A BDI empathic agent model based
on a multidimensional cross-cultural
emotion representation
Joaquin Taverner Aparicio

Valencian Research Institute for Artificial
Intelligence (VRAIN)
A thesis submitted for the degree of
Doctor of Philosophy in Computer
Science
Supervised by
Dr. Vicente Botti
Dr. Emilio Vivancos

January 2022

Supervisors

Dr. Vicente Botti
Valencian Research Institute for Artificial Intelligence (VRAIN), Universitat Politècnica
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Abstract
Human beings are, by nature, affective beings; our emotions, moods, personality, or relationships with others guide our motivations and our decisions.
One of the main cognitive abilities related to affect is empathy. Empathy is a
psychological construct whose definition has evolved over the years and whose
meaning refers to a wide range of affective and cognitive competencies that
are fundamental in the development of human beings as social beings. The
use of empathy in the field of artificial intelligence can revolutionize the way
we interact with machines as well as the way we simulate human behavior.
On the other hand, it must be considered that human beings usually resort
to the use of different words such as “sad” or “happy” to express or verbalize our affective state. However, these words are simplifications that cover a
wide spectrum of cognitive processes and mental states. Moreover, it should
be considered that these words have a high dependence on the language and
culture in which they are used. Therefore, computational representation models of affective states must adaptable to different cultural environments and
to allow an agent to express or represent, by means of words, a given affective
state.
In this thesis, a new model of empathic agent capable of adapting its
behavior to different cultural environments is proposed. To this end, first, a
new experiment-based methodology to adapt an emotion representation space
based on the dimensions of pleasure and arousal for simulation and affective computational recognition to different cultural environments is presented.
The results of an experiment conducted with European Spanish speakers are
used to provide a new fuzzy logic-based model for representing affective states
in the dimensions of pleasure and arousal using a polar coordinate approach.
To prove that cultural differences affect the pleasure and arousal values associated with each emotion, the experiment was replicated with Portuguese
and Swedish participants. Secondly, a new model of emotion elicitation in
affective agents using fuzzy logic is presented. The emotions generated in
the agent by the fuzzy appraisal rules are expressed in the model of affect
representation resulting from the previously described experiments. In addition, a new affect regulation process is proposed to adapt the agent’s mood,
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represented by a vector in the pleasure-arousal space, when an emotion is
elicited. Third, a formalization of the syntax, semantics and reasoning cycle
of AgentSpeak to enable the development of affective agents with empathic
capabilities is presented. Drawing on the theories of empathic appraisal and
empathic regulation, the agent’s reasoning structure is modified to allow empathy to affect the decision-making process. Finally, a model of an empathic
pedagogical agent for education on good practices in the use of social networks is introduced. The agent is able to recognize the user’s emotion when
interacting with the social network. Based on the user’s emotion and behavior in the social network, the agent estimates a plan to educate the user in
the correct and secure use of social networks.
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Resumen
Los seres humanos somos por naturaleza seres afectivos, las emociones, el
estado de ánimo, nuestra personalidad, o nuestras relaciones con los demás
guı́an nuestras motivaciones y nuestras decisiones. Una de las principales
habilidades cognitivas relacionadas con el afecto es la empatı́a. La empatı́a es
un constructo psicológico cuya definición ha ido evolucionando a lo largo de los
años y cuyo significado hace referencia a un amplio abanico de competencias
afectivas y cognitivas que son fundamentales en el desarrollo del ser humano
como ser social. El uso de la empatı́a en el ámbito de la inteligencia artificial
puede revolucionar la forma en la que interactuamos con las máquinas ası́
como la forma en la que simulamos el comportamiento humano.
Por otro lado, hay que tener en cuenta que los seres humanos habitualmente acudimos al uso de distintas palabras como “triste” o “contento” para
expresar o verbalizar el estado afectivo. Sin embargo, estas palabras son simplificaciones que abarcan un amplio espectro de procesos cognitivos y estados
mentales. Además, hay que considerar que estas palabras tienen una alta dependencia del idioma y la cultura en la que se utilizan. Por tanto, los modelos
de representación computacional de los estados afectivos deben se capaces de
adaptarse a distintos entornos culturales y de permitir que un agente exprese
o represente, mediante palabras, un determinado estado afectivo.
En esta tesis se propone un nuevo modelo de agente empático capaz de
adaptar su comportamiento a distintos entornos culturales. Para ello, en
primer lugar, se presenta una nueva metodologı́a basada en la experimentación
para adaptar un espacio de representación de emociones basado en las dimensiones del placer y la activación para la simulación y el reconocimiento
computacional afectivo a diferentes entornos culturales. Los resultados del
experimento realizado con hispanohablantes europeos se utilizan para proporcionar un nuevo modelo basado en la lógica difusa para representar estados
afectivos en las dimensiones de placer y activación utilizando un enfoque de
coordenadas polares. Para demostrar que las diferencias culturales afectan a
los valores de placer y activación asociados a cada emoción, el experimento se
repitió con participantes portugueses y suecos. En segundo lugar, se presenta
un nuevo modelo de elicitación de emociones en agentes afectivos que utiliza
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lógica difusa. Las emociones generadas en el agente por las reglas de valoración difusa se expresan en el modelo de representación del afecto resultante
de los experimentos previamente descritos. Además, se propone un nuevo
proceso de regulación del afecto que adapta el estado de ánimo del agente,
representado mediante un vector en el espacio placer-activación, cada vez que
una emoción es elicitada. En tercer lugar, se propone una formalización de
la sintaxis, la semántica y el ciclo de razonamiento de AgentSpeak para permitir el desarrollo de agentes afectivos con capacidades empáticas. Partiendo
de las teorı́as de valoración empática y regulación empática, se modifica la
estructura de razonamiento del agente para permitir que la empatı́a afecte al
proceso de toma de decisiones. Finalmente, se presenta un modelo de agente
pedagógico empático para la educación sobre buenas prácticas en el uso de las
redes sociales. El agente es capaz de reconocer la emoción del usuario cuando
interactúa con la red social. En base a la emoción del usuario y su comportamiento en la red social, el agente estima un plan para educar al usuario en
el uso correcto y seguro de las redes sociales.
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Resum
Els éssers humans som per naturalesa éssers afectius, les emocions, l’estat
d’ànim, la nostra personalitat o les nostres relacions amb els altres guien les
nostres motivacions i les nostres decisions. Una de les habilitats cognitives
principals relacionades amb l’afecte és l’empatia. L’empatia és un constructe
psicològic la definició del qual ha anat evolucionant al llarg dels anys i el
significat del qual fa referència a un ampli ventall de competències afectives
i cognitives que són fonamentals en el desenvolupament de l’ésser humà com
a ésser social. L’ús de l’empatia en l’àmbit de la intel·ligència artificial pot
revolucionar la forma en la qual interactuem amb les màquines aixı́ com la
forma en què simulem el comportament humà.
D’altra banda, cal tenir en compte que els éssers humans habitualment
acudim a l’ús de diferents paraules com “trist” o “content” per expressar o
verbalitzar l’estat afectiu. Tot i això, aquestes paraules són simplificacions
que abasten un ampli espectre de processos cognitius i estats mentals. A
més, cal considerar que aquestes paraules tenen una alta dependència de
l’idioma i la cultura en què s’utilitzen. Per tant, els models de representació
computacional dels estats afectius han de ser capaços d’adaptar-se a diferents
entorns culturals i de permetre que un agent expresse o represente, mitjançant
paraules, un estat afectiu determinat.
En aquesta tesi es proposa un nou model d’agent empàtic capaç d’adaptar
el seu comportament a diferents entorns culturals. Per això, en primer lloc, es
presenta una metodologia nova basada en l’experimentació per adaptar un espai de representació d’emocions basat en les dimensions del plaer i l’activació
per a la simulació i el reconeixement computacional afectiu a diferents entorns culturals. Els resultats de l’experiment realitzat amb hispanoparlants
europeus es fan servir per proporcionar un nou model basat en la lògica difusa per representar estats afectius en les dimensions de plaer i activació
mitjançant un enfocament de coordenades polars. Per demostrar que les
diferències culturals afecten els valors de plaer i activació associats a cada
emoció, l’experiment es va repetir amb participants portuguesos i suecs. En
segon lloc, es presenta un nou model d’elicitació d’emocions en agents afectius
que fa servir lògica difusa. Les emocions generades a l’agent per les regles de
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valoració difusa s’expressen en el model de representació de l’afecte resultant
dels experiments descrits prèviament. A més, es proposa un nou procés de regulació de l’afecte que adapta l’estat d’ànim de l’agent, representat mitjançant
un vector a l’espai plaer-activació, cada cop que una emoció és elicitada. En
tercer lloc, es proposa una formalització de la sintaxi, semàntica i cicle de raonament d’AgentSpeak per permetre el desenvolupament d’agents afectius amb
capacitats empàtiques. Partint de les teories de valoració empàtica i regulació
empàtica, es modifica l’estructura de raonament de l’agent per permetre que
l’empatia afecti el procés de presa de decisions. Finalment, es presenta un
model d’agent pedagògic empàtic per a l’educació sobre bones pràctiques en
l’ús de les xarxes socials. L’agent és capaç de reconèixer l’emoció de l’usuari
quan interactua amb la xarxa social. En base a l’emoció de l’usuari i el seu
comportament a la xarxa social, l’agent estima un pla per educar l’usuari en
l’ús correcte i segur de les xarxes socials.
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Part I
Introduction and objectives

1

Chapter 1

Introduction and objectives

“The heart has its reasons which reason knows not of ” – Cite
associated with the French mathematician, physicist, and
philosopher Bleis Pascal [162].

3

Today’s society is increasingly moving towards the use of computer systems and virtual environments. Human-machine interaction has become an
everyday phenomenon in both personal life and workplace. In recent years, a
special effort has been made to develop systems capable of simulating more
natural human-like interactions [40, 115]. Generally, the approaches proposed
in this area are based on the agent-oriented paradigm. Software agents are
able to reason, act proactively, and cooperate with other agents to establish
plans that allow them to achieve their objectives [28]. Traditionally, most of
the proposals using the agent-oriented paradigm are based on some types of
logic and economic theory, generally through the maximization or minimization of an utility function, to carry out the agent’s action planning. One of
the best known model that allows the development of “rational” agents is
the BDI (beliefs-desires-intentions) model that is based on Aristotelian practical reasoning. This type of practical reasoning is based on the intention to
achieve a goal and a reasoned decision-making process performed to select an
action (or plan of actions) from a set of possible actions to achieve that goal
[225]. Over the years, several agent models capable of simulating the human
“logical reasoning” process in controlled environments have been proposed.
However, this type of agents based on classical practical reasoning present
some limitations regarding the system’s capacity to simulate certain human
behaviors. This is because human behavior does not always respond to logic
but is often guided by emotions and other affective, intrapersonal, or interpersonal factors. There are several studies from different fields of psychology,
sociology, ethology, and neuroscience that relate diverse aspects of affect (e.g.,
emotions, mood, or personality) with the capacity for reasoning, judgment,
decision-making, or risk tolerance (among others) [8, 80, 240]. For example,
empirical evidence suggests that there is a critical impact of emotions on cognition and a high variability of this impact among individuals with different
personality factors. This is because personality can make a person more or
less likely to experience certain types of mood [33, 133]. Therefore, one of
the most significant challenges that the research community on human simulation and human-machine interaction faces, is to succeed in simulating affective
and social human behavior through credible intelligent agents or virtual characters as well as system personalization, i.e., generating systems capable of
—4—
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been adapted to different user characteristics to offer a customized experience
[37, 42, 241]. In order to simulate this type of “non-logical rational” behavior
through intelligent agents, it is necessary to consider the factors related to
social interaction, social cognition, intrapersonal or interpersonal characteristics, affective state, or social context (among others) when establishing the
agent’s reasoning, decision-making, or behavior selection mechanisms. However, systems capable of simulating human behavior at a social and affective
level are complex and require high level abstractions and metaphors to describe capabilities and characteristics that cannot be explained by classical
low level models. These metaphors and abstractions are aimed at simulating human behaviors with a higher level of realism as well as reflecting more
closely the way in which humans understand the world. In this sense, over
the years, in the field of affective computing [170], different models of agents
capable of recognizing, processing, and simulating different abilities related to
human affective behavior have been proposed [128]. These models typically
include different cognitive components such as affective states or personality
that come from different branches of psychology, ethology, philosophy, and
sociology. Affective states, which encompass emotions and moods, are complex constructs whose definition remains the subject of debate to this day.
Although the difference between emotions and mood continues to be a topic
of debate [19], in general, it is accepted that an emotion is a rapid response
to a given stimulus, while mood has a longer duration (from minutes to days)
and a lower intensity than emotions and is not related to any particular stimulus. Instead, mood is produced by a succession of stimuli and other factors
such as the context or the person’s personality [64].
Over the years, several theories have been proposed in an attempt to explain how affective states are generated in the human brain. One of the most
popular theories is the appraisal theory [72, 163]. According to this theory,
when a stimulus is perceived, an appraisal process is produced, resulting in an
emotion [135]. These theories are based on the existence of different variables
known as appraisal variables [231], whose number and type vary depending
on the author. Therefore, it is necessary to determine the mechanisms associated with these appraisal theories and how to translate these mechanisms
into agent model [182].
—5—

On the other hand, there are several theories that study the representation
of affective states in the human brain as well as the processes that are related
to them. In this sense, there are several theories of representation of affective
states that can be generally classified into two main groups: categorical and
dimensional [93]. On the one hand, categorical approaches are based on
the use of a limited set of words or labels to define the different affective
states [66]. These theories are based on how humans express and recognize
complex cognitive concepts, which represent affective states, through the use
of different words such as “sadness” or “joy”. This way of representation
is commonly used in the area of affective computing to generate models for
recognition, interpretation, processing, and simulation of affective states [17,
20, 74]. These words provide a means to verbalize affective states, which is
a key factor in human affective interactions. One of the best known models
is the model of basic emotions proposed by P. Ekman in which six labels
are defined: sadness, happiness, anger, fear, disgust, and surprise [65]. This
model is one of the most widely used in the area of affective computing to
express, recognize, and represent affective states [20, 173].
In contrast, dimensional approaches allow to reduce the level of abstraction
by representing affective states through different dimensions. These theories
have their origin in psychological constructivism, according to which, affective
states cannot be established by a finite set of labels since they depend on the
individual’s subjective experience that occurs in a particular context (e.g., a
particular culture or language). One of the most representative dimensional
models is the Core Affect model proposed by J.A. Russell [194]. In that
model, affective experiences are defined as emotional cues and are represented
by two dimensions: pleasure and arousal. Russell also evidenced through
experimentation that the labels used to define the different affective states
followed a circular pattern along these two dimensions. From these results
he developed the Circumplex Model of Affect [174] that has also been used in
affective computing [204, 243].
Moreover, several studies over the years have shown that emotions have
a high dependence on language and culture [23, 46, 196]. The same word or
label used to define an emotion or affective state can have a different conceptualization and be interpreted in different ways depending on the cultural
—6—
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environment. In fact, there are words that express affective states that are
very difficult to translate into other languages [107, 137]. Therefore, to establish generic models of affect representation capable of adapting to different
cultural environments, it is necessary to establish methodologies that allow
to adapt these models to other languages and cultures.
In recent years there is a growing trend towards the development of agents
with skills related to social cognition [142, 165, 236]. Social cognition is a
construct used to encompass the cognitive processes that underlie the development of social interactions and relationships, including phenomena such as
social perception, Theory of Mind, and empathy. Social perception refers to
the cognitive ability of evaluating the social context (e.g., norms, rules, or
relationships) in order to make judgments about other individuals involved in
that social context [77, 228]. Theory of Mind (also referred to as perspectivetaking) is a cognitive ability that allows one to understand and predict the
mental states, behaviors, beliefs, and intentions of others [226]. Theory of
Mind is a fundamental component in the development of other high level
cognitive and social skills such as empathy. Finally, empathy is a construct
that encompasses different processes aimed at understanding and feeling the
affective state of others [22, 50]. Several authors consider empathy as an inherent factor in the development of the human being as a social individual
[22, 100, 184, 157, 205]. Empathy also plays a fundamental role in our society,
affecting both morality and mutual understanding. [99]. In fact, empathy appears to be the basis on which social behaviors and interpersonal interactions
are founded [50, 149]. Empathy connects people by promoting relationships
and collaborations through the exchange of experiences, needs, and desires.
[184]. However, the definition of the term empathy continues to divide the
academic community [164]. This is largely due to the fact that the concept of
empathy encompasses a large number of emotional, ethical, moral, and social
factors. This lack of consensus can be clearly seen in the review conducted
in [49], in which the authors identified forty-three different definitions for the
concept of empathy.
For all the above mentioned reasons, empathy is postulated as a fundamental piece in the development of models focused on the simulation of human
social behavior as well as in the improvement of human-machine interaction
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[233]. In fact, systems that are capable of simulating some level of empathic
abilities have been used in different contexts and have proved to be more
reliable and more credible, thus reducing the stress and frustration of human
users and improving human-machine interaction [165]. However, this type of
models are generally presented as ad-hoc proposals for a predetermined scenario and with a limited capacity to simulate emotional, social, or empathic
behavior [32, 138, 189]. Therefore, much work remains to be done in the areas
of affective computing, simulation of human behavior, and human-machine
interaction until a reliable simulation of empathic interactions and human
behavior will be achieved.

1.1

Motivation

In recent years we have experienced an exciting evolution in the field of artificial intelligence and affective computing. However, we are still far from being
able to understand and reliably simulate the cognitive processes that occur
in the human brain and that constitute the foundation of human behavior.
One of the remaining challenges is to generate models to simulate human social and affective behavior. Motivated by this challenge, at the beginning of
this thesis we proposed the design of an affective agent model capable of simulating empathic interactions through an automatic reasoning process that
would allow to adapt the agent to different cultural environments, contexts,
and social situations.
One of the first difficulties that appear in this type of system is the way in
which the agent’s knowledge is represented. For a software agent to be able
to reason using abstract concepts such as emotions, mood, or empathy, it is
necessary to study how these constructs are produced and verbalized. If we
pay attention to the usual way in which human beings refer to emotions or
moods we observe that we generally use terms such as “very sad” or “happy”.
Therefore, it is necessary for the system to be able to recognize this terminology and apply it in its affective reasoning system. This can be achieved by
a model of affective states representation that will allow the agent to recognize and use this terminology as well as to apply it in its affective reasoning
—8—
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process.
There are several models of representation of affective states that are commonly used in the field of affective computing. Categorical models, such as
Ekman’s basic emotions model [66], provide a simple way of representing affective states by means of a finite set of affective words or labels. However, by
a label based representation we are assuming a high level of abstraction since
we are condensing the entire spectrum of affective states into a limited set of
labels. Therefore, we are losing part of the affective information, such as the
intensity of the affective state, or the probability of moving from one affective
state to another depending on a certain stimulus [71, 163, 232]. In addition,
the use of these words to define affective and cognitive terms is subject to
possible variations between different cultures and languages [151, 196]. For
example, the German vocabulary has an extensive catalog of affective labels
defining emotions such as Schadenfreude which can be summarized as “pleasure from the suffering of others” or Sehnsucht which can be described as “a
strong desire for an alternative life” but whose overall conceptualization is
very difficult to describe by means of a word or label in other languages such
as English or Spanish [107, 137]. Therefore, translating emotional words or
labels from one language to another can lead to cultural misunderstandings
as well as undesired behaviors that could harm the simulation of affective
behavior and the user’s experience.
On the other hand, dimensional approaches, such as the Circumplex Model
of Affect, propose a representation in a continuous space based on a limited set
of dimensions. However, the direct use of this model in affective computing,
presents a number of disadvantages probably because it was not designed for
its use in a computational system. The first disadvantage is evident from
the way in which emotions are represented by a single point in the pleasurearousal space. This point-based representation makes it difficult to explore
the relationship between the dispersion of emotions and the levels of pleasure
and arousal and is far from the way in which emotions are understood by
humans, as we prove in the experiment presented in Section 2.3. Another clear
disadvantage is that that model does not consider the relationship between the
dimensions of pleasure and arousal and the intensity of the emotions. Finally,
it is necessary to consider the cultural dependence of the model, i.e., the
—9—
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model was designed from an experiment with English-speaking participants
and therefore a direct application to other languages may not be appropriate.
On the other hand, in the development of models to simulate human affective behavior, it is necessary to establish mechanisms to allow the agents to
simulate the suitable emotions according to the perceived stimulus or event.
In that sense, one of the most relevant theories to explain the phenomenon
of emotion in the field of psychology is the appraisal theory. In the literature
we find several models of affective appraisal. However, most of the models
used in affective computing use numerical variables, which is far from the way
humans interpret cognitive states [81, 188]. Moreover, to our knowledge, current computational appraisal models do not allow the elicitation of emotions
with intensity. However, the intensity of affective states is an important part
of human affective behavior.

1.2

Objectives

Considering the motivations described in Section 1.1 the main objective of the
research process conducted in this thesis is the development of a formal model
of an affective agent capable of simulating empathic interactions (both with
human users and software agents), of expressing its affective states using the
same terms used by human beings, and of adapting its behavior to different
cultural environments. In order to achieve this goal it is necessary to develop
(i) a model for representing and expressing affective states, (ii) a methodology
to adapt this representation model to different cultural environments, (iii)
an appraisal process to elicit emotions in affective agents, and (iv) a formal
definition of an affective agent that use the appraisal and the representation
of affective states to simulate empathic interactions. Therefore, the following
specific objectives are proposed:
1. Review of the state of the art.
1.1 Analyze the theories related to affective states, affective state dimensional representation and cultural difference, emotion appraisal,
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and empathy from the perspectives of psychology, neuroscience, sociology, and computating.
1.2 Analyze of the state of the art related to the development of affective agents focusing on the approaches that consider empathic
behaviors.
2. Design a cross cultural computational model for affective state representation
2.1 Determine the structure of a representational model considering
current theories in the fields of psychology and neuroscience.
2.2 Design of a method to discover the structure of affective states in
the representation model.
2.3 Conduct an experiment with humans to define the representation
model
2.4 Replicate the experiments in other cultural environments to validate the experiment-based methodology and adapt the model to
other cultures and languages.
3. Define a human-like model to elicit and express affective states.
3.1 Develop a computational model of appraisal based on fuzzy logic
to use human-like affective terminology.
3.2 Define how affective states and personality influence the rational
processes of an agent.
3.3 Define a set of fuzzy rules to represent and express affective states
using a human-like affective terminology.
4. Design a formal model for affective agents with empathic abilities.
4.1 Design the internal processes for recognizing and representing perceived affective states and to allow the emergence of empathic emotions in an affective agent
— 11 —
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4.2 Design the processes to adapt empathic emotions to different intrapersonal and interpersonal characteristics to simulate the empathic regulation.
4.3 Integrate this model in the general-purpose architecture GenIA3 .
5. Propose a case of study to validate the formal design of the effective
agent with empathic abilities.

1.3

Structure of the thesis

In this part we have provided an introduction to the work proposed in this
thesis. Starting from the motivations, an overview of the challenges of the
thesis have been provided. Then, the objectives of the research have been
enumerated. The rest of the document is organized as follows:
• Part II Contribution: In the second part of this document the most
representative contributions supporting the objectives of this thesis are
presented. Following, a brief summary of each chapter is provided:
Chapter 2 (Selected paper ) proposes an experiment-based methodology for adapting a pleasure and arousal representation space for
affective computational simulation and recognition to different cultural environments. In addition, the results of an experiment conducted with European Spanish-speakers are presented. These results are then used to provide a new cross-cultural model based on
fuzzy logic to represent affective states in the pleasure and arousal
dimensions using a polar coordinate approach.
Chapter 3 shows the results of an experiment conducted in collaboration with the ALGORITMI Centre, University of Minho (Portugal) and the Department of Computing Science, Umeå University
(Sweden) to adapt the computational representation model presented in Chapter 2 to Portuguese and Swedish. The results are
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compared with the experiment conducted with European Spanishspeakers, presented in Chapter 2, to prove that cultural differences affect the pleasure and arousal values associated with each
emotion.
Chapter 4 (Selected paper ) presents a new fuzzy appraisal model
for eliciting emotions in affective agents. The emotions generated in the agent by the fuzzy appraisal rules are expressed in
a pleasure an arousal representation based on the work presented
in Chapters 2 and 3. Moreover, we present an affect regulation
process that adapts the agent’s mood, represented by a vector in
the pleasure-arousal space, each time an emotion is elicited.
Chapter 5 describes a formalization of the syntax, the semantics,
and the reasoning cycle of AgentSpeak to allow the development
of affective agents with empathic abilities. Based on the theories of empathic appraisal and empathic regulation, this formalization departs from the General-purpose Architecture for Affective
Agents GenIA3 and modifies the agent’s reasoning process to allow empathy to affect its decision-making process. An empathic
and an affective appraisal process, based on the proposal made in
Chapter 4, allows the agent’s to elicit empathic emotions when
perceiving a situation in other agents. The empthic regulation process adapts the elicited empathic emotion to different intrapersonal
and interpersonal factors. The agent is also able to maintain the
distinction between the self and the others.
Chapter 6 (Selected paper ) introduces an application of the empathic agent model proposed in Chapter 5. This application is
based on an empathic pedagogical agent model for education on
good practices in the use of social networks. The agent is able to
recognize the user emotions when interacting with the social network. Based on the user emotions and his/her behavior on the
social network, the agent estimates the best plan to teach the user
in the correct and secure use of social networks.
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A multidimensional culturally adapted
representation of emotions for
affective computational simulation
and recognition
Joaquin Taverner, Emilio Vivancos, and Vicente Botti
IEEE Transactions on Affective Computing
Doi: https://doi.org/10.1109/TAFFC.2020.3030586

Abstract
One of the main challenges in affective computing is the development of models to represent the information that is inherent to emotions. It is necessary to
consider that the terms used by humans to name emotions depend on the culture
and language used. This paper presents an experiment-based method to represent
and adapt emotion terms to different cultural environments. We propose using
circular boxplots to analyze the distribution of emotions in the Pleasure-Arousal
space. From the results of this analysis, we define a new cross-cultural representation model of emotions in which each emotion term is assigned to an area in the
Pleasure-Arousal space. An emotion is represented by a vector in which the direction indicates the type, and the module indicates the intensity of the emotion. We
propose two methods based on fuzzy logic to represent and express emotions: the
emotion representation process in which the term associated with the recognized
emotion is defuzzified and projected as a vector in the Pleasure-Arousal space; and
the emotion expression process in which a fuzzification of the vector is produced,
generating a fuzzy emotion term that is adapted to the culture and language in
which the emotion will be used.
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2.1. INTRODUCTION

2.1

Introduction

Emotions play an important role in our behavior as humans. Emotions are
present in our day-to-day relationships with other human beings and when
we face any situation or event. Systems that are capable of recognizing, processing, or simulating emotions can improve the interaction between humans
and machines by making this interaction more natural and realistic.
Over the years, different models have been proposed to recognize emotions in human beings. With the improvement of machine learning, there
is currently a large number of models that recognize emotions using images,
voice, text, or electroencephalograms. However, most of these models focus
on improving the accuracy of the recognition without paying much attention
to the way of representing that knowledge for its possible use in systems such
as affective agents. An affective agent is a system that is capable of simulating human affective behaviour. Currently, there are several approaches for
affective agents in which different models of representation of emotions are
used [6, 81, 148, 155, 182]. Frequently, proposals made from affective computing represent emotions using simple labels (e.g., Happy or Sad ). However,
a representation of emotions that uses a continuous multidimensional space
seems to be more appropriate for use in computational models since it allows
storing more information about emotions, such as the intensity of emotions
or the proximity between emotions [34]. This representation also provides a
greater capacity to analyze the variations that occur in emotions and mood
over time, thereby improving the simulation of human emotional behavior.
Different models of representation of emotions have been proposed from
psychology. One of the best known is The Circumplex Model of Affect proposed by J. A. Russell [193] (Fig. 2.1). This model relates emotions with
their Pleasure and Arousal values. In addition, according to several studies, emotions greatly depend on language and culture [196, 23, 46]. In other
words, the same emotion label can be interpreted in a different way depending on the culture and the language. Nevertheless, even though cultural and
language factors are taken into account in other domains such as recommendation systems, to our knowledge, there are still no proposals in the affective
computing area that really consider cultural and language factors to represent
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and express emotions in a computational system.
On the other hand, there is a recent tendency to use emotional models
based on fuzzy logic [150, 13]. This is due to the fact that this type of knowledge representation is closer to the way in which human beings express their
emotions using terms such as very happy or a little happy [122]. Therefore, a
model that represents human emotions should be able to deal with this type
of fuzzy terminology.
This paper proposes an experiment-based method that represents emotions
in a Pleasure-Arousal dimensional space adapted to the language and culture
where the emotions will be expressed. This model uses fuzzy logic to better
simulate the way in which humans express emotions. The rest of this paper is
organized as follow. In Section 2.2, we discuss the most important proposals
for emotion representation in affective computing. Section 2.3 introduces an
experiment-based method to adapt the emotion representation to the cultural
environment in which emotions are used. The fuzzy culturally adapted model
of affect obtained from the experiment is presented in Section 2.4. Finally,
the main conclusions and some future works are presented in Section 2.5.

2.2

Related works

The term emotion is a psychological construct whose definition has long been
the subject of debate. Over the years, different theories have been proposed
to explain emotional behavior. Some theories, such as basic emotion theories,
propose that there is a limited number of emotions and that these emotions
are understood universally. One of the best known theories in this area is the
Basic Emotion Theory proposed by Ekman [65]. Ekman’s theory is based on
six basic emotions: Happiness, Surprise, Fear, Anger, Disgust, and Sadness.
Plutchik defined his theory using eight basic emotions [172] in which different feelings can be derived from the combination of two adjacent emotions
(Fig. 2.2). According to these theories, one event is universally related to a
single emotion.
In contrast, the constructivist theories contradict the basic emotions theories stating that emotion labels/words do not have a universal meaning.
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Figure 2.1: The Circumplex Model of Affect
According to constructivism, the labels that we use to refer to emotions depend on the culture and the language used. Therefore, there is no direct
correspondence for all of the emotion labels among different languages [97].
For example, in the German language, there is an emotion called Schadenfreude, whose meaning could be translated into English as “pleasure from the
suffering of others” but this translation does not quite capture the complete
meaning of the emotion as it is shown in [137].
One of the most cited constructivist theorists is J. A. Russell. In his CoreAffect theory [196] language and culture have an important weight when
cataloging different emotions. He also proposed that emotions are related to
the dimensions of Pleasure (sometimes called Valence) and Arousal (sometimes called Activation) [194]. He observed through experimentation that
emotions follow a circular pattern within a continuous space based on these
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Figure 2.2: Wheel of emotions proposed by Plutchik [172]
two dimensions. He called this pattern The Circumplex Model Of Affect [193]
(Fig. 2.1), which shows the relationship between emotions and the values of
Pleasure and Arousal.
On the other hand, Reisenzein [183] observed that the intensity of emotions
is proportionally related to the values of Pleasure and Arousal : the greater
the value of these dimensions, the greater the intensity of the emotion. For
example, the intensity of the Happy emotion is more related to the level of
Pleasure, while the intensity of the Alert emotion is more related to the level
of Arousal. In addition, he also observed that low levels of Pleasure and
Arousal mean that the intensity of emotions is so low that it can be assumed
that there is no emotion.
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Mehrabian proposed adding a third dimension, known as Dominance, to
the Pleasure-Arousal space. This created a new model known as the PAD
model [154], which is one of the most widely used models when designing affective agents that simulate emotional behavior. The Dominance dimension
increases the space of representation allowing some emotions to be disambiguated. However, many models propose that this third dimension must be
considered as an appraisal variable rather than as a representation variable
[147].
Jackson et al. [107] analysed around 2500 languages to determine the level
of similarity of 24 emotion labels across different cultures. They studied six
dimensions associated with emotions (Pleasure, Arousal, Dominance, Certainty, Approach-avoidance, and Sociality) and detected that Pleasure and
Arousal are the two most important dimensions to determine emotion semantics across different languages. In fact they concluded that Pleasure and
Arousal are “common psychophysiological dimensions shared by all humans”.
Other studies showing that the behavior of emotions in the Pleasure-Arousal
space depends on culture and language have been conducted over the years
[196, 237]. Based on these findings, different psychology researchers have
adapted some psychological models to different cultures and languages [57].

Emotions in Affective Computing
Currently, most of the proposals made in the affective computing area, both
in the field of recognition and simulation, use Ekman’s emotional model to
define emotions [242, 81]. However, there are other models that use a dimensional representation of emotions [146, 13, 216]. For instance, the World
Wide Web Consortium (W3C) recommends a markup language that allows
both dimensional and label-based representations of emotions (EmotionML
[203]).
Generally, the proposals performed in the field of affective behavior simulation are focused on the use of intelligent multi-agent systems [185, 199].
Most of these proposals take advantage of a dimensional representation to
model different affective processes, such as the mood decay rate or the displacement of the mood when receiving an emotion, which would be impossible
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to simulate using a label-based representation. For example, the model proposed by Gebhard in ALMA (A Layered Model of Affect) [81] uses the PAD
model to represent the mood in an affective intelligent agent. On the other
hand, GenIA3 (a general purpose architecture for affective agentes) [6] is a
BDI architecture created to simulate affective behavior in multi-agent systems. GenIA3 offers a set of tools to represent affective traits like personality,
emotions, and mood. This architecture also uses a dimensional representation
for mood and emotions. However, these models assume that a basic emotion
can be universally represented by a simple point in the dimensional space.
The work proposed in this paper extends the GenIA3 architecture through
a new emotional representation model to adapt GenIA3 affective agents to
different cultures and languages.
In recent years, there seems to be a tendency to define affective models
using fuzzy logic. Through fuzzy logic, it is possible to approximate the artificial representation of emotions to the way in which humans express them.
For example, Jain et al. propose EMIA [108] which uses fuzzy rules to handle uncertainty in its appraisal process for five of Ekman’s basic emotions.
Another interesting proposal is the one presented in [121] in which a methodology to translate emotional labels from Spanish to English through fuzzy
logic is proposed. The author designed an experiment in which 8 Spanishspeakers answered a questionnaire to obtain the values of Pleasure, Arousal,
and Dominance associated with 30 Spanish emotional labels/words. From the
results of the experiment, the fuzzy membership functions for each emotion
were obtained. Then a comparison with the functions obtained with Englishspeakers in a previous experiment was performed to translate the emotional
labels/words.
As the Circumplex Model of Affect shows, emotions follow a circular pattern in the Pleasure-Arousal space. This property suggests that emotions
could be represented by the use of vectors in a polar coordinate system. For
example, in [106], a vector based representation model of emotions using Pleasure and Arousal dimensions is proposed. The authors modify the representation space by displacing the origin of coordinates to the negative extreme
of the Arousal dimension. However, when displacing the origin of coordinates, both the direction and the modulus of the vector are modified, which
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can lead to difficulties when calculating the intensity or type of the emotion.
In addition, the concept of negative Arousal (usually referred to as Sleepiness or Deactivation) becomes blurred, producing a decontextualization of
emotions that depend on this dimension, such as Boredom or Calm. These
disadvantages can be solved by the use of circular statistics.
When using circular representation spaces, such as the Circumplex Model
of Affect, traditional statistics that are focused on linear data may not be
adequate since the representation space is finite and constrained between 0
and 2π. In a circular representation space based on Pleasure and Arousal, the
dispersion can be estimated by the circular standard deviation σ expressed
as follows [169]:
p
(2.1)
σ = −2 ln R
where
q
(2.2)

R=

2

2

P +A

where P and A represent the mean values for the Pleasure and Arousal
dimensions. The distribution of the data in a circular area delimited by 2π
also makes it difficult to use the probability distributions that are commonly
used in linear statistics. Instead, the von Mises distribution [102] could be
used to estimate the normal (Gaussian) distribution for circular data. For
example, in [92], a probabilistic model based on a mixture of von Mises distributions for the recognition of emotions in faces is proposed. The authors
use a representation space that is based on the dimensions of Pleasure and
Arousal. The face images were projected to coordinates in the representation
space to determine the type of emotion using the von Mises distribution.

Discussion
Despite the great amount of effort made to recognize and simulate emotions,
there is still much to be done until we are able to understand and correctly
simulate affective processes. Nowadays, there is no consensus about what is
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the best way to represent emotions. This is because emotions are complex
concepts and their generation depends on multiple personal, contextual, and
cultural factors. However, in order to make better use of the current systems for emotion recognition and affect simulation, it is necessary to design
a computational model of affect that represents this knowledge as flexibly
and accurately as possible. A common representation using a continuous dimensional space for both recognized and simulated emotions can improve the
understanding and simulation of affective processes such as emotion elicitation, emotional contagion, or empathy.
However, in affective computing, the use of emotions is usually simplified
by using categorical approaches that reduce emotions to simple labels (e.g.,
using the six basic emotions of Ekman). With this type of representation, part
of the information inherent to the emotion, such as intensity or proximity to
another emotion, is lost. Therefore, representations of emotional knowledge
based on a multidimensional continuous space are more appropriate for use in
affective computing. In a multidimensional space, emotions can move through
continuous variables representing a greater amount of information (e.g., the
intensity of the emotion) than if only labels were used.
When a dimensional representation is used, different alternatives for representing the emotions within the space arise. The most commonly used model
consists of representing each basic emotion as a point in the representation
space as is done in The Circumplex Model of Affect (Fig. 2.1). The main
problem that appears when using this model is the way basic emotions are
represented using a simple point in the space. This representation is far from
the way in which emotions are associated with Pleasure and Arousal by humans, as we prove in our experiment. The second problem when using this
scheme is the ambiguity that appears in the spaces between adjacent emotions, because the area around each point is not clearly defined. In addition,
it is very difficult to determine categorically and without error that a point in
space corresponds to a certain emotion. Moreover, this model does not represent important information such as the intensity of the emotion. Therefore,
a more appropriate method for representing the emotions consists of defining
each emotion as an area in the emotion space, instead of a simple point as
proposed by other approaches. An area-based method better represents the
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complexity and similarities among multiple emotions.
Some findings suggest that languages around the world primarily differentiate emotions on the basis of Pleasure and Arousal [107]. Therefore, when
defining a computational model of affect, the culture and the language in
which it is going to be used must be considered since different cultures may
attribute different Pleasure and Arousal values for the same emotion label
[46, 141]. For example, in the experiment presented in [196], the authors
note, among other results, that the Polish participants related the calm emotion with a significantly higher level of arousal than the Greeks. Extrapolating
an emotional model from one language to another without adapting it to the
culture and language may produce inconsistencies, which can lead to erratic
agent behavior and emotion expression. Moreover, the way in which emotions
are expressed when the system interacts with humans must also be taken into
account. Fuzzy logic allows affective agents to express their emotions in a
similar way to humans.

2.3

An experiment-based method to adapt
affective models to culture and language

Labels that are used to represent emotions do not have the same meaning in
different languages and cultures, but a model that is based on the Pleasure
and Arousal dimensions can represent the universal meaning of the emotions
[107]. Nevertheless, the scheme proposed by Russell is a basic scheme that is
used to support the circular representation of emotions. Therefore, the direct
use of this scheme in a computational model can easily be criticized since it
was not defined for that purpose. In addition, this scheme was generated from
experiments with English-speakers. Therefore, following the foundations of
constructivist theories, this representation of basic emotions may not be valid
in other cultures or languages. It is necessary to design processes to adapt
this emotional model to the culture and language of the environment in which
the model will be used and also to discover the areas of the multidimensional
space where emotions have a higher probability of occurrence. We present an
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experiment-based method to find the regions representing each emotion, that
can be used for different languages and cultures.
We start from the main hypothesis that Russell’s model might not be valid
for representing emotions in a context with a language and a culture that is
different from the context in which Russell carried out his experiment. We
propose a methodology that consists of two experiments. The first experiment
finds the labels that best represent the meaning of the Pleasure and Arousal
dimensions in the target language. In our experiment the target language is
European Spanish. The second experiment finds the intervals of Pleasure and
Arousal that are associated to each emotion in the target language.
For our experiment, we have selected the ten emotions used by Russell in [196]: Fear, Anger, Disgust, Sadness, Boredom, Sleepiness, Calm,
Happiness, Excitement, and Surprise. The most common literal translations of these emotions into Spanish are “Miedo”, “Enfado”, “Asco”, “Tristeza”,“Aburrimiento”, “Somnolencia”, “Calma”, “Felicidad ”, “Emoción”,
and “Sorpresa”. However, these are not the only possible translations, and,
depending on the selected word, we could be expressing different emotional
meanings. Therefore, making a literal translation of emotions could lead
to significant differences in the interpretation of the levels of Pleasure and
Arousal of these emotions.

Method
Experiment 1: Naming the Pleasure and Arousal dimensions
Starting from the hypothesis that the literal translation of the labels associated with the Pleasure and Arousal affective categories may introduce a
bias, the main objective of this first experiment is to find the words that
best represent the meaning of theses affective categories in the target language. Generally, these dimensions are defined using four affective categories:
Pleasure and its opposite Misery, and Arousal and its opposite Sleepiness.
However, despite the fact that emotional terms are often equated in translation dictionaries, a literal translation may not accurately reflect the meaning
of the original emotional term since the terms used to define emotions vary
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in meaning depending on the culture and the language [23, 46]. To translate
these words we have used the following methodology:
• We consulted the translations provided by the four most widely used
bilingual dictionaries: The Cambridge [58], Collins [59], Oxford [60]
and WordReference [61] English-Spanish Dictionaries. We selected 30
Spanish words for the four affective categories: 8 words for Pleasure, 10
words for Misery, 5 words for Arousal, and 7 words for Sleepiness.
• Fifty people participated in this first experiment: 20 females and 30
males ranging in age between 18 and 60 years old and with different
study levels (from secondary school to the doctoral level). The instructions were given to each participant at the beginning of the experiment.
Each participant was asked to read each group of words and identify the
general affective category represented by the group. Each participant
was given an unlimited time to select the word that best represents the
concept of the group and to remove those words that clearly do not
express the meaning of the affective category of the group.
Experiment 2: Assigning areas to each emotion
Based on the hypothesis that the Pleasure and Arousal levels of an emotion
can vary depending on the culture and language, this second experiment
was designed to define the levels corresponding to each emotion in the target
language. We decided not to consider other dimensions because recent studies,
like [107], have shown that the Pleasure and Arousal dimensions predict the
structure in emotion across language families. Moreover, some authors have
found that human beings have difficulty and display confusion when they try
to assign a Dominance value to the emotions that they are feeling and that
this dimension does not show much difference between emotions [107].
One hundred people participated in this second experiment: 40 females
and 60 males ranging in age between 18 and 60 years old with different study
levels (from secondary school to the doctoral level). To avoid bias, the participants performed the experiment individually and without a time limit. We
designed a questionnaire using the four affective categories translated into
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Spanish in the first experiment. It was composed of 10 prompts, one for each
emotion. At the beginning of the experiment, the instructions were given to
each participant individually. For each prompt, the participants were asked
to assign a level of Pleasure and a level of Arousal to the 10 selected emotions. The structure of the prompts was designed to collect the Pleasure and
Arousal variables individually. To assign these two levels, each prompt was
composed of two 7-item Likert scales. The scale for Pleasure was defined from
very miserable to very pleased and the scale for Arousal was defined from very
sleepy to very aroused. Note that the value 4 corresponds to a neutral value
on these scales.

Analysis and Results
In the first experiment, we define the degree of acceptance of one word w
for the affective category c (acceptc (w)) as the difference between the number of times the word w has been selected as being representative of the
affective category c and the number of times the word has been removed.
The degree of acceptance for all of the candidate words are represented in
Fig. 2.3. For instance, Fig. 2.3a shows that the word Alertado has a degree
of acceptance for the Arousal category acceptarousal (alertado) = 25, while Excitado has acceptarousal (excitado) = −22. The negative degree of acceptance
means that the participants mostly rejected that word to represent the affective category of the group. The results confirm the hypothesis of the first
experiment, and the need to carry out studies of this type when translating
affective concepts to other languages and cultures. For example, according to
the selected dictionaries, the closest translation into Spanish of the affective
concept Misery is Miseria. However, as Fig. 2.3d shows, this word only has
an acceptmisery (miseria) = −11. Therefore, it was not selected to represent
this affective category since a great number of people discarded it. For the
concept of misery, the participants selected words such as Suffering, Sadness, and Unhappiness (in Spanish Sufrimiento, Tristeza, and Infelicidad ).
This is probably due to the fact that the concept of misery in Spanish is
related more to economic poverty than to suffering. We can also see that
the best translation for Arousal is Alerta. For Sleepiness, the words selected
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(d) Misery

Figure 2.3: Degree of acceptance of the candidate words for each affective
category.
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as most representative were Somnolencia and Adormecimiento. Finally, for
Pleasure, there is a tie between Placer acceptpleasure (placer) = 8 and Satisfacción acceptpleasure (satisf accion) = 8. The results of the first experiment
show that there are some affective categories in which there are more than
one word with a positive degree of acceptance. For example, in the case of
Pleasure, it is very clear that both Placer and Satisfacción are relevant to
the understanding of this abstract concept. Therefore, by selecting one of
the two, we could be biasing the translation of Pleasure since each person
can have an individual conceptualization that could be influenced by their
geographical location, age, or cultural environment. The conclusion we drew
from these results was that, in order to avoid a possible bias that could produce misunderstandings, we needed to contextualize each affective category
by using more than one word. To determine the appropriate number of words
for each affective category, we used the results of the experiment. For the
affective categories Arousal, Sleepiness, and Misery, we selected those words
with a positive degree of acceptance, obtaining three words for each affective
category. However, by applying the same criteria for Pleasure, four possible
words were obtained. Therefore, in order to define all of the affective categories homogeneously to avoid misunderstandings, for Pleasure, we decided
to select the three words with the highest degree of acceptance.
We used the second experiment to define the levels of Pleasure, Misery,
Arousal, and Sleepiness associated to each emotion label. Then, we performed a circular statistical analysis of the results of the second experiment
to determine the best circular representation of the selected emotions based
on their Pleasure and Arousal components. Henceforth, we will refer only to
the dimensions of Pleasure and Arousal, considering that Misery is negative
Pleasure and Sleepiness is negative Arousal. First of all, we discarded all of
the answers of the participants that represent unexpressed emotion. These
emotions are characterized by zero values in the Pleasure and Arousal dimensions, which correspond to the 4th item in the Likert scales. We made this
decision taking into account that, with low levels of Pleasure and Arousal,
the intensity of the emotions is so low that it can be considered that there is
no emotion [183]. Second, for all of the answers of each participant for each
selected emotion, we calculated the angle α between the Pleasure axis and
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Figure 2.4: Circular boxplot graphic for the ten selected emotions in Spanish
(see Table 2.1) where the horizontal axis represents Pleasure and the vertical
axis represents Arousal.
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Table 2.1: Results of the second experiment. αe and σe expressed in radians.
Emotion e in
Spanish (English)
Felicidad (Happiness)
Emoción (Excitement)
Miedo (Fear)
Enfado (Anger)
Tristeza (Sadness)
Aburrimiento (Boredom)
Somnolencia (Sleepiness)
Calma (Calm)
Asco (Disgust)
Sorpresa (Surprise)

Mean
Pe
0.90
0.76
-0.58
-0.74
-0.96
-0.41
-0.11
0.74
-0.99
0.31

Mean Mean Sd
Ae
αe
σe
0.42 0.44 0.33
0.64 0.70 0.18
0.81 2.19 0.27
0.66 2.42 0.29
-0.27 3.42 0.39
-0.91 4.28 0.38
-0.99 4.60 0.27
-0.67 5.55 0.63
-0.04 3.19 0.76
0.95 1.25 0.46

the line defined by the (Pleasure, Arousal ) point and the origin of the coordinate system. This angle α represents the “meaning” that each participant
associates to each emotion in this two-dimensional space. Third, we carried
out a circular statistical analysis to eliminate possible outliers. To do this,
we estimated the circular dispersion of the data associated to each emotion
by the participants.
Table 2.1 summarizes the results of the second experiment: the mean
values associated with the Pleasure and Arousal variables for the emotion
e (P e and Ae ), and the mean angle αe and circular standard deviation σe
calculated using the Formula 2.1. To analyze the distribution of emotions in
this polar representation, we use circular boxplots [36]. The circular boxplots
in Fig. 2.4 show the circular distribution in the Pleasure-Arousal space that
we obtained for the 10 emotions. As can be observed, Sadness is related to
low levels of Pleasure and mean levels of Arousal (Fig. 2.4d), while Excitement
is related to high levels of Pleasure and Arousal (Fig. 2.4i). These graphs also
show the great differences between the dispersion levels of the emotions. For
example, the dispersion of the Excitement emotion (Fig. 2.4i) is clearly lower
than that of the Calm emotion (Fig. 2.4g). This confirms that, by representing
the emotion with a simple point, as proposed in previous approaches, it is
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Figure 2.6: Von Mises curves of the ten Spanish emotions (see Table 2.1). The
axis represents the angles αe in degrees. Note that the order of the means of
the emotions on the plot corresponds to the order of the legend.
performed a simplification that does not correspond to the area that humans
assign to emotions in their minds. It also confirms the hypothesis of the
second experiment, and the need to perform these types of experiments when
modeling emotions in different cultural contexts.
When analyzing the results obtained for Disgust (Fig. 2.4c), we found that
it occupies a large part of the dimensional space. The most likely explanation
— 36 —

CHAPTER 2. A CULTURALLY ADAPTED REPRESENTATION OF
EMOTIONS (SELECTED PAPER)
for this behavior is that in Spanish, the Disgust emotion does not seem to
have a clear definition in the dimension of Arousal even though it is clear that
the Pleasure value is negative. This behavior is better observed in Fig. 2.5,
where the dispersion of the Arousal values for the Disgust emotion is very
high (but always with a negative Pleasure value).
From these results, we estimated the circular normal distribution of each
emotion. Fig. 2.6 shows the overlap of the von Mises models obtained for each
emotion. As can be observed, there are some emotions that overlap each other.
For example, the Fear and Anger emotions have similar mean angles (αf ear =
2.19 and αanger = 2.42), and the same relation can be observed for Boredom
and Sleepiness, or Excitement and Happiness. In addition, as expected, it can
be observed that the Disgust emotion has a very large standard deviation and
is overlapped by several emotions. This representation allows us to estimate
the probability of selecting an emotion according to the angle α between the
Pleasure axis and the line defined by the (Pleasure, Arousal ) point and the
origin of the coordinate system. Therefore, instead of defining emotions as
areas, we define regions of probability in which emotions can occur with a
certain degree of uncertainty. By introducing this uncertainty, the model
becomes more versatile, allowing the same point in space to belong to more
than one emotion with different probabilities. In addition, with this model,
we avoid one of the main problems of a point-based representation because we
cannot categorically affirm that a point belongs to one and only one emotion.
We have performed a similar circular statistical analysis of the results
obtained by Russell with English speakers [193] (using Formulas 2.1 and 2.2).
To demonstrate the need to adapt the emotional models to the language in
which it will be used, we have compared these results with those obtained in
our experiment with Spanish speakers. In order to determine if the samples
are different, we performed a t-Student statistical analysis starting from the
null hypothesis H0 : the samples are equal. The results are shown in Table 2.2.
As can be observed, the p-value for the emotions Happiness, Excitement, Fear,
Anger, Sadness, and Sleepiness is less than 0.05. Therefore, we can reject the
null hypothesis H0 and accept that the samples are significantly different.
However, for the Boredom and Calm emotions, the p-value is greater than
0.05. Therefore, the samples are not significantly different. Fig. 2.7a shows the
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Figure 2.7: Results obtained in our experiment (with emotions expressed in
Spanish (see Table 2.1)) and Russell’s (with emotions expressed in English)
[193]. Note that the emotions not represented in the Russell’s experiment are
shown in gray.

mean position of the 10 selected emotions in Spanish according to their level of
Pleasure and Arousal. When we compare the results of our second experiment
with those obtained by Russell (Fig. 2.7b), some differences can be easily
detected. For example, our experiment shows that the Happiness emotion is
related to higher levels of Arousal for European Spanish-speakers than the
levels obtained by Russell for British English-speakers. These differences can
also be seen in other emotions such as Anger, which is more related to lower
levels of Pleasure in Spanish than in English.
We can conclude that, for six of the eight selected emotions, the differences
between languages are significant. Therefore, these results confirm the need
for experiments of this type when working with emotions in different cultures
and languages since there are significant differences in the affective meaning
of the words that are used to define emotions.
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Table 2.2: Distribution of emotions in European Spanish and British English.
(Data for British English obtained from [193]). * indicates p-value < 0.05.
Emotions in Spanish
Label/word
Mean αe Sd σe
Felicidad
0.44 0.33
Emoción
0.70 0.18
Miedo
2.19 0.27
Enfado
2.42 0.30
Tristeza
3.42 0.40
Aburrimiento
4.28 0.39
Somnolencia
4.60 0.27
Calma
5.55 0.63

2.4

Emotions in English
Label/word Mean αe Sd σe
Happiness
0.14 0.58
Excitement
0.84 0.34
Fear
1.27 0.58
Anger
1.73 0.76
Sadness
3.62 0.77
Boredom
4.20 0.69
Sleepiness
4.75 0.33
Calm
5.52 0.34

Statistical comparison
t-value
p-value
3.78
0.0002*
-3.27
0.0013*
12.54
0.0000*
7.63
0.0000*
-1.98
0.0488*
0.91
0.3638
-2.60
0.0102*
0.30
0.7612

A fuzzy culturally adapted model of
affect

We have defined a fuzzy model to represent emotions in the Pleasure-Arousal
space using the results of the second experiment. Our model uses a circular
representation in which an emotion is represented by a vector that is defined
by a pair of values of Pleasure and Arousal. This vector represents both
the type and intensity of the emotion. Taking into account the relationship
between the variables of Pleasure and Arousal and the intensity of emotions
proposed by Reisenzein [183], we have divided the Pleasure-Arousal space into
four fuzzy values of intensity: Strong, Medium, Weak, and Neutral. We have
introduced the concept of the Neutral intensity to represent those emotions
whose intensity is too low to be considered as elicited.
Therefore, given a point in space defined by its Pleasure and Arousal value,
we obtain the intensity of the emotion represented by that point using the
modulus of the vector that forms the point with the origin of the coordinate
system. Then, we transform this point into a fuzzy value following the model
of intensity represented in Fig. 2.8, where the direction of the vector indicates
the emotion type. We have used the results obtained in the second experiment
to define the areas where the 10 basic emotions have the greatest probability
of being located. Fig. 2.8 shows the representation of these probability areas
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in the circular two-dimensional space. This figure has been obtained from
the von Mises model shown in Fig. 2.6 using a single standard deviation.
The outer arcs in Fig. 2.8 represent the regions assigned to each emotion.
This figure clearly represents the distribution of the basic emotions in the
Pleasure-Arousal space for Spanish-speakers.
As mentioned in Section 2.3, when we described the model obtained from
the results of the second experiment, the distribution of the basic emotions in
the Pleasure-Arousal space produces overlaps and intersections between emotions. This is easily observed in Fig. 2.8: The Excitement emotion intersects
with the Happiness and Surprise emotions. Similarly, the Boredom emotion
intersects with the Sleepiness and Disgust emotions. The Anger, Fear, and
Disgust emotions have also an intersection. Finally, there is an overlap between the Sadness and Disgust emotions. This overlap is largely due to the
fact that the Disgust emotion has a high dispersion. The resulting model
clearly shows the relationship between emotions and the angle of the vector
that we use to identify the emotion.
Next section presents our model which consists of two processes to represent and express emotions: the Emotion Representation Process, a defuzzification process which represents fuzzy emotions in the Pleasure-Arousal space;
and the Emotion Expression Process, a fuzzification process which expresses
emotions using fuzzy terms in the same way as human beings express the
emotion in their own language.

The Emotion Representation Process
The Emotion Representation Process is a defuzzification process, in which
the emotions recognized or elicited by an affective agent are internally represented in the Pleasure-Arousal two-dimensional space. Human beings express
emotions using a fuzzy terminology. Therefore, the model must be able to
represent fuzzy emotion values in the Pleasure-Arousal continuous space. A
fuzzy emotion that is recognized by the agent is internally represented using
the mean values of Pleasure and Arousal obtained in the second experiment.
In the same way, the intensity is represented in this multidimensional space
by using the mean value of each intensity value from the model represented
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Figure 2.8: Levels of Pleasure and Arousal associated to Spanish emotions
(see Table 2.1) using one standard deviation.
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Figure 2.9: Fuzzy model for the intensity.
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Figure 2.10: Proposed fuzzy model for the type of the Spanish emotions (see
Table 2.1) in the Pleasure-Arousal space. Note that the order of the means
of the emotions on the plot corresponds to the order of the legend.
in Fig. 2.8. Let us illustrate this process with a simple example. If the
emotion perceived by the emotion recognition process of an affective agent is
Happiness with a Medium intensity, the agent will internally represent this
emotion using a vector v~e with a direction αe = 0.44 radians (≈ 25.2 degrees)
(see Table 2.1) and a modulus |~ve | = 0.625, which correspond to the Medium
intensity (the midpoint between 0.5 and 0.75 according to Fig. 2.8). From
this vector ~ve representing the emotion e, the agent will obtain the Pleasure
Pe and Arousal Ae values using the following equation:
(2.3)

(Pe , Ae ) = (|~ve | · cos αe , |~ve | · sin αe )

Therefore, by using this formula, the values of Pleasure and Arousal associated with the “Happiness emotion with Medium intensity” in the Spanish
language are 0.57 and 0.27, respectively. An example of the resulting representation of the vector ~ve in our model is shown in Fig. 2.8.
Note that this representation of the emotion is based on the values of
Pleasure and Arousal. Therefore, this representation has a universal semantics
[107]. The agent uses this representation of the emotion for all its affective
processes. When the agent needs to express an emotion, which is internally
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Table 2.3: Parameter ranges for the intensity membership function.
Intensity level
Parameters
in Spanish (English)
a
b
c
d
Neutral (Neutral)
0
0 0.2 0.3
Bajo (Weak)
0.2 0.3 0.45 0.55
Medio (Medium)
0.45 0.55 0.7 0.8
Alto (Strong)
0.7 0.8
1
1
Table 2.4: µAi (u) values for the example (u = 0.625).
Neutral Weak Medium Strong
µAi (0.625)
0
0
1
0
Table 2.5: µB j (t) values for the example (t = 0.44). For the Spanish labels
see Table 2.1.
µB j (0.44)

Happiness Surprise Fear Anger Disgust Sadness Boredom Sleepiness Calm
1
0.35
0.21 ≈ 0
≈0
≈0
≈0
≈0
≈0

represented in the Pleasure-Arousal space, the agent will use the process
presented in the next section.

The Emotion Expression Process
Any emotion that is internally represented by a vector ~ve is transformed into
a fuzzy expression (emotion label and fuzzy intensity) by the Emotion Expression Process. This process allows the agent to express its emotions using
a fuzzy expression adapted to the cultural environment in which the agent is
located. In this process, a fuzzification of the vector v~e is performed transforming the intensity and the type of the emotion into fuzzy values. This
process is composed of two fuzzification subprocesses: One for the intensity
and the other for the emotion type.
We define the linguistic variable x for the fuzzification process of the in— 43 —
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tensity of the emotion as a quintuplet [239]:
x = hLx , T (Lx ), Ux , Gx , Mx i

(2.4)

where Lx represents the name of the linguistic variable Lx = intensity,
and T (Lx ) represents the set of fuzzy terms (linguistic values for the intensity)
that the variable x can take:
(2.5)

T (intensity) = {Strong, Medium, Weak, Neutral}

Ux (universe of discourse) represents the range of crisp values that the
variable can take in the range Ux = [0, 1], Gx is the syntactic rule that generates the terms in T (intensity), and Mx is a semantic rule that associate each
linguistic term in T (intensity) with its meaning.
We define a Type-1 fuzzy logic set Ã ∈ Mx using a trapezoidal membership
function defined by the equation [126, 11]:


 
u−a
d−u
(2.6)
µAi (u) = max min
, 1,
,0
b−a
d−c
where i ∈ T (intensity), Ai represents the ith fuzzy set belonging to Ã,
u takes the value of the modulus of the vector of the emotion such that
u ∈ Ux , and a, b, c, and d are the parameters of the membership function (see
Fig. 2.9b) that is described in Table 2.3 [11]. Fig. 2.9a shows the resulting
fuzzy model.
On the other hand, we define the linguistic variable y for the fuzzification
process of the emotion type (Ly = type):
(2.7)

T (type) = {Happiness, Excitement, Surprise, Fear, Anger,
Disgust, Sadness, Boredom, Sleepiness, Calm}

The universe of discourse is defined in the range Uy = [0, 2π]. We use the
results obtained in the second experiment (Fig. 2.6) to define a Type-1 fuzzy
logic set B̃ ∈ My . The proposed membership function for an emotion t is
derived from the normalization of the von Mises distribution and is defined
as:
(2.8)

µB j (t) =

mj (t) − minx∈[0,2π] mj (x)
maxx∈[0,2π] mj (x) − minx∈[0,2π] mj (x)
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where j ∈ T (type), B j represents the jth fuzzy set belonging to B̃, t takes
the value of the angle of the vector of the emotion expressed in radians such
that t ∈ Uy , and mj (θ) represents the jth von Mises function defined as:

(2.9)

mj (θ) =

exp (κj cos(θ − αj ))
2πI0 (κj )

where αj is the mean for the jth fuzzy set B j (see Table 2.1), κj represents
the jth concentration parameter of the von Mises distribution estimated as
the inverse of the variance (1/σj ) [102], and I0 (κj ) is the modified Bessel
function of order zero used to normalize the function [92]. Fig. 2.10 shows
the resulting fuzzy model.
As a result of this process, an affective agent can express an emotion,
which is internally represented in the Pleasure-Arousal space by a vector v~e ,
by using the same fuzzy expression (emotion label and intensity) that humans
use in their language.
Let us again consider our example of an affective agent that has an emotion represented internally by the vector ~ve (Fig. 2.8). The Pleasure and
Arousal coordinates of vector ~ve are 0.57 and 0.27, respectively. Therefore,
the direction of the vector is 0.44 radians and the modulus is 0.625. When
the affective agent needs to express this emotion in a specific language, it uses
the fuzzification process describe above. This fuzzification process for the intensity produces the results shown in Table 2.4. Therefore, the selected fuzzy
value for the intensity is Medium. On the other hand, the fuzzification process
for the emotion type produces the results of Table 2.5. If the agent wants
to express only one emotion, the agent will select the emotion term/label
with the maximum µB j , which in our example is Happiness. Therefore, the
Emotion Expression Process will generate the fuzzy emotion Happiness with
Medium intensity as a result of the fuzzification of the emotion represented
in the multidimensional space by the vector ~ve .
This model can be easily adapted to other languages and cultures. Our
model allows a multicultural affective agent to represent and express an emotion using the same interpretation of the fuzzy emotional terms used in the
language and culture of its human interlocutor. This can be achieved by
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Figure 2.11: Example of a multicultural affective agent module.
defining a specific dimensional Pleasure-Arousal space for each cultural environment in which the agent is located. All these two-dimensional spaces
can be easily incorporated to the affective component of the multicultural
affective agent (Fig. 2.11).

2.5

Conclusion and future work

In this paper, we have proposed an experiment-based method to adapt the
emotion representation to the culture and the language in which the emotion will be used. The results of the first experiment have corroborated the
importance of adapting the translation of the emotional models taking into
account the different meanings that humans give to emotion labels in different cultures. As observed in the translation of the Misery emotion, the
literal translation does not have the same contextual meaning for European
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Spanish-speakers and British English-speakers. The results of the second experiment have allowed us to assign different areas in the Pleasure-Arousal
space to the different basic emotions. When comparing the results obtained
in our experiment with those obtained for British English-speakers, it can
be observed that the emotion labels have different values for Pleasure and
Arousal depending on the language. This confirms the need for performing
this adaptation with experiments when emotional models are used in other
cultures and languages.
From the results obtained in the experiments, we have defined a fuzzy
model that represents emotions using a Pleasure-Arousal continuous space
instead of simple labels. With this cross-cultural dimensional representation,
an emotion can be defined as a vector in which the modulus represents the
intensity of the emotion, while the type of emotion depends on the direction
of this vector. Our model improves the typical representation of emotions
based on labels because it allows emotions and their intensity to be easily
represented and modified using a dimensional representation.
We have also defined a fuzzification process that determines an emotion
label in a specific language from a pair of Pleasure and Arousal values. Thus,
using our model, an agent can express emotions using the same fuzzy terminology as humans.
We are currently incorporating this model into the affective agent architecture GenIA3 to improve the simulation of the different affective processes.
In addition, we want to analyze whether this emotion representation can be
improved by introducing a third dimension (Dominance) to better identify
emotions such as Fear or Anger and to analyze the influence of this dimension on social behavior [124].
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Computational affective knowledge
representation for agents located in a
multicultural environment

Abstract

Emotions are present in all human interactions. However, there are differences between cultures in how emotions are expressed in interaction. Consequently, when
interactions are translated into another language, this culturally relevant information can be lost. In this paper, we show the results of two experiments conducted
to adapt a new model of affect representation, based on a polar coordinate system
in a space composed of pleasure and arousal dimensions, to the Portuguese and
Swedish languages. In the first experiment, we determine the most appropriate labels to define the pleasure and arousal dimensions in each language. In the second
experiment, we identify the most suitable values of pleasure and arousal dimensions for each emotion in Portuguese and Swedish. The results obtained in these
experiments are compared with a previous experiment conducted with European
Spanish-speaking participants. The analysis of the results shows the importance of
adapting the affect representation models to the cultures and languages in which
they will be used. We demonstrate significant differences in the values of pleasure and arousal associated with emotions across languages and cultures. The
results also show that there are not significant differences in gender or age when
associating levels of pleasure and arousal to emotions.
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3.1. INTRODUCTION

3.1

Introduction

When analyzing human behavior, it is common to find situations in which
emotions prevail over logic, conditioning our capacity for judgment and decision making and altering our behavior. Therefore, considering affective states
in software processes can improve the simulation of human behavior, the simulation of human social organizations, and human-computer interaction. In
fact, systems that are capable of recognizing and simulating affective states
have proved to be more credible and more reliable, thus reducing the frustration and stress of human users and improving human-machine interaction
[165].
Human affective behavior encompasses a set of constructs and cognitive
processes that make it complex to simulate using software agents. One of the
main constraints on simulations comes from the way in which humans interpret affective knowledge. To express, represent, and interpret the affective
knowledge, humans typically use different abstractions and metaphors. For
example, through the use of words or labels such as “Sadness” or “Joy”. This
way of representation is commonly used in the area of affective computing
[170] to generate models for recognition, interpretation, processing, and simulation of affective states [17, 20, 74]. However, the use of words or labels is
a simplification that does not allow to represent all the information inherent
to affective states such as the intensity with which an affective state is perceived. An alternative to this representation is the use of models based on
different cognitive dimensions. One of the most common dimensional models in literature is the Core Affect model [194]. That model defines affective
states through two dimensions: pleasure and arousal. Dimensional models
have been widely used in affective computing [6, 81]. Still, existing proposals also simplify affective states, losing some of the information inherent
to affective states. Moreover, it should be noted that, being cognitive constructs associated with different words, culture and language condition the
representation, expression, and interpretation of affective states. Representing affective states while capturing cross-cultural differences poses a challenge
since, the cognitive conceptualization of an affective state, may vary across
cultures and languages thus influencing the levels of pleasure and arousal as— 50 —
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sociated with that affective state. The use of representation models that are
not adapted to the culture and language may produce misunderstandings and
errors that compromise the simulations of affective behavior and users’ experience. Therefore, establishing representation models capable of adapting to
culture and language is a step towards in improving the simulation of human
behavior and the personalization of human-machine interaction [23, 196].
In this paper, we present the results of two experiments conducted with
Portuguese and Swedish participants to adapt a pleasure-arousal representation space to both cultural environments. Based on the results obtained, we
defined the probability models for each affective state label. These probability
models can be used to represent recognized affective states in the pleasurearousal space and allow software agents to express their affective states in the
same terms used by humans in different cross-cultural environments. Then,
we compare the results with the previous study conducted with European
Spanish speakers. We finally present a computational model of affect adapted
to Portuguese and Swedish and a potential application of this cross-cultural
model in the area of human-aware planning.
The rest of this paper is organized as follows. In Section 3.2 we present the
most relevant theories and models for the representation of affective states.
Section 3.3 presents our model of affect representation. In Section 3.4 we describe the methodology used in the experiments conducted to determine the
levels of pleasure and arousal associated with affective states in Portuguese
and Swedish. The results obtained in the experiments are shown in Section 3.5. Then, a discussion of the results obtained along with the definition
of the cross-cultural model of affect is provided in Section 3.6. Section 3.7
proposes potential applications for our representation model of affect. Finally,
the main conclusions and some future works are presented in Section 3.8.

3.2

Related work

Affective states are constructs that define different experiences, including
emotions and moods. On the one hand, emotions can be understood, in
general terms, as immediate responses to a specific stimulus [140]. On the
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other hand, moods are described in the literature as affective responses that
have a longer duration than emotions, ranging from minutes to days or weeks
[90]. In addition, mood is not necessarily related to a specific stimulus [44].
Instead, moods are generally triggered by the achievement of a set of cognitive
and affective processes.
From the area of affective computing [170] different approaches focused
on the recognition, interpretation, processing, and/or simulation of different
emotional behaviors and affective states have been conducted [35, 6, 221].
However, not much attention has been paid to the development of models
to represent the knowledge related to affective states specifically designed for
its use in computational systems. To represent and express the complexity
of knowledge related to affective states, humans usually resort to the use
of different metaphors and abstractions. One of the most recurrent classifications in the literature divides these metaphors and abstractions into two
approaches: categorical and dimensional [93].
Categorical approaches are based on the use of a limited set of words
or labels to define the different affective states [66]. These labels provide a
means to verbalize affective states, which is a key factor in human affective
interactions. One of the best known models is the model of Basic Emotions
proposed by P. Ekman in which six labels are defined: “Sadness”, “Happiness”, “Anger”, “Fear”, “Disgust”, and “Surprise” [65]. This model is one of
the most widely used in the area of affective computing to express, recognize,
interpret, and represent affective states [20, 173, 74]. For example, in [17], a
model of emotion recognition is presented. The authors propose to use the six
basic emotions proposed by Ekman to classify emotions recognized in text.
However, by a label based representation we assume a high level of abstraction since we condense the entire spectrum of affective states into a limited
set of labels. Therefore, we are losing part of the affective information, such
as the intensity of the affective state, or the probability of moving from one
affective state to another depending on a certain stimulus [71, 163, 232]. For
example, if a person is “Sad” and receives good news, the probability of transitioning to a positive affective state such as“Joy” may be lower than if the
person is “Happy”. In addition, this representation assumes that labels/words
representing emotions have the same meaning in all cultures and languages.
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Nonetheless, depending on the model of emotional representation being used,
translating emotions from one language to another can lead to cultural misunderstandings since emotions are not always understood in the same way
in different cultures and languages [196]. In fact, there are some labels that
express affective states that are very difficult to translate from one language
to another. For example, the German vocabulary has an extensive catalog of
affective labels (or words) defining emotions such as “Schadenfreude”, which
can be summarized as “pleasure from the suffering of others”, or “Sehnsucht”,
which can be described as “a strong desire for an alternative life”, but whose
overall conceptualization is very difficult to describe by means of a word or
label in other languages such as English or Spanish [107, 137].
Theories based on dimensional approaches allow reducing the level of abstraction by representing affective states through different dimensions. These
theories have their origin in psychological constructivism, according to which
a finite set of labels cannot establish affective states since they depend on the
individual’s subjective experience that occurs in a particular context (e.g., a
particular culture or language) [151, 101]. One of the most representative dimensional models is the Core Affect model proposed by J.A. Russell [194]. In
that model, affective experiences are defined as emotional cues and are represented by two dimensions: pleasure and arousal. More specifically, emotions
can be defined as high or low arousal (relative to the emotional arousal dimension) and positive or negative (considering the emotional pleasure dimension).
Russell also evidenced through experimentation that the labels used to define the different affective states followed a circular pattern along these two
dimensions. From these results he developed the Circumplex Model of Affect [174]. The Circumplex Model of Affect uses the multidimensional scaling
of labels or words that define emotions [193], concluding that the emotional
pleasure dimension and the emotional arousal dimension are the ones that
best support the judgments people make about emotions [192, 68]. In that
model, all the labels referring to the different affective states are represented
as points composed of pleasure and arousal components and are organized
in a circular way around these two dimensions, conceptualizing emotions as
being systematically related to each other [223], which is also the idea defended by H. Scholesberg [202]. Being a representation based on continuous
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dimensions, it is possible to establish relationships between the distribution of
the different affective states. For example, it can be assumed that, in general,
affective states related to the word “Joy” are related to positive values of the
pleasure and arousal dimensions, while those related to the word “Sadness”
are related to negative values on these two dimensions.
Some authors have discussed the number of dimensions that define affect.
For example, in [154], it is proposed to introduce the dominance dimension
to the pleasure-arousal space resulting in a model known as the PAD model.
Dominance dimension allows to disambiguate some emotions that are overlapped when only the dimensions of pleasure and arousal are used. Nevertheless, some studies show that this dimension does not have a substantial
impact on the representation of affect across cultures [107] and that humans
exhibit difficulties and confusion when they try to assign a dominance value
to the emotions that they are feeling [122].
In addition, dimensional models, such as the Circumplex Model of Affect,
make it possible to highlight the differences that appear across cultures. Over
the years, different authors have shown, through experimentation, the existence of variations in the levels of pleasure and arousal associated with each
affective state in different cultures and languages [196, 23, 46]. For example, the study presented in [107], analyzed the discrepancy of 24 emotional
labels in about 2500 languages. That study concludes that there are significant variations between the values of pleasure and arousal across cultures.
Therefore, the direct translations of emotion labels can be subject to bias
because the meaning of the words can differ between languages. The authors
also evidenced that the differences become smaller the closer the geographical
proximity of the language families is.
The circumplex model of affect has also been used in affective computing
[243, 204]. For example, in [136], a model for estimating the facial expressions of a humanoid robot is presented. Authors use the Circumplex Model of
Affect to represent emotions as points composed by the pleasure and arousal
dimensions. However, the use of the Circumplex Model of Affect in affective
computing also presents some disadvantages. Let us suppose that we define affective states labels by a single point in the dimensional representation
space, and then we generate a random point in that space. If the point does
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not match with any of the points predefined for each affective state label, it
is not possible to determine the label associated with that point. A possible
approach, used in some proposals [118, 131], consist in estimating the distance of a random point from each of the predefined points for the affective
labels in the model and then, assign the nearest affective label. By this approach it is necessary to assume that the distribution of affective labels in
the pleasure-arousal space is equal and uniform. Although, this way of representing affective labels is artificial and is far from how affective states are
distributed throughout the pleasure-arousal space as demonstrated in work
presented at [220]. In addition, in a point-based approach, it is complex to
assign a level of uncertainty that a random point belongs to a certain label
or represent the transitions between two affective states. It is also difficult
to simulate other affective behaviors such as the influence on the affective
state of other affective factors like personality [216]. Still, in a point-based
representation, the intensity of affective states is not considered [34]. Despite,
there is empirical evidence that establishes a direct relationship between the
levels of pleasure and arousal and the intensity with which different affective
states are experienced. This means that, values close to zero in both dimensions would indicate very low or no intensity. In contrast, values close to one
would indicate high intensity [183].
A possible alternative to the point-based representation is the vector-based
representation. In this representation, the direction of the vector is used to
determine the label that represents a point in the pleasure-arousal space. For
example, in [111], a vector-based representation using pleasure-arousal space
to express emotions in a robot is proposed. In that model, each emotion is
represented by a uniform range of fifteen degrees. Note that, the emotion
“Glad” is defined in the range from 0 to 14 degrees while “Happy” is defined
in the range from 15 to 29 degrees. Therefore, that representation presents the
same problem as the point-based representation, since the way in which the
variations in the dispersion of affective states are represented is symmetrical
and, consequently, far from the mental representation that humans have of
affective states.
Finally, there seems to be a trend towards the development of affective
models based on fuzzy logic [67, 116, 108]. The fuzzy logic allows adding
— 55 —

3.3. A CROSS-CULTURAL MODEL OF EMOTIONS FOR AFFECTIVE
COMPUTING
uncertainty to the representation model by allowing a point in the pleasurearousal space to belong to more than one label. Moreover, fuzzy logic allows
us to express affective states in the same terms that humans use (e.g., “very
sad” or a “little happy”). For example, in [121], a fuzzy logic-based model for
translating emotional labels from Spanish to English is proposed. A methodology based on an experiment in which 8 Spanish speakers assigned values of
pleasure, arousal and dominance to 30 Spanish emotional labels/words was
proposed to establish the discriminant values of the fuzzy membership functions for each emotion. The results were compared with the models obtained
in the previous experiment conducted with English-speaking participants presented in [123]. Through this comparison, a set of fuzzy functions to translate the emotional labels between the Spanish and English languages were
obtained.

3.3

A cross-cultural model of emotions for
affective computing

In [220], we present a new cross-cultural model of emotion representation for
affective computing. Our model differs from the representations discussed
in Section 3.2, by providing a new system for representing affective states
based on the use of probability areas to define each affective state in the
pleasure-arousal space. By using probability areas we add a certain level
of uncertainty, since each point in the space composed of the pleasure and
arousal components has a certain probability of belonging to each affective
label. Our model follows a vector-based representation in a polar coordinate
system in which the direction indicates the probability of experiencing a particular affective state and the modulus indicates its intensity. However, in
a polar coordinate system, traditional linear statistical models may not be
suitable since they do not satisfy the linearity constraint because they are
constrained between 0 and 2π. The main problem underlying the application
of linear statistics arises when studying the probability regions near 0 and
2π since, in a linear model, these two regions would be independent but, in
a polar coordinate system, these two regions are dependent. An approach
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to address the problem of linearity can be found in [106], where a model to
represent emotions using a vector-based representation in the pleasure and
arousal dimensions is proposed. In that proposal, the representation space is
modified by displacing the coordinates’ origin to the negative extreme of the
arousal dimension. As a result, the model is bounded between 0 and π, thus
reducing the problem that appeared in a representation based on a complete
polar coordinate system. Still, this representation has two disadvantages: on
the one hand, there is a decontextualization of the sense of negative arousal,
which is related to emotions such as “Sleepiness”, “Sadness”, “Boredom”, or
“Calm”. On the other hand, this representation modifies both the modulus
of the vector and its direction, since the origin of coordinates of the vector is
located in the negative component of the arousal dimension. By modifying
the modulus of the vector, the relationship between the intensity of the affective states and the values of the pleasure and arousal components is blurred.
To avoid these issues we propose to replace the common linear statistics with
circular statistics [18]. Circular statistics are designed for data that present
a circular distribution, as is the case of affective states across the dimensions
of pleasure and arousal. The most suitable approach to estimate the dispersion in a circular representation space composed of the pleasure and arousal
dimensions is through the circular standard deviation, which is defined as
follows [169, 109]:

(3.1)

p
σ = −2 ln R

where

(3.2)

q
2
2
R= P +A

where P and A represent the arithmetic mean for the pleasure and arousal
dimensions respectively.
On the other hand, to estimate the probability distribution in a circular
representation space the von Mises distribution [102] can be considered. This
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Figure 3.1: Distribution of probability functions in the pleasure-arousal space
using one standard deviation for Spanish.
distribution allows estimating the Gaussian (or normal) distribution in circular data. Given an angle α, the von Mises probability density function is
defined as follows:
(3.3)

f (α | µ, κ) =

eκ cos(α−µ)
2πI0 (κ))

where µ represents the mean of the distribution, κ represents the concentration parameter of the distribution which is calculated as the inverse of the
circular variance (1/σ 2 ), and I0 (κ) is the modified Bessel function of order
zero used to normalize the function [92].
Figure 3.1 shows an example of our model of emotion representation adapted
to European Spanish-speakers. In this example, the outer rings show the probability areas of each of the ten emotions using one circular standard deviation,
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the vector V~e represents an affective state, and the inner rings represent four
regions of intensity: Strong, Medium, Weak, and Neutral. The grey shaded
area shows an example of the probability region related to the emotion “Boredom” using one circular standard deviation. Note that the different grey tones
represent the different intensity values for the “Boredom” emotion. We can
represent the different affective states through this model, abstracting from
the labels that represent each affective state, which will only be necessary
when a software agent needs to express, interpret, or represent an affective
state. Vectors can be modified over time by the occurrence of a sequence
of events that happen to an agent. This makes it possible to evaluate the
relationship between previous and current affective states, allowing the simulation of different human affective behaviors. For example, if the agent’s has
an affective state at instant tn and receives a new positive event at instant
tn+1 , we can adapt the agent’s emotional response to the affective state it
had in tn by modifying the intensity of the emotion generated by the positive
event in tn+1 .
Although the representation of affective states through the dimensions of
pleasure and arousal can be considered universal [174, 107], probability areas associated with each affective state depend on the culture and language
in which the affective state is needed to be interpreted, expressed, or represented. The direct use of a dimensional model without adapting it to the
cultural environment in which it will be used, can produce misunderstandings in the process of selection or representation of the emotion, resulting in
erroneous behaviors that will reduce the realism of the simulation of the emotional behavior. Therefore, in our design, we proposed an experiment-based
methodology to establish the levels of pleasure and arousal for each emotion
in the language in which the model is to be used. Our experiment-based
methodology can easily modify these probability areas to include different
emotions and adapt the model to the cultural environment in which it is
being used.
In addition, through this multidimensional cross-cultural model of affect,
an agent can have more than one probability model for different languages
and adapt its model of representation and expression of affective states to
the language and culture of its human interlocutor. To do that, we establish
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two processes based on a fuzzy logic approach: the Emotion Representation
Process, which is a defuzzification process, which allows representing words
related to affective states in the pleasure-arousal space adapted to the cultural
environment; and the Emotion Expression Process, that is a fuzzification process, which determines an emotion label in a specific language from a pair of
pleasure and arousal values [220]. These processes allow the agent to express
its affective state and represent the perceived affective state using the same
interpretation of the fuzzy emotional terms used by its human interlocutor
and adapted to his/her cultural environment.

3.4

Experiment design

To find the areas associated with each affective state word or label in a target
language, we used a methodology based on two experiments: in the first experiment, the words used to represent dimensions of pleasure and arousal are
translated into the target language; then, the results of the first experiment
are used in the second experiment to obtain the levels of pleasure and arousal
associated with each affective state in the target language. In this paper,
we present the results of applying this methodology to define computational
models for representing affective states in Portuguese and Swedish.

Methodology of the first experiment
The current study aims to minimize bias in the labelling of emotions, while
recognizing prior research results. In the literature there are different references to the pleasure-arousal dimensions. Generally, these dimensions are
defined by four affective categories: pleasure and its opposite misery, and
arousal and its opposite “Sleepiness” [193]. However, as stated in Section 3.2,
the terms used to define affective states or categories are culturally and linguistically dependent. Therefore, using a literal translation of these terms
may result in cultural misunderstandings, as the term associated with the
translation may not fully reflect the original meaning of an affective category
label. This first experiment is designed to identify the labels that best repre— 60 —

CHAPTER 3. COMPUTATIONAL AFFECTIVE KNOWLEDGE
REPRESENTATION
sent the meaning of the pleasure and arousal dimensions in a target language
(in this work the target languages are Portuguese and Swedish).
The problem of translating into other languages the terms that humans
associate with affective states and affective categories has been explored for
years in the literature [23, 46, 107]. For example, a prior study presented in
[132], observed interpretational issues concerning the naming of basic dimensions in the previous pleasure and arousal models, and suggests a labelling
system for the pleasure-arousal space consisting of forty-eight emotion adjectives in English. A proceeding study by I. Knez and S. Hygge [127] evaluated
a Swedish translation of the forty-eight emotion adjectives observed a reasonable consistency with earlier pleasure and arousal models. Similarly, the
studies conducted in [48, 143] proposed some adjectives to translate these
affective categories in specific domains. These adjectives can thus be a good
starting point for the present study.
Hypothesis
The main hypothesis to be validated by this first experiment is that the
literal translation of the labels associated with the dimensions of pleasure
and arousal may not be adequate across different cultures and languages.
The use of a single translated label may not encompass the original global
construct.
Participants
Participants were recruited through Prolific [166]. Prolific is an online platform for conducting experiments that handles the recruitment of participants
and the acquisition of participants’ personal information such as their nationality, age, and gender. The platform provides different filters to establish the
best suited participants for each experiment. When participants successfully
complete the experiment Prolific handles the payment. In case participants
do not complete the experiment properly (e.g., they fail attention check questions) they suffer a penalty that affects their eligibility for other experiments
and they do not receive any economic reward.
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In this first experiment, we required participants’ nationality, place of residence, and place of birth to be either Portuguese and Swedish in each case.
In addition, we also specified that the first language should be Portuguese or
Swedish in each case and that the age should be over 18 years old. Finally, we
set an approval rate of over 90%. This approval rate measures the percentage
of studies successfully completed by the participants and, in Prolific, is used
as a measure of the quality of the participants.
For this first experiment, 50 participants were recruited for each of the
target languages. In the Portuguese experiment, the sample was divided into
15 women and 35 men ranging in age from 18 to 67 years old (µ = 26.28,
σ = 9.98). The mean of the approval rate was situated at 99.36 with a
minimum of 95 and a mean of 73.84 studies performed successfully.
For the Swedish experiment, the sample was composed of 13 women, 35
men, and 2 participants who preferred to not indicate their gender. In this
case, the age of the participants ranged from 18 to 65 years old (µ = 29.96, σ =
9.99). The mean of the approval rate for Swedish participants was situated
at 99.50 with a minimum of 95 and a mean of 115.32 studies performed
successfully.
Materials
To translate the four affective categories associated with the dimensions of
pleasure and arousal (i.e., pleasure and its opposite misery, and arousal and
its opposite “Sleepiness”) into the target languages (i.e., Portuguese and
Swedish), we followed the methodology presented in [220]. According to this
methodology, for the first experiment (concerning identification of suitable
pleasure-arousal end-points), a set of labels was chosen for each language.
This labels were selected from the common Portuguese and Swedish labels
proposed in [48, 143] and [127] respectively. With the aim to minimize bias,
we complemented both set of labels with different synonyms collected from the
dictionaries: Priberam [177] and Infopedia [105] for Portuguese and Bab.la
[12] and Synonymer [214] for Swedish. Synonyms were included as found in
the dictionaries, while excluding synonyms that did not fit with the arousal
and pleasure end-points. Finally, from these research, we select 28 words
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for Portuguese and 30 words for Swedish. Then we divided these words into
four sets of words, approximately 5-9 words in each set for Portuguese (see
Figure 3.2) and with approximately 7-9 words in each set for Swedish (see Figure 3.3), representing end-points (low/high pleasure and low/high arousal).
To explore the words that participants related most closely to each of the
four affective categories in each target language, we designed an online questionnaire that was composed of four sections, one for each affective category.
In each section, two checkbox questions were designed to identify the best
words to translate each affective category. The first question asked each participant to read a set of words and select the word (or words) that clearly
did not express the same meaning as the rest of the words in the set. In
the second question, the same set of words was shown and each participant
was asked to read the set of words and select the word (or words) that best
represented the concept of that set.
We added an extra section containing an attention check question. Following the same structure as the questions in the previous sections, a set of
six words was shown, five of which represented color names and one a name
of an animal. Each participant was asked to carefully read the set of words
and to select the word (or words) that did not represent the same concept as
the rest of the set.
Procedure
In order to register for the questionnaire, participants had to enter their
Prolific ID. At the beginning of the experiment, participants were provided
with the instructions describing the task to be performed along with two
examples for illustrative purposes. Then, participants were asked to complete
the four sections of the questionnaire without a time limit.

Methodology of the second experiment
In the second experiment (concerning definition of emotions in terms of pleasurearousal), the aim was to detect the regions of the pleasure-arousal space associated to each emotion label in Portuguese and Swedish. Initially, for this
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experiment we selected the ten emotions proposed in [196]: “Fear”, “Surprise”, “Disgust”, “Anger”, “Boredom”, “Sleepiness”, “Sadness”, “Excitement”, “Calm”, and “Happiness”. Similarly to the first experiment, suitable labels for representing emotions were chosen that are common with the
Swedish labels of Knez and Hygge [127] and with the Portuguese labels presented in [48] and [143], coupled with the resulting end-point labels from the
first experiment. We decided to select for Portuguese the words: “Medo”,
“Surpresa”, “Aversão”, “Raiva”, “Aborrecimento”, “Sonolência”, “Tristeza”,
“Excitação”, “Calmo”, and “Felicidade”. On the other hand, for Swedish,
we decided to select the words: “Rädsla”, “Överraskad”, “Avsky”, “Ilska”,
“Uttråkad”, “Trött”, “Ledsen”, “Spänning”, “Lugn”, and “Lycka”. Due to
our approach to minimize bias while recognizing prior research, we believe a
suitable set of labels is selected.
Hypothesis
The main hypothesis for this second experiment is that the levels of pleasure
and arousal associated with an emotional label depends on the culture and
language. Therefore, the same pleasure and arousal values cannot be used to
represent emotion words/labels translated from one language to another.
Participants
In this second experiment, the Prolific platform was also used to recruit participants by applying the same demographic, language, age, and approval rate
filters as in the first experiment.
In the experiment with Portuguese participants, 50 women and 50 men
ranging in age from 18 to 52 years old (µ = 24.10, σ = 5.91) were recruited.
The mean of the approval rate for Portuguese participants was 99.06 with a
minimum of 95 and a mean of 82.44 studies performed successfully.
For the Swedish experiment, 50 women and 50 men ranging in age from
18 to 67 years old (µ = 30.79, σ = 10.37) were recruited. The mean of the
approval rate for Swedish participants was 99.39 with a minimum of 94 and
a mean of 80.19 studies performed successfully.
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Materials
To determine the values associated with the variables of pleasure and arousal
in a target language, we designed an online questionnaire composed of ten
prompts, one for each emotion label. Each prompt followed the same structure: the title of the prompt contained only an emotion label; then, two 7-item
Likert scales were used to assign the levels of pleasure and arousal associated
with the emotion label. The arousal scale comprised values from Very sleepy
to Very aroused and the pleasure scale comprised values from Very miserable
to Very pleased. Note that, in both scales, the value 4 corresponded to the
neutral value. In addition, an attention check question was shuffled along with
the ten prompts of the experiment. In this attention check question, participants were asked to assign to the label “Warm” a value between very cold
and very warm using a 7-item Likert scale as in the rest of the questionnaire
prompts.
Procedure
As in the first experiment, participants had to enter their Prolific ID to register for the questionnaire. At the beginning of the experiment, an explanation
of the objective of the experiment together with a brief introduction to the
dimensions of pleasure and arousal was given to the participants. In addition,
instructions describing the task to be performed were also provided. Participants were then asked to complete the ten questions of the experiment and
the attention check question with no time limit.

3.5

Results

First experiment
To measure the suitability of a word w to represent the translation of an
affective category c into a target language, we use the degree of acceptance.
The degree of acceptance (acceptc (w)) is defined as the difference between
the number of times the word w has been selected as representative for the
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affective category c and the number of times the word has been selected as
non-representative of that affective category.
Portuguese experiment
Figure 3.2 shows the degree of acceptance of the candidate words for the four
affective categories. For example, in the case of the affective category misery,
the degree of acceptance for “Infelicidade” was acceptmisery (Inf elicidade) =
22 indicating that the participants considered this word as very representative
for that affective category. In contrast, the degree of acceptance for “Aborrecimento” was acceptmisery (Aborrecimento) = −34 indicating that the majority
of the participants rejected this word to represent the affective category of the
group. Based on the participants’ choices in each affective category (see Figure 3.2), we have obtained the following words with a positive degree of acceptance: for pleasure participants chose the words “Felicidade”, “Alegria”, and
“Satisfação”; for misery the words “Infelicidade”, “Sofrimento”, “Angústia”,
and “Desespero” were chosen; for arousal the selected words were “Entusiasmo”, “Excitação”, and “Agitação”; and for sleepiness the words chosen
were “Cansaço”, “Sonolência”, and “Dormência”.
In the case of the label pleasure (Figure 3.2c), the words “Júbilo”, “Contentamento”, and “Prazer” had a negative degree of acceptance. For the
label misery (Figure 3.2d), “insatisfação” has a neutral degree of acceptance
and “Aflição”, “Miséria”, “Aborrecimento”, and “Desprazer” has a negative
degree of acceptance. The label arousal (Figure 3.2a) has two words with a
degree of acceptance “Ativação” and “Alerta”. Finally, the label sleepiness
(Figure 3.2b) has three words with negative degree of acceptance “Apatia”,
“Desativação”, and “Entorpecimento”.
The labels generally used for the affective category of pleasure in previous
Portuguese studies [48, 143] are “Prazer” for pleasure and “Desprazer” for
misery (displeasure), which was an expected result of the first experiment in
Portuguese, which could capture a general meaning of pleasure and misery.
However, these words were not chosen by the participants. Intuitively, this
result is due to the less intensive meaning of the word “Prazer” in comparison
to “Felicidade” and “Alegria” (chosen by the participants), and the less in— 67 —
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tensive meaning of the word “Desprazer” in comparison to “Infelicidade” and
“Sofrimento” (chosen by the participants). From the experiment results, and
by being strict to our unbiased approach, it would not be numerically possible to include the word “Prazer” in Figure 3.2c and the word “Desprazer” in
Figure 3.2d because these two words have a negative degree of acceptance by
the participants.
Other labels chose by the participants, such as “Sonolência”, “Cansaço”,
“Entusiasmo”, and “Contente”, are shared with the Portuguese labels of
[143], which can suggest their suitability. However, the labels “Dormência”,
“Agitação”, “Desespero” where not included in that study. Intuitively, this
result is due to the more intensive or clear meanings of these labels than some
of their synonyms, e.g., “Preguiçoso”, “Tenso”, “Chateado”, respectively, included in the study by [143].
In order to perform the second experiment, we decided to select for the
affective categories arousal, sleepiness, and pleasure, those words with a positive degree of acceptance, obtaining three words for each affective category.
However, by applying the same criteria for misery, four possible words were
obtained. To avoid bias and misunderstandings, we decided to maintain a
homogeneous number of words for each affective category and, therefore, for
the affective category misery we selected the three words with the highest
level of acceptance.
Swedish experiment
The results obtained for the first experiment conducted with Swedish participants are shown in Figure 3.3. Analyzing the degree of acceptance of these
results, we can appreciate that there is a larger set of words with positive
degree of acceptance than in the case of the experiment conducted with Portuguese participants. However, it is important that none of the sets have
terms that may be contradictory or confusing. If this happens we have two
options: we can select three words instead of two (to increase the context) or
we can select only one word (to reduce confusion). We ended up using two
words for each end-point, which we believe resulted in suitable sets of labels
(with sufficient contextual space and minimal confusion) for the second exper— 68 —
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iment. Therefore, based on the participants’ choices, this resulted in “Lycka”
and “Glädje” for pleasure, “Otillfredsställelse” and “Missnöje” for misery,
“Spänning” and “Upphetsning” for arousal, and “Slöhet” and “Trötthet” for
sleepiness.
Commonly used labels for hedonic tone (pleasure/misery) in prior Swedish
studies and literature [211, 120] are “Behag” for pleasure and “Obehag” for
misery (displeasure). This was an expected result of the first Swedish experiment, which arguably would capture a general meaning of pleasure and
misery. However, these words were not chosen by the participants. Intuitively, this result is due to the less intensive meaning of the word “Behag”
in comparison to “Lycka” and “Glädje” (chosen by the participants), and
the less intensive meaning of the word “Obehag” in comparison to “Otillfredsställelse” and “Missnöje” (chosen by the participants). From the results
of the experiment, and by being strict to our unbiased approach, it would not
be numerically possible to include the word “Behag” in Figure 3.3c and the
word “Obehag” in Figure 3.3d without also including words in other sets that
could increase confusion. This result reinforced our decision using two words
for each end-point.
Other labels chosen by the participants, such as “Lycka”, “Glädje”, “Slöhet”,
and “Trötthet”, are common with the Swedish labels of Knez and Hygge
[127], which can suggest their suitability. However, the labels “Missnöje”,
“Spänning”, “Upphetsning” where not included in the study by Knez and
Hygge. Intuitively, this result is due to the more intensive or clear meanings
of these labels than some of their synonyms, e.g., “Besvärad”, “Upprymd”
and “Begeistrad”, respectively, included in the study by Knez and Hygge.
More intensive and clear labels for end-points have been observed to have
clearer conceptions [15], which can suggest their suitability to be used as
pleasure and arousal end-points.

Second experiment
To analyse the results of this second experiment, we will refer only to the
dimensions of Pleasure and Arousal, considering that Misery is negative Pleasure and Sleepiness is negative Arousal.
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Table 3.1: Circular mean and circular standard deviation in degress for each
emotion in Portuguese, Swedish, and Spanish languages.
Emotions in English
Label/word
Fear
Surprise
Disgust
Anger
Boredom
Sleepiness
Sadness
Excitement
Calm
Happiness

Emotions in
Label/word
Medo
Surpresa
Aversão
Raiva
Aborrecimento
Sonolência
Tristeza
Excitação
Calmo
Felicidade

Portuguese
Mean
Sd
160.12 39.25
62.79 21.02
195.37 41.88
151.60 37.72
245.96 21.11
259.19 18.04
207.78 15.51
53.18 8.64
312.68 46.76
40.22 7.66

Emotions
Label/word
Rädsla
Överraskad
Avsky
Ilska
Uttråkad
Trött
Ledsen
Spänning
Lugn
Lycka

in Swedish
Mean
Sd
136.93 21.62
75.06 18.86
167.88 34.00
140.95 8.20
230.33 9.46
254.39 16.79
205.69 20.31
76.78 20.96
325.44 37.77
32.66 15.64

Emotions
Label/word
Miedo
Sorpresa
Asco
Enfado
Aburrimiento
Somnolencia
Tristeza
Emoción
Calma
Felicidad

in Spanish
Mean
Sd
125.51 15.61
71.63 26.38
182.58 43.65
138.55 16.90
245.34 21.41
263.59 15.56
196.02 22.48
39.97 10.32
318.12 35.89
25.09 19.02

In a previous analysis of the results, those responses in which the participants selected both neutral values (i.e., the 4th item in both Likert scales) in
the pleasure and arousal dimensions were removed. This decision was made
according to previous studies in which it was evidenced that, at values close
to zero in both dimensions, the intensity of emotions is so low that it can
be considered that there is no emotion [183]. Then, we scaled the obtained
responses so that the 1st item of the Likert scale corresponds to the value
−1 and the 7th item of the Likert scale to the value 1 of the coordinate axis.
Note that the 4th item in the Likert scale corresponds to the value 0 (i.e. the
origin of coordinates of the polar representation). Once scaled, we calculated
the angle of each response from the pleasure and arousal values. This angle
represents an approximation to the conceptualization that each participant
associates with an emotion in the pleasure and arousal space. Finally, we
estimated the dispersion of the samples for each emotion in each of the two
languages and we removed the possible outliers.
Table 3.1 summarizes the results obtained in the second experiment in the
Portuguese and Swedish languages, as well as the results of the previous experiment conducted with Spanish-speaking European participants presented
in [220]. This table presents the mean angle for each emotion together with its
circular standard deviation obtained using the Formula 3.1. To facilitate the
visualization and the analysis of the distribution of the ten emotions in the
circular space composed of the pleasure and arousal dimensions, we proposed
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the use of the circular boxplots [36] that can be seen in Figures 3.4 and 3.5
for Portuguese and Swedish respectively.
Portuguese experiment
The values of pleasure and arousal associated with the 10 emotions in Portuguese resulting from the second experiment can be seen in Table 3.1.
In this experiment, some emotions had a much larger standard deviation
than others. It can be a result of either unclear labelling or that the participants had a clearer conception of some emotions, making it easier to define
them in terms of pleasure and arousal. For instance, “Excitement” and “Happiness” had more clear responses from the participants, while emotions such as
“Calm” and “Fear” seemed to be more challenging to define. This goes in line
with previous research, which has observed that stronger/intense emotions,
such as “Happiness”, have more precise conceptions (emotional differentiation). Similar observations could be made when comparing languages. For
some emotions, the standard deviation had apparent differences between the
Portuguese test and the Swedish test. The Portuguese test had much clearer
“Excitement”, “Happiness”, and “Sleepiness” definitions. Intuitively, it can
be that these emotion labels have more precise definitions in Portuguese.
Comparing the Swedish, Spanish, and Portuguese emotion measures, we can
observe similarities on “Excitement”, “Boredom”, and “Sleepiness” on Portuguese and Spanish measures (Table 3.4).
Based on Table 3.1 and Figures 3.4 and 3.7, we can observe: i) positive arousal and positive pleasure are related to the emotions “Happiness”,
“Excitement”, and “Surprise”; ii) positive arousal and negative pleasure are
related to “Anger” and “Fear”; iii) negative arousal and negative pleasure are
related to “Disgust”, “Boredom”, “Sleepiness”; and iv) negative arousal and
positive pleasure are related to “Calm”.
Furthermore, we can verify that they keep their values in the quadrants,
considering the median and the standard deviations “Happiness” and “Excitement” (positive arousal and pleasure). For the other emotions, and based
on Figure 3.4, 75% of the results belong to the quadrant of the median of
each emotion, but 25% of the results belong to different quadrants.
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According [222], the proximity or distance between the emotions represented circumference assume the similarity or difference between emotions.
The model defines that emotions are less positively correlated when they are
approximately 90 degrees apart. At 90 degrees apart, two affective states
should be very little or not correlated. In turn, at 180 degrees of distance,
affective states must be negatively correlated. Thus, based on Figure 3.7a),
we can verify that “Sleepiness”/“Boredom” is negatively correlated with “Excitement”/“Happiness”.
Swedish experiment
Similar to the Portuguese experiment, in the second Swedish experiment,
some emotions had a much larger standard deviation than others. Once again,
this can be a result of either unclear labelling or that the participants had a
more clear conception about some emotions, making it easier to define them
in terms of pleasure and arousal. For instance, “Anger” and “Boredom” had
more clear responses from the participants, while emotions such as “disgust”
and “Calm” seemed to be more difficult to define. This also goes in line with
previous research, which has observed that stronger/intense emotions, such
as “Anger”, have clearer conceptions (emotional differentiation) [15].
Similar observations could be made when comparing languages. For some
emotions, the standard deviation had clear differences between the Swedish
test and the Portuguese test. A reason for this can be cultural as well as
personal. For instance, “Excitement” (translated to “Spänning” in Swedish)
that in English commonly is perceived as a positive emotion, can in Swedish
(depending on the context) be perceived as either negative (e.g., too exciting
or a scary level of thrill) or positive (e.g., having fun or expecting/waiting
for something good). This is observed in the Swedish test result, where “Excitement” spans from pleasure to displeasure, although pleasure is dominant
(see Figure 3.6). The Portuguese test, however, had much clearer “Excitement” definitions, being strictly pleasurable (see Figure 3.6). Other emotions,
such as “Boredom” and “Anger” had much smaller standard deviations in the
Swedish test compared to the Portuguese test (see Figure 3.4 and 3.5). Intuitively, it can be that these emotion labels have more precise definitions in
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Swedish.

3.6

Discussion

Comparison between languages
Analyzing the results of the first experiment shown in Figure 3.2, the Portuguese label “Prazer” (pleasure) has a negative impact, which may be explained based on the cultural and religious aspect, because on Portuguese
meaning, “Prazer” (pleasure) is associated to sexual pleasure instead of happiness and have a negative opinion on society. In the same way, the label
“Desprazer” (displeasure) also have a negative impact on the label choice,
which sustain the previous explanation.
From the second experiment, comparing the Portuguese and Swedish emotion measures (see Figure 3.4 and 3.5), we can observe a small decrease
in arousal and pleasure for the Portuguese on all “negative” emotions (i.e.,
“Fear”, “Anger”, “Disgust”, “Sadness”, “Boredom”, and “Sleepiness”), approximately increasing the angle representation of each Portuguese emotion
with 5-10 degrees. While the same could not be observed for more “positive”
emotions (i.e., “Excitement”, “Happiness”, and “Surprise”), an interesting
point is that the difference is similar/consistent for all emotions in set “negative” emotions. Furthermore, in Figure 3.7, we can observe that “Fear”
and “Anger” have less intense arousal for Portuguese results on the second
experiment than Spanish and Swedish results. Also, for “Happiness”, the
Portuguese result is more intense in terms of pleasure and arousal. Finally,
the “Calm” emotion has less intense pleasure than Spanish and Swedish, but
the arousal intensity is similar to the Swedish results.
From these observations we may conclude that: i) there is a cultural difference in the subjective experience of these emotions, and ii) there seems to
be a cultural modifier that is consistent across emotions. We may thus make
a third conclusion: iii) we are measuring similar emotions in the Swedish
experiment and the Portuguese experiment, if normalized with the observed
cultural modifier. This is interesting from a modelling perspective. If able
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Figure 3.6: Mixture of Von Mises curves of the ten emotions in Portuguese,
Swedish, and Spanish. The axis represents the angles αe in degrees.
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Table 3.2: Results of the chi-square test for the comparison of the distribution
of emotions across languages. Note that * indicates p-value < 0.05.
Portuguese - Swedish
Emotion χ2 value (df) p-value
Fear
45.899 (15) 0.000*
Surprise
21.884 (10) 0.015*
Disgust
53.519 (18) 0.000*
Anger
54.674 (14) 0.000*
Boredom
56.461 (8) 0.000*
Sleepiness
8.8291 (7)
0.265
Sadness
18.458 (9) 0.030*
Excitement
83.071 (9) 0.000*
Calm
26.338 (15) 0.034*
Happiness
22.512 (8) 0.004*

Portuguese - Spanish
χ2 value (df) p-value
75.95 (15) 0.000*
30.313 (12) 0.002*
19.224 (18)
0.378
25.506 (14) 0.029*
3.314 (8)
0.913
12.584 (7)
0.082
22.028 (11) 0.024*
61.470 (7) 0.000*
16.788 (12)
0.157
43.523 (7) 0.000*

Swedish - Spanish
χ value (df) p-value
23.951 (8) 0.002*
23.119 (11) 0.017*
56.231 (18) 0.000*
31.708 (7) 0.000*
58.382 (9) 0.000*
21.064 (8) 0.006*
24.191 (13) 0.029*
121.82 (12) 0.000*
12.567 (14)
0.560
20.367 (9) 0.015*
2

to measure and identify cultural modifiers for the experience of emotions (independent of particular emotions), these can work as heuristics in shared
representations of emotions across cultures.
We performed a comparative analysis of the Portuguese, Swedish, and
Spanish samples to identify the existence of possible discrepancies between
languages when assessing the levels of pleasure and arousal for the ten emotions. Since the nature of the experiment implies that we have a finite number of possible combinations of responses and, consequently, we have a finite
number of possible angles. Therefore, we decided to apply a Chi-square test
to test whether there were significant differences between language and the
angles associated with emotions. The starting hypotheses for this analysis
are: the null hypothesis h0 “the angle associated with an emotion is independent of culture and language”; and the alternative hypothesis h1 “the angle
associated with an emotion and culture and language have some degree of
dependence”.
Table 3.2 shows the results of this analysis. When testing whether there
is a dependence between Portuguese and Swedish we can appreciate that,
except for the case of “Sleepiness”, we can reject the null hypothesis h0 with
a confidence level of 95%, i. e., there is a language dependence in the selection
— 79 —

3.6. DISCUSSION
of emotion angles. In other words, for nine of the ten emotions, the differences
between the emotion angles are statistically significant between languages.
The same applies when comparing Swedish with Spanish. As we can see,
there is statistically significant evidence that the selection of the emotion
angle depends on language in nine of the ten emotions (all except “Calm”).
However, when comparing Portuguese with Spanish, we can observe that
these differences are reduced. In this case, we find four emotions (“Disgust”,
“Boredom”, “Sleepiness”, and “Calm”) for which we do not have enough
evidence to reject the null hypothesis h0 with a confidence level of 95%. These
results are interesting, since at the linguistic and cultural level, there are
greater similarities between Portuguese and Spanish than between Portuguese
and Swedish or Spanish and Swedish. Considering the fact that Portuguese
and Spanish share a greater lexical similarity since both are included in the
Ibero-Romance language family group [168], these results are in line with the
results obtained in previous work with the study developed in [107] (described
in Section 3.2) in which similarities between language families were observed.

A cross-cultural model of affect adapted to Portuguese
and Swedish
As discussed in Section 3.3, although a dimensional model provides a general
representation of affective states, it is necessary to adapt the representation
of affective labels to the language in which the model is going to be used. For
this purpose, from the results obtained in the experiments with Portuguese
and Swedish participants, we estimated the probability regions for the ten
emotions in the pleasure and arousal space using the Von Mises distribution
described in Formula 3.3. Figure 3.6 shows the estimated Von Mises distributions for the ten emotions in Portuguese, Swedish, and Spanish. From these
distributions, we have generated an emotional representation model for the
Portuguese and Swedish languages following the model presented in Section
3.3 for the Spanish language. Figures 3.8 and 3.9 show a graphical representation of the probability regions for the Portuguese and Swedish affect
representation models using one standard deviation. As in Figure 3.1, the
outer rings of Figures 3.8 and 3.9 represent the regions assigned to each emo— 80 —
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Figure 3.8: Distribution of probability functions in the pleasure-arousal space
using one standard deviation for Portuguese.
Table 3.3: Example of the results of the Emotion Representation process for
the emotion “Happiness” with a Medium intensity.
α
|v| Pleasure Arousal
Portuguese 40.22◦ 0.625
0.477
0.404
◦
Swedish
32.66 0.625
0.526
0.337
◦
Spanish
25.09 0.625
0.566
0.265
tion in each language, while the inner rings represent the different levels of
intensity.
Once defined the representation models of affect for Portuguese and Swedish,
to allow the representation, interpretation, and expression of affective states
using a polar representation, we designed two processes (described in detail in
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Figure 3.9: Distribution of probability functions in the pleasure-arousal space
using one standard deviation for Swedish.
[220]): the Emotion Representation process and the Emotion Expression process. The Emotion Representation process is a defuzzification process that,
based on the mean values obtained in the experiments for each emotion, allows
the agent to represent in the pleasure-arousal space the emotions recognized
or internally elicited as part of an affective process (e.g. appraisal process).
For example, when an affective agent needs to represent the emotion “Happiness” with a Medium intensity, the Emotion Representation process uses the
mean angle α of the emotion “Happiness” adapted to the cultural environment to estimate the angle of the vector α. To estimate the modulus of the
vector |v| we use the midpoint of each intensity region. In the example, the
Medium intensity corresponds to 0.625 (the midpoint between 0.5 and 0.75)
(see Figure 3.8). Table 3.3 shows the values of pleasure and arousal when
applying the Emotion Representation process to emotion “Happiness” with
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Table 3.4: µAi (u) values for the example (u = 0.625).
Neutral Weak Medium Strong
µAi (0.625)
0
0
1
0
Table 3.5: Example of µB j (α) values for α = 245◦ . For the Portuguese and
Swedish labels see Table 3.1.
Fear Surprise Disgust Anger Boredom Sleepiness Sadness Excitement Calm Happiness
Portuguese 0.075
≈0
0.374 0.037
0.998
0.723
0.055
≈ 0 0.253
≈0
Swedish
≈0
≈0
0.059
≈0
0.311
0.844
0.147
≈ 0 0.079
≈0
Spanish
≈0
≈0
0.271
≈0
0.999
0.479
0.087
≈ 0 0.102
≈0

a Medium intensity in Portuguese, Swedish, and Spanish. The formulas to
obtain these values are described in detail in [220].
The Emotion Expression process is a fuzzification process that allows an
affective agent to express an affective state using the same label/word in
the same language as its human interlocutor. We provide two fuzzy functions, µAi (u) and µB j (α) (described in detail in [220]), to estimate the most
appropriate terms to express the intensity and type of emotion, respectively,
according to the cultural environment. To illustrate how these fuzzy functions
work, let us consider the following example in which an affective agent wants
to express its affective state represented by the vector v~e (see Figure 3.8),
formed by the components Pleasure = −0.264 and Arousal = −0.566. The
angle of the vector is 245◦ and the modulus of the vector is 0.625. According
to the modulus of the vector, the formula for the intensity of the Emotion
Expression process produces the results shown in Table 3.4. Therefore, the
intensity level of the emotion is Medium. Table 3.5 shows the estimated probability of the possible emotion labels for the Portuguese, Swedish, and Spanish
languages applying the formula for the type of the Emotion Expression process to a direction of the vector of 245◦ . According to this results, we can
conclude that the most probable emotion label to be used by the agent for
the Portuguese and Spanish languages is “Boredom” (i.e., “Aborrecimento”
for Portuguese and “Aburrimiento” for Spanish) with a probability of 0.998
and 0.999 respectively, while for Swedish it is “Sleepiness” (i.e., “Trött”) with
a probability of 0.844.
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Table 3.6: Results of the chi-square test for the study of the influence of gender
and age on the assignment of pleasure and arousal values for the ten emotions
in the Portuguese and Swedish samples. Note that * indicates p-value < 0.05.
Portuguese
Gender
Age
2
2
Emotion χ value (df) p-value
χ value (df) p-value
Fear
11.084 (14)
0.679
12.471 (14)
0.568
Surprise
9.055 (8)
0.337
18.130 (8) 0.020*
Disgust
18.528 (14)
0.183
12.134 (14)
0.595
Anger
15.896 (14)
0.319
18.255 (14)
0.195
Boredom
8.443 (7)
0.295
4.610 (7)
0.707
Sleepiness
9.380 (6)
0.153
9.619 (6)
0.141
Sadness
6.808 (6)
0.338
9.303 (6)
0.157
Excitement
1.656 (3)
0.646
5.300 (3)
0.151
Calm
3.954 (9)
0.914
15.151 (9)
0.086
Happiness
2.893 (4)
0.575
3.502 (4)
0.477

Swedish
Gender
Age
2
2
χ value (df) p-value
χ value (df) p-value
6.789 (8)
0.559
5.618 (8)
0.056
5.618 (6)
0.467
16.206 (6)
0.766
16.206 (13)
0.238
3.520 (13)
0.382
3.520 (4)
0.474
1.346 (4)
0.133
1.346 (4)
0.853
10.313 (4)
0.130
10.313 (6)
0.112
10.059 (6)
0.092
10.059 (8)
0.260
11.437 (8) 0.043*
11.437 (9)
0.246
10.237 (9)
0.559
10.237 (14)
0.744
6.179 (14)
0.152
6.179 (7)
0.518
0.518 (7)
0.054

Gender and age comparison
As in the case of language, we performed a comparative analysis of the samples
to identify the existence of possible discrepancies between gender and age
when assessing the levels of pleasure and arousal for the ten emotions using
Chi-square test. Applying a criterion of homogeneity for sample size, we
divided the age into two groups according to the median, which was 29 for
the Swedish participants and 32 for the Portuguese participants.
Table 3.6 shows the results of the comparative analysis of the samples for
gender and age using the Chi-square test. The starting hypotheses for this
analysis are: the null hypothesis h0 “the angle associated with an emotion
is independent of gender/age”; and the alternative hypothesis h1 “the angle
associated with an emotion and the gender/age have some degree of dependence”. Regarding gender, we can see that in the experiment conducted with
both Portuguese and Swedish participants, the p-value of the results indicate
that there is not enough evidence to reject the null hypothesis h0 at a confidence level of 95%. Therefore, there is not enough evidence to determine
that there is a dependence between gender and the angle that participants
associated with emotions.
Similarly, attending to the general results for the age comparison, we can
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observe that in both languages there is not enough evidence to indicate that
there is a dependence between age and the angle associated with emotions.
However, we find two emotions, surprise in the case of Portuguese and sadness
in the case of Swedish, where the p-value is less than 0.05. That is, with a
confidence level of 95%, the null hypothesis h0 is rejected. In other words,
there seems to be a dependence between the selected angle and age for these
two emotions. This result may be due to a bias in age that occurs when
dividing the samples into two homogeneous groups comprising different age
ranges.

Importance of multidimensional models
We can clearly observe, by the results of this study, that emotions, defined
by the dimensions of pleasure and arousal, do not mean the same thing everywhere. To design universal affective agents, we need multidimensional
models that capture these cultural differences. People from different parts of
the world can physically and psychologically feel emotions in a similar way,
but perceive, interpret, or convey the emotions differently. Such differences
in perception of emotions can contribute to what attitude people have toward
certain emotions and emotional expressions. Affective agents must be able to
represent, detect, and express emotions in a way that follows the individual’s
conceptions. Natural language processing (NLP) has mainly been based on
supervised learning, trained on large sets of conversational data, where deep
learning methods have seen great potential. In the context of emotion detection NLP is usually based on finding specific predefined keywords as “Surprised”, “Sad”, and “Angry” [84]. The observed cultural differences in the
interpretation of emotions can thus be miss represented in these models. The
multidimensional model presented in this study can provide affective agents
with enhanced capability of emotional differentiation, which is increasingly
important in phase with the progressed development of NLP-based conversational interfaces.
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Applications

A cross-cultural affective agent model
Although the representation based on the dimensions of pleasure and arousal
can be considered universal in the definition of the agent’s internal structure
of knowledge representation, for an affective agent to be able to represent,
interpret, and express affective states it is necessary to adapt this representation to the cultural environment in which it is going to be used. In addition,
when an affective agent evolves in several different cultural environments, it
also requires the ability to adapt its affective behavior to these environments.
This can be achieved by defining a specific pleasure and arousal space for
each cultural environment. In this paper, we present three different models of
affect representation adapted to Portuguese, Swedish, and Spanish. All these
two-dimensional representations can be easily incorporated into the affective
component of a multicultural affective agent allowing it to interpret, represent,
and express affective states using the same language as its human interlocutor and adapting to his/her cultural variations. Then, through the Emotion
Representation process and the Emotion Expression process, the agent can
represent and express different affective states in different languages. The
example presented in Section 3.6 illustrates how an affective agent could use
these models to adapt its behavior to the cultural environment of its human
interlocutor.

Application in Human-Aware Planning
The multicultural representation model of affect proposed in this paper can
be utilized in a human-aware planning scenario [41], where a software agent
requires a model of a human user’s emotional state for planning its actions in
interaction with the user.
Let us consider a software assistant, designed to manage a human user’s
stress during their interaction by adjusting its behavior or output. The agent
utilizes a logic-based knowledge base that captures: i) a model for representing emotions, ii) a human stress-model, in which different sets of emotions
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Figure 3.10: A stress relief plan consists of a sequence of subgoals (G1-G3)
and a final goal (G4).
are linked to stress-states, and iii) a decision-model, through which the agent
generates a sequence of actions aiming to change a set of unwanted emotions to a set of wanted emotions. The agent does this by influencing the
user’s pleasure and arousal through appropriate interactive actions. In order to identify goals (suitable emotional change) and avoid obstacles (less
suitable emotional change), the agent deliberates about alternative plans by
considering emotions defined in the pleasure-arousal space (see Figure 3.10).
Stress-model: Previous research has observed that psychological stressresponses often include a complex array of “negative” emotions, such as depression, anxiety, anger, and distress [63]. Following these results, we can
define negative stress as a set of emotions, which share a high level of arousal
and (usually) low pleasure. This would mean that the upper-left part of
the pleasure-arousal space captures a set of emotions that represent negative
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stress. A desired goal of the agent is to decrease stress. A stress-relief state
can (intuitively) be defined by a set of emotions with lower arousal and/or
higher pleasure. However, there may be more or less suitable ways for achieving stress relief. Whether to decrease arousal or increase pleasure in a moment
depends on the current emotional state of the human, the current context,
and a variety of personal and cognitive attributes. Desirable plans for stress
relief are generated by the system’s decision-model.
Decision-model: A method for defining a decision-model for picking
suitable actions to influence emotions is to conduct knowledge elicitation processes [208] with relevant experts, such as psychologists. By consulting experts (as well as relevant psychological theories) we can understand how to
appropriately deal with emotional change, and capture this knowledge in explicit decision-rules. These rules helps the agent to anticipate how the mental
model of the human will change and pick suitable actions in each state of
the interaction. A decision-model can be modelled in the structure of a transition system [83] (consisting of states S and transitions between states), in
which each state corresponds to a set of emotions, and transitions correspond
to suitable change, triggered by an action or a set of actions, between emotional states. A sequence of actions that trigger transitions between states
constitute a plan to reach emotions that represent stress relief (e.g., from a
state representing “Stress”, a set of actions and transitions lead to a state
representing “Calm”). Through the constraints of the transition system, the
agent can decide which emotions to aim for next, depending on the current
emotional state. The decision-model can, for instance, be implemented in
Action Reasoning [83]. In action reasoning, a set of (emotion influencing)
actions A are defined. An action a ∈ A has preconditions, stating from which
emotional states an action can be executed, and post-conditions, stating the
estimated emotional change (proceeding state) after the action is executed.
The solutions of the planning problem (the generated plans) are returned as
trajectories of length n, hs0 , A1 , s1 , A2 , . . . , An , sn i, which are sequences of
sets of actions ⊆ A and states sn of S satisfying the conditions for suitable
emotional change specified by the decision-model.
Interaction: The actions of A are by extension connected to specific
interactive actions by the agent, depending on how it is embodied/visual— 88 —
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ized and on the particular application, e.g., changing its behavior, facial expressions, voice feedback, or by other means influencing the human’s beliefs,
indirectly changing pleasure and arousal. For instance, interactions could result in the following trajectory, consisting of emotional states and sets of actions: hs0 : {F ear, Anger}, A1 : {P ause, Speak slowly,Clarify expectations},
s1 : {N ervousness}, A2 : {Smile, Show instructions}, s2 : {Collected},
A3 : {P ause, Smile, Kind voice}, s3 : {Calm}i.
The interaction is dependent on reliable ways to elicit pleasure and arousal
levels of the human user. Depending on the application, this can for instance
be achieved by using appropriate machine learning models for classifying pleasure and arousal from psychological data, and/or through a user interface,
where the human user supplies the system with subjective emotional data in
terms of emotion-labels (in the user’s own language).

3.8

Conclusions

One of the main challenges in improving human-machine interaction and simulations of human behavior and human social organizations is to establish
models that allow agents to represent, express, and interpret affective states.
In this sense, dimensional representations of affect seem to be promising since
they allow modeling affective states through continuous dimensions. However, it is necessary to consider that, in dimensional approaches, cultural and
language variations in the values of the dimensions associated with the different affective states arise. Therefore, it is necessary to establish representation
models of affect capable of adapting to these cultural variations. In this paper, we show the results of experiments conducted to adapt a model of affect
representation to the Portuguese and Swedish language. For this purpose,
we apply a methodology based on two experiments. In the first experiment,
we establish the most feasible translations for the affective categories that
define the dimensions of pleasure and arousal. The obtained results show the
importance of performing this type of experiments when translating complex
cognitive constructs such as emotions or affective categories. For example,
in the case of Swedish, the most common translation for the pleasure dimen— 89 —
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sion is “Behag”. However, participants preferred to choose the words “Lycka”
and “Glädje” while, for misery, participants preferred “Otillfredsställelse” and
“Missnöje” over “Obehag” which is the most common translation. The same
pattern was observed in Portuguese, where the most common translations in
the literature for the pleasure dimension are “Prazer” and “Desprazer”. However, participants preferred to choose “Felicidade” and “Alegria” for pleasure
and “Infelicidade” and “Sofrimento” for misery.
Based on the results of the first experiment, in the second experiment we
explored the regions associated with the different emotions in the pleasurearousal space. To avoid bias, we decided to contextualize each affective category with the words most rated by participants. The analysis of the results of
this second experiment shows the importance of adapting the models of affect
representation to the cultures and languages in which they will be used. We
have shown the existence of significant differences in the values of pleasure
and arousal associated with emotions across languages and cultures. These
differences increase when the languages come from different language families,
as in the case of Portuguese and Swedish. The results also show that there
do not appear to be significant differences in gender or age when associating
levels of pleasure and arousal with emotion labels.
The results of the second experiment have been used to design two new
computational models of affect representation based on the dimensions of
pleasure and arousal adapted to Portuguese and Swedish languages. In both
models affective states are represented as vectors in which the direction indicates the type of affective state and the modulus indicates its intensity.
To determine the type of affective state we use a representation based on
probability regions. Probability regions allow us to estimate, with a certain
degree of uncertainty, the probability that a vector belongs to a certain type
of affective state.
We propose two applications for these models. On the one hand, we propose a model of affective agent capable of evolving in different cultural environments. The affective agent incorporates multiple models of affect representation adapted to different cultural environments allowing it to adapt
its affective behavior according to the language and culture of its human
interlocutor. On the other hand, we propose the use of these models in a
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human-aware planning scenario. The agent represents the affective state of
the user as a function of his cultural environment. Then, the agent uses
the vector representation to guide its actions in order to influence the user’s
affective state and redirect it towards a target affective state.
The multidimensional model presented in this study can provide affective agents with enhanced capability of emotional differentiation, which is increasingly important in phase with the advances of NLP-based conversational
interfaces. The proposed model can enable affective agents to represent, detect, and express emotions in a way that follows an individual’s conceptions,
independent on cultural context.
We are currently working on the development of the application models
proposed in this paper. We are also interested in studying the influence of
other dimensions, such as the dominance dimension, on the model of affect
representation. In particular, we are interested in analyzing whether these
dimensions allow us to improve the identification of affective states such as
“Fear” or “Anger”.
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Abstract
Humans use rather vague and imprecise words to express emotions. Therefore,
fuzzy logic allows computational affective models to use emotions in the same way
that human beings express them. However, people from different cultures and
languages assign different meanings to the same emotion word. Unfortunately,
there are still no affective computing models that really take these two factors
into consideration. In this paper, we propose a fuzzy model of appraisal for multiagent systems that is adapted to Spanish-speakers. Our methodology has two steps.
First, the agent evaluates an event using a set of fuzzy appraisal rules that returns
a fuzzy emotion. Then, a defuzzification process returns the Pleasure and Arousal
dimensions of the emotion that will be internally represented as a vector in a twodimensional space. This vector is used to update the agent’s mood according to
the agent’s personality. The agent can express this internal emotional state using
a fuzzification process that translates the agent’s mood into a fuzzy emotion. This
fuzzification process uses the results of an experiment to generate a fuzzy emotion
that is adapted to the cultural environment in which the agent is located. This
methodology can be easily adapted to other languages.
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4.1

Introduction

Over the last few years, the way in which humans interact with machines has
been changing. The emergence of virtual assistants for both mobile phones
and home is helping to facilitate how humans communicate with machines.
However, human beings are emotional beings and these interactions can be
improved by taking into account human emotions. Emotions affect the way
in which we interact with others and establish links that will be the basis of
future relationships. Thus, a computer system that can express emotions and
understand the emotions of its human interlocutor will be able to improve its
interactions with humans.
Affective computing [170] is the area of computation related to emotions
that is based on theories of the sciences of psychology and cognition. One of
the main goals of affective computing is to design computational models of affect to simulate human emotional behavior in a realistic way. Thus, different
proposals have been designed from the computational [81, 148, 186] and psychological [201] perspectives. However, in general, most of these proposals are
simplifications of psychological theories that were not originally proposed to
be incorporated into computational models, thus reducing emotions to simple
labels (as in emotion recognition) [103]. When this label-based representation is used, some inherent properties of emotions, such as the intensity or
the proximity to other emotions, is lost. In this paper, we propose an internal
representation of emotions using a continuous multidimensional space that is
more appropriate for use in computational models since it provides a great
capacity to represent emotions and mood, and we analyze their variations
when receiving both internal and external stimuli.
Considering that humans use expressions like ”very happy” or ”a little
sad”, in recent years, some authors have proposed the use of fuzzy logic [238]
to model affective processes since fuzzy logic is closer to the way in which
human beings express their emotions [116]. On the other hand, another important difficulty when studying emotions is that the internal way of feeling
emotions is highly dependent on the person’s personality and the cultural
environment. Different authors have shown that emotions depend on language and culture [196, 227]; specifically, the same emotion name/label can
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be interpreted in a different way in different cultures. Moreover, different
people show different amounts of spoken affect according to their language
and cultural characteristics. That means that any appraisal process used in
an affective agent should be adapted to the culture and language in which
the agent will be used. Therefore, when computational models of affect are
designed, the cultural environment in which they will be used must be considered. However, even though cultural and language factors are taken into
account in other domains such as personal assistants, to our knowledge, there
are still no affective computing models that really take cultural and language
factors into consideration.
This paper presents a new appraisal model for a multi-agent affective BDI
architecture [180] based on fuzzy logic that is adapted to cultural and language
factors. Our proposal is composed of two independent processes. First, in the
Event Appraisal process, an event is evaluated using fuzzy rules, producing a
fuzzy emotion as a result. Second, the Affect Adaptation process defuzzificates
the appraised emotion obtaining its Pleasure and Arousal dimensions, which
are adapted to the cultural and language in which the emotion was elicited.
These dimensions are used to update the agent’s mood using the elicited
emotion, taking into account the agent’s personality and the language and
culture in which the agent is located.

4.2

Previous work

Over the years, different theories have been developed to explain what emotions are and how emotions are elicited. Appraisal theories postulate that
emotions are the result of an evaluation process that is triggered when an
event occurs. From a theoretical perspective, the appraisal process is a response to a stimulus that triggers a series of processes that is in charge of
evaluating that stimulus and, as a result, eliciting an emotion. In most cases,
the appraisal process is explained using a set of variables known as appraisal
variables. The number of emotions that can be generated in each appraisal
theory depends on the number of appraisal variables used and the number of
values that these variables can have. This way of eliciting emotions as the re— 95 —
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Figure 4.1: The circumplex model of affect: the outer ring contains the ”prototypical emotion episodes” that match the basic emotions of Ekman’s theory.
Source: [195].

sult of the evaluation of a set of variables is very useful when using this model
in a computer system. This is why, in recent years, most affective intelligent
agent models have incorporated an appraisal process [6, 81, 148].
Different authors use different sets of appraisal variables to define the appraisal process. For example, Frijda [72] posits that the familiarity, expectedness, valence, controllability, agency, certainty, and importance of the detected event should be taken into consideration. The Scherer approach [201]
makes a more detailed description of the factors involved in the appraisal
processes such as predictability, urgency, power, or suddenness. Scherer also
proposes a series of patterns that relate the appraisal variables to different
emotions in order to propose an expert system for affective computing [200].
However, Scherer uses twenty-two appraisal variables, which makes this model
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very complex to use. This is why this model has not been widely used in affective computing. In contrast, the OCC (Ortony, Clore, and Collin) model
[163], which uses only eight appraisal variables, is the most commonly used
model in affective computing. On the other hand, basic emotion theories,
like the one proposed by Ekman [65], hold that there is a limited number of
emotions (Happiness, Surprise, Fear, Anger, Disgust, and Sadness) and that
each detected event elicits an associated emotion. According to this theory,
these emotions are universally understood in different cultures and languages.
While Ekman argues that basic emotions are universal and transcultural,
constructivist theorists, like Russell, argue that emotions depend on language
and culture [196]. Russell’s theory [195] is based on the fact that there is not
always a direct correspondence between the words representing emotions in
two different languages. For example, in the German language, there is an
emotion called “Sehnsucht” [107], whose meaning is “a strong desire for an
alternative life”. In languages such as English or Spanish, there is no single
word to express this emotion. Russell’s theory is more consistent with findings
in cognitive neuroscience [174]. These claim that emotions are a combination
of a small number of dimensions rather than being directly related to events,
as in Ekman’s theory and other basic emotion theories [65], which affirm that
emotions are related to an independent neuronal system. Russell relates emotions with a pair of values, Pleasure and Arousal, providing a two-dimensional
space for the representation of emotions. In addition, through experimentation, he observed that emotions follow a circular pattern in these two dimensions, which led him to propose his best-known theory: The Circumplex Model
Of Affect [193] (Fig. 4.1). Mehrabian proposed the PAD (Pleasure, Arousal,
Dominance) model [154], which adds the Dominance dimension to represent
emotions. This third dimension can help to clarify negative emotions. For
example, the emotion of Fear is associated with a low level of Dominance,
while the emotion of Anger is associated with a high level of Dominance.
However, the Dominance dimension is not included within many models, and
it is used as an appraisal variable instead [147]. Moreover, this dimension does
not seem to have a high variability among emotions [107], and some authors
have found that human beings have difficulty and show confusion when they
try to assign a Dominance value to the emotions that they are feeling [122].
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Other authors, such as Reisenzein [183], showed the relationship of the
intensity of emotions with the variables of Pleasure and Arousal. In an experiment, Reisenzein observed that the levels of Pleasure and Arousal are
related to the intensity of emotions. Apparently, the intensity of emotions is
proportional to the levels of Pleasure and Arousal so that the higher these
levels, the greater the intensity. For example, the intensity of the Happiness
emotion is highly dependent on the level of Pleasure, while the intensity of the
Alert emotion is more dependent on the level of Arousal. He also observed
that certain minimum levels of Pleasure and Arousal are required in order
for emotions to show themselves. Therefore, when both variables have low
values, the absence of emotions can be considered.

The relation between emotions, personality, and mood
When modeling the appraisal process, the relation between emotions and
other affective characteristics such as personality or mood must be taken into
consideration. Although the difference between emotions and mood continues
to be a topic of debate [19], in general, it is accepted that an emotion is a
rapid response to a given stimulus, while mood has a longer duration (from
minutes to days) and a lower intensity than emotions and is not related to any
particular stimulus. Instead, mood is produced by a succession of stimuli and
other factors such as the context or the person’s personality [64]. Empirical
evidence suggests that there is a critical impact of emotions on cognition and
a high variability of this impact among individuals with different personality
factors. Personality can make a person more or less likely to experience certain
types of mood [133].
One of the most commonly used models to define personality is the fivefactor model (FFM) [152] in which personality is defined using five variables
(or traits): Openness, Conscientiousness, Extraversion, Agreeableness, and
Neuroticism. Different works that are based on the FFM relate personality
factors with cognitive abilities, behaviors, and social skills. For example, there
is evidence [56] that the Extraversion factor predisposes one to experience a
more positive affect more frequently and with greater intensity, appraising
emotions such as joy, enthusiasm, or energy. In contrast, Neuroticism pre— 98 —

CHAPTER 4. A FUZZY APPRAISAL MODEL FOR AFFECTIVE
AGENTS (SELECTED PAPER)
disposes one to experience a negative affect as well as suffering from negative
moods such as fear, sadness, depression, or anger.

Emotions in affective agents
In recent years, different models have been proposed to simulate emotions
using intelligent agents [5, 47, 186]. The proposed model for the EMA affective
agent [148] is based on the subsequent formalization of the theory presented
by Smith and Lazarus [135] that was carried out by Gratch and Marsella
[88]. They propose a one-level appraisal process that takes into account past,
current, and future events. They define different thresholds for the appraisal
variables to elicit emotions [88]. In this model, intensity is defined as the
product of different numeric appraisal variables. For example, the product
of desirability and likelihood is used to estimate the intensity of the Joy
emotion. The appraisal process of EMA has been used as a base to define
emotion elicitation processes in other affective agent models such as GenIA3
[6].
Another interesting approach is the one proposed by Gebhard in ALMA
(A Layered Model of Affect) [81]. This model is based on the OCC appraisal
theory [163] and models appraisal using subjective appraisal rules; therefore,
each agent can have different appraisal rules. In these rules, the different
appraisal variables are bounded by numeric values for eliciting each emotion.
The authors also propose a decay rate for emotions, which decreases the
intensity of the emotion over time until the emotion disappears.
Generally, humans express emotions and moods through terms such as
“very happy” or “a little happy”. Therefore, in the last few years, some
authors have proposed using fuzzy logic to define affective computational
models. For example, the appraisal model for FLAME [67], which is based
on the Roseman [190] and OCC theories, uses variables with fuzzy values.
In this approach, each emotion is selected based on a series of simple rules.
Another interesting approach is the one presented by Jain et al. in EMIA
[108]. The authors propose a fuzzy logic emotional model for five of Ekman’s
basic emotions (all except the Disgust emotion) [65]. The EMIA model implements a simplification of the Scherer model using five appraisal variables.
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The appraisal process is affected by the agent’s memory and allows more than
one emotion to be elicited in each appraisal cycle. All of the emotions have a
fuzzy intensity value, and this intensity is modified over time by an emotion
decay process.
Other affective characteristics, such as personality or mood, have also been
used in affective computing to define the emotion appraisal process. Personality is usually used to create behaviors in multi-agent systems [39, 215]. For
example, in [38], the authors propose that personality and mood have an effect on the appraisal variables and thus on the elicited emotions. This model
proposes that personality affects the ranges of the fuzzy appraisal variables.
Similarly, in [39], a model that uses fuzzy appraisal variables is proposed based
on the Integrative Model [189]. That model is designed to adapt the cognitive
and affective capacities of an agent to internal and external factors among
which gender or personality are considered. To this end, each appraisal variable is defined with a membership function that is adapted according to these
internal and external factors. The modification of the membership function of
each appraisal variable is done both by modifying the type of function (e.g.,
pyramidal, trapezoidal) and by modifying the parameters of the membership
function. However, at the moment, this model is only a proof of concept.

Discussion
When affective agents are modeled to simulate emotional behavior, the most
important task is to choose the right emotion when an event is triggered.
This is because the generated emotion will affect the cognitive processes of
the agent, such as reasoning or the selection of behavior. The selected emotion will also have an impact on affective characteristics such as mood or
empathy. Therefore, generating an incorrect emotion when an event occurs
can cause erroneous behaviors that decrease the realism of the emotional behavior simulation. To model this process, several variables must be taken into
account, such as the agent’s concerns or the desirability of the event and other
factors such as personality or mood. Several affective models use numerical
variables, but this is problematic because it is somewhat different from how
— 100 —

CHAPTER 4. A FUZZY APPRAISAL MODEL FOR AFFECTIVE
AGENTS (SELECTED PAPER)
human beings express their emotions; humans find it very difficult to quantify
emotions with numerical values.
In our model, we have decided to use fuzzy logic as a more natural way
of eliciting emotions in the appraisal process. Models that use fuzzy logic are
more suitable for simulating the human appraisal process due to the “fuzzy”
way of expressing emotions by human beings. The use of fuzzy logic helps the
understanding of the emotional states of the human beings that are interacting with the agents. In recent years, some proposals for emotion elicitation
processes have been defined using fuzzy logic. For example, FLAME [67] proposes a small set of rules but involves the user too much in its implementation.
In addition, even though the FLAME model allows emotions with intensity
to be generated, the simplicity of the rules makes it a very basic model. For
example, the Joy emotion is elicited if a desirable event occurs without taking
into account the rest of the appraisal variables. Therefore, the rules are too
simple, assigning the selected emotion by using only one appraisal variable.
In addition, the appraisal variables are evaluated in a binary way: desirable or
undesirable. Therefore, there are only a few combinations of values available
to generate different emotions. Thus, this model has a very limited catalog of
emotions, which, as stated above, hinders the user experience. Other fuzzy
models, such as the model presented in EMIA [108], proposes a fuzzy logic
approach for the appraisal process. That model reduces Scherer’s model to
five appraisal variables. However, the final model has two hundred rules to
define an appraisal process that generates only five emotions. Therefore, even
though the FLAME model is very basic due to the small number of rules, the
EMIA model is too complex given its enormous number of rules. In addition, the EMIA model does not consider mood or personality in the appraisal
process.
When simulating human affective behavior, the effect that different external and internal factors (e.g., personality or mood) have on cognitive processes must be taken into account. These factors have a direct consequence
when evaluating an event, biasing the appraisal processes and consequently
influencing emotions or mood. Some current proposals, such as the one presented in [38], use personality and mood to influence emotion selection in the
appraisal process. However, in this model, the intensity of emotion is not
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contemplated. Therefore, this model becomes much simpler to design and
implement. This can have a negative effect on the behavior of the agent since
the catalog of emotional responses decreases. Other proposals such as the
one proposed in [39] take into account the importance of these internal and
external factors, but that model has only been tested with the gender factor.
Furthermore, although it is accepted that factors such as personality have an
effect on emotions, which predisposes the individual to certain types of emotion, there is not enough evidence to determine what the effect of personality
is on an appraisal variable.
As we have stated above, there is a large number of appraisal theories
that try to explain how emotions are generated. Each theory has a series of
advantages and disadvantages. For example, the patterns that Scherer [200]
proposes in his computing model of affect are interesting when determining
which variables affect each emotion. However, Scherer uses a large number
of variables, which makes this model very complex for development in an
affective agent. Furthermore, in this model, the intensity of the emotions is
not considered. This may affect the behavior of the agent since the catalog of
actions of the agent will be very limited because the intensity of the emotion
cannot be taken into account to decide the action to be executed. A small
catalog of emotions can affect the interactions with human users because, if
an agent shows the same emotions very often, the agent loses credibility and
the users tend to become bored. Therefore, the more we expand the catalog of
emotions of an agent, the greater the number of different emotional behaviors
that can be simulated.
The internal representation of emotions must also be taken into account
when defining an emotional model for an affective agent. Most of the emotional models proposed to date reduce the representation of emotions to simple
labels [69]. However, dimensional representations seem to be more appropriate for developing computational models since they allow emotions to be
stored using variables instead of simple labels and variables can hold a wider
range of values. The Circumplex Model of Affect [193] (Fig. 4.1) has already
been used in affective computing [198]. Nevertheless, the schema proposed
by Russell is only a reinforcement for his theory. In this scheme, he uses a
simplified spacial location for each emotion, but this is unnatural, and, conse— 102 —
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quently, an agent using this simplified representation of emotions could show
erratic behavior that is very different from the real behavior of a human being.
Therefore, performing a direct use of this model in a computational system
could lead to unreal emotional behaviors.
In the next section, we introduce our new fuzzy appraisal model based
on representing emotions in a Pleasure-Arousal space. Section 4.3 describes
how a fuzzy rule-based system selects one or more emotions by evaluating the
appraisal variables. Section 4.3 presents the Pleasure-Arousal space where
agents can internally represent the appraised emotions using a defuzzification
function. This internal representation of emotions allows the agent to update its mood as presented in Section 4.3. Finally, when the agent needs to
communicate or express its internal emotional state, a fuzzification process
(presented in Section 4.3) translates the internal emotional state represented
in the Pleasure-Arousal space into a fuzzy emotion. The fuzzification process
uses the results of an experiment to generate a fuzzy emotion that is adapted
to the language and cultural environment of the human interlocutor of the
agent. The article ends with conclusions and future works.

4.3

A model for emotion elicitation in
affective agents

The appraisal process is one of the most important processes in an affective
agent because suitable agent behavior depends on the emotion selected. A
good definition of this process is even more important when the agent is
designed to interact with humans since erratic or erroneous behavior of the
agent can make the human become frustrated. In addition, processes such as
the selection of the action to be executed or the updating of the agent’s mood
will depend on the emotion elicited.
As we have discussed above, there are different psychological theories to
explain emotional processes. Appraisal theories provide an explanation of
how an emotion is generated when an event is perceived. Alternatively, other
theories, such as Russell’s theory [193], offer the possibility of relating emotions with dimensional variables. We propose a fuzzy model of emotions that
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adapts the advantages of the appraisal models for selecting an emotion when
an event occurs and the advantages of representing the emotion in a multidimensional space. As a novelty, by using this multidimensional representation,
our model can adapt emotions to the agent’s affective characteristics and to
the culture and the language in which the agent will be located.
Our model is composed of two processes. First, in the Event Appraisal
process, an event is evaluated by our fuzzy appraisal algorithm and produces
an emotion which we will refer to as Appraised Emotion. This fuzzy process
allows us to generate emotions and their intensity, capturing the kind of
uncertainty that humans beings use when expressing their emotions. Second,
in the Affect Adaptation process, the mood is updated based on the Appraised
Emotion, the agent’s personality, and the culture and language in which the
agent is located. The following section describes both processes in detail.

The Event Appraisal process
The Event Appraisal process defines a fuzzy appraisal process to select an
emotion when the agent perceives an event. The selected emotion corresponds with one of the six basic emotions proposed by Ekman [65]: happiness,
disgust, sadness, anger, fear, and surprise. Moreover, based on the emotions
proposed by Russell in [196], two emotions, calm and boredom, have also been
incorporated to represent the lack of interactions between the agent and the
user and also the lack of relevance of the event.
We have designed a fuzzy rule-based system [122] that, depending on the
value of the appraisal variables, returns the elicited emotion and its intensity.
The fuzzy values used to define the rules are based on the computational
model proposed by Scherer [200], but we solve the main weakness of this
model: Our model needs a smaller number of appraisal variables and it also
calculates the intensity of the elicited emotion. Moreover, in our model, the
values of each appraisal variable are associated with the intensity of the emotions as proposed by OCC1 . According to this theory, two of the most relevant
appraisal variables attributed to emotions produced by events, such as hap1 The

relationship between the appraisal variables of both the OCC and the Scherer model can
be found in [200]
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piness or sadness, are desirability and likelihood. Therefore, in our model,
we associate these two variables with Scherer’s model to obtain the label and
the intensity of the emotions using fuzzy variables. The appraisal variables
selected for our model are the following:
• Expectedness, which represents the agent’s level of expectation associated with the event.
• Likelihood, which represents the estimated probability of occurrence
of the event.
• Desirability, which represents how desirable or undesirable the event
is for the agent; it can be positive or negative.
• Causal attribution, which represents who is responsible for the event.
• Controllability, which represents the number of possible plans that
the agent has to deal with for that event.
The use of fuzzy logic in the appraisal process facilitates the definition
of fuzzy rules to generate emotions since fuzzy logic is closer to the way
in which human beings express their emotions. Therefore, our fuzzy logicbased approach produces better and more reliable results than other nonfuzzy appraisal processes.
In our appraisal model, each event is associated with a tuple:
(4.1)

event ← he, l, d, a, ci

where e, l, d, a, and c represent the fuzzy values for the appraisal variables
Expectedness, Likelihood, Desirability, Causal attribution, and Controllability, respectively. The possible values for these variables are:
e, l, c ∈ {Low, M edium, High}
d ∈ {High desirable, Desirable, Low desirable, Low undesirable,
(4.2)
U ndesirable, High undesirable}
a ∈ {Self, Other}
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On the other hand, an emotion is defined by a tuple:
(4.3)

emotion = htype, inti

where type is the label representing the emotion type, and int represents
the fuzzy intensity of the emotion:

(4.4)

type ∈ {Happiness, Disgust, Sadness, Anger, F ear, Surprise,
Calm, Boredom}
int ∈ {Strong, M edium, Light, N eutral}

The Neutral value is the default value for emotions that have not been
elicited in the appraisal process. In addition, we have introduced a new
appraisal variable named Time Without Events (TWE). This variable is not
part of the event; it is an internal variable of the agent that measures the
time that has passed since the last event. We have proposed this appraisal
variable to elicit the calm and boredom emotions. The possible values for this
variable, represented by t, are:
(4.5)

t ∈ {Low, M edium, High}

We use a fuzzy rule-based system to calculate the elicited emotion and its
intensity. The general structure of a fuzzy rule [158] is:
(4.6)
ri : IF e is xie and l is xil and d is xid and a is xia and c is xic and t is xit
i
i
THEN type is ytype
and int is yint

where ri is the ith fuzzy production rule, xie represents the fuzzy value
for the Expectedness appraisal variable in the ith rule, xil is the fuzzy value
for Likelihood, xid is the fuzzy value for Desirability, xia is the fuzzy value for
Causal attribution, xic is the fuzzy value for Controllability, xit is the ith fuzzy
i
i
value for Time Without Events, and ytype
and yint
are the output values for
the emotion type and the intensity calculated by the ith rule (see Table 4.1).
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For example, a fuzzy rule appraising the Fear emotion with High intensity
is defined as:
(4.7)
r13 : IF e is Low and l is High and d is High Undesirable and a is Other
and c is Low and t is Low
THEN type is Fear and int is High
Table 4.1 summarizes the parameters of the 24 fuzzy rules that are proposed to define the appraisal process. Each row corresponds to a fuzzy rule,
while each column contains the possible fuzzy values for each appraisal variable that is associated with each emotion. As we stated above, the definition
of the appraisal variable values is based on the model proposed by Scherer
[200] and the OCC model [163].
We have defined three fuzzy values for the intensity of each emotion. This
intensity depends on the fuzzy values of the set of appraisal variables [148].
This fuzzy process not only derives emotions and their intensity from the set
of appraisal variables, it also unifies the selection of the type and the intensity
of the emotion in the same rule. Therefore, it is not necessary to define a new
process to derive the intensity as in other models [67, 148].

The Affect Adaptation process
Two important factors that must be taken into consideration when modeling
affective agents are mood and personality. Mood can be seen as the result
of the various emotional events that are produced during a period of time.
On the other hand, personality influences the type and intensity of the mood
of a person [133]. For example, a person with high levels of neuroticism will
be more likely to experience negative moods more frequently and with more
intensity. In our model for affective agents, mood is represented in a twodimensional space in terms of Pleasure and Arousal. The Affect Adaptation
process updates the mood by modifying the values of Pleasure and Arousal
according to the current emotion, the agent’s personality, and the language
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Table 4.1: Fuzzy model for estimating the emotion and its intensity. Where
HD = High desirable, D = Desirable, LD = Low Desirable, LU = Low Undesirable, U = Undesirable, and HU = High Undesirable.
Emotion Intensity Expectedness Likelihood
High
Happiness Medium
Low

Medium
Medium/Low
Medium/Low

High
High/Medium
High/Medium

Desirability Causal
Controllability TWE
attribution
HD
D
LD

Low
Low
Low

High
High
High

HU
U
LU

High
High/Medium
High/Medium/low

HU/U
U
LU

Disgust

High
Medium
Low

Other
Other
Other

High/Medium
High/Medium
High/Medium

Sadness

High
Medium
Low

Anger

High
Medium
Low

Medium
Medium
Medium

High
HU
High/Medium
U
High/Medium/Low LU

Fear

High
Medium
Low

Low
Low
Low

High
HU
High/Medium
U
High/Medium/Low LU

Other
Other
Other

Surprise

High
Medium
Low

Low
Low
Low

Low
Medium
High

Other
Other
Other

Calm

High
Medium
Low

Medium
Medium/Low
Medium/Low

Low
Medium
High

Boredom

High
Medium
Low

Low
Low
Low

Low
Medium
High

Low
Low
Low
Medium
Medium
Medium
Low
Low
Low

and culture in which the agent is located. We describe the different phases of
this process in the following sections.
Representing emotions in a Pleasure-Arousal space
As we have shown in the previous sections, the result of the Event Appraisal
process is the Appraised Emotion, which is composed of an emotion type
and a fuzzy intensity. In the Affect Adaptation process, we use the Pleasure
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and Arousal dimensions of the Appraised Emotion to adapt the agent’s mood.
Therefore, to calculate how the mood will be modified by the Appraised Emotion, we need to represent this emotion in the same two-dimensional space
that is used for representing the agent’s mood. To avoid the loss of information, our multidimensional model must be able to represent both the emotion
type and the emotion intensity.
Our proposal represents a fuzzy emotion in a two-dimensional space that
is adapted to the culture and language in which the agent will be used. This
model is based on the results of the experiment presented in [219]. In this experiment, one-hundred European Spanish-speakers, 40 females and 60 males
ranging in age between 18 and 60 years old, were asked to assign fuzzy values of Pleasure and Arousal to ten terms/words expressing emotions in their
mother tongue. The emotions selected for this experiment were: Happiness,
Excitement, Surprise, Fear, Disgust, Anger, Sadness, Boredom, Calm, and
Sleepiness. When the Pleasure and Arousal dimensions have low levels, the
intensity of the emotion is so low that it can be considered that there is no
emotion. Therefore, we discarded those responses whose values of Pleasure
and Arousal were close to zero. We obtained the mean of the Pleasure and
Arousal for each emotion, and then we calculated the mean and the standard
deviation of the angle of each emotion in this two-dimensional space. This angle represents the meaning that each participant associates to each emotion.
The results of the experiment are summarized in Table 4.2.
Our model also divides the Pleasure-Arousal space into four degrees of
intensity: Strong, Medium, Light, and Neutral (Fig. 4.2). We have added the
fuzzy value Neutral to refer to those emotions that are not intense enough to
be considered as elicited. When we superimpose the results of the experiment
on the model proposed for the intensity of emotions, we obtain different areas
that relate the Pleasure and Arousal dimensions to each emotion label and
its intensity adapted to the Spanish language. Fig. 4.3 shows the emotion
model proposed in this paper, where the area assigned to each emotion, using
one standard deviation, is represented in a different color. This model can
be easily adapted to other languages and cultural environments using the
results of similar experiments to assign different areas to each emotion. An
agent with more than one Pleasure-Arousal space can easily adapt its emotion
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Figure 4.2: The proposed fuzzy model for the intensity of the emotions in the
Pleasure-Arousal space.
expression depending on the language and culture of its interlocutor without
modifying the rest of its affective components.
We have designed a defuzzification function that translates the fuzzy appraised emotion into its Pleasure and Arousal equivalent values. The defuzzification function determines the direction of the Appraised Emotion vector
→
−
e in this culturally located, two-dimensional space using the mean angles
obtained in the experiment for each emotion (see Table 4.2). For example, if
−
the Appraised Emotion is Anger, the direction of the corresponding vector →
e
will be 138.5 degrees, which corresponds to the mean angle obtained in the
experiment for the Anger emotion . The defuzzification function also calculates the vector modulus, which indicates the intensity of the emotion, as the
mean value for each intensity. For example, if the intensity of the Appraised
−
Emotion is Strong, the modulus of the emotion vector →
e will be 0.875, which
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Table 4.2: Results of the experiment expressed in degrees.
Emotion
Pleasure Arousal Mean angle Standard deviation
Happiness
0.90
0.42
25.09
19.02
Excitement
0.76
0.64
39.97
10.32
Surprise
0.31
0.95
71.63
26.38
Fear
-0.58
0.81
125.51
15.61
Anger
-0.74
0.66
138.55
16.90
Disgust
-0.99
-0.04
182.58
43.65
Sadness
-0.96
-0.27
196.02
22.48
Boredom
-0.41
-0.91
245.34
21.41
Sleepiness
-0.11
-0.99
263.59
15.56
Calm
0.74
-0.67
318.12
35.89
corresponds to the midpoint of the Strong intensity that goes from 0.75 to
−
0.1. The result of this defuzzification function is the vector →
e , which represents the Appraised Emotion. Considering that the horizontal axis in this
two-dimensional space represents Pleasure and the vertical axis represents
−
Arousal, if α is the angle of the vector →
e , then the Pleasure and Arousal
values of the Appraised Emotion can be calculated by a simple trigonometry
formula as follows:
(4.8)

−
−
(P leasure, Arousal) = (|→
e | · cos α, |→
e | · sin α)

For instance, let us suppose an agent a receives an event. The fuzzy
appraisal process evaluates the values of the appraisal variables associated
to that event and obtains the emotion e defined by the type Anger and the
intensity Strong by using the fuzzy rule-based system. The direction of the
−
vector →
e corresponding to the Anger emotion is α = 138.5 (as shown in
−
Table 4.2), and its modulus is |→
e | = 0.875. The agent can calculate the
−
Pleasure and Arousal values associated with the emotion vector →
e using
Formula 4.8: (P leasure, Arousal) = (−0.66, 0.58).
We have shown how our model internally represents an emotion by a vector
in which the modulus represents the intensity of the emotion and the direction
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represents the type of emotion. The result is a circular representation of
the emotions with some similarities with the scheme proposed by Russell
(Fig. 4.1). However, as we stated above, Russell’s scheme should not be used
directly since it is only a scheme that was used to reinforce the idea that
emotions follow a circular pattern; the area assigned to each emotion is more
restricted, and the emotion intensity is not considered.

Updating the mood
Once the agent obtains the Pleasure and Arousal values of the appraised
emotion, the agent can use these values to update its mood according to the
agent’s personality. In this phase, the vector of the agent’s mood, which is also
represented in the Pleasure-Arousal space, is “attracted” by the emotion vector to a greater or lesser extent depending on the agent’s personality. We have
defined two functions, called Mood Resistance and Emotion Influence, to
model this behaviour. The Mood Resistance function determines how a mood
m resists being changed by the appraised emotion. The Emotion Influence
function determines the influence or force of the emotion e to modify the
agent’s mood. Both functions depend on the agent’s personality. For example, an agent with a personality that is prone to negative affect will
have a Mood Resistance for the negative moods that is higher than the
Mood Resistance for the positive moods. That means that the agent will
be more prone to suffer a negative mood with greater intensity than an agent
with a personality that is prone to positive affect [216].
−
The current mood of an agent at instant t, →
m t , will be updated as a
−
combination of the previous mood vector (mood at instant t − 1), →
m t−1 ,
→
−
weighted by the Mood Resistance(m) and the emotion vector e weighted by
the Emotion Influence(e) function:
(4.9)

−
→
−
−
mt = →
m t−1 · Mood Resistance(mt−1 ) + →
e · Emotion Influence(e)

where Mood Resistance(mt−1 ) and Emotion Influence(e) represent how
the personality of the agent affects its mood. These two functions are calcu— 112 —
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lated using the following formulas:

(4.10)

P
p∈P βp · θm,p
Mood Resistance(m) = P
p∈P θm,p

(4.11)

P
p∈P βp · θe,p
Emotion Influence(e) = P
p∈P θe,p

where P represents the set of personality traits of an agent. For example,
for the five-factor model (FFM), these traits are Openness (O), Conscientiousness (C), Extraversion (E), Agreeableness (A), and Neuroticism (N);
therefore, P is defined by the set P = hO, C, E, A, N i. βp is the value of a
personality trait p ∈ P . θe,p is a weight that relates the personality trait p
with the emotion e. There will be one weight θe,p for each pair of emotion type
and personality trait (e, p), but many of these weights could be zero. Each
weight θe,p determines how the personality trait p influences the emotion type
e. Therefore, the set of weights θe,p can be viewed as the set of correlations
between emotions and personality traits: the greater the correlation between
the personality trait p and the emotion type e, the greater the value of θe,p .
For example, considering that the trait of Extraversion E is related to positive emotions and Neuroticism N does not have a very high relation with
emotions of this type, for the Happiness emotion, the value of the weight
θHappiness,E will be greater than the value of the weight θHappiness,N . Different
θe,p values can be chosen by the agent programmer to generate agents with
different emotional behaviors and personalities.
To better understand this method, let us reconsider the previous example
where after evaluating an event at instant t − 1, an agent a1, has elicited
the Appraised Emotion represented by vector ~e in Fig. 4.3. Let us consider
−
that the mood for agent a1 at instant t − 1 is defined by the vector →
m t−1,a1
→
−
. The Pleasure and Arousal components for the mood vector m t−1,a1 are
(−0.30, −0.20). Let us also consider a second agent, a2, who has appraised
the same emotion as agent a1 (~e) and has the same mood. To simplify, we will
−
−
−
−
represent the mood of both agents by →
m t−1 (→
m t−1 = →
m t−1,a1 = →
m t−1,a2 ). The
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Table 4.3: Example of θe,p values.
Emotion E
N
Anger
θAnger,E = 0.5
θAnger,N = 0.8
Sadness θSadness,E = 0.6 θSadness,N = 0.7
Affect Adaptation process will update the agents mood at instant t taking
into account the effect of the Appraised Emotion, the mood of the agents at
instant t − 1, and the personality of the agents. To simplify this example, the
agent’s personality is defined using only two traits: Extraversion (E), which
is related to positive affect; and Neuroticism (N), which is related to negative
affect. Therefore, the personality in this example is defined by the tuple:
(4.12)

P = hE, N i

On the other hand, for this example, we consider the values for θe,p shown
in Table 4.3. These values are based on the results obtained from the experiments presented in [75], making them consistent with theories that associate Extraversion with positive emotions and Neuroticism with negative
emotions [206]. Taking into account these values, if we define the personality
of agent a1 by a level of Extraversion of 0.9 and a level of Neuroticism of 0.1
(Pa1 = (0.9, 0.1)) and the personality of agent a2 by a level of Extraversion
of 0.1 and a level of Neuroticism of 0.9 (Pa2 = (0.1, 0.9)), then the values
of Pleasure and Arousal for the new mood of agents a1 and a2 at instant t
−
−
calculated by Formula 4.9 are →
m t,a1 = (−0.4, 0.1) and →
m t,a2 = (−0.6, 0.3).
→
−
−
These values are represented in Fig. 4.3 by the vectors m t,a1 and →
m t,a2 .
Comparing the resulting moods of both agents, it can be observed that,
in the case of agent a1, which has a high level of extraversion, the mood has
been less affected by a negative emotion than in the case of agent a2, which
has a higher level of neuroticism. These results are consistent with theories
that claim that personalities with low Extraversion and high Neuroticism are
more prone to negative moods [27, 56].
As we have shown in our proposal, the mood is adapted to the current emotion according to the agent’s personality. Therefore, our model facilitates the
development of emotional multi-agent systems since it allows different moods
— 114 —

CHAPTER 4. A FUZZY APPRAISAL MODEL FOR AFFECTIVE
AGENTS (SELECTED PAPER)
to be easily obtained for each agent based on the agent’s personality. Different
moods will produce different agent behaviors, which will improve the agent’s
capability to simulate human behaviors [216]. For example, an agent with
a negative personality will be more prone to negative moods than an agent
with a positive personality. Therefore, from psychological and neurological
perspectives, this proposal is more consistent with the different theories that
argue that emotions and personality have an effect on mood [133] and it also
explains why people are more or less likely to have certain types of mood.
The Fuzzification Process
In our model, the pair (P leasure, Arousal) is internally used by an agent to
represent the appraised emotion and its mood in the two-dimensional space.
When the agent needs to express its mood, it has to perform a fuzzification
process to determine the emotion type and intensity corresponding to the
mood vector defined by the pair (P leasure, Arousal). The intensity of the
emotion is easily calculated using the modulus of the emotion vector and
the fuzzy model represented in Fig. 4.2. On the other hand, the process to
calculate the emotion type corresponding to an emotion vector can be viewed
as a classification problem where there is a set C of ten classes that correspond
to the ten emotions.
(4.13)

C ∈ {Happiness, Excitement, Surprise, F ear, Anger, Disgust,
Sadness, Boredom, Sleepiness, Calm}

Using the Gaussian models obtained from the experiment for Spanishspeakers (Table 4.2), we can estimate the probability of each emotion. We
−
have defined the t(→
v ) function as a Bayesian classifier that returns the emotion type with the maximum likelihood for an angle α of the emotion vector
→
−
v:
(4.14)

−
t(→
v ) = arg max Pb(C = c | α)
c

where c ∈ C, and Pb(C = c | α) represents the estimated conditional
probability of the class of emotion c for the angle α. This probability is
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Figure 4.3: Example of the estimation of the mood considering two different
personalities.
estimated by the normal distributions obtained in the experiment as:
(4.15)

Pb(C = c | α) ∼ f (α | µc , σc )

where µc and σc represent the mean and the standard deviation of the
class of emotion c. Pb(C = c | α) is estimated using the probability density
function of a Gaussian distribution f (α | µc , σc ) [112]:
(4.16)

f (α | µc , σc ) =

σc ·

1
√

2

− (α−µ2c )

2π

·e

2·σc

Continuing with the previous example, if agent a wants to express the
emotion ~e = (−0.66, 0, 58) (see Figure 4.3), the agent will calculate the most
probable labels for the type and the intensity of the emotion through the
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Fuzzification Process. First, the modulus of the vector is calculated (in this
−
example, |→
e | = 0.875) to obtain the fuzzy intensity. In this case, since the
−
module is in the range of the Strong intensity (0.75 ≤ |→
e | ≤ 1), the label
of the emotion intensity is Strong. Then, the label of the emotion type is
obtained using Formula 4.14 and the Gaussian models obtained from the
experiment in the same cultural environment in which the agent is located.
In this case, the maximum argument for the function t(~e) is Pb(C = Anger |
α = 138.5). Therefore, the most likely label for that emotion is Anger.
Traditionally, in affective computing, most of the proposed appraisal models calculate the intensity and the emotion type of emotions independently by
using numerical variables. Our model unifies the appraisal of the type and
intensity of the emotion in the same rule. Dimensional models, such as the
one proposed in this paper, also allow the affective behavior of the agent to
be described in a more precise way. This dimensional representation defines
regions where emotions can occur and therefore represents the proximity between two emotions and the intensity of the emotions. This representation
allows the simulation of processes such as the decay rate of the mood over
time and opens the doors to the simulation of new processes such as empathy
or emotional contagion.

4.4

Conclusions and future work

In this paper, we have proposed a new fuzzy appraisal model using the Pleasure and Arousal dimensions, which is adapted by a defuzzification process
to the culture and language in which the agent is located. Our model uses
fuzzy logic to better reproduce the way in which humans express emotions.
We propose two processes to simulate affective behavior. When an event is
perceived, the Event Appraisal process evaluates five fuzzy appraisal variables to obtain the fuzzy Appraised Emotion. Then, the Affect Adaptation
process defuzzificates the Appraised Emotion and adapts the mood using this
defuzzificated Appraised Emotion, the agent’s personality, and the cultural
environment. This Affect Adaptation process allows different agents to have
different moods when they perceive the same event, which will allow agents
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to show different behaviors depending on the personality of each agent.
The proposed appraisal model has two important advantages. It can be
easily adapted to trigger more than one emotion in each appraisal cycle, and
it is capable of eliciting ten different types of emotions with different intensities despite having an objectively small number of fuzzy rules. Our model
uses the Pleasure and Arousal dimensions internally to define emotions and
mood instead of simple labels. With these dimensions, emotions and mood
can be defined as vectors in which the modulus represents the intensity of
the emotion, while the type of emotion is represented by the direction of this
vector. Through this dimensional representation, the variables representing
affective characteristics of agents (emotion and mood) can be easily adapted
to obtain different emotions and moods. Therefore, our model improves the
representation of emotions because it allows emotions and mood to be modified, adapted, and stored using a dimensional representation. In this work,
we have also defined a fuzzy model of intensity that depends on the modulus
of the emotion’s vector. This model allows the agent to express emotions in
the same way as humans.
One important novelty of our proposal is that our model allows the agent
to express its emotional state using the same interpretation of the fuzzy emotional terms used in the language and culture of its human interlocutor. This
has been achieved by defining the two-dimensional Pleasure-Arousal space
using the results of an experiment with participants of the same cultural
environment in which the agent is located. Moreover, one agent can easily
adapt the expression of its emotions to other cultural environments using different Pleasure-Arousal spaces that can be easily incorporated to its affective
component.
We are currently integrating our emotional model in the affective agent
architecture GenIA3 in order to allow the development of different behaviors depending on the agent’s personality and mood. We are interested in
defining a new Pleasure-Arousal space that is adapted to other language
and/or cultural environments. This will allow agents to adapt their emotion expression to interlocutors of different cultural environments. We are
also interested in analyzing the effect of adding the Dominance dimension to
the Pleasure-Arousal space. We think that this additional dimension could
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disambiguate the overlaps that occur between some emotions in the twodimensional model.
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Chapter 5

A formal extension of the
agent-oriented programming language
agentSpeak for modelling affective
agents with empathic abilities
Abstract

In this paper, we present a formalization of an extension of the syntax, the semantics, and the reasoning cycle of AgentSpeak. Our proposal modifies the AgentSpeak
inference model to provide support to the development of empathic agents. The
new inference model allows empathy to affect the agent’s deliberation and reasoning processes to select plans according to the analyzed event and the affective state
and personality of the agent. In addition, our proposal allows a software agent to
simulate the distinction between self and other agents through two different event
appraisal processes: the empathic appraisal process, for eliciting emotions as a
response to other agents emotions, and the regular affective appraisal process for
other non-empathic affective events. The empathic regulation process adapts the
elicited empathic emotion based on different factors including intrapersonal (e.g.,
the agent’s personality and affective memory) and interpersonal (e.g., the affective link between the agents) characteristics of the agent. The use of a memory of
past events and the corresponding elicited emotions allows the maintaining of an
affective link to support long-term interaction between agents.
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5.1

Introduction

Computer systems that are oriented to the paradigm of human-machine interaction are becoming more relevant in society. Systems of this type are
progressively becoming more complex and require higher level abstractions
and metaphors to describe capabilities and characteristics that cannot be explained by classical lower level specifications. It is now possible to reflect the
way in which human beings understand the world more faithfully through
these abstractions and metaphors. Endowing software agents with affective
abilities, particularly empathic abilities, is one of the metaphors that will
make it possible to transform the human-machine interaction paradigm by
making it more human-oriented. Empathy is a concept that has evolved over
the years, whose meaning (which is still being discussed) refers to a wide
range of affective and cognitive competencies that are fundamental in the
development of the human being as a social being [98]. These competencies
allow one “to put oneself in others’ shoes” and to understand and share their
feelings and thoughts, which generates a series of pro-social behaviours aimed
at improving their well-being [50]. Empathy provides a medium for the establishment of affective links that support moral and social behaviour [22].
Therefore, empathy is a key element in social interactions affecting human
affective states and behaviours, providing a basis for long-term relationships.
In fact, social disorders, such as autism spectrum disorder, are related to a
deficit in empathic abilities [95]. In any empathic interaction, we can distinguish two actors: the target actor, who is the person or agent that suffers
the effect of an action or situation, and the observer, who is the person that
perceives that action or situation and feels empathy for the target person.
Different theoretical approaches that try to explain the cognitive processes
related to empathy have been proposed in psychology, sociology, philosophy,
ethology, and neuroscience. The most recent theoretical approaches provide
a conceptualization of empathic behavior from a perspective derived from
appraisal theories that relate the emergence of emotions to a cognitive appraisal of an event [135, 72]. Under this perspective, empathy arises from the
appraisal of the perception of a situation or an emotion in others [231, 96].
Moreover, according to several authors, empathy is affected by a regulation
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process that modulates the empathic response to an event according to different factors, including intrapersonal (e.g., personality) and interpersonal (e.g.,
affective link with the target) factors [50, 54, 43].
For years, the inherent characteristics of human affective behavior have
been the subject of research in the field of affective computing [170] with
the aim of improving simulations of human behaviour and human-machine
interactions [7, 148]. In recent years, there has been a growing trend towards
the development of models that are capable of simulating empathic abilities
[165, 236]. Most of these models use the agent-oriented paradigm. Empathic
agents have been shown in multiple experiments to improve the user experience in human-machine interactions [188, 161, 159]. Other experiments, such
as the one presented in [138], have also demonstrated the importance of modelling long-term interactions to improve the simulation of empathic behavior
in empathic agents. In general, these models are designed to be implemented
in an ad hoc manner making the agent specification programmer-dependent
[31, 30]. However, an empathic agent model that is based on well-known
agent-oriented languages such as AgentSpeak [179] could provide a basis for
the development of agents with rational and affective abilities. This could
reduce the dependency on the programmer and thus increase usability.
In this paper, we propose an empathic agent model that is designed for
AgentSpeak. Our model is based on recent empathic appraisal theories to
elicit empathic emotions when a software agent perceives or is aware of an
emotion or a situation in other agents or humans. In addition, our empathic
agent model has an emotion regulation process that adapts emotions to different intrapersonal and interpersonal factors. The rest of this paper is organized
as follows. In Section 5.2, we perform an introduction to the theoretical frameworks supporting affective states and empathy, and we discuss the proposals
made in affective computing to simulate empathic behavior. Section 5.3 introduces our AgentSpeak extension to enable the development of agents with
empathic abilities. Finally, the main conclusions and some future works are
presented in Section 5.4.
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5.2

Related work

Human beings are emotional beings, and different affective characteristics
motivate human behavior. Traditionally, the simulation of human behavior
through computational systems has generally focused on practical reasoning.
However, classical practical reasoning has some limitations when simulating
non-rational behaviors such as affective behaviors. For years, the area of
affective computing [170] has been working to design models to understand
and simulate these affective behaviors [7, 148, 186, 82, 220]. These models
generally include different constructs such as affective states, personality, or
empathy that come from different branches of psychology, ethology, philosophy, and sociology. Affective states, which encompass emotions and moods,
are complex constructs whose definition remains a subject of debate to this
day. Over the years, different scientists have tried to provide an answer to the
phenomenon of emotions and moods. Although emotions are generally considered to be quick responses to certain stimuli, there are different approaches
that try to explain how this phenomenon arises. One of the most recognized
theories is the appraisal theory [135, 72], according to which, when a stimulus is received, an appraisal process occurs, resulting in an emotion. These
theories are based on the existence of different variables known as Appraisal
Variables. Different authors differ in the number and type of Appraisal Variables involved in the emotion generation process. For example, K.R. Scherer
[200] proposed a model in which twenty-two Appraisal Variables were defined,
while A. Ortony, G. Clore, and A. Collins [163] proposed a more simplified
model, known as OCC, with only eight Appraisal Variables. However, appraisal theories are not the only theories that have been developed to explain
the phenomenon of emotion. Basic emotion theories relate events to specific
emotions using a limited number of emotions. For example, the basic theory
of emotions proposed by P. Ekman [65] uses six basic emotions: Happiness,
Surprise, Fear, Anger, Disgust, and Sadness. In contrast to these basic emotion theories, the constructivist theories advocate for a more universal concept
of emotions. Constructivism holds the existence of an unlimited number of
emotions due to cross-cultural differences [196]. One of the most recognized
constructivists is J.A. Russell who proposed the Circumplex Model of Affect
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[193]. According to Russell, emotions can be expressed in a two-dimensional
space that is composed of the dimensions of Pleasure and Arousal. This theory is in line with the findings of neuroscience made in recent years [174].
Other authors have proposed different dimensions to explain emotions. For
example, A. Mehrabian [154] added a third dimension, called Dominance,
that helps to disambiguate some emotions such as Fear and Anger.
On the other hand, although the differences between emotions and mood
continue to divide the academic community, it is generally accepted that, in
contrast to emotions, mood is not related to a specific stimulus but rather
arises as a consequence of the succession of different stimuli. Mood also has a
longer duration (from minutes to days) and a lower intensity than emotions
[19]. The variation in mood duration is sometimes attributed to the time the
mood spends in transitioning to a neutral state or equilibrium state [167].
Both the equilibrium state and the speed of transition may vary depending
on the individual’s affective characteristics. Moreover, it should be considered
that both emotions and mood are influenced by personality [197]. Different
studies over the years have shown that personality influences emotional behavior [64, 134]. Personality can make an individual more or less prone to
certain emotions or moods, including complete suppression of certain emotions or moods [133]. Thus, personality acts as a factor in the regulation
of affective behaviors offering an explanation for the observed differences in
individual attitudes when facing the same situation [91]. One of the most recurrent theories of personality is the Five Factor Model (FFM), which is also
known as the OCEAN model [152]. This model defines personality through
five dimensions: Openness, Conscientiousness, Extraversion, Agreeableness,
and Neuroticism. These five dimensions have an effect on the affective states
that can be elicited in an individual. Apparently, the most evident relationships arise when relating positive affective states to Extraversion and when
relating negative affective states to Neuroticism [56].
Finally, empathy is a construct that is used in different domains, such as
psychology, ethology, sociology, or philosophy, to describe a variety of psychological attitudes that enable the development of social individuals. In
general terms, empathy is an ability that allows humans to understand and
feel the affective state of others, resulting in behavior directed toward mu— 125 —
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tual understanding. Several authors consider empathy to be a fundamental
psychological ability that allows the establishment and maintenance of social
bonds [22, 100, 184, 157, 205]. Empathy also plays a fundamental role in
our society, affecting both morality and mutual understanding. [99]. In fact,
empathy appears to be the basis on which social behaviors and interpersonal
interactions are founded [50, 149]. Empathy connects people by promoting
relationships and collaborations through the exchange of experiences, needs,
and desires. [184]. However, the definition of the term empathy continues
to divide the academic community [164]. This is largely due to the fact that
the concept of empathy encompasses a large number of emotional, ethical,
moral, and social factors. This lack of consensus can be clearly seen in the
review conducted in [49], in which the authors identified forty-three different
definitions for the concept of empathy.
The modern concept of empathy is attributed to psychologist E. Titchener
who translates the concept “Einfühlung” proposed by the German philosopher
R. Vischer and later expanded by T. Lipps through his theory of “Einfühlung”
[78, 229]. In this earlier definition, empathy was described as an innate instinct that produces a self-awareness in the experience and awareness of the
target in the observer without any perspective-taking, associative, or cognitive
process [230, 213]. This concept evolved over the years in different theories until the discovery of mirror neurons [187] at the end of the 20th century, which
reopened the debate on the conceptualization of empathy. Mirror neurons establish a relationship between perception and action that has led to a greater
understanding of how concepts such as imitation and empathy are produced
in the brain and are related to emotion experiences [104, 73, 130, 62, 70].
Based on this relationship between perception and action, Preston and de
Waal [176] proposed a theory of empathy known as the Perception Action
Model (PAM). According to the PAM, when the observer perceives an emotion in the target, he/she can experience the same emotion automatically and
not consciously, producing a matching of mental states between the observer
and the target [175].
Nowadays, theories that use a multidimensional perspective in which empathy is embedded in a functional sense and related to high level cognitive
abilities are becoming more and more relevant [226, 145]. Some of these the— 126 —
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ories argue that, if empathy was an automatic process resulting from direct
perception as suggested by the PAM, then humans would be constantly empathizing [96, 52]. However, there are situations in which empathy is inhibited
for several reasons. This inhibition is produced by an adaptation resulting
from a cognitive process known as empathic regulation. For instance, professionals in psychiatry are able to distance themselves from the patient’s
emotions [94]. F. De Vignemont and T. Singer [52] provided an explanation
for this phenomenon by identifying two types of empathic regulation: empathy can be regulated by a voluntary process of self-regulation that improves
with experience, as is the case of professionals in psychiatry; or there is an
automatic and involuntary process that the authors call implicit appraisal,
which depends on different regulation factors. Factors that influence empathy regulation have been widely discussed in academia [231, 176, 53, 51, 55].
In general, these regulation factors can be grouped into three categories: factors related to the internal characteristics of the observer such as personality,
mood, age, life experiences, or gender; situative context factors such as the
existence of more than one target suffering different experiences, which makes
it difficult to empathize; and factors concerning the level of relationship between the observer and the target. This last category encompasses different
interpersonal factors such as: similarity, which are the perceived similarities
between the observer and the target (e.g., gender, personality, mood, or age);
familiarity, which is related to the observer’s previous experiences with the
target in similar situations; and the affective link, which defines the affective
relationship established between the observer and the target derived from the
interactions they have over time [54].
Empathy needs to be dissociated from other social emotions. For instance,
some authors have shown that empathy and Theory of Mind (or perspectivetaking) correspond to different processes, recruiting different brain regions
[145, 212, 125]. The ToM holds that people are capable of understanding
the mental states of others thanks to a system of rules based on their own
experiences [226, 94, 76]. This process allows an observer to imagine what
the target is thinking or feeling. Furthermore, most theorists generally agree
that, to be able to distinguish a non-empathic emotion from an empathic
emotion, the observer needs to be able to maintain a sense of self as distinct
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from the target [231].
New advances focus on the reasoning behind empathy inhibition as evidence that empathy is much more than responses to a stimulus [50, 231, 96,
43]. Under this perspective, empathy is described as an appraisal process
that is based on other-oriented perspective-taking, self-oriented perspectivetaking, and ToM to try to understand the affective situation of the target.
The perspective-taking does not always require the observer to perceive the
target’s affective states. It is described as a process of higher level understanding of the target’s situation allowing other affective experiences such as
vicarious emotions [164, 10, 129, 45] (e.g., when we are happy because someone has achieved a goal). Therefore, the process of appraisal and regulation
of empathy includes non-affective information such as beliefs, desires, and
goals [86]. Following this premise, J.D. Wondra [231] proposes an empathic
appraisal model to explain the differences observed when the emotion elicited
in the observer does not correspond to the emotion observed in the target.
Similarly, C. Heyes [96] presents an appraisal-based system with a process
that controls the empathic response.

Empathy in software agents
The relationship of empathy with social behavior and interpersonal relationships has aroused the interest of many researchers who focuses on the areas of
human behavior simulation and human-machine interaction [161, 138]. Systems that are capable of simulating empathic abilities have been used in different contexts and have proved to be more reliable and more credible, thus
reducing the stress and frustration of human users and improving humanmachine interaction [165]. For example, in the study conducted in [159], a
robot with empathic abilities was used in an educational environment. The
study determined that the empathic robot was able to elicit and maintain the
social engagement of the participants of the experiment. Similarly, the experiments conducted with empathic agents in [161] showed that participants had
a better perception of the agent when it displayed empathic emotions. Also,
the research performed in [188] showed that agents with empathic abilities
increased the involvement and sociability of participants. Therefore, consid— 128 —
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ering these results, it is not surprising that in the search for improvement in
the simulation of human behavior and human-machine interaction, different
proposals for computer systems with empathic abilities have appeared over
the years. For example, Ö.N. Yalçın and S. DiPaola [235] introduced a model
of an empathic agent based on the Russian Doll model [53]. The Russian
Doll model is a psychological theory derived from the PAM model [176] that
explains high level cognitive processes. This model uses the analogy of the
Russian Doll, stratifying the processes related to empathy in different layers.
The inner layers represent the most primitive mechanisms of empathy related
to the PAM such as mimicry or emotional contagion. The top layers represent
higher level processes such as perspective-taking. Following this reasoning,
Yalçın and DiPaola proposed a model that is composed of three layers. In the
bottom layer, the communication competence contains the processes related
to the recognition and the expression of emotions. The middle layer represents emotion regulation processes. Finally, the top layer, called cognitive
mechanisms, includes ToM and appraisal.
Emotion recognition has traditionally played a central role in the design
of empathic agents. For example the work in [181] presents a model for an
empathic agent that was based on the perception of the target’s emotion to
simulate an empathic interaction. The system recognizes the target’s emotion
and makes an estimation of the empathic emotion by means of a regulation
process that uses the agent’s personality and mood as regulation factors.
They use the mapping proposed in [153] to establish the relationship of personality and mood in a two-dimensional space that is based on Pleasure and
Arousal. Another interesting approach can be seen in [31] in which an embodied virtual agent model with empathic abilities known as EMMA (Empathic
MultiModal Agent) is presented. In that model, an agent is essentially composed of a reasoning module and an empathic module. The reasoning module
is based on the BDI (beliefs, desires, and intentions) architecture [180]. The
empathic module has a facial expression recognition system and an empathetic appraisal process that is based on the De Vignemont and Singer theory
[52]. To estimate the empathic emotion, the agent attempts to internally
mimic the recognized facial expression using a set of patterns called Action
Units (UAs). Subsequently, the emotion is regulated in an emotion regulation
— 129 —

5.2. RELATED WORK
process that is based on the PAD model [154]. This process modifies the PAD
components of emotions by means of a set of regulation factors that include
similarity, mood, and deservedness (which represents the degree to which the
target deserves or does not deserve the event). Finally, the elicited empathic
emotion is translated into an Action Unit and shown in the agent’s facial
expression. Other models focus more on the simulation of empathy through
the simulation of high-level cognitive processes. For instance, the model presented in [188], which also relies on the theory of De Vignemont and Singer
to define the empathic process, focuses on the self-projection appraisal based
on OCC to elicit the empathic emotion. The appraisal process is based on
a set of predefined rules that define the relationship of events to desirability.
The elicited emotion is adapted by using the affective link, similarity, mood,
and personality in an empathic regulation process. Similarity is obtained by
comparing the intensity and valence of both the perceived and the elicited
emotions. Personality is composed of a set of thresholds for each emotion.
However, these factors only affect the intensity of the emotion elicited in the
empathic appraisal. Another example of the simulation of cognitive processes
can be found in [161] in which a model of an embodied empathic dialogue
agent is presented. The purpose of this agent was to simulate an empathic
interaction with human users. The agent deduced the user’s emotions through
the dialogue using a perspective-taking strategy and then responded by showing the same emotion. The agent was able to regulate the intensity of the
empathic emotion based on a preset degree of empathy between the agent and
the user. Experiments conducted with the agent showed that participants had
a better perception of the agent when it displayed empathic emotions.
Different authors have emphasized the need to consider the inclusion of
long-term interactions to improve the simulation of empathic interactions
[165, 139, 117]. However, not much work has been done on this topic. For instance, in [138] a model of empathy based on emotion recognition is proposed.
The system is based on a robot called iCat that interacts with children while
playing chess. The iCat maintains the actions that children perform in chess
moves in its memory and uses this information to determine the next move
taking into account the children’s emotions.
From what has been explained above, it can be deduced that most of the
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models of agents with empathic abilities use three fundamental processes: a
perception process, in which an emotion or situation is perceived; an empathic
appraisal process, in which the empathic emotion is elicited; and an emotion
regulation process, in which the emotion is adapted to different regulation
factors.
On the other hand, there is a wide range of proposals that focus on the
agent-oriented programming (OAP) paradigm to develop agents with empathic abilities. Most of these proposed models are built ad hoc to simulate a
certain empathic behavior, making the agent specification highly dependent
on the programmer. However, the use of a commonly-used agent-oriented
programming language can help to improve the development of empathic
agents. In addition, these languages generally include support for processes
such as perception, multi-agent communication, or rational behavior. One of
the most well-known agent-oriented programming languages is AgentSpeak
[179]. AgentSpeak is a language that is based on the logic programming
paradigm for developing agents based on a BDI architecture. The BDI architecture provides the basis for the development of agents based on practical
reasoning. Practical reasoning is an inference process through which agents
evaluate and weigh their options taking into consideration the context of the
practical situation in which they are involved and their knowledge about the
environment. The result of this inference process is the modification, deletion, or addition of beliefs and intentions, altering the mental state of the
agent. A deeper interpretation of the concept of practical reasoning allows
the definition of two basic actions: deliberation and means-end reasoning.
The deliberation process allows the agent to choose the state that it wants
to achieve, while the means-end reasoning focuses on the actions that are
required to achieve that state. The are some approaches that have used the
BDI model to design agents with affective capacities [31, 6]. For example, in
[85] an appraisal process based on the OCC model for eliciting emotions in
BDI agents is proposed. However, that work use only one appraisal process
without considering the empathic emotions.
Over the years, the AgentSpeak language has been extended by different
researchers to improve its usability [224, 26, 24]. The majority of these extensions were focused on the development of Jason [25]. Jason is a platform for
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the development of multi-agent systems implemented in Java whose core is an
AgentSpeak interpreter. This platform enables the development of rational
agents based on practical reasoning.
Despite the advantages provided by a well-known language such as AgentSpeak, there are very few proposals that use it when defining empathic agents.
In [113], an empathic agent model based on AgentSpeak is presented for the
resolution of conflicts of interest in interactions between agents. However,
this approach focuses on utility-based functions to find solutions that are mutually acceptable, but no affective characteristic of the agents is considered
in the utility functions. One of the most significant efforts to allow the use
of affective agents in AgentSpeak is the GenIA3 architecture [6]. GenIA3 is
a general-purpose architecture that extends Jason providing a platform that
is easily adaptable to different theories of emotion in order to facilitate the
development of affective agents. GenIA3 adds new processes for the management of affective states, which are described in detail in Section 5.3. All of the
new affective processes are grouped together to constitute the affective cycle
of an agent. This affective cycle runs parallel to the rational cycle, allowing
the agent to evaluate events at an affective level and consequently modify its
behavior to cope with these events. However, before the work presented here,
this architecture did not provide the necessary support to the development of
agents with empathic abilities.

5.3

Formalization of the AgentSpeak
extension to develop empathic agents

As discussed above, the use of high-level abstractions and metaphors, such
as empathy, in the definition of human-oriented systems contributes to improving the experience of human-machine interactions and to make software
agents more realistic when modelling human organisations. One of the most
widely used paradigms proposed to model rational and affective behaviour
is the agent-oriented paradigm. As stated in the previous sections, some
proposals have incorporated affective characteristics into BDI-based agents;
however, only few of them consider the modelization of empathic and ratio— 132 —
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nal behaviour simultaneously. Moreover, in general, these proposals are based
on ad hoc specifications and do not take advantage of well-known agent languages. In this section, we present an empathic agent model based on AgentSpeak, which is one of the best known agent-oriented programming languages.
Our model extends the syntax, semantics, and the reasoning cycle of AgentSpeak to support the development of agents that are capable of performing
empathic interactions. We propose a new inference model that allows emotions and empathy to have an effect on the practical reasoning of the agent.
Emotions and empathy will be involved in both the deliberation process when
the agent is selecting an intention to commit and in the means-end reasoning
process when the agent is deciding on the plan to follow. To do that, we have
extended the GenIA3 architecture with a new syntax and semantics to facilitate the emergence of empathy in software agents. Our approach includes the
three fundamental processes identified in the literature on empathic agents
discussed in Section 5.2: perception, empathic appraisal, and empathic regulation. The perception process is an intrinsic part of AgentSpeak. However,
we have added a new process to differentiate empathic affective events from
other affective events, the event classification process. This process consists
of two phases. In the first phase, an event is perceived following the process
described in [25]. In the second phase, the event is evaluated to determine
whether or not it is an affective event. This second phase defines the agent’s
cognitive ability to maintain a sense of self as distinct from the target agent to
elicit a target-oriented empathic emotion. This cognitive ability is simulated
using two different appraisal processes: one for empathic events and the other
for non-empathic affective events. On the other hand, empathic appraisal is
composed of a self-projection appraisal, which evaluates the event using the
agent’s own beliefs, concerns, and affective memory. Finally, the empathic
regulation process adapts the empathic emotion to the agent’s affective characteristics (e.g., mood or personality) and the knowledge that the agent has
about the target (e.g., affective link or trust level).
The rest of this section is organized as follows. Section 5.3 introduces
an example scenario. In Section 5.3, a new configuration for an empathic
agent is proposed. Section 5.3 presents the new inference model. Sections 5.3
and 5.3 introduce an extension of AgentSpeak syntax to allow the definition
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Figure 5.1: Types of agents in a social interaction
of empathic agents. Finally, Section 5.3 describes the set of semantic rules
that support the definition of the new inference model.

A simple example
From the theories of empathy previously cited, it can be assumed that, for
empathy to occur, there must be at least two actors: one who suffers in
a situation (the target) and another who perceives the situation and reacts
empathetically (the observer or empathic agent). To make the reading more
convenient, we illustrate the problem with an example. Let us assume a
more general scenario with four actors: Marshall, Lily, Barney, and Robin.
At one point in time Marshall slaps Barney in the face. This event causes
Barney to become sad. Lily, who is in the same room, sees the entire scene
and empathizes with Barney and feels sorry for what has happened to him.
Later, Lily calls Robin to tell her what happened to Barney. Robin imagines
Barny’s situation and also feels sad for him.
In this environment, there are basically two interactions: first, Marshall
performs an action addressed to Barney; second, Lily perceives what has happened and performs an act of communication to inform Robin (see Figure 5.1).
Different types of agents can be identified in these interactions. On the one
hand, there are two agents that are involved in the action: Marshall, the agent
that performs the action, henceforth known as the subject agent; and Barney, the agent that receives the consequences of the action, henceforth known
as the target agent. On the other hand, in the environment there is a third
agent, Lily, who perceives the action, henceforth known as the observer agent.
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(a) Agent’s configuration in GenIA3 [6].
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(b) New configuration of an AgentSpeak agent including empathy. New components are shaded.

Figure 5.2: GenIA3 configuration.
Finally, there is the communicative act in which two types of agents can be
identified: Lily, the observer, who sends a message describing the action, and
Robin who receives the message. According to Agent Communication Language (ACL) terminology [160], Lily will be identified as the sender agent
and Robin will be identified as the receiver agent. Both agents, the observer
and the receiver agents know what has happened to Barney and react to
this information with an empathetic response. Therefore, in our model, we
consider that both the observer and the receiver agents, are empathic agents.

Formalization of an empathic agent configuration
In [179], the agent-oriented language AgentSpeak semantics is defined using
an operational semantics formalism. This operational semantics defines the
structure and the configuration of the agent program and the transitions
derived from its internal reasoning. In this section, we extend this operational
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semantics to define the new AgentSpeak configuration for empathic agents.
Figure 5.2a shows the original configuration of an agent in the architecture GenIA3 . The shaded attributes are the ones that GenIA3 added to the
original configuration proposed for AgentSpeak in [24]. We have extended
this configuration to add information that is relevant to the development of
empathic agents. The new attributes are shaded in Figure 5.2b. In this new
configuration, an agent is defined by a tuple hag, C, M, T, s, Mem, Ta, O, asti,
where:
– ag is the set of attributes that constitute the agent defined by the tuple
hP, ps, cc, bsi, where:
– P is the agent’s personality represented by the tuple htr, rl, csi,
where:
– tr is a set of personality traits. Each personality trait is a value
that is bounded between [0, 1] representing the level that the
agent has of that personality trait. For example, when using
the OCEAN model, five personality traits are defined, one for
each component of the OCEAN model: Openness, Conscientiousness, Extraversion, Agreeableness, and Neuroticism.
– rl is a number that is bounded between [0, 1] representing the
agent’s rationality level. The higher the rationality level, the
higher the priority of plans activated in a rational BDI cycle,
making the agent more rational. However, the lower the rationality level, the higher the priority of plans activated by the
affective cycle, making the agent more emotional.
– cs is the agent’s set of coping strategies. These coping strategies relate affective states and beliefs to a set of intentions that
will be included in the agent’s agenda.
– ps and bs represent the set of plans and the set of beliefs of the
agent, respectively.
– cc is the set of concerns of the agent that represents the motivations, standards, ideals and/or interests of the agent.
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– C is the current circumstance represented by a tuple composed of: I,
which is the set of intentions {i, i0 , · · · }; E, which is a set of events
composed of a set of tuples htriggering event te, intention ii; and A,
which is a set of actions {a, a0 , · · · }.
– M are the communication parameters represented by the tuple hIn, Out, SIi,
where SI is a set of suspended intentions composed by a set of tuples
hmessage identifier mid, intention ii and In and Out represent the list
of input and output messages, respectively. Each message msj is composed of the message identifier mid, the identifier of the agent which
sent the message id (i.e., the sender agent), the illocutionary force ilf,
and the message content cnt.
– T is the temporary information of the current rational cycle consisting
of a tuple containing: an applicable plan ρ, a particular intention ι, the
sets of relevant plans R, the set of applicable Ap plans composed of a
set of plans {p, p0 , · · · }, and the event ε that triggered the rational cycle
represented by a tuple htriggering event te, intention ii.
– s is the current step of the rational cycle where:
s ∈ {ProcMsg, SelEv, RelPl, AppPl, SelAppPl,
AddIm, SelInt, ExcInt, CrlInt}
– Mem is the affective memory that, in the original GenIA3 architecture
(Figure 5.2a), consists of a set of events. In our proposal (Figure 5.2b),
it consists of a set of affective events ae. An affective event ae is defined
as a tuple hevent ε, affective value avi, where the affective value av is
an attribute that represents the emotion that the event ε produced in
the agent.
– Ta represents the temporal information of the affective cycle. In the
original design of GenIA3 (Figure 5.2a), it is composed of: Ub, which is
a tuple containing the set of beliefs that are going to be added to the
belief base Ba, the set of beliefs that are going to be removed from the
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belief base Br, and the identifier of the step st of the cycle in which
the beliefs are going to be added or removed; Av, which is the set
of appraisal variables; Cs, which is the set of coping strategies to be
executed; Ae, which is the set of emotions that can be elicited by the
appraisal process; Ee, which is the set of empathic emotions that can be
triggered by the empathic appraisal process; Fe, the final emotion (or
emotions) resulting from the emotion selection process; and σ, which
represents the current mood of the agent. The emotions contained in
Fe will be the ones considered as active in the affective cycle. Emotions
and mood are represented by a tuple hp, ai, where p and a are the values
of Pleasure and Arousal, respectively.
– O is a new component which is added to represent the information that
the empathic agent knows about other agents in the environment. In
the current design, this information is composed of a set of tuples each of
which corresponds to one agent in the environment. Each tuple contains
the agent identifier id, the affective link al that the empathic agent has
with the agent identified by id, and the id agent’s mood σ. This tuple
can be extended in the future to contain more knowledge about agents
in the environment, such as their concerns, goals, beliefs, or trust level.
The affective link is a numerical value between [-1,1] that indicates the
affective link between both agents. The greater the affective link value,
the greater the relationship between the agents. Negative affective links
indicate enmity between the agents. The affective link can be modified
due to the interactions between the agents.
– ast is the current step of the affective cycle, where:
ast ∈ {EvClass, Appr, EmphAppr, EmReg, EmphReg,
EmSel, AffAd, SelCs, Cope}

A new rational cycle for an empathic BDI agent
The formal definition of the AgentSpeak reasoning cycle was presented in
[24]. We have extended that original AgentSpeak reasoning cycle to incorpo— 138 —
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Figure 5.3: New configuration of both affective and rational cycles.
rate affective characteristics. This new reasoning cycle is represented in Figure 5.3: white boxes represent the original processes proposed for an AgentSpeak agent; dark gray shaded boxes are the original processes of the GenIA3
architecture; dashed lines indicate processes that have been redesigned to include our extension; light gray shaded boxes represent the new processes of
our extension. First, in the process message (ProcMsg) step, all of the pending
messages received by the agent are processed; then, the select event (SelEv)
step selects one event to process taking into account all of the perceptions,
messages, and stacked events. Next, the relevant plans (RelPl) step retrieves
all of the relevant plans considering the selected event; these plans are used
to generate a list of applicable plans in the apply plans (AppPl) step. From
this list, one applicable plan is selected in the select applicable plan (SelAppl)
step. Then, in the add intended means (AddIM) step, all of the intended means
are added to the set of intentions; the select intention (SelInt) step selects
one intention to execute from the set. The selected intention is executed in
the execute intention (ExcInt) step. Finally, the executed intention is cleared
from the set of intentions in the clear intention (ClrInt) step.
This reasoning cycle was later modified by the GenIA3 architecture to
allow the development of affective agents. GenIA3 introduced a new affective
cycle that consist of five steps: the event appraisal (Appr) step in which
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the selected event is appraised; the affect adaptation (AffAd) step in which
the agent’s mood is modified to adapt the mood according to the result of
the appraisal; the select coping strategies step in which the coping strategies
are selected according to the agent’s mood; and the cope (Cope) step, in
which the coping strategies are executed. In addition, GenIA3 incorporates
an affective state decay process (AsDecay) that continuously shifts the mood
toward an equilibrium state to simulate real mood change in humans. The
rate at which the mood moves to the equilibrium state can be set by the user.
Finally, GenIA3 modified the rational cycle to add two steps: the affective
modulation of beliefs (AffModB) step in which beliefs are modified according
to the agent’s mood; and the evaluate expectations (EvalExp) step, which
includes the possibility to add temporal expectations to agents [217].
We have redesigned the GenIA3 architecture by adding new processes to
enable the development of empathic agents. Figure 5.3 shows the new steps
of both affective and rational cycles in light gray. We have introduced five
new steps to the affective cycle. The first step is the event classification
(EvClass) step in which an event is analyzed to determine if it is an affective event and if it can produce empathy. First of all, the process analyzes
whether the event can elicit an emotion, classifying the event as affective or
non-affective. Second, the process analyzes whether the affective event is directed to another agent, classifying the event as an affective empathic event
or the event is directed to the agent itself, in which case, the agent will consider this event as a non-empathic affective event. This second part of the
event classification (EvClass) step allows the agent to maintain a sense of
self as distinct from the target. If the selected event is a non-empathic affective event, in the next step, the emotion regulation (EmReg) step adjusts
the emotions produced by the appraisal according to the affective characteristics of the agent. Otherwise, if the selected event is an empathic event, the
empathic appraisal (EmphAppr) process will determine a set of possible empathic emotions based on the perceptions and knowledge that the empathic
agent has about the target agent. Then, the empathic regulation (EmphReg)
process adapts these empathic emotions to the affective characteristics of the
agent taking into account the knowledge that the empathic agent has about
the target agent. Finally, in the emotion selection (EmSel) process, the final
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emotion to be triggered by the empathic agent is selected. This emotion will
modify the agent’s mood, and will affect the selection of the applicable plan
and the selection of coping strategies. In addition, we have proposed a new
process named update time without events (UpTWE), which allows the development of affective behaviors such as boredom or sleepiness when the agent
is not receiving events.

Extending the AgentSpeak language to identify the
actors of an empathic interaction
In AgentSpeak, an agent is defined as a set of beliefs and a set of plans. Beliefs define the knowledge that the agent has about the environment. The set
of beliefs of the agent is known as the belief base. The knowledge contained in
the belief base may not necessarily be complete or accurate, since the environment may be very large and may experience changes that the agent has not
perceived. On the other hand, plans contain basic actions that the agent can
perform to change its environment. Plans are composed of a triggering event,
a context, and a set of sequential instructions that may include: updates to
the belief base, actions, or goals. Triggering events refer to the addition or
deletion of beliefs or goals. In AgentSpeak, both beliefs and goals are defined
as atomic formulas [179]. An atomic formula representing a belief or a goal
is composed of a predicate and a set (possibly empty) of n terms of a first
order logic:
(5.1)

predicate(term1 , term2 , · · · , termn )

For example, the triggering event time(cloudy) is composed of the predicate ‘time’ and the term ‘cloudy’.
In [224], the concept of annotations was introduced to the AgentSpeak
language providing agents with the ability to identify the source of the triggering event. This concept of annotation was later reformulated by [24] to
allow annotations to express properties associated with events and beliefs.
The proposed syntax for defining beliefs, goals, and triggering events using
annotations in AgentSpeak is:
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(5.2)

predicate (term1 , term2 , · · · , termn ) [a1 , a2 , · · · , am ]

where each ai represents the ith annotation defined as:
(5.3)

ai = functori term0i,1 , term0i,2 , · · · , term0i,n



where an atom (called functor) is followed by a number of terms (called
arguments). term0i,j is the jth term of the annotation ai .
This extension of the language provided more expressiveness to AgentSpeak allowing different types of properties to be defined. For example, we can
add one annotation to an event to represent the sources of the event. The
keyword that we use to represent this annotation is ”source”. For example,
in the triggering event:
(5.4)

time (cloudy) [source(Marshall)]

the annotation source(Marshall) indicates that the source of the triggering event is the agent Marshall.
In general, there are three possible sources for an event:
– perceptions, which represent the information that the agent perceives
from its environment. Perceptions are represented by the annotation
source(percept).
– mental notes, which represent beliefs that the agent acquires or deduces
by itself, such as memories or changes in the agent’s state. The mental
notes are expressed through the annotation source(self).
– communications, which is the information that comes from another
agent of the system as a consequence of a communication act. Communications are represented by the annotation source(agent id) where
agent id is the identifier of the sender agent that originates the communication act.
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In our proposal, we extend the language proposed in GenIA3 with new
annotations that allow the events with relevant information to be contextualized for empathy simulation. As we discussed in Section 5.2, the empathic
regulation process is affected by a set factors that include interpersonal factors
related to the target agent such as the affective link, concerns, goals, similarity, or trust level. Therefore, to elicit an empathic emotion, it is necessary
to identify the target agent when an event occurs. This information can be
implicit in the semantics of the event, in which case the agent may deduce
the target of the action through an inference process, or it can be explicitly
incorporated into the syntax of the triggering event. We have used this second
approach because it simplifies the agent’s programming by easily identifying
the subject and the target of an event.
We propose an extension of the expressiveness of AgentSpeak to describe
the participants in the action to which the event refers. By adding new
elements it will be possible to know the agents that participate in the event
when an event is received. We have extended the representation of a triggering
event to explicitly include the agents involved in an action (i.e., subject and
target agents) without modifying the original syntax of the atomic formula
of AgentSpeak. This has been achieved using two annotations to identify
the agents participating in the action represented by the triggering event:
the subject annotation, which identifies the subject agent that performs the
action; and the target annotation, which identifies the target agent receiving
the consequences of the action. Following this definition a triggering event
will be represented by the structure:

(5.5)

predicate (term1 , term2 , · · · , termn )
[subject(subject id), target(target id), a3 , a4 , · · · , an ]

Where subject id and target id are the identifiers of the subject agent and
the target agent, respectively. Note that the order in which the annotations
are defined is not relevant since the annotations can be written in any order.
By adding these new annotations, it is now possible to identify the agents
involved in any action. Based on the example of Section 5.3, we can use
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the following expression to specify the triggering event “Marshall has slapped
Barney”:
(5.6)

slap[subject(Marshall),target(Barney)]

This event has a predicate “slap” and two annotations: subject(Marshall)
and target(Barney). Moreover, we propose adding an optional annotation
to include the value of the interaction. The interaction value of a triggering
event is an optional number that is associated with the triggering event in
the range of [−1, 1], which identifies if the interaction is good (positive interaction value), bad (negative interaction value), or neutral (interaction value
equals 0) for the agent that receives the action. The interaction value is used
to update the affective link between the agents. A positive interaction value
indicates that the interaction has a positive effect on the affective state of
the target agent, improving the affective link that the target agent has with
the subject agent. A negative interaction value has a negative impact in the
agent’s affective state and decreases the affective link. An interaction value
equal to 0 denotes that the interaction has a neutral effect on the affective
state of the agent. Therefore, it has no effect on the affective link.
We are going to define the functions for calculating the values associated
with the annotations introduced in our proposal. These functions will be used
in Section 5.3 to formalize the new internal processes of the affective cycle
of an agent. Let us define teannots as the set of annotations associated to the
triggering event te. The function to obtain the subject agent of a triggering
event te is defined as:

termi ,





(5.7) getSubject(te) = self,





null,

if ∃ ai ∈ teannots
and termi 6= ag
if ∃ ai ∈ teannots
and termi = ag
otherwise

| functori = ‘subject’
id
| functori = ‘subject’
id

where ai is the ith annotation of the set of annotations teannots , functor
is the functor of the annotation ai , termi is the term of the annotation ai ,
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‘subject’ is a keyword that identifies the subject annotation, and ag id is
the agent’s identifier. If termi is equal to the ag id, it indicates that the
triggering event comes from the agent itself. If termi is not the ag id, it
indicates that the triggering event comes from another agent. Finally, if there
is no ‘subject’ annotation, it indicates that this triggering event comes from
an unknown subject.
Similarly, the target of a triggering event te is obtained through the function:

(5.8)

getTarget(te) =

termi , if ∃ ai ∈ teannots | functori = ‘target’
null, otherwise

where ‘target’ is a keyword that identifies the target agent annotation.
Finally, to obtain the interaction value of the triggering event te, we define
the function:
(5.9)

termi , if ∃ ai ∈ teannots |
functori = ‘InteractionValue’
getInteractionValue(te) =

0,
otherwise
where ‘InteractionValue’ is a keyword that identifies the annotation
that contains the interaction value.

Extending the AgentSpeak agent configuration
The syntax of AgentSpeak was presented in [25] using the EBNF (Extended
Backus-Naur Form) notation. This syntax was later extended by the GenIA3
architecture to allow the development of affective agents [6, 216, 217]. In the
original EBNF syntax of GenIA3 , an agent (agent) is defined by the set of initial beliefs (init beliefs), concerns (concerns), personality (personality),
initial goals (init goals), and plans (plans). We have extended this syntax to incorporate some new attributes to the agent configuration. Figure 5.4
shows the extension of the GenIA3 agent’s EBNF syntax. We have added
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list_attr
“]” other )* “]”
“others__:”
other ( “,”
<ATOM>
ag_id
“:” “[” list_attr “]”

list_attr
ag_id
attr_label
list_attr
personality
attr_label

ô
ô
ô
ô
ô

( attr_label “:” ( <NUMBER> | <ATOM> ) (“,” ( <NUMBER> | <ATOM> ) )*
<ATOM>
(<ATOM>
attr_label “:” ( <NUMBER> | <ATOM> ) (“,” ( <NUMBER> | <ATOM> ) )*
“personality__:”
“{” list_traits [ “,” rat_level ] [ “,” coping_strats ] “}”“.”
<ATOM>

list_traits
personality
trait
list_traits
trait_label
trait

ô
ô
ô
ô
ô

trait_label

ô <ATOM>

mas

ô “MAS” <ID> “{” [ infrastructure ] [ environment ] [ execcontrol ] [ w_matrix ] “}”

w_matrix
mas
w_weights
w_matrix
trait_label
w_weights

ô
ô
ô
ô
ô

list_weights
trait_label
weight
list_weights
em_label
weight

ô
ô
ô
ô
ô

“[” trait ( “,” trait
“]”
“personality__:”
“{” )*
list_traits
[ “,” rat_level ] [ “,” coping_strats ] “}”“.”
trait_label
“:”
<NUMBER>
“[” trait ( “,” trait )* “]”
<ATOM>
trait_label
“:” <NUMBER>

Figure 5.4:Figure
Simplified
extension
agent’s
syntax the
including
theof new
4: Simplified
extension ofof
thethe
agent’s
syntax including
new extension
GenIA3ex.
3
tension of GenIA
.
Figure 4: Simplified
extension of the agent’s syntax including the new extension of GenIA3 .

em_label

“w_matrix__:”
( “,” w_weights
)*
“MAS”
<ID> “{”w_weights
[ infrastructure
] [ environment
] [ execcontrol ] [ w_matrix ] “}”
“[” trait_label
“:” list_weights
“]”
“w_matrix__:”
w_weights
( “,” w_weights
)*
<ATOM>
“[”
trait_label “:” list_weights “]”
“[” weight ( “,” weight )* “]”
<ATOM>
em_label
<NUMBER>
“[”
weight“:”
( “,”
weight )* “]”
<ATOM>
em_label “:” <NUMBER>

ô <ATOM>
Figure 5: Simplified extension of the MAS project syntax including the new extension of GenIA3 .

3
Figure
5: Simplifiedextension
extension of the
MAS MAS
project project
syntax including
the new
extension the
of GenIA
.
Figure 5.5:
Simplified
of the
syntax
including
new
3
extension
Similarly, of
the GenIA
target of a.triggering event te is obtained through the function:

Similarly, the target of a triggering event te is obtained through the function:
<
termi , if « athe
= ‘target’
a new
attribute
to
the agent has about other
i À teknowledge
annots  functori that
getTarget(te) = <represent
null,
otherwise
termi , if « ai To
À terepresent
agents
(others knowledge).
this
knowledge, we use a set conannots  functor
i = ‘target’
getTarget(te) =
null,
otherwise
whereof
‘target’
is a keyword
that identifies
the and
target aagent
sisting
the agent’s
identity
(ag id)
listannotation.
of attributes associated with
Finally,
to
obtain
the
interaction
value
of
the
triggering
event
te,
define theas
function:
where
‘target’
is a keyword
identifies
the attributes
target agent annotation.
that
agent
(list
attr). that
The
list of
iswedefined
a set of tuples

(8)

(8)

Finally, to of
obtain
interaction label
value of(attr
the triggering
eventand
te, weits
define
the function:
consisting
thetheattribute
label)
value.
One of the most
<
termi , if « ai À teannots  functori = ‘InteractionValue’
important
attributes is the
getInteractionValue(te)
= <affective link that represents the affective prox(9)
0, , if
otherwise
term
« ai À teannots  functori = ‘InteractionValue’
i
imitygetInteractionValue(te)
or relationship between
the agents. Following the example described in
=
(9)
0,
otherwise
where
‘InteractionValue’
is
a
keyword
that
identifies
the
annotation
that
contains
the
interaction
value.
Section 5.3, let us assume that agent Marshall has an affective link with agent
where ‘InteractionValue’
is a keyword
that identifies
the annotation
the affective
interaction value.
Barney
of −0.5,
an affective
linkconfiguration
with
agent Lily
of 0.9, that
andcontains
has no
3.5. Extending
the AgentSpeak
agent
syntax
of the
AgentSpeak
was
in [87]
using
the EBNF (Extended
Backus-Naur
Form) notation. This
link
with
agent
Robin.
Topresented
represent
this
knowledge,
the following
sentences
3.5.The
Extending
AgentSpeak
agent
configuration
3 architecture to allow the development of affective agents [82, 91, 90]. In the
syntax
was
later
extended
by
the
GenIA
Thebe
syntax
of AgentSpeak
presented in [87] using the EBNF (Extended Backus-Naur Form) notation. This
must
added
to agentwas
3 Marshall’s definition:

originalwas
EBNF
of GenIA
an agent
(agent) istodefined
by the
set of initial
(init_beliefs),
concerns
3 architecture
syntax
latersyntax
extended
by the ,GenIA
allow the
development
of beliefs
affective
agents [82, 91, 90].
In the
(concerns),
personality
(personality),
initial
goals
(init_goals),
and
plans
(plans).
We
have
extended
this
3
//
M
a
r
s
h
a
l
l
agent
original EBNF syntax of GenIA , an agent (agent) is defined by the set of initial beliefs (init_beliefs), concerns
3
syntax
to
incorporate
some
new
attributes
to
the
agent
configuration.
Figure
4
shows
the
extension
of
the
GenIA
(concerns), personality (personality), initial goals (init_goals), and plans (plans). We have extended this
agent’s to
EBNF
syntax. We
have
added
a newto
attribute
to —
represent
the knowledge
thethe
agent
has about
agents3
syntax
incorporate
some
new
attributes
the 146
agent
configuration.
Figure 4 that
shows
extension
of other
the GenIA
—
(others_knowledge).
To
represent
this
knowledge,
we
use
a
set
consisting
of
the
agent’s
identity
(ag_id)
and
a list
agent’s EBNF syntax. We have added a new attribute to represent the knowledge that the agent has about other agents
of
attributes
associated
with
that
agent
(list_attr).
The
list
of
attributes
is
defined
as
a
set
of
tuples
consisting
of
(others_knowledge). To represent this knowledge, we use a set consisting of the agent’s identity (ag_id) and a the
list
attribute
label
(attr_label)
and
its
value.
One
of
the
most
important
attributes
is
the
affective
link
that
represents
the
of attributes associated with that agent (list_attr). The list of attributes is defined as a set of tuples consisting of the
affective label
proximity
or relationship
between
the agents.
Following
the example
in Section
3.1, represents
let us assume
attribute
(attr_label)
and its
value. One
of the most
important
attributesdescribed
is the affective
link that
the

CHAPTER 5. A FORMAL EXTENSION FOR MODELLING
EMPATHIC AGENTS
// i n i t b e l i e f s
[...]
others
: [ Lily : [ affective
Barney : [ a f f e c t i v e
// i n i t g o a l s
[...]
// p l a n s
[...]

link : 0.9 ] ,
l i n k : −0.5 ] ]

Note that, since agent Marshall does not have any affective link with agent
Robin, it is not necessary to mention Robin when defining agent Marshall.
Note also that the affective link is not the only attribute that can be
represented. The number of attributes could be increased to represent more
information such as trust level or the other agents’ goals, concerns, and beliefs.
On the other hand, in GenIA3 , the agent’s personality is defined by the keyword “personality :” followed by some attributes: the traits (traits),
which are defined as a list containing a value for each personality trait; and
optionally, the level of rationality (rat level), which is defined as a numerical value representing how rational the agent is; and the coping strategies
(coping strats), which are defined as a list of plans that will be used by
the agent to deal with affective events. We have modified the definition of the
personality traits to make it more user friendly. Now, the personality traits
are defined using a trait label (trait label) followed by the numeric value
for that trait. For example, let us suppose that the agent Marshall has an
Extraversion level of 0.9 and a Neuroticism level of 0.1. We can express this
using the new syntax as follows:
// M a r s h a l l agent
// i n i t b e l i e f s
[...]
personality
: {[ extraversion : 0.9 , neuroticism : 0.1]}
others
: [ Lily : [ affective link : 0.9 ]
Barney : [ a f f e c t i v e l i n k : −0.5 ] ]
// i n i t g o a l s
[...]
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// p l a n s
[...]
Finally, we have introduced a new attribute ω (em weights) to the multiagent system (MAS) project. ω represents a correlation matrix between the
personality traits tr ∈ P and all of the possible emotion types t ∈ Ae ∪ Ee,
where Ae is the set of emotions that can be elicited by the appraisal process
and Ee is the set of empathic emotions that can be triggered by the empathic
appraisal process. For each pair of values (tr, t), a weight p representing
how the personality trait tr influences the emotion type t can be specified,
but many of these weights will be zero. Therefore, the set of weights of the
emotions can be viewed as the set of correlations between emotions and personality traits: the greater the correlation between the personality trait tr
and the emotion type t, the greater the value of p. For example, considering
that the trait of Extraversion E is related to positive emotions and Neuroticism N does not have a very high relation with positive emotions [75], for
the Happiness emotion, the Extraversion weight (ωHappiness,E ) will be greater
than the weight of the Neuroticism for the Happiness emotion (ωHappiness,N ).
To define the syntax of the ω matrix, we have proposed the use of the
keyword “w matrix :” followed by one or more weights (w weights).
These weights are defined as a label that identifies the personality trait
(trait label) followed by a list of weights (list weights). This list of
weights is composed of one or more emotion labels (em label) followed by
a number that represents the correlation between that personality trait and
that emotion. For instance, let us consider the example proposed in [221] in
which a personality / emotion correlation matrix is defined based on the variables Extraversion and Neuroticism and the emotions Anger and Sadness.
Table 5.1 shows the correlation matrix. The definition of the ω matrix based
on our proposed syntax is:
w matrix

: [ e x t r a v e r s i o n : [ Anger : 0 . 5 , Sadness : 0 . 6 ] ,
n e u r o t i c i s m : [ Anger : 0 . 8 , Sadness : 0 . 7 ] ]

Through our extension of AgentSpeak, the programmer can clearly define
both the personality of the agent and the knowledge that the agent has about
other agents. On the one hand, instead of establishing one threshold for each
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Table 5.1: Example of a personality / emotion correlation matrix.
Extraversion Neuroticism
Anger
0.5
0.8
Sadness
0.6
0.7
emotion as seen in previous approaches, our model allows the relationship
between different personality traits and emotions to be defined using the
correlation matrix ω. Therefore, just by varying the personality traits we are
defining agents with different affective behaviors as humans. On the other
hand, in our proposal, each agent can have its own affective link matrix,
thus allowing the implementation of asymmetric relationships between agents.
For instance, based on their previous interactions, Marshall has a negative
affective link with Barney, while Barney feels a positive affective link with
Marshall. This difference in the affective links between both agents represents
what happens in human societies in real life. In addition, the affective link
between two agents can dynamically vary according to the interaction value
and the emotion generated when the agents interact with each other. This
allows the simulation of affective behavior in long-term interactions between
agents.
Definitions of non-terminal syntactic symbols that have not been described
in this section are detailed in [25, 6].

Formalization of the semantic rules of the new affective
cycle
We are going to formalize the transitions between the different states of the
new affective cycle presented in Section 5.3 (Figure 5.3) using the same operational semantics used to define the original rational cycle of AgentSpeak
([224]). This operational semantics is described in [171] and consists of a
set of rules that define the transitions between different configurations of an
AgentSpeak agent. To make readability more convenient, we have adopted
the syntax proposed in [224]. Following this syntax, if ag is the set of attributes that define an agent, we will refer to the personality component P
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of ag as agP . We will also refer to the empathic agent whose affective cycle we are describing as empathic agent. In addition, we will use the label
emph ag id when referring to the empathic agent identifier.
Event classification
The event classification (EvClass) step evaluates the triggering event te component of the current event Tε to determine whether the event is affectively
relevant or not using the function:

(5.10)


True,

if ∃ ai ∈ teannots |
functori = ‘affective relevant’
affRelEv(te) =

False, otherwise

where te is the triggering event, teannots is the set of annotations of te, ai is
the ith annotation of the set of annotations teannots , and functori represents
the functor of the annotation ai .
Furthermore, this step also performs the dissociation between events that
should be evaluated at an affective level and those that should be evaluated at
an empathic level allowing the distinction between the self from the target. As
discussed in Section 5.2, this distinction between self and target is essential in
the development of empathy since it allows an agent to differentiate its own
emotions from emotions produced by the perception of others. For an event,
we have designed four transition rules in this step. The first rule (EvClass1 ) is
applied to events that are not affectively relevant and either have nothing to
do with the empathic agent (e.g., the target are other agents) or events whose
target is the empathic agent but without a subject agent (e.g., environmental
events):
(EvClass1 )
¬affRelEv(te) ∧ (tg 6= emph ag id ∨ (tg = emph ag id ∧ sbj ∈ {null, self}))
hag, C, M, T, s, Mem, Ta, O, EvClassi → hag, C, M, T 0 , s, Mem, Ta, O, EvClassi
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where: Tε = hte, ii
tg = getTarget(te)
sbj = getSubject(te)
If this rule is evaluated as true, the empathic agent will remain in the
state EvClass waiting for a new event. For example, let us assume that Lily
is the empathic agent. At a certain point, in time Lily perceives the event
time(cloudy). The function affRelEv evaluates the event obtaining the
value false as a result because this event is not relevant for the affective cycle.
The function getTarget also evaluates the event and returns the value null
since there is no annotation indicating a target agent at the event. Therefore,
the event does not have any affective impact on Lily, and the affective cycle
is not started. Lily will remain in the event classification step waiting for a
new event.
The second rule (EvClass2 ) deals with events that are not affectively relevant but that have some level of social interaction between the empathic agent
and the subject agent.
(EvClass2 )
¬affRelEv(te) ∧ tg = emph ag id ∧ sbj ∈/ {null, self}
hag, C, M, T, s, Mem, Ta, O, EvClassi → hag, C, M, T, s, Mem, Ta, O0 , EvClassi
where: Tε = hte, ii
tg = getTarget(te)
sbj = getSubject(te)
iv = getInteractionValue(te)
0
Oal
= updateAl(Oal , iv)
When this rule is evaluated as true, the affective link that the empathic
agent has with the subject agent is updated by the function updateAl. Continuing with the example, suppose that Lily (the empathic agent) has an
affective link of 0.5 with Marshall. At a certain point in time, Marshall says
hello to Lily by the event:
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(Example 1)
hello[subject(Marshall),target(Lily),interaction value(0.2)]
In this event, Marshall is the subject agent. As a result of this interaction,
Lily will increase her affective link with Marshall by using the interaction
value 0.2. As in the previous rule, Lily will remain in the event classification
step waiting for a new event.
The last two rules refer to events that are affectively relevant and, therefore, will trigger the affective cycle. It is in these rules where the distinction
between self and target occurs. This distinction is crucial because it allows
an agent to differentiate its own emotions from emotions produced by the
perception of others. The EvClass3 rule is evaluated as true when affective
events are directed towards other agents:
(EvClass3 )
affRelEv(te) ∧ tg ∈
/ {emph ag id , null}

hag, C, M, T, s, Mem, Ta, O, EvClassi → hag, C, M, T, s, Mem, Ta, O0 , EmphAppri
where: Tε = hte, ii
tg = getTarget(te)
iv = getInteractionValue(te)
0
Oal
= updateAl(Oal , iv)
If an event is affectively relevant and the target agent is another agent,
the event is considered an empathic event. Therefore, the affective cycle is
started, and the empathic appraisal step processes the empathic event. For
example, when Lily receives the event:

slap[subject(Marshall),target(Barney),
(Example 2)
affective relevant,interaction value(-0.5)]
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The function affRelEv evaluates the event as affectively relevant and identifies that the target of the triggering event is Barney. Therefore, the affective
cycle of agent Lily moves to the appraisal (Appr) step in which the event is
evaluated by means of an empathic appraisal. In this appraisal step, Lily
infers how Barney feels, and she generates an empathic emotion directed towards Barney.
Finally, the rule EvClass4 deals with affectively relevant events that are
received by the empathic agent:
(EvClass4 )
affRelEv(te) ∧ tg = emph ag id
hag, C, M, T, s, Mem, Ta, O, EvClassi → hag, C, M, T, s, Mem, Ta, O, Appri
where: Tε = hte, ii
tg = getTarget(te)
When this rule is evaluated as true, the empathic agent performs a selfappraisal process of the event obtaining an emotion as a result. Following the
previous example, when Lily receives the event:

slap[subject(Marshall),target(Lily),
(Example 3)
affective relevant,interaction value(-0.5)]
this event is directed toward Lily (i.e., Lily is the target agent). Therefore,
Lily will evaluate this event through a self-appraisal process in the appraisal
(Appr) step.
Appraisal
In the appraisal step, the values of the appraisal variables Av for the event ε
are determined by the self-appraisal process defined by the function:
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(5.11)

Appraisal(ε, bs, cc, Av, Mem, Ap) =
{(xid , xv ) | xv = DeriveAV(xid , xv , ε, bs, cc, Mem, Ap),
∀(xid , xv ) ∈ Av}

where bs are the agent’s beliefs, cc are the agent’s concerns, Av is a list
of tuples (identifier, value) containing the set of appraisal variables, Mem is
the affective memory, Ap are the applicable plans, xid is the identifier of an
appraisal variable, xv is the value of the appraisal variable, and DeriveAV is
a function that returns the value of each appraisal variable. Note that this
function calculates a different value for each appraisal variable. To determine the derived emotions from the appraisal variables, we have defined the
DeriveEm function as:
(5.12)

DeriveEm(Av) = Ae | Av 7→ Ae

where Av represents the set of appraisal variables and Ae represents the set
of appraised emotions defined as a set of tuples {hp, ai , hp0 , a0 i , · · · } where p
and a represent the Pleasure and Arousal values associated with the emotion.
Therefore, this function establishes a mapping between the set of appraisal
variables and emotions. There are different proposals for performing this
mapping. In our approach, we have used the model proposed in [221] where
a fuzzy model of appraisal based on the K.R. Scherer appraisal theory [201]
is used.
The transition rule for the appraisal step of the affective cycle has been
defined as:
(Appr1 )
True
hag, C, M, T, s, Mem, Ta, O, Appri → hag, C, M, T, s, Mem, Ta0 , O, EmRegi
where: Ta0Av = Appraisal(Tε , agbs , agcc , TaAv , Mem, TAp )
Ta0Ae = DeriveEm(Ta0Av )
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For instance, continuing with the event of Example 3, Lily appraises the
slap event eliciting the emotion sadness with high intensity.
Once the appraisal finishes, the next step in the affective cycle is the
emotion regulation (EmReg) step.
Emotion regulation
The emotion regulation step adapts the appraised emotion based on different
factors such as the mood or personality of the agent. This regulation process
affects the probability and intensity of emotions. For example, if the affective
link between two agents is high, the probability and intensity of emotions
should be increased. The process of emotion regulation is established by the
EmphRegulation function defined as:
EmRegulation(tr, ω, σ, Ae) = {hp0 , a0 i | hp0 , a0 i = ϕ1 (tr, ω, σ, hp, ai) ,
(5.13)
∀ hp, ai ∈ Ae}
where tr are the personality traits of the agent, ω is the personality/emotion correlation matrix, σ is the agent’s current mood, and Ae is the set of
appraised emotions. Since we define emotions as vectors in a Cartesian space
composed of the dimensions of Pleasure and Arousal hp, ai, the function ϕ1
is defined as an operation on vectors (described in more detail in [221]) that
adapts the emotion vector, represented by the tuple hp, ai, using the agent’s
personality and mood. Thanks to this regulation of the emotion process, each
agent can face an event in a different way depending on his/her personality
or mood.
The transition rule for this step is defined as follows:
(EmSel1 )
true
hag, C, M, T, s, Mem, Ta, O, EmRegi → hag, C, M, T, s, Mem, Ta0 , O, EmSeli
where: Ta0Ae = EmRegulation(agP , Taσ , TaAe )
— 155 —

5.3. FORMALIZATION OF THE AGENTSPEAK EXTENSION TO
DEVELOP EMPATHIC AGENTS
Following the previous example in which Lily appraised the sadness emotion with high intensity, if Lily’s personality has a high component of extraversion, she is more prone to positive emotions. Therefore, the emotion
regulation process will reduce the intensity of the emotion, producing the
emotion sadness with medium intensity.
Once the regulation of the possible emotions has been performed, the next
step of the non-empathic affective cycle will be the emotion selection (EmSel)
step.
Empathic appraisal
When the target of an affective event is another agent, the event is appraised
by the empathic appraisal process. This empathic appraisal process is a selfprojection appraisal that allows an empathic agent to understand another
agent’s emotion or situation. Similarly to the previously defined self-appraisal
step, the empathic appraisal is defined by the formula:
EmphAppraisal(ε, bs, cc, Av, Mem, Ap) =
{(xid , xv ) | xv = DeriveAV(xid , xv , ε, bs, cc, Mem, Ap),
(5.14)
∀(xid , xv ) ∈ Av}
where bs is the set of beliefs, cc is the set of concerns, Mem is the affective memory, Ap are the applicable plans, xid is the identifier of an appraisal variable, xv is the value of an appraisal variable, Av is a list of tuples
(identifier, value) one for each appraisal variable, and DeriveAV is a function
that returns the value of each appraisal variable. Note that the beliefs and
concerns may be either those of the empathic agent or those of the target
agent. In addition, both the number and type of appraisal variables and the
function DeriveAV of the empathic process can be different from the selfappraisal process. Empathic emotions can also be distinct from self-appraisal
and are elicited through function:
(5.15)

DeriveEmphEm(Av) = Ee | Av 7→ Ee
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where Av represents the set of appraisal variables and Ee represents the
set of empathic emotions defined as a set of tuples {hp, ai , hp0 , a0 i , · · · } where
each p and a represent the Pleasure and Arousal values associated with the
emotions. Similarly to the DeriveEm function, the DeriveEmphEm function
also establishes a mapping between the set of appraisal variables and the
empathic emotions.
The transition rule for the empathic appraisal step of the affective cycle
has been defined as:
(EmphAppr1 )
T rue
hag, C, M, T, s, Mem, Ta, O, EmphAppri → hag, C, M, T, s, Mem, Ta0 , O, EmphRegi
where: Ta0Av = EmphAppraisal(Tε , agbs , agcc , TaAv , Mem, TAp )
Ta0Ee = DeriveEmphEm(TaAv )
For example, when Lily perceives the event described in Example 2, Lily
evaluates the event slap through a self-projection appraisal and elicits the
emotion sorry for with high intensity towards Barney.
Once the empathic appraisal generates the set of empathic emotions, the
empathic regulation (EmphReg) process will adapt the empathic emotions using
the mood and personality of the empathic agent.
Empathic regulation
The empathy regulation step adapts the empathic emotion according to different factors such as the mood Taσ or personality agP of the agent and the
affective link Oal between the empathic agent and the target agent. This regulation process allows the empathic response to be personalized to different
target agents. For example, if the affective link between the empathic agent
and the target agent is high, the probability and intensity of the empathic
emotions will be higher. The process of empathic regulation is established by
the EmphRegulation function defined as:
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(5.16)
EmphRegulation (tr, ω, O, σ, Ee) =
{hp0 , a0 i | hp0 , a0 i = ϕ2 (tr, ω, O, σ, hp, ai) ∀ hp, ai ∈ Ee}
where tr are the personality traits of the agent, ω is the personality/emotion correlation matrix, O represents the knowledge that the empathic agent
knows about the target agent, σ is the agent’s current mood, and Ee is the
set of empathic emotions. Similarly to ϕ1 in Equation 5.13, ϕ2 is a function
that modifies the values of Pleasure and Arousal of the empathic emotion,
which are represented by the tuple hp, ai, using the personality, the affective
link between the agents (Oal ), and the mood (σ).
The transition rule for the empathic regulation is defined as:
(EmphReg1 )
true
hag, C, M, T, s, Mem, Ta, O, EmphRegi → hag, C, M, T, s, Mem, Ta0 , O0 , EmSeli
where: Ta0Ee = EmphRegulation(Tε , agPtr , O, Taσ , TaEe )
Tε = hte, ii
iv = getInteractionValue(te)
0
Oal
= updateAl(Oal , iv)
Following the previous example, let us suppose that Lily has a low positive affective link with Barney (e.g., 0.3). Let us recall that Lily’s personality
makes her prone to positive emotions. In addition, when Lily perceives the
event, she has a positive mood (e.g., happiness). The empathic emotion regulation process will reduce the intensity of the empathic emotion and the result
will be the emotion sorry for with weak intensity.
Once the regulation of the possible empathic emotions has been performed,
the following step is the emotion selection (EmSel) step.
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Emotion selection
In the emotion selection step of the affective cycle, the final emotion F e that
the agent is going to simulate is selected by the function SelEmotion(ε, Ae, Ee, P )
. This function has as parameters an event ε, the list of appraised emotions
Ae, the list of empathic emotions Ee, and the agent personality P . The user
can adapt this SelEmotion function to different environments and situations
considering the agent personality, intensity or probability of the emotions,
and other affective characteristics.
The transition rule for the emotion selection step is defined as follows:

(EmSel1 )
T rue
hag, C, M, T, s, M em, T a, O, EmSeli → hag, C, M, T, s, Mem0 , T a0 , O, AffAdi

where: Ta0Fe = SelEmotion(T aAe , T aEe , T aσ , agP )
ae = hTε , Ta0Fe i
Mem0 = Mem ∪ ae
This step calculates the final emotion Ta0Fe . Therefore, the affective memory
Mem can be updated to store the event Tε with the emotion Ta0Fe resulting
from this event appraisal. This mechanism allows the agent to maintain a
memory of past events and the emotion that each event produced, supporting
the maintaining of long-term interactions between agents.
For instance, when Lily evaluates the event of Example 3, the self-appraisal
process produces two emotions as a result: sadness with high intensity, and
fear with medium intensity. Let us suppose that after the emotion regulation
process the intensity of those emotions is not modified. If the user has defined
the SelEmotion function to select the emotion with the highest intensity, the
empathic agent will elicit the sadness emotion.
The next process of the empathic affective cycle is the affect adaptation
(AffAd).
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Affect adaptation
In the AffectAdaptation step, the mood of the agent is updated by the
function AffectAdaptation, which is defined as follows:
(5.17)
AffectAdaptation (tr, ω, σ, Fe) =
hp0 , a0 i | hp0 , a0 i = ϕ3 (tr, ω, Fe, hp, ai) and hp, ai ∈ σ
where Fe is the final emotion selected by the emotion selection process. ϕ3
is a function that, similarly to ϕ1 and ϕ2 in Equations 5.13 and 5.16, modifies
the mood vector, which is represented by the tuple hp, ai to adjust it to the
emotion produced by the event.
(AffAd1 )
T rue
hag, C, M, T, s, Mem, Ta, O, AffAdi → hag, C, M, T, s, Mem, Ta0 , P, O, SelCsi
where: Ta0σ = affectAdaptation(agP , Taσ , TaFe )
Since emotions and mood are expressed as vectors in the same representation space, the selected emotion will “attract” the mood to a greater or lesser
extent depending on the agent’s personality. As a result, the mood of the
agent will be modified. Continuing with the previous example in which the
selected emotion was sadness with high intensity, let us assume that Lily’s
mood is happiness with a low intensity. The emotion will attract the mood,
and, as a result, the new mood will be sadness with a low intensity.
Once the mood of the agent is updated, the next state of the affective cycle
will be the select coping strategy process. In this process, a coping strategy
from the current set of applicable coping strategies will be used to create a
plan that finally allows the agent to express its empathy: in its voice tone, in
its speech, in its face, . . .
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Update time without events
This step checks how long it has been since the agent has not received an
event. If the time exceeds a certain threshold , a simulated event ‘Twe event’
will be triggered to elicit emotions such as boredom or sleepiness. The time
without events Twe will be updated by the function updateTwe().
(UpTwe1 )
Twe > threshold
hag, C, M, T, s, Mem, Ta, O, UpTwei → hag, C, M, T 0 , s, Mem, Ta0 , O, EvClassi

where: Tε0 = ht, ii
t = ‘Twe event’
Ta0Av = hav1 , av2 , · · · , avn , Twei
Twe = updateTwe()

(UpTwe2 )
¬Twe > threshold
hag, C, M, T, s, Mem, Ta, O, UpTwei → hag, C, M, T, s, Mem, Ta0 , O, UpTwei
where: Ta0Av = hav1 , av2 , · · · , avn , Twei
Twe = updateTwe()

5.4

Conclusions

Empathy is a key element in social interactions affecting human affective
states and behaviours and provides a basis for long-term relationships. Several proposals have been made from the area of affective computing to simulate empathic behaviors. These proposals are generally based on theoretical
models from psychology, sociology, and neuroscience. Most computational
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models for simulating empathic behaviors are generally based on the agentoriented programming paradigm. However, these proposals are designed ad
hoc, generating agent programs that are highly dependent on the programmer and that are difficult to understand, share, and re-use. In this paper, we
have presented a model of empathic agent that is based on the BDI language
AgentSpeak. Our proposal is based on the theories of empathic appraisal and
emotion regulation. We have extended the syntax, semantics, and the reasoning cycle of the AgentSpeak language to support the design of empathic
agents. We have modified the affective cycle that had been incorporated to
AgentSpeak by GenIA3 . This has added new processes and functionalities
to allow the elicitation of empathic emotions. We have formalized our extension using the same operational semantics formalism used by AgentSpeak
and GenIA3 . This operational semantics defines the structure and the configuration of the agent. The formalization of all of the transitions guarantees
the validity of our proposal.
Our empathic model is structured around three fundamental processes:
perception, empathic appraisal, and empathic regulation. After perceiving
an empathic event, the empathic appraisal process elicits a set of empathic
emotions. These empathic emotions are then adapted by the empathic regulation process according to the knowledge that the agent has about the target
agent.
The new affective cycle is divided into two different appraisal processes:
one for eliciting empathic emotions induced by the perception of an emotion
or situation in a target agent; and another for eliciting emotions based on
self-directed or environmental events. This division of the affective process
allows the agent to be able to maintain a sense of self that is distinct from
the target agent.
The use of the affective link representing the affective proximity between
two agents allows the personalization of the empathic response based on the
target agent. In addition, a correlation matrix represents how each personality
trait of the agent influences the emotion that will be elicited. Finally, in our
proposal, agents maintain a memory of past events and the emotion that the
past events produced in the agent. This affective memory, combined with the
possibility of establishing and modifying the affective links with other agents,
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allows the simulation of personalized long-term interactions, which are crucial
in affective interactions in human beings. All of these characteristics of our
empathic agent model will produce software agents that are more realistic
when modelling human organizations.
We are currently considering increasing the agent’s knowledge of other
agents by adding new structures to store the beliefs, goals, and concerns of
other agents using state-of-the-art approaches of Theory of Mind. Moreover,
the affective link can be complemented maintaining a level of trust in other
agents. This will improve the perspective-taking process so that the agent can
evaluate perceived situations using more knowledge about the target agent.
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Abstract

Social networks have been a revolution for our society. The rapid expansion of
these networks results in more and more children and teenagers using them regularly. However, despite the fact that most social networks have privacy control
systems, most young people do not use these controls because teenagers are usually
unaware of the privacy risks that exist in the Internet. This inadequate use of social media can lead to different social problems such as cyber-bullying, grooming,
or sexting. The best way to prevent these risks is through education. In this paper
we propose an empathic pedagogical agent model for education on good practices in
the use of social networks. The agent interacts empathetically with users through
the social network. The user’s emotion is recognized through a camera and is
processed in real time to obtain the emotion. The agent analyzes the recognized
emotion and the users’ actions and looks for the best strategy to advice and educate
the teenager in the correct use of the social network.
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6.1

Introduction

Today’s society is increasingly moving towards virtual environments. Video
calls, instant messaging, and social networks have transformed the way we
communicate and relate to others. The incorporation of these new technologies into our daily lives, has been accelerated this year by the pandemic
produced by COVID-19. People find several advantages such as instant communication, the search for lost old friends, the improvement of the prospects of
finding a job, or the communication in times of confinement. The democratisation of the use of the Internet is resulting in more and more children and
teenagers using them. In fact, today the young people are the biggest consumers of technology and social networks [79]. However, young people are often not aware of the privacy risk they are exposed to when using the Web [3].
An inappropriate use of social networks can have negative personal, professional, and emotional consequences [144]. These consequences are aggravated
when they occur in children and teenagers, as they do not have sufficient
emotional capacity to deal with certain situations that may arise from the inappropriate use of social networks. Therefore, for a social transition towards
virtualised environments to be effective, it is necessary to design educational
models focused on teaching the correct use of the Internet. An appropriate
use of the web can turn it into a pedagogical tool that allows a great dissemination of knowledge [114]. Artificial intelligence can help in this educational
task through the use of intelligent agents acting as tutors in the use of social
networks. Intelligent agents have already been used in education with good
results [159, 207]. In particular, agents with empathic abilities, capable of
recognising and showing emotions, have been successfully used in educational
tasks by increasing the sociability and participation of young people [188].
Furthermore, empathic intelligent agents are perceived as much more reliable
than traditional agents by children and teenagers. This advantage makes empathic agents more suitable for tutoring [165]. In this paper we propose a
model of empathic pedagogical agent to be used as a tutor to train young
people in the correct use of a social network.
The rest of this paper is organized as follow. In section 6.2, we discuss
the problem of privacy risk in the Internet and the most important proposals
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regarding pedagogy with agents and education in the use of social networks.
Section 6.3 introduces a empathetic pedagogical agent model for education
on social networks. The agent will interact with students in an affective way
by recognizing and expressing emotions. Finally, the main conclusions and
future works are presented in Section 6.4.

6.2

Related work

Social networks have revolutionised various aspects of society. They have not
only transformed the way we communicate and relate to others, but have
also affected other aspects such as politics, business, culture, or the way we
perceive reality. Social networks also allow us to meet new people and share
our ideas. However, not everything is an advantage in social networks. These
networks have become a perfect medium for the dissemination of fake news
and disinformation campaigns. Fake news try to give a biased view of many
events in order to manipulate people’s opinion.
Given the high level of social exposure to which users of social networks
are subjected, there is a risk of losing privacy. In addition, an inappropriate
comment or an unfortunate photo can harm our personal image and damage
us socially and emotionally. In fact, the privacy risk has become one of the
main concerns of users of this type of network [3]. Currently, most social
networks have privacy management systems that allow users to control the
audience of their publication. However, these systems are often ignored by
users, both because they are not aware of the potential risks of exposure of a
specific publication and because users are not concerned about privacy. This
fact is further aggravated when young people are involved since they do not
have sufficient social and emotional skills to deal with certain situations that
may arise when using social networks [156].
Nowadays, the younger population is becoming the main users of social
networks. The European General Data Protection Regulation (GDPR) [110]
allows young people over 16 to transfer their personal data to be processed
by social network providers without the consent or the authorization of the
parental responsibility holder. In addition, this regulation allows EU mem— 167 —
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bers to reduce this age to 13 years. Consequently, children and teenagers
spend several hours a day using their smartphones. During this time, they
receive hundreds of advertisements and messages that, frequently are hoaxes
and fake news. This misinformation is often spread to create a negative view
of everything that is different: religious belief, political ideas, sexual tendency,
immigrants, people with disabilities,. . . This misinterpretation and manipulation of real events can affect the emotional development of teenagers and
children, because they have less critical thinking and tools to analyse and
protect themselves of fake news. Moreover, during pandemic confinement,
young people have spent many hours connected to the Internet, often without
parental supervision [87]. How can they filter all the messages that receive?
Ballesteros and Pizaco [14] estimated that only 22% of teenagers between 14
and 16 years old have received training on how to filter the information they
find on the Internet.
On the other hand, many young people use social networks as a social
showcase in which they look for group acceptance: the greater the number
of followers and friends, the better their perception of their status on the
social network. However, most young people do not know how to handle
their privacy in social network environments [210]. Therefore, when making
a publication they do not consider the risk that sharing this information may
suppose. This is because they do not have the necessary skills to determine
what kind of information poses a risk when disseminating it. This level of
public exhibition can have negative consequences. Recent studies show that
the abusive and inappropriate use of social networks can lead to negative effects such as addiction, cyber-bullying, grooming, sexting, and paradoxically,
social isolation [144, 178].

Pesedia: a pedagogical social network
In recent years, some proposals for assessing privacy on social networks have
been made [1, 4, 29]. Most of these proposals involve the definition of metrics
and mechanisms to improve trust and avoid the vulnerability of privacy in
social networks [191, 218]. One of these proposals is found in [9] in which
Pesedia, a social network designed specifically to educate in the correct use of
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social networks, is presented. Pesedia offers an interface that is very similar
to the interfaces of current social networks like Facebook. Young people have
their own wall where they can create and share publications. They can also
send private messages or establish groups. The network also allows to establish friendship relationships and trust levels in order to teach the appropriate
privacy measures by providing the appropriate level of privacy for the publications. Pesedia allows the addition of plugins to increase its functionality. For
example, in [3] two mechanisms were included to assist in the decision-making
process of selecting the privacy level of a publication. The aim of these mechanisms was to alert users about the visibility of publications in order to make
them aware of the privacy risk involved when posting. These mechanisms
were based on the model of soft-paternalism, in which specific interventions
are made in the actions performed by the student without affecting his/her
freedom of choice.

Pedagogical intelligent agents
While the establishment of metrics and mechanisms has proven to be effective
in educating about good practices in social networks, they lack the interactive
experience that an intelligent agent can offer. Intelligent agents are capable of
reasoning and reacting proactively to a perceived change in the environment.
Therefore, they are able to interact with the user by reacting to his/her actions. Intelligent agents have been used in recent years to perform tutoring
tasks in educational environments improving the motivation, socialization,
understanding, and attitudes of students [188]. For example, an educational
pedagogical agent model for tutoring children on the autism spectrum is proposed in [89]. Similarly, in [16] an educational pedagogical agent model for
helping in homework is presented. That agent was developed to operate in a
social network in which students perform their homework while participating
in a common social experience.
Many proposals made in the field of affective computing focus on the study
of empathy as a mechanism to improve the human-machine interaction [165].
Empathy is a construct used in different domains such as ethology, philosophy, psychology, or neuroscience to explain different social behaviours. These
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behaviours are generally focused on the ability to understand and share emotions, moods, and mental states of others, as well as the behaviours derived
from this understanding, such as prosocial behaviour or altruism [49, 213].
Empathy encourages the development of emotional bonds, allowing human
beings to constitute themselves as social and moral beings [119]. In fact, recent neuroscientific studies relate some social disorders, such as autism spectrum disorder or psychopathy, with a deficit in the brain areas involved in
empathic processes [21]. One of the most recurrent definitions of empathy
is the one proposed by M. L. Hoffman [99], in which empathy is defined as
a psychological process that makes a person have feelings more similar or
congruent with the other person’s situation than with his/her own situation.
Therefore, it is not necessary for empathic responses to be identical or approximate to the mood of the other, but according to Hoffman any emotional
reaction compatible with the mood of the other can be considered empathy.
According to Hoffman’s definition, to simulate the processes inherent within
empathy, software agents must be able to perceive and recognize emotions or
moods and react accordingly by simulating a behavior appropriated to the
perceived emotion or mood.
The area of artificial intelligence has evolved by developing models of
agents with different affective and empathic abilities [7, 6, 216, 234]. Most of
these models use a dimensional representation for emotions and mood [220].
One of the most widely used dimensional representation is the Circumplex
Model of Affect that uses two dimensions to represent emotions: pleasure and
arousal [193]. The use of this dimensional model allows the representation
and simulation of affective processes such as emotion elicitation, emotional
contagion, or empathy.
Empathic agents have been used in different contexts and have proved to
be more reliable and more credible, thus reducing the stress and frustration
of human users and improving human-machine interaction [165]. The development of agents with empathy has also been useful in the educational field.
For example, the research performed in [188] used empathic agents to prevent bullying. In this experiment it was found that agents with empathic
skills increased the sociability and involvement of young users. The participants played a game in which the agents recognized and showed emotions.
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Figure 6.1: The proposed model for a empathic pedagogical agent in a social
network

During the game, a series of social situations were presented in which an
agent was bullied by other agents with the intention of driving the students’
behaviour through empathy. Empathic agents have also been used for tutoring in educational environments. For example, in [159] a robot tutor with
empathic skills was proposed. The study showed that the empathic agent
improved the predisposition of young people to participate in learning experiences. In the same way, in [207] a model of a robot tutor with empathy is
presented. This model is able to recognize children’s emotions and interact
with them through a touch screen. The results of experiments show that the
empathic robot tutor was able to elicit and maintain the social engagement
of the students.
Considering the promising results of previous works, where was shown that
empathy increases trust and engagement, we propose to employ an empathic
agent to increase the efficiency of the learning process of young people in the
correct use of social networks.
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Proposal

As mentioned in the previous sections, irresponsible use of social networks can
compromise the user’s privacy. Therefore, it is necessary to develop tools that
allow young users to understand the risks to which they are exposed and to
learn good practices in the use of social networks with the aim of maintaining
their privacy. In this paper we present an educational pedagogical agent
model with empathetic abilities. Our agent interacts with the user through
the social network. The agent will monitor the user’s actions on the network
to analyse his/her behaviour. When the user prepares a publication, the agent
analyses the privacy risk associated with the publication and recommends the
best strategy for avoiding privacy risks. Following a soft-paternalism strategy,
the user will be free to decide how to carry out the publication. Once the
publication has been made, the agent will react according to whether the user
has followed its advice or not.
In order to improve the interaction with the user, the agent must have
certain social and emotional capacities to react with an appropriate behaviour.
One of the best approaches to generating this social behaviour is through
agents that simulate empathy. Our proposed agent uses empathy as a tool to
build trust with the user improving its educational task. Through empathy,
our agent is able to react appropriately according to the emotion or mood
of its young interlocutor. Following the definition of empathy proposed by
Hoffman, our agent will be able to recognize the emotion in the teenager
and to produce a behavior according to that emotion. The model that we
propose in this paper uses a real-time facial emotion recognition system. Once
the emotion is recognised, the agent represents the emotion internally using
a multidimensional representation model [220] and generates an empathic
response in accordance with the perceived emotion. In addition, the agent
will have a proactive emotional behaviour depending on the actions performed
by the user in the social network.
Figure 6.1 shows the model for the interaction between the young user
and the agent in the social network. The framework proposed in this work
consists of three main components: the social network based on Pesedia, the
emotion recognition system, and the empathic intelligent agent.
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Pesedia
Our proposed framework uses three plugins of the Pesedia social network: the
privacy risk estimator, the behavior control, and the agent avatar manager.
On the one hand, the privacy risk estimator is responsible for estimating the
potential audience for a publication. This estimation is obtained by measuring
the number of potential users that can access to the publication according to
the degree of privacy that the user has selected [2]. On the other hand,
the behavior control is used to capture the interactions that the user makes
within the social network, for example, when pushing a “like” button or when
posting an item. Finally, the agent avatar manager displays the agent’s facial
expressions and messages on the social network window. Figure 6.2 shows a
screenshot of Pesedia with the agent avatar interface on the right. When the
young user makes a comment, the privacy risk estimator warns the user of the
risk involved in such publication. In the example in Figure 6.2, the user has
provided a location that could lead to a high privacy risk. The agent warns
the user that the publication has a high risk and recommends to modify the
audience. The final decision belongs to the user: the teenager can continue
with the publication or modify the audience. Depending on his/her decision,
the agent will adapt its behaviour by using different messages and emotional
expressions.

The emotion recognition system
The emotion recognition system consists of a video camera and a classifier
based on convolutional neural networks that is locally installed in the device used by the teenager. This system captures the image in real-time and
through a cascade classifier [209] obtains the position of the user’s face. Then
the face image is sent to a convolutional neural network installed in the computer used by the user. This convolutional neural network obtains the most
likely emotion according to the user’s facial expression [74]. To avoid microexpressions the system performs a controlled analysis using a multiple frame
analysis. It is important to remark that the empathic agent can only be as
good as the accuracy of the recognised emotion.
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Empathic intelligent agent
Experts recommend improving the critical thinking of young people. This
process involves detecting and analysing all the messages and information
that the teenager receives, but frequently young people navigate the Internet
without the supervision of any adult. In this kind of scenarios, an intelligent
agent supervising all the teenager’s activity on the Internet can provide the
advice and emotional support that absent adults cannot give. Our proposal of
architecture for this intelligent agent is composed of three modules: the rational processes module, the affective processes module, and the communication
module.
Intelligent agents must be able to reason and establish plans. In our proposal the rational processes module is based on the BDI architecture model.
A BDI agent is composed of a set of beliefs, desires, and intentions. The
beliefs represent the information that the agent has about the state of the environment in which it is located, in this case the social network. The desires
are objectives that the agent wants to achieve. In our model, the objectives
are a set of pedagogical actions such as persuading the user to change the
privacy of a message. Finally, the intentions are the objectives that the agent
selects to execute them.
The affective processes module is composed of four processes: the appraisal
process, the emotion representation process, the empathic modulation process,
and the selection of affective options process. The appraisal process appraises
any action of the young users and determines the emotion. Appraisal theories
hold that when a stimulus is procured, a set of processes are triggered to
evaluate that stimulus [221]. As a result of these processes an emotion is
generated. In our model, when the agent perceives an action of the user in
the social network, the agent evaluates this action according to its beliefs and
its desires and, as result, an emotion is triggered. This emotion is represented
in a two dimensional space based on the dimensions of pleasure and arousal by
the emotion representation process. Then, the empathic modulation process
uses the dimensional representation to approximate the emotion elicited by
the appraisal process to the emotion recognized in the user’s face. As a result
of this process, an empathic emotion that will be more in line with the user’s
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Search
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Share your thoughts
I'm staying home today

Activity
All
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Sent to: All

Post

Mine

Privacy risk alert
The message contains information about
your location.

Friends

Continue posting
Welcome Alice!

The risk to your
privacy is high, I
think you should
only share it with
your group of
friends.

Modify audience

Alice is now friend with Bob 1 hour ago

Edit details
Change image
Account settings
New messages [1 new]
Friends [0 new]

Figure 6.2: Screenshot of the Pesedia social network with the agent avatar
interface on the right side.
emotional state is generated. Finally, this empathic emotion is used by the
selection of affective options process to identify the applicable plans.
The last component is the communication module. This component is responsible for transmitting the actions that must be performed to the agent
event manager. It is composed of two processes: the execute action process
and the emotion expression process. The first one is in charge of executing
the plans that have been selected by the plan selection process from the plans
generated in the affective options and the filter processes. These plans may
contain educational actions, privacy recommendations, or affective expressions. Finally, the emotion-expression process selects the facial expression
that the agent must show, and sends it to the agent avatar manager (see
Fig 6.2).

6.4

Conclusions and future work

Today, social networks are an essential part of many young people’s lives.
However, using social networks without the necessary skills represents a privacy risk. The best tool to fight the privacy risk is education. In this work we
— 175 —

6.4. CONCLUSIONS AND FUTURE WORK
have proposed a model of a pedagogical empathic agent for education in the
use of social networks. The agent interacts with young users warning them
about privacy when a publication is made. The agent interacts with the user
through the social network. To make this interaction as natural as possible
we have proposed the use of empathy that has been used before in teaching
tasks obtaining good results.
Our empathic pedagogical agent model will be tested on Pesedia social
network to determine if it improves the perception of the risk of privacy of
young people. Further experiments will be performed to test whether the
agent is able to provide young people with the necessary skills to manage
privacy risk in social networks.
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Discussion
Empathy is a critical component of social interactions that affects affective
states and human behaviors and provides a foundation for long-term relationships. From a computational perspective, the development of systems
capable of simulating abilities related to social cognition, such as empathy
or Theory of Mind, requires the design of processes to identify or perceive
the mental state of other agents in order to provide an appropriate empathic
response. For this response of the agent to be as human-like as possible, it
has to be adapted, through a process of regulation, to different affective, intrapersonal and interpersonal factors. To adapt empathic responses to these
factors, it is necessary to use models for the representation of affective states
that make it possible to represent, in a common space, the affective states of
the agent and the affective states identified or perceived in the other agents.
In this sense, theories such as the Core Affect theory, make it possible to represent affective states in a dimensional space and to establish relationships
between the different affective states. However, as discussed in Section 2.2,
proposals made to date in affective computing that used dimensional models
present several disadvantages that make it difficult to extrapolate them to
an empathic agent model. Therefore, this work proposes a new representation model based on a polar coordinate system composed of the pleasure and
arousal dimensions, in which the affective states are represented by vectors.
This model defines different types of intensity for affective states as a function
of the vector module.
Furthermore, for an empathic agent to interact with human users a rep179

resentation model capable of representing and expressing emotions using the
same words and expressions that humans use is needed. However, it must
be considered that these words are language and culture dependent, that is,
the literal translation of the terms from one language to another can produce
biases or misinterpretations in the representation model. Therefore, in this
thesis a new methodology based on experiments to adapt the emotion representation according to the culture and language in which it will be used is
designed. This methodology is based on two experiments: the first experiment is used to study the most appropriate translations of the dimensions
of pleasure and arousal in a target language; and the second experiment is
used to determine the distribution of emotions along these two dimensions.
The results of the first experiment with 50 Spanish participants helped to
corroborate the importance of adapting the translation of emotional models
by considering the different meanings that humans give to emotion labels in
different cultural environments. For example, the affective category “Misery”,
used in the literature as the antagonistic value of Pleasure and whose closest
translation into Spanish is “Misera”, was not selected by the participants of
the first experiment as representative of this affective category. This may
be due to the fact that, in Spanish, the concept of “Miseria” is more associated with poverty than with displeasure or suffering. On the other hand,
the results of the second experiment, conducted with 100 participants, helped
to determine the levels of pleasure and arousal associated with the different
emotions in Spanish. These experiments were performed with Portuguese and
Swedish participants to adapt the model to those cultures and languages. In
this case, the results allowed to highlight the differences between the three
languages. For example, for some emotions, Spanish and Portuguese had
a greater similarity than when compared to Swedish. These results are in
line with the results obtained in previous experiments in which similarities
in the conceptualization of emotions between language families were already
reported. Another interesting result provided by these experiments was that
there were no significant differences between the association of the dimensions
of pleasure and arousal for each emotion according to gender or age.
From the results obtained in the experiments, a probabilistic model in
which different probability regions are defined for each emotion was gener— 180 —
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ated. In this way, the direction of the vector composed by the pleasure and
arousal dimensions indicates the probability of membership of that vector to a
certain affective state. This model combines probability regions with different
levels of intensity, defining each affective state by an area instead of a single
point. The probability areas can be easily modified to adapt the model to
the cultural environment in which it is being used. In fact, through this multidimensional model of affect, an agent can have different probability models
for different languages and adapt its model of representation and expression
of affective states to the language and culture of its human interlocutor. To
do that, two processes based on the different cultural models are established:
a defuzzification process, which allows to represent words related to affective
states in the space of pleasure and arousal adapted to the cultural environment; and a fuzzification process, which determines an emotion label in a
specific language from a pair of pleasure and arousal values. These processes
allow the agent to express its affective state and to represent the perceived
affective state using the same interpretation of the fuzzy emotional terms used
by its human interlocutor.
Another fundamental aspect in the development of agent models capable
of simulating affective behaviors, is the way in which emotions are elicited in
the agent. Based on appraisal theories, which indicate that emotions are the
result of an appraisal of a perceived stimulus, a new computational appraisal
model that can elicit more than one emotion in each appraisal cycle is established. This model is capable of eliciting ten different types of emotions
with different intensities with a small number of fuzzy rules. To do that, this
model uses five fuzzy appraisal variables to determine the candidate emotions
to be elicited when perceiving an event through the Event appraisal process. These emotions are expressed, using vectors, in the multidimensional
culturally adapted representation model. Then, through an affect adaptation
process, the agent’s mood is adapted using these emotions together with the
agent’s personality. As a result, different agents, with different personalities,
show a different mood when they perceive the same event. To establish the
influence of personality, a correlation matrix is defined. This correlation matrix can be adapted to different theories and approaches and represents how
each agent’s personality trait influences the emotion that will be elicited.
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Once it is established how affect is represented, how affect is communicated
between agents and humans, and how emotions are elicited, a formal model
of an affective agent with empathic abilities is defined. This model departs
from the proposals made in the field of affective computing, which generally
focused on the definition of ad-hoc models. Using the generic architecture
for affective BDI agents GenIA3 , which uses the well-known agent-oriented
language AgentSpeak, the empathic agent model offers low programmer dependency. To this end, the syntax, semantics, and the reasoning cycle of
AgentSpeak are extended to support the development of agents that are capable of performing empathic interactions. A new inference model is also
proposed to allow emotions and empathy to have an effect on the practical
reasoning of the agent. Emotions and empathy will be involved in both the
deliberation process when the agent is selecting an intention to commit, and
in the means-end reasoning process when the agent is deciding which plan to
follow. To facilitate the emergence of empathy in software agents, the GenIA3
architecture is extended with a new syntax and semantics.
In order to provide an agent with the ability to perform an empathic reasoning process based on perspective-tacking, it is necessary to clearly identify
the participants involved in an empathic interaction. In the proposed model,
four types of agents involved in an interaction are identified: the agent that
performs the action, which is labeled as the subject agent; the agent that receives the consequences of the action, which is labeled as the target agent; and
the agent that perceives the action, which is labeled as the observer agent.
The syntax of an AgentSpeak event to incorporate the knowledge about the
participants of the event is also redefined. In this way, an agent is able to
reason about events that have happened to other agents and, therefore, to
react empathically to these events through a process of perspective taking.
To allow the emergence of empathic interactions, the practical and affective
reasoning processes of an agent are modified. In addition, three new processes
for eliciting empathic emotions based on theories of empathic appraisal and
emotion regulation are designed: percepción, empathic appraisal, and empathic regulation. After perceiving an empathic event by the percepción process, the empathic appraisal process elicits a set of empathic emotions using
a self-projection approach (in which the agent evaluates the event perceived
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in another agent as if the event had happened to him/her) and considering
different appraisal variables. These empathic emotions are adapted by the
empathic regulation process according to the knowledge that the agent has
about the target agent. For this purpose, the affective link is used. The affective link represents the affective proximity between two agents and allows
the personalization of the empathic response according to the target agent.
Affective link is combined with affective memory (which stores past events
together with the emotion that those events produced in the agent) for the
simulation of long-term personalized interactions, which are critical in affective interactions in humans. Moreover, two types of events are distinguished:
affective events and empathic affective events. Each type of event is evaluated
by a different appraisal process providing the agent with the cognitive ability
to distinguish the self from the others that is, according to the literature, a
fundamental component in the development of cognitive empathic reasoning.
All these features of this empathic agent model will lead to more realistic
software agents when modeling human behavior, human organizations, and
human-machine interactions.
Finally, this empathic agent model has been adapted for its use in a social
network with the objective of teaching young people about the appropriate
and secure use of social networks. The agent interacts with teenagers by
warning them about privacy and providing guidance when posting. To make
the interaction natural and believable, the agent recognizes the user’s emotion
and represents it using the proposed representation model adapted to its
cultural environment. This emotion is used to estimate the empathic response
of the agent and to adapt its behavior to the affective state of the user.
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Conclusion and future work
Empathy is a fundamental component in the understanding of human social
and affective behavior. However, there is still much work to be done from
different areas such as psychology, sociology, or neuroscience to understand
the immensity of the cognitive processes that allow the emergence of affective
and social phenomena such as empathy. There are currently several theories
that attempt to explain the phenomenon of empathy. The trend seems to
be in line with the development of theories focused on empathic appraisal.
Empathic appraisal theories suggest that empathy is generated as a result of
an appraisal process together with a regulation process that allows adapting
the empathic response to different social and affective factors.
The fields of computing that study the simulation of human behavior, the
behavior of human social organizations, and human-machine interaction may
benefit from the introduction of concepts from empathy-centered theories.
Computational systems capable of simulating different aspects related to empathy contribute to improve the understanding of the factors that produce
this phenomenon as well as to understand the bonds that arise in human societies. Experiments with agents capable of simulating different levels of empathy have shown that human users perceive these agents as more human-like,
credible, and trustworthy. Therefore, the simulation of empathic emotional
behavior allows to improve the user experience and to advance in the development of models that improve the paradigm of human-machine interaction.
However, to design this type of systems it is necessary to establish formal models that define the processes that allow the development of empathy
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simulation and common representation systems of affective states for both
software agents and humans. Furthermore, given the way in which humans
express their emotions through labels or words, it is necessary to develop
computational models capable of reasoning and simulating affective behavior
by understanding and expressing affective states in the same terms as humans. However, it is necessary to consider that these terms are dependent
on the cultural environment, that is, different cultures may have different
ways to express the same affective state. Therefore, translating the representation models literally can lead to errors or misinterpretations affecting the
simulation and the user’s experience.
The work performed in this thesis represents an advance in the field of
affective computing with the contribution of a model for the representation
of affect and the simulation of affective and empathic behavior in multi-agent
systems. The proposed model of affect representation allows, as an innovation,
to represent emotions using areas in the space of pleasure and arousal instead
of simple points. A emotion is represented using a vector in a polar coordinate
system in which the direction of the vector indicates the type of emotion and
the module of the vector determines its intensity. Through this representation
it is possible to simulate different behaviors related to affective states such as
the intensity of emotions or mood mitigation. In addition, having a common
multidimensional representation space allows to explore affective states and
adapt them to different factors (such as personality) to provide personalized
responses and more realistic behaviors.
In this work, a new experiment-based methodology that allows to adapt the
multidimensional model of affect representation to different cultural environments is presented. Thereby, the same agent can have different probabilistic
models to adapt the emotion and express it using the same terms and in the
same language of his human interlocutor, reproducing a more natural and
credible simulation and avoiding possible misunderstandings or misinterpretations resulting from the different languages.
To provide agents with the ability to simulate an affective reasoning process
as human-like as possible, a new computational appraisal model is defined.
This model uses fuzzy logic and allows the definition of different levels of
intensity for emotions. Through a fuzzification and a defuzzification processes,
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the agent is able to recognize and express the affective states using the same
terms and in the same language as its human interlocutor. Furthermore, using
the multidimensional model of affective state representation, a formalization
for mood adaptation is proposed as a function of the emotions generated by
the fuzzy appraisal and the agent’s personality. In this way, different agents,
with different personalities, can exhibit different behaviors when perceiving
the same event.
All these advances have been used to define a new agent model capable
of simulating empathic abilities. Using the well-known AgentSpeak agent
language, several processes have been identified and defined to simulate the
cognitive processes of affective appraisal, empathic appraisal, and empathic
regulation (among others). These processes allow agents to select the appropriate affective or empathic response when perceiving an event. The processes
of affective appraisal and empathic appraisal also allow the agent to simulate
the distinction between the self and the other, which is identified in the literature as a fundamental component in the development of the cognitive concept
of empathy and Theory of Mind.
Therefore, this thesis represents a significant contribution to the computational representation of information related to affective states as well as to
the modeling of agents with empathic and Theory of Mind abilities. However,
much work remains to be done in the field of affective computing to achieve a
realistic simulation of human affective behavior. Thus, some future challenges
are identified. On the one hand, the representation model considers areas in
a two-dimensional space formed by the pleasure and arousal components. It
would be interesting to study the effect of adding more dimensions to the representation model, such as Dominance, as these additional dimensions may
be useful to disambiguate the possible overlaps that occur between some emotions in the two-dimensional model. It would also be interesting to analyze
the influence of these dimensions on social behavior by simulating it through
a multi-agent system, as well as to study the influence of these dimensions
across cultures. On the other hand, regarding the simulation of empathic
behavior, it would be interesting to further enhance the agent’s ability to use
information about other agents by adding new structures to store the beliefs,
goals, and concerns of other agents using state-of-the-art Theory of Mind ap— 189 —

proaches. In addition, the affective link representation can be enhanced by
maintaining a level of trust in other agents. This will improve the perspectivetaking process so that the agent can evaluate perceived situations using more
knowledge about the target agent. Finally, it is necessary to develop new
experiments to test whether the proposal of an empathic pedagogical agent
is able to provide young people with the necessary skills to manage privacy
risk in social networks.
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Guixeres, Carmen Llinares, Enzo Scilingo, Mariano Alcañiz, and Gaetano Valenza. Affective computing in virtual reality: emotion recognition from brain and heartbeat dynamics using wearable sensors. Scientific reports, 8(1), 2018.
[147] Stacy Marsella, Jonathan Gratch, Paolo Petta, et al. Computational
models of emotion. A Blueprint for Affective Computing, 11(1):21–46,
2010.
[148] Stacy C Marsella and Jonathan Gratch. EMA: A process model of
appraisal dynamics. Cognitive Systems Research, 10(1):70–90, 2009.
[149] Abigail A Marsh. The neuroscience of empathy. Current opinion in
behavioral sciences, 19:110–115, 2018.
[150] Joseph W Matiko, Stephen P Beeby, and John Tudor. Fuzzy logic
based emotion classification. In IEEE Int. Conf. on Acoustics, Speech
and Signal Processing (ICASSP), pages 4389–4393, 2014.
[151] David Matsumoto and Linda Juang. Culture and Psychology. Nelson
Education, 2016.
[152] Robert R McCrae and Oliver P John. An introduction to the five-factor
model and its applications. Journal of Personality, 60(2):175–215, 1992.
[153] Albert Mehrabian. Analysis of the big-five personality factors in terms
of the PAD temperament model. Australian journal of Psychology,
48(2):86–92, 1996.
— 207 —

BIBLIOGRAPHY
[154] Albert Mehrabian. Pleasure-arousal-dominance: A general framework
for describing and measuring individual differences in temperament.
Current Psychology, 14(4):261–292, 1996.
[155] Ben Meuleman and Klaus R Scherer. Nonlinear appraisal modeling:
An application of machine learning to the study of emotion production.
IEEE Trans. on Affective Computing, 4(4):398–411, 2013.
[156] Marina Micheli. Social networking sites and low-income teenagers: between opportunity and inequality. Information, Communication & Society, 19(5):565–581, 2016.
[157] Sylvia A Morelli, Matthew D Lieberman, and Jamil Zaki. The emerging
study of positive empathy. Social and Personality Psychology Compass,
9(2):57–68, 2015.
[158] Juan E Moreno, Mauricio A Sanchez, Olivia Mendoza, Antonio
Rodrı́guez-Dı́az, Oscar Castillo, Patricia Melin, and Juan R Castro.
Design of an interval type-2 fuzzy model with justifiable uncertainty.
Information Sciences, 513:206–221, 2020.
[159] Mohammad Obaid, Ruth Aylett, Wolmet Barendregt, Christina Basedow, Lee J Corrigan, Lynne Hall, Aidan Jones, Arvid Kappas, Dennis
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[233] Özge Nilay Yalçın. Evaluating empathy in artificial agents. arXiv
preprint arXiv:1908.05341, 2019.
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