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Abstract—This study aims to gather information about how
Artificial Intelligence (AI) agents can influence user behaviour,
by encouraging empathy and prosocial activity, and gather
data regarding players’ choices and stands when dealing
with cyberbullying scenarios. By exploring the capabilities
of affective and prosocial computing, we changed the way
the narrative of Com@Viver is managed throughout the
play sessions, and adapted the narrative according to the
users actions. Com@Viver is a serious educational game
about cyberbullying, developed with the objective of analysing
and improving bystander behaviour. The game, coupled with
AI, aims to create believable cyberbullying scenarios where
users play as the bystander. Bystanders play a major role
in cyberbullying incidents, heavily impacting the outcome of
these events depending on how they react to them, and AI
has proved itself as being of great aid when dealing with
psychological trauma and harmful behaviours. Com@Viver
specifically targets teenagers, since these are typically the main
victims and witnesses of cyberbullying incidents. Finally, we
analysed the results with the data gathered from the play
sessions, to conclude about the impact that our game had in
the experience. The game showed positive results in changing
player behaviour and increasing player self-efficacy beliefs
through the usage of AI Agents.

I. INTRODUCTION

With the increasing influence of IT in our lives, children
and adolescents spend growing amounts of time online
using the internet for a multitude of purposes, like watching
videos, playing games and maintaining social contact with
each other through social media. As society adapted to the
heavy presence of IT in daily life, education had to adapt as
well. The usage of IT for the purpose of educating lead to
the development of Serious Games, games that are designed
with a purpose besides entertainment. These games have
been mostly used for teaching and learning purposes, as well
as promoting behavioural change and anti-bullying, and have
been proved to have an impact on affect, motivation, percep-
tion, acquiring knowledge and better understanding[1].

Games have also been a subject of particular interest to
the Artificial Inteligence (AI) field over the years, with the
goal of creating rational agents capable of evaluating the
game and achieving the best possible outcome. A possible
definition of AI is “the field that studies the synthesis and
analysis of computational agents that act intelligently” [2].

The engineering goal of AI is the design and synthesis
of useful intelligent artefacts, like agents. The building of
agents that act intelligently is useful in many applications.
Some examples include giving emotional support [3], social
support to children with autism [4], and, for instance, serious
games.

To better understand the way serious games and AI relate,
it is crucial to note that an important aspect in educational
games that aim to provoke behaviour change is the necessity
of stimulating empathy [5]. Empathy has been defined as “a
cognitive ability which facilitates the understanding of the
emotions of another person” [6]. By making AI Agents able
to act according to simulated emotions, and making that
behaviour credible enough, we can establish a connection
with the player, making him care about the situation at hand.
This “emotional behaviour” in Agents can be expressed
through a change in the situation or facial expression.

As a result of the increasing influence of IT, particularly
the social aspect, cyberbullying has emerged. It can be
defined as ‘any behaviour performed through electronic
or digital media by individuals or groups that repeatedly
communicate hostile or aggressive messages intended to
inflict harm or discomfort on others’ [7]. It is a complex
issue, with potential lifelong consequences, that does not
have a simple fix, and it can happen via e-mail, instant-
messaging, chat rooms, etc. This kind of behaviour involves
3 types of individuals: victims, bullies and bystanders [5].

Being a bystander can be defined as ”those who are
present but do not interact” [5], meaning that they are only
observers. In bullying acts, bystanders’ decision to intervene
is linked to reinforcement of the cyberbullying behaviour,
and positive behaviour, like acting against the bully, can
break the cyberbullying cycle [5]. On the opposite, negative
bystander behaviour leads to the repetition of the cycle
[5]. Bystanders’ inability to take action is also considered
negative bystander behaviour since victims and bully may
consider it as a sign of approval with regards to the bully’s
actions [5]. This lack of action is known as the Bystander
Effect.

This concept is directly related to the lack of pro-social
behaviour. Pro-social behaviour occurs when someone does
something to help another [8], for example, a person helping
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a stranger, doing volunteer work, etc. The development of
technology has lead to situations where an individual may
feel less responsible or accountable for their actions, leading
simultaneously to an increase in bystander behaviour, and
lack of pro-social behaviour. An example of this situation
would be social media, where the natural distancing and
anonymity is a key factor.

The necessity to fight against this effect has lead to the
concept of Pro-social Computing, defined as ”computing
directed at supporting and promoting actions that benefit
the society and others at the cost of one’s own” [8]. This
could be directly applied to the virtual bystander effect and
cyberbullying, due to the technological connection.

In this context, the empathic relationship is even more
important, since making a person ”care for” a situation in-
creases the likelihood of said person acting upon something
they disagree with, helping others, breaking the bystander
effect and increasing prosociality. The notion of self-efficacy
is also important, and is described as the belief an individual
has regarding his/her own ability to accomplish something.
This relates to the bystander effect in the sense that observers
may feel hesitant to influence the ongoing bullying, due to
their self-perceived inability to do so.

With all the previous statements in mind, the game
Com@Viver [5] was created. A serious game that targets
bystander behaviour and provides youngsters with an oppor-
tunity to learn about cyberbullying, while monitoring their
actions to further understand their decision making process.
The game was designed as a representation of a Social
Network Site (SNS), where the player is presented with
multiple cyberbullying scenarios, and can make decisions
regarding his stand on said scenarios.

II. MOTIVATION

Although the game Com@Viver has shown positive
results in encouraging pro-social behaviour amongst the
users, and raising awareness towards cyberbullying and the
bystander effect, we believed some aspects regarding the
overall structure, narrative and player interaction could be
better. The previous study did not evaluate the extent to
which the players’ behaviour, during the experiment, could
impact the game agents, and if the player could perceive this
impact. The game made it seem as if the player’s choices and
actions did not have an actual impact on the narrative. Also,
we believe further display of positive impact could help
players improve their self-efficacy beliefs towards changing
the behaviour of others.

According to previous studies and investigations [9], the
majority of serious games created for tackling the thematic
of bullying to not engage in the theme of cyberbullying.
Furthermore, the games centred around the cyberbullying
theme mostly aim at raising awareness for the problem
and teaching strategies to help students face the problem,
leaving aside the importance of empathy, or trying to change
the players behaviour during the experiments. It is also
important to note that nearly all experiments done with video
games in this field are played in a single session [9].

During our research we have not found any studies focus-
ing specifically on serious games for the purpose of verifying
the relation between behavioural change in game characters,
and behavioural change in players. Considering that allowing
players to experience the consequences of different in-
game choices seems to be an important way of promoting
empathy, awareness, and constructive behaviour [9], the
aim of this thesis is to implement AI in the previously
developed game Com@Viver, giving the existing characters
the decision making capabilities and rationale akin to those
of an intelligent social agent, and therefore achieving a
bigger impact on the players and greater effectiveness in
incentivizing pro-social behaviour. Given this necessity, our
main objectives with this study were to implement an AI
agent architecture into the game Com@Viver, measure the
impact of AI agents in promoting pro-social behaviour,
and measure the impact of AI agents in influencing the
perception of players regarding their self-efficacy in be-
havioural change. Considering these objectives, and utilizing
the Com@Viver platform with our implemented solution, we
proposed to answer the following research questions:

1) Can using affective AI agents encourage prosocial
behaviour?

2) Do players perceive that their actions can affect the
behaviour of AI agents in a game?

3) Can players’ self-efficacy to promote pro-social be-
haviour improve by interacting with AI agents?

4) Does players’ perception of the behaviour of AI agents
change through interaction in a game?

5) Can players’ behaviour change in the game specifi-
cally with regards to the changes they observe in the
agents’ behaviour?

The results will be discussed in section V.

III. RELATED WORK

In order to correctly develop our intended solution, we
first had to analyse previous examples of similar imple-
mentations, and fully understand the background of our
problem. We looked into the topic of Affective Computing,
and analysed architectures and models of AI Agents with
emotions, as well as serious games.

Affective Computing means “computing that relates to,
arises from, or influences emotions” [10]. Affective comput-
ers need the ability to express or at least recognize affect, the
behavioural expression of one’s mood. The primary way of
computationally process affection is through the recognition
and synthesis of facial expression, body language, and
voice inflection (pitch and tone), but it is also possible
to demonstrate emotional behaviour through text [10]. By
making a computer simulate the expression of an emotion,
and take the users affective state into account when going
through its decision making process, can make it perform
its function better.

Agent architectures in computer science work as a
blueprint for AI agents, depicting the structure arrangement
of its components. In our worked we took into consideration

2



some of the existing agent architectures and models that
were relevant for this project. EMA (EMotion and Adapta-
tion) [11] is a model based on the theory of appraisal, which
states that emotions arise from a person’s interpretation of
their relationship with the surrounding environment, and that
interpretation can be mediated by cognitive processes (speak,
listen, etc) that can be described through appraisal variables
(desirability, likelihood, etc). FAtiMA (Fearnot Affective
Mind Architecture) [12] is an Agent Architecture that uses
emotions and personality to influence the agent’s behaviour.
It has mechanisms for evaluating the relevance of an event
to the agent, determine appraisal variables, and generate
affective states (emotions or mood) based on those variables.
The TARDIS project [13] consists on the simulation of a
platform for social training and coaching, in the context
of job interviews. TARDIS can detect its users’ emotions
and social attitudes in real-time, through body language,
voice, and facial expression recognition, and then adapt
virtual agents’ behaviour based on that information.It is
a great example of how proper computation of affective
states, and subsequent expression of said state, is of huge
importance towards creating a believable AI agent and a
more immersive user experience. CIF (Comme il Faut)
[14] is a model of social state, a collection of processes
which can reason over that social state, and a framework
for defining actions which can alter the social state and
ways for those actions to be performed. It is intended to be
used as a component for games that wish to show social
dynamics, utilizing the concepts of character definitions,
rules, desires, social exchanges, bidirectional scalar values
to describe relationships, and the cultural knowledge base
of its characters, are all related to our solution.

Serious games are games focused on a purpose, like for
example, promoting behaviour change. There have been
serious games created in the past related to the bullying
thematic or managing of emotions, some of which we
analysed while developing our work. FearNot! (Fun with
Empathic Agents Reaching Novel Outcomes in Teaching)
[5] [15] is a game for anti-bullying education, created to
educate children from 8 to 11 years of age. It allows children
to explore what happens in bullying in an nonthreatening
environment, in which they take responsibility for what
happens to a victim, without themselves feeling victimized.
The game was developed as a virtual learning environment,
and the action is placed in a virtual school, with characters
representing the most significant roles in bullying: bullies,
victims and bystanders. Façade [16] [17] is a game that uses
AI and natural language processing to simulate a married
couple having a domestic dispute. The player role-plays
as a close friend that accidentally interrupted the couple
while they were having a fight. The story is unravelled
by asking questions or answering the two characters. Both
characters pull the player towards their conversation, and
it’s up to the player to make a choice about who to give
attention to. The players can get caught between the two
characters situations and can sometimes find themselves

making decisions through concern, due to the characters
reactions. Prom Week is a social simulation game where
the player shapes the social lives of a group of high school
students, in the week previous to their prom. It uses the CiF
system, and tries to combine dynamic simulation games like
”the Sims” with the detailed characters and dialog of story
driven games. The story’s characters are 18 students from
the same school, and gameplay involves manipulating their
social lives.

These were the works taken into consideration during our
work’s development.

IV. SOLUTION

A. Game setting and interface
Com@Viver is serious game designed as a representation

of a SNS. It is populated by 12 Autonomous Agents (AA)
that represent school students, and are able to comment on
posts made in the Social Network. The AA fulfil the roles
of aggressors, victims and bystanders. The players always
have the role of bystanders. The game is played in groups
of 3, where each group plays in a separate game instance,
meaning players from different groups never interact with
each other. Players interact with the game through two main
components: the Feed, and the Chat (fig. 1).

Figure 1. Com@Viver game interface.

The feed works as the main component where all the posts
and comments appear, and is shared amongst all the players
from the group. Players can not only comment, like or dislike
any post and comment made by the AA, but they can also
see what the other members of their group have chosen as
comment options, and can also like or dislike comments
from their own group. The chat is a private component,
where players answer questions about how they feel towards
the cyberbullying case, and their answers are not shared with
the rest of the group.

B. Game goal and scoring system
The game’s goal consists of being able to go on a school

trip. The 3 players form a group, and the 12 AA form the
remaining 4 groups. At the end of each session there is a
voting poll where players vote on who they think should go
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on the trip, followed by a set of questions, and an endgame
score screen to demonstrate the final score. Only the 3 most
voted groups can go on the trip, meaning that if the players
stay in the last 2 spots of the voting pool, they lose the game.

The score depends on the individual scores of each player
from the group. The only actions that have an effect in
a player’s score are liking, disliking and commenting the
cyberbullying posts. Liking or disliking comments will not
change the score. Acting upon the post can have a positive or
negative impact on the score depending on the action chosen.
Disliking the post, or choosing a positive comment option,
will be considered a positive behaviour, while liking the post
or choosing a negative comment option will be considered
a negative behaviour. Individual player score is described as
follows: 1) Engaging in more than one negative behaviour
actions will grant a score of 0; 2) Engaging in only one
negative behaviour action will grant a score of 3; 3) Doing
nothing (engaging in the bystander effect) will grant a score
of 6; 4) Engaging in one or more positive behaviour actions
will grant a score of 12; 5) Negative actions override positive
actions. For example, one negative action and one positive
action equals one negative action, resulting in a score of 3.

The final score is calculated as the group’s score average.
In order for the group of players to win, they must have a
group average score of eight or higher.

C. Social Importance Dynamics Model
Our proposed solution was to implement into our project

a Social Importance Dynamics (SID) model developed by
Mascarenhas and colleagues, in their work “Modeling cul-
ture in intelligent virtual agents” [18]. The SID model is
based on Kemper’s theory [12] that argues that all human
social activity is motivated by two constructs: status and
power. Both concepts are represented as a relational scalar
between two social entities, and the amount is not necessar-
ily reciprocal [12]. This notion of status is operationalized by
making each agent attribute to other agents a value of Social
Importance (SI). The SID model is a model for rational
agents that has the following central concepts:

1) Beliefs - the knowledge the agent has of the environ-
ment, of itself or of other agents. Beliefs are repre-
sented as logical predicates, i.e ”isFriend(Nando)”.

2) Desires - agent’s motivations, they represent states of
the world the agent wants to achieve. Represented by
G, it denotes the set of abstract goals the agent has.
Such goals have the following properties:

i Name - a unique identifier;
ii Preconditions - a list of logical conditions that

need to be grounded and verified in order for the
goal to be instantiated;

iii SuccessConditions - a list of logical conditions
that dictate when the goal is considered to have
been achieved;

iv ImportanceOfSuccess - a numeric value that
specifies how important the goal is for the agent.

3) Intentions - the states of the world the agent is
committed to achieve at a given moment.

Further explaining the model’s language, Bself represents
the set of the agent’s beliefs, Bx contains the agent’s beliefs
about the beliefs of agent ‘x’, and I denotes the set of inten-
tions the agent currently has. Each intention in I is composed
of an instantiated goal. The intention has an associated plan
of actions to achieve the goal’s SuccessConditions, and each
of these actions has a list of preconditions that are required
to be verified in order for the action to be performed, as
well as list of effects that are expected to become true if
the action is performed successfully. This model, therefore,
is known as a Beliefs, Desires, Intentions (BDI) model, and
has 3 main cycles: Belief revision, Option generation, and
Action selection.

In belief revision, agents start by ”feeling” the environ-
ment in which they find themselves, and search for an event.
Upon the occurrence of said event, their beliefs are revised,
including the beliefs about SI relationships. The values of
the SI relationships the agent has with others are stored in
Bself in the form of SI([x]) = [y], where [x] is the name of
the target agent, and [y] is how much SI is attributed to that
agent. This value is determined through SI Attribution rules,
that are defined as a tuple 〈T, A, V 〉 where: T specifies the
target of the rule; A corresponds to a list of conditions that
specify when the rule is activated, and V the amount of SI
the target of the rule gains or loses.

When the agent perceives a new agent in the simulation,
it will create an initial belief of how much SI is attributed
to said agent, and that value is determined by the sum of all
SI Attribution rules that are activated when applied to that
agent.

After the belief revision, a list of options is generated,
composed of the abstract goals in G that can be instantiated
according to the revised beliefs. A goal is considered active
if a valid substitution is found for all the variables defined in
the Preconditions and SuccessConditions of the goal. These
generated options (active goals) represent the agents’ desires,
and are filtered regarding their expected utility. The utility
of an option corresponds to the ImportanceOfSuccess of the
associated goal, since that in this model, the agents have a
general desire to perform acts that signify the amount of SI
they give to other agents. These acts are called ”Conferrals”,
and are defined as a tuple 〈C, A, T, V〉 where: C is a set of
preconditions that dictate the context in which the conferral
is appropriate; A is the name of the action that represents
an SI conferral; T corresponds to the target agent to which
the conferral applies, and V specifies the amount of social
importance conferred by the action.

So, for the purpose of option generation, an SI conferral
is converted to an abstract goal G, where:

1) Preconditions of G = C U { SI([T]) >= [V] }
2) Success Conditions of G = perform A
3) Importance of Success of G = V
If the agent is not committed to an existing intention, the

option with the most utility is chosen to become the current
intention of the agent, and a plan is built, which is a list of
actions, that must be done to achieve the successConditions
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of the intention.
After committing to the intention with the highest utility,

the agent must build or choose a plan of actions to achieve
the intention and then, from this plan, select the next action
to perform. As we saw previously, options are filtered based
on their expected utility, but cultural conventions establish
what seems appropriate or inappropriate between people. To
illustrate such conventions, SI Claims come into play, to
mediate what is and isn’t socially or culturally appropriate.
SI Claims are defined as a tuple 〈A, T, V 〉 where: A is
the name of the action that is perceived as a claim for social
importance; T is the target of the claim, and V it the amount
of social importance the action is claiming.

Before a plan is set in motion, the agent determines
whether any action has an associated SI Claim, and if such
action is found, the agent checks the mental model of the
claim’s target T to infer whether the SI that T attributes to
the agent is greater than or equal to the claims associated
V. If it is lower, then the agent determines that it lacks
enough SI to perform the action and an alternative plan
must be developed. If no alternative is possible, then the
agent considers that the intention is impossible to achieve
in a socially appropriate way and drops it, searching for
an alternative course of action. The implementation of this
model, as well as an example of functionality, are explained
in the following sections.

D. Implementation
The implementation, in Com@Viver, of the previously

described model and its rules, was made possible through the
use of the FAtiMA toolkit, a collection of tools and assets
designed for the creation of characters and agents with social
and emotional intelligence. By using the FAtiMA Integrated
Authoring Tool (IAT) we were able to create game scenarios,
using the built in Dialogue Editor, Role Play Character
Editor, World Model and Web API. The IAT uses its own
file system, so a new ”Scenario file” was created for each
session. In terms of structure, we used two separate servers,
one running the Com@Viver platform, while another ran the
FAtiMA system, and the servers communicated with each
other sequentially during the sessions.

The original game dialog was extracted to Excel files so
it could be easily edited and imported into the authoring
tool’s dialogue editor. Each post content and comments
were divided into multiple dialogue states to allow for AI
Agents to iterate through them. Dialogues have a current
state and next state, that define the order of dialogues, as
well as a meaning field, used to distinguish between the
different options the players had to answer posts, and a style
field, to distinguish between normal dialogues and positive
dialogues. Finally, the utterance field contains the text that
is written by the characters.

The world model allowed us to define what actions are
available to characters, and the effects of those actions. For
the purpose of this experiment, the only action available
to characters is too speak. This action has the effect of
changing the property ”DialogueState” of the target [t],

to the dialogue’s next state [ns]. This effect allows the
characters to keep the dialogue flow.

The role play character editor allowed us to create the
game’s characters inside the FAtiMA system, and give them
decision making and social importance rules to follow. Each
decision making rule had specified an action that it applies
too, a target, a priority, and a set of preconditions that must
be verified in order for the action to be selected. Similarly,
each SI Attribution rule has a name, a target to which
the SI value is conferred, the SI Value conferred, and the
preconditions that dictate when the rule is applied.

The Web Application Programming Interface (API)
was the important piece that allowed the Com@Viver
game to communicate with the FAtiMA system. The
API consists of a series of HTTP Endpoints that allowed
us to send HTTP requests and information between the
game server and the FAtiMA server. The used endpoints
where: 1) Create, used to create a new scenario instance
in the server; 2) Perceive, used to change characters
beliefs and dialogue states; 3) Decide, used to make
characters decide their next action, or in our case, their
next dialogue; 4) Execute, used to make characters execute
their action, in our case, write. All the HTTP request
URLs must follow a specific format, as follows: Fati-
maServerIP:ServerPort/GroupInstanceIdentifier/Method,
with the required parameters.
In example: in order to allow the agent Nando Sap-
ina to perceive an event, if the FAtiMA server is run-
ning locally on port 8080, and the group was playing
in game instance 45, it would be necessary to send the
FAtiMA server a HTTP request, by using the url: ”local-
host:8080/45/perceive?c=NandoSapina”.

E. Game Session Procedure
The flow of a game session is as follows: 3 players form

a group and log in into the game on their web browsers.
The login information is sent to the Com@Viver server, it
is verified, and a game session is created for the group. The
game server verifies the player’s data regarding the session
number and the previous scores, and sends it to the FAtiMA
server. The FAtiMA server receives this information, and
the game scenario correspondent to the session number is
loaded. The agents SI values towards the player are loaded
according to the previous sessions’ results. The FAtiMA
server then informs the game server that it’s ready to start,
and the session begins.

The session then enters the dialog cycle: the game server
asks the FAtiMA server for the next dialog chain, and the
FAtiMA server calculates the next dialog options based on
the SI values and the current dialog state. Then, the dialog
options are sent to the game server, and the new dialog is
presented to the players. The players then interact with the
game by choosing the dialog options available. After this
process, the game server evaluates if this was the final dialog.
If it was, then the game proceeds to the final stage. If not,
the game repeats the dialog cycle until the final dialog is
reached.
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The dialog cycle is usually compressed of a first set of
about 20 ”normal” dialogues, followed by a special dialog
that includes a cyberbullying case, and another set of 20
”normal” dialogues. In both sets of 20 dialogues there is
conflict between the characters of the story. These conflicts
will be adapted in key situations, according to the player’s
choices on previous sessions. In the cyberbullying case,
the designated aggressor of the session posts something
offensive towards the victim, and the players can react to
it via the comment section and the web chat. Game sessions
last around 35 to 40 minutes.

After the end of the dialog and interaction part, the game
presents the players with the end of session questions. The
players respond to the questions, the results are registered
to be used in the data analysis, and the game session ends.

V. STUDY

A. Study design
A quasi-experimental control-group design with repeated

measurements (with pre and post test) was used with process
data gathered during gameplay in a real-life context.

B. Participants
The convenience sample used in this study consisted of

a total of 297 students (73,7% in 7th grade, 27,9% in 8th

grade and 34,3% in 9th grade). In the exploratory analysis
of the instrument we had 139 participants, whereas in the
confirmatory analysis we had 158. The total sample was
used in the main analysis of this study with 168 students in
the EG and 129 students in the CG.

C. Instruments
The game consists in a series of posts and comments made

by the AI agents, to which the players respond to. These
dialogues had to be adapted in order to create alternative
dialogue lines in each session, to be presented to groups that
had won or lost the session prior. These alternative lines led
characters to change their ways, reflect upon their actions,
or actually becoming a pro-social behaviour advocate and
trying to shut down bully behaviour from other characters.
This means AI Agents had alternative roles during a conflict,
as they could have the role of being the victims, the
aggressors, having positive dialogues, or being neutral.

With these alternative character lines available, we anal-
ysed the relative frequency of positive and negative comment
options chosen by players during the experiment, in these
specific dialogues, and also in the cyberbullying cases, and
compared these frequencies between winning and losing
groups. We also analysed the frequency of posts where
players did not comment anything, but did at least like
or dislike the post. Lastly, and the amount of players that
completely ignored the cyberbullying cases.

After the posts and comments from their respective ses-
sions come to an end, players had to respond to a series of
endgame questions. Sessions 2, 3 and 4 had the following
post-session questions at the end: 1) Do you think the
aggressor’s behaviour changed from the last session to this

one? 2) What did you think of the aggressor’s behaviour this
session? 3) In what measure do you think the change in the
aggressor’s behaviour was due to your actions? 4) Why?
5) Do you think you had the possibility to make choices
that influenced the story? 6) Do you think you will be able
to change, for the better, the aggressor’s behaviour in the
future?

The first question had a simple binary (Yes or No) answer,
followed up by the second question that had 3 possible
answers: ”Less appropriate”, ”Equal” and ”More appropri-
ate”. The third question, as well as the 5th and 6th, were
valued in a 5 point Likert scale. The 4th question, which
was a follow-up to the third question, was open-ended. We
analysed the frequency of these answers and compared them
between the winning and losing groups through the use of
relative frequency histograms, to see if there were frequency
differences between these 2 groups of participants.

D. Procedures
The game was played by students inside the school

classrooms, as opposed to another setting, so the experi-
ment could be as relatable as possible. This was made in
an attempt to maintain ecological validity , which means
maintaining the integrity of the real-life situations of the
experiment context. By maintaining high ecological validity,
we can generalize the findings of our research to real-life
settings. [19]. The study was split into 5 sessions. The first
one, session 0, started with a facial validation where students
tested the game so we could see if they understood the game
and how to play it. The next 4 sessions, players were split in
groups of 3 members and played one session per week. All
data related to Player’s scores, actions and choices during
sessions were stored to be used for this study.

E. Data Analysis
The gameplay data was analysed by verifying relative

frequency distributions of quantitative variables. These vari-
ables consisted of the overall winning and losing groups dis-
tribution, winning and losing group distribution per session,
the comparison of positive and negative comment options
in dynamic conflict dialogues, chosen by players during
the gameplay sessions, and the percentage of bystanders
per cyberbullying case. The same process was utilized for
the endgame questions associated with the variables ”In
what measure do you think the change in the aggressor’s
behaviour was due to your actions”, ”Do you think you had
the possibility to make choices that influenced the story?”
and ”Do you think you will be able to change, for the better,
the aggressor’s behaviour in the future?”.

Regarding the pre-post group comparisons, we performed
an analysis of variance (ANOVA) for repeated measures
for the variables Perceived Influence of Social Agents on
Players’ Behaviour and Perceived Influence of Players’ Be-
haviour on Social Agents’ Behaviour. Due to a non-normal
distribution of the data we performed a Kruskal-Wallis
test to understand if there were any significant differences
between the EG and the CG regarding their Self-efficacy
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Beliefs to Change Others’ Behaviour. Lastly, due to pretest
differences, we computed an ANCOVA to examine any
possible differences between the EG and the CG regarding
their Perceived Social Agents’ Behavioural Realism. All of
these statistical procedures were performed with IBM SPSS
25.0.

The data analysed regarding the qualitative analysis of
players’ endgame responses was gathered through the qual-
itative question from the post-session questionnaire, with
the objective of studying the player’s reasoning behind
their opinion on their self-efficacy in changing the game’s
characters behaviour, their perception of their behaviour and
the AI agents’ behaviour, and observing the most recurrent
themes and trails of thought during the experiment. For these
results we used content analysis, with a tenth of the analysis
cross referenced with someone specialized in the theme of
the study to check the Intraclass Correlation (ICC), that
provided good results according to the literature ICC (2, 2)
= .89, [20]. Specifically, 89% of the variance in the mean of
both raters was true score variance. The results are provided
in fig. 14, fig. 15 and fig. 16.

F. Results
The following data was gathered from the gameplay

sessions, and shows us the overall distribution of wins and
losses, and quantitative trends noticed during the study,
regarding the choices of actions taken during the gameplay,
as well as the ”closed answer” questions that were made to
players at the end of each session.

Starting by analyzing the distribution between winners
and losers, it is clearly shown by fig. 3 that the percentage
of winning players increased dramatically over the course
of the study. However, this increase was more noticeable
between the first and second sessions of the study, with the
number of winners jumping from 9% to 23%, topping at
24% in the last session. The total distribution of winners
and losers across the 4 sessions was of 81.7% losers and
18.3% winners.

Secondly, fig. 4 shows, for sessions 2 and 3, the per-
centage of positive options that were chosen, by players,
to comment during the cyberbullying case, relative to the
total amount of times players commented something. The
data is divided between winning and losing groups. In fig.
5 we can observe the same statistic, but for the average in
conflict dialogues during gameplay in sessions 2 and 3.

It is intended as a ”negative option” any option that
engaged in aggressive behaviour, or that ignored the conflict
at course. For example, if in a post about football, two
AI Agents started arguing, and the player had the ”positive
option” to comment in a way that could improve the situation
(i.e reprehend the characters behaviour or trying to calm
things down), but instead chose an option that ignored the
situation (i.e talking about the football post itself), that
option would be considered a negative option. It is also
possible for a player to choose both positive and negative
options in a post, since the player can choose all dialogue
options to comment if he/she wants too.

These 2 specific sessions contain the majority of changes
in dialogue in the experiment, meaning they are the most
indicated to demonstrate changes in course of action taken
by players. It is observable in both figures that players
who had won the previous session, and by consequence,
visualized changes in the behaviour of aggressors from the
previous session, made positive comment choices more often
than the players that did not see these changes.

If fig. 6 and fig. 7, it is visible the relative frequency of
players that did not comment anything on the cyberbullying
cases, and players that ignored the post. An important
distinction to make is that whenever a player does not
comment anything on the post, but still reacts to it through
liking or disliking, it is not considered as ignoring the
post. Only players that did not react to the post, by not
commenting nor liking or disliking, are counted as players
that ignored the post.

By analysing this figures, it is observable that the group
of players that interacted more in positive ways during
cyberbullying cases, also had a higher percentage of players
that did not comment anything nor reacted to the posts.
A possible explanation for this behaviour could be players
liking positive comments of other group members, instead of
commenting on their own, as a way of showing agreement
with their team members’ comments, or thinking their
actions are enough to help the victim. This behaviour would
make sense from a pro-social perspective and what we see
in social networks in real life scenarios, but it was not an
evaluated form of behaviour in this experiment.

Continuing by analysing the endgame questions, regarding
the question ”In what measure do you think the change in
the aggressor’s behaviour was due to your actions”, we can
observe the histograms in fig. 8 and fig. 9.

Through the comparison of the curves, we can see that
there is a difference in the self-efficacy beliefs. The group
of users that lost their gameplay sessions had a cumulative
distribution of 36% in negative values (1 and 2) and 64%
in the neutral and positive values (3 through 5), while the
group of users that won their gameplay sessions had only
23% and 77% respectively, representing a 13% increase.

In respect to the questions ”Do you think you had the
possibility to make choices that influenced the story?” and
”Do you think you will be able to change, for the better, the
aggressor’s behaviour in the future?”, in fig. 12 and fig. 10
we can observe the answer distribution of these 2 questions.

In the first question, the negative values corresponded to
36% of the answers, against 27% in positive values, with
37% neutral, showing us that in the majority of cases, users
felt unsure or believe they had little to no ”free-will” during
the play through. In the second question, the distribution
was of 28% on negative values, with 31% positive and
41% neutral. These values, with just 3% difference between
positives and negatives, show us that users were divided or
unsure about their possible future impact on the aggressor
character. However, in fig. 11 we can observe that there is a
slight deviation towards the positive and neutral values, of
14% of the answers, when comparing the players that had
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won the previous sessions versus the ones that did not. This
means that the players who had won, and consequentially
had seen a change in aggressors’ behaviour, were 14%
more likely to think they could have future impact on the
aggressor’s behaviour, relative to the players who lost.

Regarding the pre-post group comparisons of players’
perceptions of their interaction with the social agents, due
to a non-normal distribution of the data, we computed a
Kruskal-Wallis which test showed that there was a statisti-
cally significant difference in self-efficacy beliefs to change
others’ behaviour score between the two groups,χ2

(1) =
16,53, p = 0.00, with a mean rank self-efficacy score of
166.25 for the EG and 126.54 for the CG. Then, due
to pre-test differences, we computed an ANCOVA for the
players’ perceived social agents’ behavioural realism. There
was a significant difference in mean concerning the social
agents’ behavioural realism [(1,294) = 4,529, <0.05, η2

ρ

= .02 ] between conditions. In the ANCOVA analysis, the
estimated mean for conditions concerning the social agents’
behavioural realism in the pretest was 2.30. Post hoc tests
showed there was a significant difference between the EG
and CG (ρ <0.05). The estimated marginal means showed
that the EG revealed higher perceptions the social agents’
behavioural realism at the end of the intervention with the
game Com@Viver (M = 2.47) than the CG (M = 2.183).
There were no significant differences in the ANOVA for
repeated measures for the variables ”Perceived Influence of
Social Agents on Players’ Behaviour” and ”Perceived Influ-
ence of Players’ Behaviour on Social Agents’ Behaviour”.

As observable in tables fig. 14 and fig. 15, in the quali-
tative analysis of players’ endgame responses, the answers
were divided in a total of 9 categories. The most recurring
theme was ”Cyberbullly Self-Improvement” (30.22%), that
refers to the perceived changes that showed the cyberbully’s
behavioural improvement. This is probably due to a results-
oriented thinking, where students based their opinion on the
observable changes in cyberbully behaviour. This is directly
related to our goal, since we aimed to create dynamic
behaviour changes in our agents, so we could improve
players’ notion of self-efficacy. This category was followed
by ”Bystander Effect / Lack of change” (16.20%), referring
to observations that try to justify being a bystander instead of
acting pro-socially, as well as doubting one’s self-efficacy.
The third most common theme was ”Bystander Prosocial
Intervention” (11,84%), that refers to how bystanders should
intervene in cyberbullying situations in a prosocial manner.
In succession, ”Negative emotions towards cyberbullying
situations” (9.03%) was the fourth most recurrent theme,
that refers to the emotions caused by, or that lead to,
cyberbullying situations. Next, the category ”Internet / Social
Network” (8.72%) refers to the usage of technology within
the context of the game and cyberbullying. ”Cyberbullying
Behaviour” (7.79%) refers to behaviours associated with
cyberbullying, ”Positive concepts related to stopping bul-
lying” (7.48%) refers to positive concepts associated with
the changes that happened during the gameplay. Finally,

the two less frequent categories were ”Ways of embracing
differences” and ”Motives behind cyberbullying behaviour”
(both with 4.36%). These categories refer to how one can
respect differences without engaging in bullying behaviour
and what can lead to said behaviour, respectively. This
occurrence may be caused by the students having a harder
time identifying the main concepts that bullying ”feeds” on,
and in contrast, find it easier to describe what they feel
and/or see when being a bystander

G. Discussion
Can using affective AI agents encourage prosocial be-
haviour?
Although fig. 2 shows that the number of prosocial groups
was far outweighed by the number of non-prosocial groups,
we can see in fig. 3 that there was a clear evolution in the
number of winning groups between the first session and the
second session onwards. Considering that the group scoring
system inside the game is the main indicator of prosocial
activity, since that in order to win the players must behave
in a prosocial manner, we can conclude that this objective
was achieved, and the usage of affective AI Agents in a
game can encourage prosocial behaviour.

Do players perceive that their actions can affect the
behaviour of AI agents in a game?
In our analysis of pre-post group comparisons of players’
perceptions, there were no significant differences for the
variable ”Perceived Influence of Players Behaviour on Social
Agents’ Behaviour”. In fig. 12 it is also observable that
players felt unsure about their possibility of making choices
during sessions, with more players thinking that they could
not. However, in our qualitative analysis, the category ”By-
stander Prosocial Intervention” was the third most referred
category (11.84%), with the subcategory ”Influence” making
up for almost half the answers. It is also observable that,
in fig. 8, when asked if they believed the changes in the
aggressor’s behaviour was due to their actions, the majority
of players answered ”moderately”. There were more players
answering they were not at all or slightly convinced the
changes in the behaviour of AI agents had anything to do
with them, than players answering they believed to have a
lot or all responsibility for the fact. This statistic, however,
had a 13% increase to positive values when comparing the
answers of players from winning and losing groups. In this
final comparison, the first 2 values of the Likert scale made
up for 23% of answers, while the last 3 values had 77%.
The statistics referred allow us to conclude that, although
there were no significant differences between the CG and
the EG, endgame answers show that some players believed
they had an impact in the behaviour of AI agents.

Can players’ self-efficacy to promote pro-social be-
haviour improve by interacting with AI agents?
From our analysis of pre-post group comparisons of players’
perceptions, there was a statistically significant difference
in self-efficacy beliefs to change others’ behaviour, with
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players from the EG showing a higher self-efficacy score.
As noted previously, in our qualitative analysis, the cate-
gory ”Bystander Prosocial Intervention” was the third most
referred category. In this category, subcategories ”Influence”
and ”Defend” make up for more than 50% of the answers.
The qualitative analysis of the endgame question ”Do you
think you will be able to change, for the better, the ag-
gressor’s behaviour in the future” (fig. 10, showed us there
was only a 3% difference between players that believed they
could influence the AI characters in the future, and players
that doubted themselves on the topic, with the majority
of players believing they could moderately influence the
games’ characters. This is a small difference, however, the
winning players, that had visualized behavioural change in
characters due to their previous actions, were 14% less likely
to doubt their impact when answering the question (fig.
11). This evidence suggests that the interaction with the AI
Agents had a clear impact in increasing player self-efficacy
beliefs regarding promoting pro-social behaviour.

Does players’ perception of the behaviour of AI agents
change through interaction in a game?
According to our analysis of pre-post group comparisons of
players’ perceptions, the players that played the computer
version of the game with the FAtiMA system implemented
had a higher perception of the Agents’ behavioural realism.
It is also notable that during our qualitative analysis (14)the
category ”Cyberbully Self-improvement”, that refers to the
perceived changes that showed the cyberbully’s behavioural
improvement, was the most frequent category (30.22%),
and was directly tied with the perception of AI agents’
behaviour. In the same analysis, the category ”Internet /
Social Network”, that relates to the usage of technology
within the context of the game and cyberbullying, only
had 1 answer related to the concept of ”game as a tool”,
where the player said our experience was just a game and
the characters where fake. The small percentage of these
occurrences is a positive result, especially considering the
amount of different answers obtained during the experiment.
These 2 occurrences confirm our theory that interacting with
the game and its’ agents will make players find virtual
agents’ behaviour more realistic.

Can players’ behaviour change in the game specifically
with regards to the changes they observe in the agents’
behaviour?
As referred previously, the number of winning groups in-
creased after the first session. For this topic, it is important
to consider that players were only able to see differences
in dialogue after the first session, since they first needed to
win a session in order to change aggressors’ behaviour in
the next session. Analysing fig. 4 and fig. 5 showed us that
winning groups behaved better that losing groups during the
cyberbullying cases and conflict dialogues of future sessions,
the sessions in which they saw different dialogues than the
losing groups. In particular, during session 3, players that

had won session 2 would see, right before the cyberbullying
case, a dialogue were 2 of the aggressors of session 2 would
behave pro-socially. This seem to have had a major impact in
the outcome of player actions, with the relative frequencies
of positive versus negative interactions being much more
inclined to the positive side. These results suggest that player
behaviour can be changed and improved by making players
observe behavioural change in characters.

VI. CONCLUSIONS

Our aim with this project was to improve the previ-
ously created serious game ”Com@Viver”, by using AI
agents paired with the FAtiMA system and theory of SI,
so we could improve the user experience, perceived self-
efficacy, player behaviour, and grant the users a better sense
of feedback on actions taken during the play through.To
achieve this, we used the FAtiMA toolkit to implement
the FAtiMA Agent Architecture in the pre-existing game
Com@Viver. The results of this study have shown that,
with the usage of AI Agents with dynamic interaction,
that demonstrate changes in their behaviour according to
player actions, we can improve players’ behaviour, self-
efficacy towards being pro-social, and self-efficacy towards
changing others’ behaviour. Our works contribution to the
field lies in important distinctions when compared to the
other serious games and experiments related to the cyber-
bullying theme. According to the literature [9], changing
behaviour, increasing awareness and increasing empathy are
topics that have been explored successfully in serious games
with themes other than cyberbullying, but researches inside
the theme did not try to do the same. Most serious games are
played through only one session, and are focused in raising
awareness or teaching coping strategies. Experiments usually
involve one single questionnaire after the intervention, or one
pre-post questionnaire, but not both a pre-post questionnaire
and questions during the experiment. There have been ex-
periments where the players were asked if they liked the
game or found it useful, but not if they found the characters
to be realistic, nor if they believe they could influence, or
be influenced by, said characters. Our work distinguishes
itself in all these topics, and contributes directly against these
flaws.
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VII. APPENDIX

Figure 2. Winner distribution total Figure 3. Winner distribution per session

Figure 4. Percentage of positive comments chosen by players during cyberbullying cases 2 and 3 (Winners/Losers)

Figure 5. Percentage of positive comments chosen by players during conflict dialogues with alternative lines in sessions 2 and 3 (Winners/Losers)
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Figure 6. Percentage of players that did not comment or ignored the post in case 2 (Winners/Losers)

Figure 7. Percentage of players that did not comment or ignored the post in case 3 (Winners/Losers)

Figure 8. Self Efficacy (Total) Figure 9. Self efficacy (Winners/Losers)
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Figure 10. Aggressor’s Behaviour Influence Figure 11. Aggressor’s Behaviour Influence (Winners/Losers)

Figure 12. Possibility of making choices

Figure 13. Item descriptive statistics, exploratory factor analysis parameters, reliability and correlations
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Figure 14. Qualitative Analysis (Part 1)
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Figure 15. Qualitative Analysis (Part 2)

Figure 16. Qualitative Analysis - Category Operationalization
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