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Abstract: The paper concerns emotional states representation and modeling for software systems, that deal
with human affect. A review of emotion representation models is provided, including discrete, dimensional
and componential models. The paper provides also analysis of emotion models used in diverse types of
affect-aware applications: games, mood trackers or tutoring systems. The analysis is supported with two
design cases. The study allowed to reveal, which models are most intensively used in affect-aware
applications as well as to identify the main challenge of mapping between the models.
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Introduction
Since the dawn of civilization, philosophers reflected on the nature of emotions. Starting with
Aristotle, who distinguished four humors, the Enlightenment philosophers attempted to name
human emotions and moods. However, the development of psychology in the twentieth century led
to a thorough study of this aspect of human life [Smith and Ellsworth, 1985]. The developed
discrete emotion theory assumes that there is a small number of core emotions. Most scientists
agree that happiness, anger and fear are easily recognizable and fundamentally different from each
other [Smith and Ellsworth, 1985]. However human emotions are much more sophisticated than
those three groups. Therefore, many affect models were created in order to describe emotional
reaction of a human.
An affect-aware system can be defined as a program of any main functionality, that additionally
recognizes emotional state of a user and has control mechanisms and logic able to handle the
information on affect [Landowska, 2013a]. The affect-aware applications require some model for
affect representation in order to automatically process emotional states of a user. Multiple
psychological models of emotions have been adapted in such system designs, however there is no
methodological approach to modeling emotions for software systems. This paper reviews the
emotion representation models and provides examples of applications. The main research question
of the paper might be formulated as follows: How to model emotions and which emotion
representation models are used in affective systems design?
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The study is supported with insight into two cases of an affect-aware game and an affective tutoring
system. The case studies were designed and conducted at GUT, under the supervision of the paper
authors. The case studies analysis are followed by recommendations and lessons learned.
1. Emotion representation
There are three major model types of emotional state representation: discrete, dimensional and
componential. Discrete models distinguish a set of basic emotions (named with word labels) and
describe each affective state as a combination of the basic ones. A significant group of emotion
recognition algorithms uses emotion representation based on labels only and that kind of
representation causes serious interpretation problems due to fuzziness of linking concepts with
words and a problem of semantic disambiguation. Dimensional models represent an emotional state
as a point in a two or three-dimensional space. Componential models use a number of factors that
constitute or influence the resulting emotional state.
1.1. Discrete emotion representation models
At first psychological studies aimed at identifying a set of emotions that are universal among all
people, independently on the ethnicity and civilization level. One of the most popular theories about
basic emotions that is used until now was proposed by Paul Ekman. He is an American
psychologist, one of the most influential psychologists of the 20th century, who studied emotions
and their correlation with facial expressions. Ekman, who traveled to Papua New Guinea to study
the facial expressions of isolated populations, discovered that some of facial expressions are crosscultural. He identified a set of six basic, core emotions: anger, disgust, fear, happiness, sadness, and
surprise [Ekman and Friesen, 1971] (Figure 1).
Figure 1. Six basic emotions according to Ekman

Source: Own work.

Carroll Izard proposed a similar approach, but extended with neuropsychological aspects. His
discrete emotion theory postulates ten core emotions: interest, joy, surprise, sadness, anger, disgust,
contempt, fear, shame and guilt [Izard and Izard, 1977; Allen et al., 1988].
Based on these basic emotions, various scales were developed and used in different studies.
However, it has led to situations that research results were incomparable. Therefore, to describe
positive and negative affect Watson et al. proposed universal PANAS scale, consisting of 20 labels
describing emotions (10 for positive and 10 for negative) [Watson et al., 1988]. It is widely used,
and was later extended to PANAS-X scale (with 60 emotion labels) [Watson and Clark, 1999].
There is also a number of emotional scales intended to be used in specific applications, e.g. JES and
JAS scales were proposed for measuring job satisfaction [Brief et al., 1988; Fisher, 1998].
The advantage of the label-based emotion representation is its comprehensibility for human and as a
result, they are frequently used in surveys. However, direct application of label-based models in
computer systems might be misleading. First of all, human use diverse words to describe similar
emotional state, e.g. positive state after good news might be named with joy, delight, merriment,
rejoicing, gladness, excitement and so on. Moreover, perceived meaning of a specific word e.g.
"angry" might differ depending on culture, context and even individuals. The more sophisticated
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emotion label, the fuzzier might be human perception of it. This fuzziness and complexity of human
emotions cannot be perceived by computer systems, in which label "anger" is context-independent.
1.2. Dimensional models
Circumplex model of affect, one of the most popular dimensional models, was proposed by Russell
[Russell, 1980]. It assumes, that any emotion might be described with two continuous dimensions
of valence and arousal. The valence (pleasure) dimension differentiates positive from negative
emotions, and as it is continuous, both directions might be graded. Values close to zero correspond
to neutral emotional states. The dimension of arousal (activation) allows to differentiate active and
passive emotional states, while a value of zero on the axis means intermediate states. In the
dimensional models a specific affective state is represented as a point in dimensional space with
coordinates’ values ranging from -1 to 1 (sometimes -10 up to 10 or -100 up to 100 scales are used).
Whissel divided this two dimensions into quadrants, shown in Fig. 2 [Whissell, 2009]. Quadrant I
(positive valence and positive arousal) indicates positive and proactive emotional states such as joy,
happiness, love, contentment, satisfaction. Quadrant II (-V +A) indicates negative states of high
arousal, and among them are anger, disgust, surprise and fear. The third quadrant (-V -A) represents
negative states of low arousal, such as boredom, sadness, up to depression states. Quadrant IV (+V
-A) represents positive states of low arousal, such as relaxation, bliss, up to sleepiness.
Figure 2. Whissell Wheel emotion representation model

Source: [Garcia-Rojas et al., 2006]

The circumplex model of affect was criticized for at least three reasons: (1) it is unnatural for
human representation of emotions (people do not think about emotions as points), (2) it is hard to
represent ambivalent emotional states and (3) fear and anger are undistinguishable, as these
emotions both lie in the same quadrant of high arousal and negative valence.
To provide distinction between fear and anger it is necessary to add the third dimension. One of the
3D models that gained popularity in affective computing is PAD model (Pleasure-ArousalDominance) proposed by Mehrabian and Russell in 1977 [Mehrabian and Russell, 1974;
Mehrabian, 1996]. The pleasure dimension corresponds to valence in the circumplex model, and the
dimension of arousal remains. The third dimension is dominance representing ‘fight or escape’
reaction to stimuli. The model allows to differentiate anger (positive dominance) from fear
(negative dominance). The PAD model is visualized in Fig. 3.
The PAD space might be divided into eight sub-spaces, that are named after extreme emotions
represented by the extreme points of a scale [Mehrabian, 1996]:
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–

exuberant (+P +A +D) vs. bored (-P -A -D),

–

dependent (+P +A -D) vs. disdainful) (-P -A +D),

–

relaxed (+P -A +D) vs. anxious (-P +A -D),

–

docile (+P -A -D) vs. hostile (-P +A +D).

Figure 3. PAD emotion representation model

Source: Own work.

Dimensional models with continuous scales are suitable for computer processing and their
mathematical representation enables processing by algorithms for analysis or synthesis of emotions.
The lexicon of affect-annotated words that was developed by Russel and Mehrabian provides
average as well as standard deviation of the assigned dimension value for each word. In some cases
(for some ambiguous words) standard deviation even exceeds half of the adopted scale (0.5). There
is an issue of inaccuracies and blur concepts related to representing emotions in terms of
dimensional models. Categories that are used by people, often limit the possibilities of expression.
This means that the term 'angry' could be assigned by different people with values that deviate from
the average point (-0.51, 0.59, 0.25).
Moreover, for computer systems the difference between 0.546 and 0.547 is recognizable, but it’s
impossible to describe in such detail the emotional state of a person. Any application adopting the
dimensional model must therefore take into account the uncertainty and fuzziness of the emotional
states representation.
1.3. Plutchik componential model
Plutchik developed a psychoevolutionary theory of emotion and created a model of emotions where
he proposed distinction between basic and complex ones [Plutchik, 2001]. Different researchers
define different basic affects and Plutchik in his model proposed eight basic, fundamental emotions:
joy, trust, fear, surprise, sadness, anticipation, anger, and disgust. According to his theory, other
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emotions are a combination or mixtures of the basic emotions, such as love is in this model is a
combination of joy and trust. A mixture of any two primary emotions may be called dyad (Fig. 4b).
Primary dyads, e.g. optimism=anticipation+joy, are often felt, secondary dyads, e.g. guilt=joy+fear,
are sometimes felt and tertiary dyads, e.g. delight=joy+surprise, are seldom felt. Each of the basic
emotion has an opposite one: the most primitive emotions surprise vs. anticipation as a respond to
‘new-old’ conditions, fear vs. anger as a reaction to danger, enabled to take or give up fighting, trust
vs. disgust as reactions that protect against contact with something abhorrent or to motivate to do
something pleasant, and the latest of evolutionary emotions joy vs. sadness, sadness cause calm and
joy mobilize to contact with somebody or something [Jarymowicz and Imbir, 2010]. Each emotion
may have different level of intensity or arousal.
The Plutchik model is interestingly visualized. Plutchik presented these basic affects and also other
advanced, composed of the basic ones, on the color wheel of emotions (Fig. 4a). The eight sectors
indicate that there are eight basic emotions arranged as four pairs of opposites. The color indicates
the intensity of an emotion: the darker the shade, the more intensive the emotion is. So the intensity
of emotion increases towards the center of the wheel and decreases in the other direction. For
example, the lower level of joy is serenity and the highest level of it is ecstasy. The two dimensional
wheel may be visualized with 3D object (Fig. 4a) where the top middle point represents neutral
emotion.
Figure 4. a) Plutchik’s color wheel of emotions, b) dyads of emotions

Source: [Mihalinec et al., 2008]

1.4. OCC componential model
The OCC model proposed by Ortony, Clore and Collin in 1988 [Ortony, 1990] defines a hierarchy
of 22 emotion types representing all possible states which might be experienced. In contrast to
discrete models of emotions, the OCC one takes into account the process of generating emotions.
Each emotion is a result of an affective reaction, which occurs after evaluating the aspects of a
situation as positive (beneficial) or negative (harmful) [Ortony, 1990]. The reactions may differ
depending on three factors described below.
–

Consequences of events, which are perceived as desirable or not for achieving one’s goals. The
consequences might be either beneficial to the goals or not and thus an affective reaction of
being pleased or displeased may be generated. The emotions belonging to this category are
divided into those regarding consequences for others and they form a group called fortune-ofothers (happy-for, resentment, gloating, pity) or for self forming two groups, i.e. prospect-based
(hope, fear, satisfaction, fears-confirmed, relief, disappointment) and well-being (joy, distress)
emotions.
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–

Actions of agents, which may result in affective reaction of approving when the actions are
compatible with one’s standards, or disapproving otherwise. They may evoke emotions
connected with the subject’s actions (pride, shame) or other agent’s (admiration, reproach) and
they all form a group of attribution emotions. The model also takes into account the situation
when two eliciting conditions occur simultaneously, i.e. when the actions of agents are
evaluated in terms of their consequences. The emotions corresponding to this group called wellbeing/attribution compounds are: gratification, remorse, gratitude and anger.

–

Aspects of objects, which may be either appealing or not depending on one’s attitudes and thus
may result in affective reaction of liking or disliking respectively. The emotions evoked in this
way are love and hate and they form a group of attraction emotions.

Apart from the hierarchy, the model provides precise description of each of the 22 emotional states
[Steunebrink et al., 2009]. The description contains a short sentence presenting the eliciting
conditions, e.g. for hope it is as follows: “pleased about the prospect of a desirable event”. Then a
number of synonymous words, which represent similar emotions belonging to the same group, are
given, e.g. for hope these are: anticipation, excitement, expectancy. Finally variables which affect
the emotion intensity are given, e.g. the variables for hope are: degree of desirability, likelihood.
Despite some ambiguities highlighted in [Steunebrink et al., 2009] for example, the OCC model is
widely used to simulate affect in artificial agents [Bartneck, 2002], because it covers majority of
possible situations which could be modeled in an affect-aware system.
2. Emotion models in applications
In a growing number of affective and affect-aware applications different emotion representation
models are used. Selection of the model depends largely on the type of application, therefore in this
paper two application types were analyzed: affect-aware games and tutoring systems. The studies
provide more insight into the reasons for the emotion model choice.
2.1. Affect-aware games
Video games belong to the wide area of entertainment applications and one of their main goals is to
engage players emotionally through both gameplay techniques as well as interaction with virtual
agents or human players in multiplayer games [Adams, 2013]. Although video games are among
some of the most natural applications of affect-aware software, not many of them seek to
incorporate their players’ affective state into the gameplay. Moreover, this affect-awareness is
usually statically built in the gameplay at the development stage, basing on the assumed model of a
so called representative player. Unfortunately, such approach does not take into account that each
player differs to a certain extent from that averaged model [Landowska and Wróbel, 2015], and
more importantly, a player’s affective state can change even radically from session to session
making it almost impossible to predict the play-time emotions at the development stage.
In the last several years only a few truly affect-aware games have been developed, mainly as noncommercial academic projects. For example, Feed The Fish takes a player’s facial expressions as
input and dynamically responds to the player by changing the game elements [Obaid et al., 2008].
The goal of this system is to use human expressions to build a communication channel between the
game and the players, so playing the game can be more enjoyable [Obaid et al., 2008]. In this game
three emotional user states are recognized, namely neutral, happy, and frustrated, which switch the
gameplay’s difficulty, respectively, to normal, hard and easy level. Reported user study results
demonstrated greater satisfaction level of the player of affect-aware version of the game that
seemed to be more challenging and dynamic.
This example demonstrates that in most affect-aware video games rather simple emotional models
are used which are labeled or dimensional ones. These models usually use two or three labels
representing positive (desirable), negative (unwanted), and sometimes neutral emotional state of the
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player. This emotional state may be represented as two or three discrete labels of emotions or a float
value indicator along an axis in one-dimensional emotion model.
A good example of using such approach is ErfDemo video arcade game developed under
supervision of one of the paper’s authors at Gdansk University of Technology [Szwoch, 2015]. The
game has been designed for rather young players and the goal is to shoot as many balls as possible
in a limited gameplay time, through a hoop hanging in the air at some distance. A gameplay
similarity to individual basketball training, should give the player additional motivation and
understanding of the gameplay challenges and actions.
As ErfDemo has been designed for young players, it assumes a very simple emotional model
containing only joy and frustration emotional states, which seems to be sufficient for an arcade
game with a short gameplay when there is no time for the player to feel and express a wider
spectrum of emotions. ErfDemo tries to use estimated information about the player’s emotional
state to maintain the game’s difficulty at a suitable level.
ErfDemo continuously estimates the joy level of the player on the basis of the gameplay events. It
takes into account several factors, such as: the elapsing gameplay time that steadily decreases the
parameter (as it increases the player’s frustration), each unsuccessful throw or dropping of a ball
(that have the same effect), and each successful throw that increases the player’s joy. This simple
behavioral approach can be easily extended by any other mechanism that allows for reasoning about
the player’s emotional state.
Although the emotion representation model chosen for ErfDemo game was very simplistic, it was
sufficient to provide more enjoyment during gameplay. The model seems accurate for simple task
games. If the game would be extended with automatic emotion recognition e.g. from facial analysis,
mapping between the recognized model and the one used in game logic must be found.
2.3. Affective tutoring systems
The beginnings of affective computing are associated with computer-assisted learning. Therefore, a
number of affective applications have been developed in e-learning domain. One of the examples is
EMASPEL - affective e-learning framework. It gathers emotional information based on facial
tracking. Emotional classification is based on the variation of distances from the neutral face and is
based on the six basic universal emotions of Ekman [Ammar et al., 2010]. Another framework,
proposed by Nkambou, uses different discrete model with five emotions: satisfaction, confidence,
surprise, confusion and frustration [Brief et al., 1988].
Affective tutoring systems (ATS), which are tutoring applications that recognize learner’s affective
state and are able to react to it [Landowska, 2014], also use different emotion representation. For
example Easy with Eve [Alexander et al., 2006], AutoTutor [D’Mello et al., 2008] and Fermat
[Cabada et al., 2012] use their own discrete models, each one with different set of emotions. On the
other hand Alepis et al. [Alepis and Virvou, 2011] and Hernandez et al. [Hernández et al., 2009]
used in their ATS OCC emotion model.
Gerda bot is a prototype of a conversational Intelligent Tutoring System developed under
supervision of one of the paper authors at Gdansk University of Technology. Gerda questions
students on operating systems and uses a metaphor of student-teacher conversation during oral
examination. Gerda can be classified as an authoritative teacher [Landowska, 2013b].
There are some studies on how emotional states influence education and several general rules
regarding the influence on learning processes can be derived from literature [Landowska, 2013b].
Emotional states of very high or very low arousal (both positive and negative valence) disturb
learning processes and especially boredom is an emotional state that should be avoided in learning
[Elliott et al., 1999]. Educational processes are supported by the states of engagement,
concentration and flow [Picard and Klein, 2002; Baker, 2007] and emotional states with a higher
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dominance factor support the learning process (moderate anger is better than fear in the educational
environment) [Ammar et al., 2010].
Taking the above into account, Gerda was designed to evoke high arousal emotions which are rather
positive (or possibly slightly negative) and avoid boring the user. As textual analysis seems to make
the main contribution to the emotional state recognition process in Gerda, selection of the emotion
representation model was limited, as most of the sentiment analysis tools use dictionaries labeled
with dimensional models (described in 1.2).
PAD representation model was chosen for Gerda ITS and it was consequently used in emotion
recognition, interpretation and control. [1]
The GERDA emotional model development revealed two issues: missing algorithms for mapping
between models and lack of representation of uncertainty for emotion recognition. From the three
emotion recognition algorithms implemented in Gerda two used PAD as their output, while one
provided a hypothesis with Ekman's six basic emotions model. An additional wrapper module was
implemented that transformed the Ekman's output to a PAD point, however accuracy of the
mapping was low, resulting in imprecise emotional state estimation and increased uncertainty.
3. Recommendations and lessons learned
In the field of psychology numerous emotions representation models have been defined, as
described in Section 1. However, they are seldom directly used in emotion modeling for affective
applications. This is mainly due to the granularity of emotion representation. It can be defined as a
level of detail considered in emotion model and can be measured with the number of
distinguishable emotional state classes. Granularity and accuracy of emotion recognition are at
least partially interchangeable and increase of both simultaneously is nowadays an open research
issue. However, the challenge is not only to improve granularity and accuracy, but also to
distinguish the emotional states, that are the most important from the perspective of the system
application domain. Nowadays multiple diverse models are used and one observation might be
made: the simpler the task, the simpler emotion model might be used. However, in some more
complex applications, the chosen representation model might be a compromise between what is
required and what is technically possible in the system context.
Additional lessons learned from the study:
–

From the models proposed by psychology, discrete model of 6 basic
emotions is the most frequently used in emotion recognition from face expressions, while twodimensional model of valence and arousal is the most frequently used in sentiment analysis
from text.

–

Complex models like Plutchik are seldom used in practical applications.

–

OCC model is used for estimation (prediction) of emotional state, if no emotion recognition is
performed by the system. Moreover, it is sometimes combined with emotion recognition as a
confirmation of the estimated emotional state.

–

Affect-aware applications usually use very simple models, eg. two-class emotion representation.

–

Even a very simplistic model of emotions might influence user experience with software, which
was confirmed by the two case studies, but also by other applications.

–

Designers of an application usually start with more sophisticated model for emotion recognition,
gradually reducing it to fit the purpose of the system as well as development constraints (time
and cost).
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Practical implications for affect-aware applications include the following: one common
representation model shall be used for affect recognition and interpretation, fuzziness of affective
states should be also expressed and interpreted and there is a need for an explicit definition of a
distinguishable set of affective states that are under investigation for a specific tool or task.
Recommendations for affective applications authors:
–

Start with system goal!

–

Start simple! Define minimal granularity!

–

Take into account both granularity and possible/required precision!

–

Be consistent!

Conclusion
Both studies of games and affective tutoring systems revealed that there is a challenge of providing
adequate mapping between models of emotion representation, especially if multiple recognition
modalities are used in the same application. Another challenge concerning emotion models include
representation of fuzziness and uncertainty related to recognized affective concept.
Authors are aware of the fact, that this study is not free of some limitations, including: arbitrarily
chosen case studies and subjectivity in their description. The purpose of the paper however was to
depict diversity of emotion models, that are used in practice of affect-aware software development
as well as identification of the main challenges in affect modeling.
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