stem from
three factors. First, the evolution treated by this theory didn’t need to be the bi-
ological evolution. Evolution in this context can often be understood as cultural
evolution, where it refers to changes in beliefs and norms over time. Second,
evolutionary game theory uses a concept of adaptability or reproductive success
unlike the concept of rationality of game theory. This weaker concept of rational-
ity, in many cases it is more appropriate for the modeling of social systems than
the assumption of rationality of standard game theory. Thirdly, the game theory
evolution, as a theory explicitly dynamic allows the development of strategies of
the agents over time. The evolutionary game theory has been used to explain
many aspects of human behavior, such as altruism, empathy, moral behavior,
social learning and social norms [2].

For the evolution of the strategies of players in the evolutionary and spatial
model of the UG presented in this section were used genetic algorithms (GA’s)2.

The objective of GA’s is to find approximate solutions to problems of high
computational complexity [18, 23] through the process of simulated evolution
which has a blind manipulation of chromosomes, for example, the processing
does not have any information about the problem you are trying to resolve, ex-
cept the objective function value. In the original concept, the objective function,
also known as evaluation function, is the only information that evaluates the
chromosome. An individual of the population is represented by a single chro-
mosome containing the coding (genotype) a candidate for solving the problem
(phenotype).

A canonical GA works as follows [1]: i) a population of chromosomes is main-
tained throughout the process, ii) each chromosome is associated with an ad-
justment value which is directly related to the value of the objective function to
optimize iii) each chromosome encodes a point in the search space of the prob-
lem; iv) two chromosomes are selected according their values of adaptation to
be the generators of two new settings through a process of reproduction; v) take

2 GA’s were introduced by John Holland in the 60th, based on naturalistic theory of
Darwin (1859), which states that individuals are better adapted to their environment
are more likely to survive and produce offspring [26].
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these new settings, reserve, your space in the new generation. This process is
repeated as many times as necessary.

3 The Original Model

This section presents the original model of an evolutionary and spatial approach
to the UG, which will serve as a basis for developing a new solution based on
“Knowledge Discovery in SNS”. The model is based on a set of n agents with
social preferences, connected by a complex network of Small World-network3,
which defines the neighborhood for each of the n agents of the multiagent system
(MAS). This original model was firstly presented in [27] and has inspiration on
the work of [45].

Each UG is played between two players in two stages, alternating the roles of
proposer and responder among the players. In each simulation cycle, the agents
interact with all agents in your neighborhood, adding their Payoffs through the
payoff function and analyzing its utility as estimated by specific utility functions
defined by the preferences of individuals in the population.

In each interaction between two agents, the total amount to be split between
them is equal to 1 (one). Each agent has different game strategies, respecting, if
there are restrictions on their social preferences. The strategy is given by a pair
of real numbers oi and ri, with oi, ri ∈ [0, 1], here denoted by est (oi, ri), where:
oi is the offer of agent i, while acting as a proponent, and ri is a store of value
or minimum acceptable from agent i, when this is the player that answers.

In each simulation cycle, the values of offer oi and reserve ri are set seeking to
maximize the utility function adopted by the agent, according with their social
preference. From the calculation of utilities, individuals select a best strategy for
the current condition.

In each game, if the agent i with the strategy est(oi, ri) interacts with the
agent j with the strategy est(oj , rj), the payoff pij(oi, oj) with the agent i will
get are designed by the function pij : [0, 1]× [0, 1]→ [0, 1], defined as:

pij(oi, oj) =


1− oi + oj if oi ≥ rj and oj ≥ ri
1− oi if oi ≥ rj and oj < ri
oj if oi < rj and oj ≥ ri
0 if oi < rj and oj < ri

(1)

In Eq. 1, if the agent i, when proponent, makes an offer oi that is greater or
equal than the minimum that the agent j is willing to accept, and, in turn, the
agent j, when proponent makes an offer greater than or equal to the minimum
that agent i is willing to accept, then the gain of agent i, given by 1− oi + oj , is
the highest gain that this agent can get in this interaction. That is, the biggest
gain for an agent is when the two exchanges occur. It is observed that the later
refers when the proposals of each of the two agents are refused in both phases
of the game. This is the case in which there is no gain to the players.

3 A Small World-network is a network that has a high clustering degree and low
average distance between vertices [42].
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The total payoff (sum of Payoffs) of agents is obtained after each agent has
played with all its neighbors.

Each agent is encoded with one of three different types of social preferences
presented in [14, 3, 45]:

(i) Minimum acceptable level: agents that have a minimum acceptable value for
the game;

(ii) Inequality aversion: agents that prevent unequal move.
(iii) Social welfare preference: Individuals that assumed to care about the wel-

fare of others agents besides themselves.

For making decisions about how to modify their strategies, each of the indi-
viduals in the population is based on the assessment of utility functions (such
as in [14, 45]).

Be an agent i with social preferences “minimum acceptable” or “inequality
aversion”, number of neighbors m − 1, degree of pain ai (or envy when your
return is lower than its neighboring agents), degree of pain bi (or guilt, when
the return agent is greater than their neighbors agents), and payoff allocation
vector X = {x1, x2, . . . , xn}, where n is the number of players, then the utility
of the agent i is given by:

Ui(X) = xi −
ai

(m− 1)

∑
j 6=i

max(xj − xi, 0)− bi
(m− 1)

∑
j 6=i

max(xi − xj , 0)

Now is considered the third type of social preference, when agents care about
the welfare of their neighbors. Let m− 1 neighbors, degree of envy ai, degree of
guilt bi, weight wi of agent i about his concern for the welfare of their neighbors,
and the vector of allocation of Payoffs X = {x1, x2, . . . , xn}, then the utility of
agent i is given by:

Ui(X) = xi+wi

∑
j 6=i

xj−
ai

(m− 1)

∑
j 6=i

max(xj−xi, 0)− bi
(m− 1)

∑
j 6=i

max(xi−xj , 0)

In this model, both the offer and the reserve of agent i can be adjusted in
each simulation cycle (after each player has made a complete game with all its
neighbors) in order to maximize utility. However, the agent i, when proposer
does not have accurate information about the lowest value that the other player
is willing to accept, or do not know the profile of another player, because this
issue, it is an incomplete information game. To model the process of agents’
strategies evolution, the model uses a genetic algorithm based on [45].

Each agent is constituted by a chromosome 4 with 14 genes

[g0i , . . . , g
13
i ]

4 GAs in a chromosome is a data structure that represents one possible solutions of
the search space of the problem.
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reflecting their social preferences and how the agent evolves its strategies, where:
g0i is the value of the oi offer made by agent i when is the proponent; g1i is the
level of reserve or minimum acceptable of agent i when its the responder; g2i is
the suffering degree when the return of the agent is less than their neighbors
agents (envy), represented by the variable ai from the utility functions; g3i is
the suffering degree when the return of the agent is bigger than their neighbors
agents (guilt), represented by the variable bi from the utility functions; g4i is the
weight of the agent i cares about the welfare of other agents, represented by
the variable wi that appears in the utility of individuals with social preference
“social welfare”; g5i , . . . , g

13
i are the elements of the vector of probabilities that

adjust the strategies after each simulation cycle and determine how the strategies
of the agent will be modified for use in the next cycle.

This probability vector has nine components corresponding to the possible
alternatives for setting the strategies and may increase, decrease or not change
their values. The changes in the vector will be conducted according to the anal-
ysis of the utility functions adopted by the agent.

Are, g5i = p0i , . . . , g
13
i = p8i . The nine alternatives to modify the strategies of

agent i in each cycle are encoded in a probability vector as: p0i is the probability
that agent i will increase both oi and ri; p

1
i is the probability that agent i will

increase oi and decrease ri; p
2
i is the probability that agent i will decrease both

oi and ri; p
3
i is the probability that agent i will decrease oi and increase ri; p

4
i

is the probability that agent i will increase oi and ri will remain unchanged; p5i
is the probability that agent i will decrease oi and ri will remain unchanged; p6i
is the probability that agent i will remain unchanged oi and will increase ri; p

7
i

is the probability that agent i will remain unchanged oi and will decrease ri; p
8
i

is the probability that agent i oi and ri will both remain unchanged.
The alternative to modify the agent i strategies is chosen according a random

number generated in a [0, 1] interval. Thus, the agent i is represented by:

[oi, ri, ai, bi, wi, p
0
i , p

1
i , p

2
i , p

3
i , p

4
i , p

5
i , p

6
i , p

7
i , p

8
i ]

The probability vector is adjusted at each cycle, to reflect the performance of
the choice of alternative development strategies, maintaining the sum of proba-
bilities equal to 1.

For example, if the chromosome that represent the agent i evolve, so that
the agent enhances their utility, then the probability pki , with 0 ≤ k ≤ 8 from
the chosen alternative of the previous round, is increased and proportionally the
other probabilities are reduced by keeping the sum equal to 1.

Otherwise, when the chromosome does not evolve, that is, the agent does not
increase its utility, then the probability of the strategypki , with 0 ≤ k ≤ 8, chosen
from the previous cycle, is reduced in proportion and the other probabilities are
increased.

The model had a factor denoted by fp to determine how much percentage
increases or decreases the probability vector during the simulation process. There
is also a factor fe to determine how much it increases or decreases the oi e ri
values, this values define the agent i strategy.
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Submitted by an evolutionary process the population should contain fitter
individuals. The algorithm presented in this section can be considered as a kind
of reinforcement learning algorithm. Through the process of evolution, strategies
that get higher returns is more likely to survive and achieve more opportunities
for future use.

3.1 Results and Comments

The implementation of spatial and evolutionary UG was conducted in Netlogo.
As explained in Section 3, for the distribution of connections among agents, we
used a Small World Network topology. We defined a population with individuals
who can take one of three different forms of social preference, also discussed in
Section 3. Groups (subnets) formed by these individuals are heterogeneous as to
the social preference and their size is not fixed, represented by a vector.

The parameters (guilt ai, envy bi, weight wi, factor fp, factor fp) defined in
the model can be modified. For each configuration of these parameters we realized
25 simulations. Each simulation is performed by 2000 cycles. In all simulations,
the initial offer oi and reserve ri value are random.

What could be felt after the simulations was that there was a high failure rates
in the early exchanges, and in some cases, while there were over 100 iterations of
the algorithm, the occurrence of no return (when the proposer and the responder
[when the responder condition] reject the move) amounted to nearly half the total
number of agents.

Based on this characteristic, where the amount of initial failure is very high,
we intend to propose a model where there are a history interactions, enabling
this will only occur between agents that have a high chance of accepting the
offer. More about these features, as well as the manner in which the model is
proposed will be discussed in Section 5.

Then, in Section 4 a detailed study on SNS, network topologies and charac-
teristics of SNS, especially Twitter, is presented for this may be defined with a
model inspired by SNS for the interaction between agents.

4 On Social Network Theories

The network theories’ study, initially with the graph theory, proposed by the
mathematician Ëuler [13], even in the eighteenth century, has been developing
since then both in the exact sciences, such as physics [4] and mathematics [40],
but also in the social sciences [37]. Since then, several scholars as Baran [5]
proposed structures and network topologies, which later, through studies of the
researcher Barabási [4], led to the study of so-called “science” or “network the-
ory”.

Proposed by Barabási [4], the network theory seeks, among many other
things, to analyze through typological models such interactions occur within
SNS, in another words, how individuals are related, and what types of struc-
tures apply to these relationships. One advantage of identifying what are the
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networks structres, so these are online or offline, is the ability to identify how
or what circulates relevant information will be given within a group.

As pointed out by Granovetter [19], each person has a clear vision of the social
networks to which they belong, but its not possible to perceive the network to
which others belong. This includes not only those individuals which has a more
distanced, or sporadically, as known, for example, but also those who are part
of our closest relationships, such as friends and family. This placement makes it
so that it belongs to several networks of other individuals both through strong
ties with close proximity, as in relations of weak ties, with less closeness.

This awareness of belonging to networks or communities, also point to Well-
man [44] researcher, makes the study of these theories become more complex
from the concept of community, which requires us to have to think differently
this problem. They assume that individuals are not only linked in networks, but
also through in personal communities.

Based on above assumptions, this section will do an overview on network
studies, to we can point out possible applications of using these for multiagent
simulation environment of the UG.

4.1 Networks Theory

Recuero [37] indicates networks are structural metaphors, in another words,
they are in ways of analyzing social groupings also from its structure. Thus, the
social networking sites also have topologies – structures – which can be classified
according to their characteristics from the interaction between actors. Currently
the three most widespread network topologies have been proposed by Baran in
1964 [5]: That is distributed, centralized and decentralized networks.

In a centralized network, there is only one node (which may be for example
an individual or a computer) making the connection between several others.
In a centralized network has a connection then one-to-all. In the decentralized
network, there are several central nodes that connect to each other. Finally, the
distributed network, there is a smooth connection between all nodes, which allows
no hierarchical valuation of these nodes, in other words, all have the same value,
and practically the same number of connections.

When analyzing a network is crucial to determine a period time that the
group will be studied, since social networks are not fixed – immutable – actually
they are in constant change. To make it clear that statement can cite, for ex-
ample, the social interactions between two close friends (strong ties) here called
actor “A” and actor “B”. The actor “A” has a group of actor friends called
actor “C”, actor “D” and actor “E”. Since, the actor “B” has how friends the
“F”, “G” and “H”actors. Considering that both the actor’s “A‘” friends and the
actor’s “B” friends does not known each other, you can say that this network
is a decentralized network, because here there is two central nodes with several
connections. Now, we will assume that an event happened and all friends of ac-
tor “A” and actor “B” were at this event, with this, began to exist interactions
between them, with the appearance of new friendships, the network would lose
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the character of the decentralized network and would be a distributed network,
since all or most of the actors would also have connections.

4.2 The Social Ties

Like the social capital5, social ties are an important mechanism of interactions in
social networks. A social tie is constructed from the relations between actors [17],
therefore, it is characterized by the realization of the connection between the
parties over time. Wellmang [43] presents a definition of social ties:

[...] One or more specific relations, such as proximity, frequent contact,
information flows, conflict or emotional support[...].[...] The patterns of
these relationships – the social network structure – organize exchange,
control, dependence, cooperation and conflict systems.

With a growing change in the habits and social movements through online
interaction, the manner how social ties are maintained and accessed also un-
dergoes modification. For example, currently has SNS where the list of friends
(connections within the SNS) is publicly viewable. Previous to the advent and
popularization of the SNS this relationship, as well as exposure of social ties in
a public way, didn’t happen with the same intensity.

As an example, we only could know the connection of a person with a third
person, if these two individuals were seen together or if someone inform it pub-
licly. Nowadays you can find explicitly defined in the profiles of users of social
networking sites like Facebook or Twitter, the relations of an individual as well
as structures of social ties of their relationships.

As explained by Recuero [37], relational social ties can only happen through
the interaction between the various actors in a social network, which is not true
with the association social ties, that are independent of these characteristics and
based only in the sense of belonging or membership of a particular site.

Primo [36] classifies social relations even as mutual or reactive. At first, there
is a closer and agreement between the parties involved, as in a conversation in
Messenger, or through a reply on Twitter, for example. In the mutual interaction
it is also the dialogical tie rating, it should make mention of the relational ties of
Breiger. In the reactive interaction, also noted by the author as an associative tie,
the relationship happens more independently, since even if there is an interaction
between the two parties that takes place in an individual, such as accepting
someone on Facebook.

As Granovetter [19] social ties could be further classified as strong or weak.
For him, the strength of a tie is a combination (probably linear) the amount of
time, emotional intensity, intimacy (mutual trust) and reciprocal services that

5 To Coleman [9] TheSocial Capital refers to the “accumulated resources through the
relationships between people”, in another hand, Bourdieu and Wacquant [7] define
social capital as “the sum of resources, real or virtual, that accrue to an individual
or a group, by virtue of possessing a durable network of more or less institutionalized
relationships of mutual acquaintance and recognition.”
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characterize a social tie. Wellmang [17] argues for the fact that the Internet is
a medium where it is allowed both strong and weak ties, however, the networks
generally tend to be, through its configuration, to support an interaction more
sparse, due of weak ties.

4.3 The Twitter

Twitter is a microbbloging tool with hybrid character of blog, social network
and instant messenger [33]. Among its main features is the fact that updates are
posted in reverse chronological order, as well as a blog, the updates to be in only
140 characters, and even the possibility of the user posting a variety of sources,
such as phone, email, among other mobile devices. This makes communication
becomes much faster and has enabled Twitter to be used both synchronously in
species of “collective conversation” - approaching the feature of instant messag-
ing and social networking - and asynchronously - nearest character of the blog
and social networking tool [46].

[29] also defines the action of microblogging as to post short texts in a personal
blog, especially from an IM or phone. However, the largest number of posts on
Twitter, which still shows almost 80% of traffic is done through the web. This
number is followed by 14% using our mobile service, 8% who post their messages
via SMS and also 8% who use the Twitter application for iPhone. Importantly,
however, that even the Twitter homepage representing 78% of the origin of posts,
if you added all mobile devices where messages originate 37% of end users also
disseminating content through means other than the homepage.

What are you doing? This question was first proposed by Twitter that he
fell almost into disuse with the appropriation given to it by users. A low number
of users in general who are beginning to use the system, still post content that
answer the question, and the tool is now used by most as a source of information.
The improvement of the tool, and the inclusion of new features and functionality
from time to time, the question “What are you doing” was replaced in November
2009 by “What’s happening”.

With the perception of ownership provided by the tool users, developers
have been adding features that facilitate use of the network, such as hashtags,
keywords that are preceded by a # (sharp) and which refer to a specific subject.
To facilitate communication users also began to use the @ (at sign) before the
name of a particular user that you want to reference [38].

Another appropriation given to the Twitter by its users and which strength-
ened the tool as a means of disseminating information, is the ability to redis-
tribute the information through retweets, for exemple, a particular user dis-
tribute throughout your network, or to selected users, the information received
preceded by an RT. This characteristic was aggregated into the Twitter system
in 2010, with a specific button which do this.
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5 The Proposed Model

A big problem encountered in multiagent simulation environments is the valida-
tion of data in a real environment. Therefore, the use of techniques that allow
the approach of these results comes with it becoming increasingly important in
scientific circles [6].

Based on these ideas this Section is intended to propose a new method to
optimize/reduce the amount of trade without success, as we told at the end of
Section 3.1. For this purpose, an analysis will be conducted on ways of discovery
profiles on SNS, finally, it is proposed a new method of social exchange in mul-
tiagent systems based on UG and inspired by social exchanges and Knowledge
Discovery in SNS.

At first, this section will present the algorithm developed by the authors for
the discovery of Twitter profiles, as well as other methods of discovery in SNS.
Then a new method based on social exchanges UG will be proposed.

5.1 Related Works

Currently there are several other forms of filtering and discovery information
on SNS or in general database. Here, the work from researches like [25], which
seeks to discover relevant opinions from data obtained in the Web, or even,
the analysis of user interaction into a specific SNS, as researched by [6], are of
enormous importance.

Adding to these, the work [16], that proposes the Yenta system, which auto-
matically seeks to build coalitions and interest groups on the Internet, and the
work of [20], with ReferralWeb system, which has as principle to seek similar-
ities between network uses and make recommendations, serve as a solid way to
inspiration of a new algorithm that will link these characteristics with aspects
of the UG as pointed out in Section 2.

5.2 Knowledge and profile discovery on Twitter

The modeling of social representations often suffers from the lack of validation
of empirical data [6]. Currently, the availability of large data sets and the facility
with which these can be accessed via the Internet is facilitating the validation
of theoretical-social models. With a growing proliferation of social media, online
communities, as well, a diverse range of content produced collectively, there has
been an acceleration in the convergence of technological and social networks,
producing environments that clearly reflect the social structure of its members
and their characteristics [12].

As pointed [12] to study the consequences of these developments, we are faced
with the opportunity to analyze the data of social networks in unprecedented
levels of scale and temporal resolution; this led to a growing group of research at
the intersection of computer and social science. In the first, with the Information
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Retrieval [28], that is the field of computer science responsible for mining infor-
mation from the Internet. In the second, with the study of interactions between
users [11, 39].

Based on this, searching for new ways to data simulation approach, that
could be more similar to the real world, the authors designed an algorithm for
the acquisition and identification of profiles based on keywords on Twitter.

The algorithm start from a initial user in Twitter, which is provided by the
user, then retrieve data as:

1. The Timeline of the user;
2. List of n (parameter of the algorithm) first friends (connections) of the user;
3. Basic data of the user, such as name, location, profile picture, and the total

number of posts.

From an initial user, the algorithm makes the download of user information,
analyzes the first n friends of this user and then restarts the process for each of
these friends. That is, for each of these n friends it will analyze the first n friends
of this user and run the download of user information as well as its history of
network use (updates [or posting] themselves). After this action, the algorithm
enters another level in the network, repeating the operation, which results in
an average of n3 profiles analyzed (bearing in that each user has on average n
friends).

The following pseudocode of this operation is illustrated.

Select InitialUser:
Download Timeline;
Download Friends;
Download Informations;
For each Friend in InitialUser:

Download Timeline;
Download Friends;
Download Informations;
For each Friend in Friend:

Download Timeline;
Download Friends;
Download Informations;

Fig. 1. Pseudocode to data request on Twitter

Thereafter, when data acquisition is complete, a second part of the algorithm,
which is responsible for analyzing the profile of each of these users starts. Initially
are analyzed two key factors in the interactions of each user:

1. Keywords that characterize the interactions of a given user on the network
2. Keywords that characterize user interactions with other users.



Agent self-regulation based on profile discovery in social networks 13

To get the expected results, the algorithm analyzes the data obtained in the
social network, looking for individual keywords that impersonates the user, for
these keywords we give a weight that is defined by the following equation:

Weight of the Key =
Number of Occurrences of the Word

Total of Unique Words

Trying to make the results more realistic, the algorithm also takes care of
filter words that in a general scope, are irrelevant (like articles, pronouns and
punctuation) doing that, words as BWSS, BWSS? and BWSS! are interpreted
as being the same thing.

5.3 Additions to the Original Model

From simulations of the first half part of this article, more specifically in Section 3
we could notice how inefficient were the results of simulations using a UG in a
first moment. In this model, there were three possible results of each game in
UG: i) two players could refuse offerings, ii) a player could refuse the offer or,
iii) both players accept the offer.

What could notice was that in all simulations the amount of total failure
(where the two players refused the deal) was extremely high until around the
hundredth iteration of the genetic algorithm. The system only began to have a
significant gain performative after that hurdle.

Based on these findings, it is intended to propose a new method for real-
ization of social exchange, based on the principle and the UG characteristics of
knowledge discovery in SNS.

Initially, the characterization of the agents in this new model will be similar
to what has occurred in a pattern UG: Payoff functions, Offer and Reserve will
be maintained in the same models presented in Section 3, but some new features
will be added into the agents.

The first will be responsible for reporting all user interactions in the network,
something like a interactions history. This, will store the exchange types and their
values.

To approach interactions conducted in SNS, the previous item will be semi-
public, i.e., when the actor “A” play with the actor “B” it will got access to the
history of this actor, in a second moment, when the actor “A” will play with
actor “C”, it will can check if there have been exchanges between actors “B”
and “C” and what were the results. Such behaviors can be translated into an
environment of SNS: as the actor “A” and “B” are friends (connections in a
network), at a given time, the actor “C” wants to establish a connection with
the actor “A”, then, to know that there is a connection between actors “B” and
“C”, actor “A” ask to actor “B” information about actor “C” to assess if will
accept or not the connection.

In addition to this historic of information, is intended to further that in
certain periods of the simulation, a scanning is performed at the historic exchange
of this agent, so that with it being discovered: i) the average total value of the



14 Murian dos Reis Ribeiro and Marilton Sanchotene de Aguiar

Offer, Payoff and Reserve and ii) the average value of the Offer, Reserve and
Payoff for every other individual who interacted with the agent.

With the implementation of these features a number of surveys can be con-
ducted, for example, discover if the general user’s profile6 is the same of the
specific profile of each played of certain individuals.

Searching a better perform in the UG, the use of the discovery mechanism
of the user profile will be activated in a given period of iterations (or ticks like
is known as the term in a multiagent environment). Another feature that is
expected as a result of the model implementation is that Small-World Networks
got formed from the interactions among users, and not so predetermined as was
happening in the model proposed in Section 3.

6 Conclusion

This paper presented a study of game theory [30], showing how this theory can
help us to understand the decision processes in the interactions of agents, then
an analysis of interactions in an evolutionary and spatial environment of UG
was presented.

Then the paper presents a typical model of UG which was prepared by the
authors and implemented in a multiagent environment. At this point, was ex-
plained the main problems of using the UG, which provided subsidy to proposal
a new technique to optimize this process.

In a third instance, the work proposed to show a detailed study on the char-
acteristics of SNS, as well as knowledge discovery techniques. Here, the authors
present an algorithm that realize the request data of the user and then filter and
sort this data by keywords.

The knowledge discovery in SNS, and the results obtained in Section 4 are
an inspiration to then, the authors proposes a new system that is based on the
UG characteristics, and knowledge discovery in SNS, as well internalize on an
agent a history interaction, as well as identifying a general and specific profile
of the agent when the UG are playing.

With the development of this work was intended to seek mechanisms that
unite the two techniques (UG and knowledge discovery in SNS), as well as the
development of a new model that is based on such characteristics.

From the explanations and proposals made here, we intend to implement the
proposed model for the investigation and analysis of the efficiency of this, as well
an identification of other forms that can serve as a basis to further improve the
performance of UG in multiagent systems.
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