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Abstract

In this paper, we propose a new computational model for affective knowledge representation that will be used
for affective agents located in a multicultural environment. To this end, we present the results of two
experiments, the first of which determines the most appropriate labels to define the pleasure-arousal dimensions
in the culture and language of the agent’s location. As an example, we use the Portuguese and Swedish
languages. The second experiment identifies the most suitable values of pleasure-arousal dimensions for each
emotion expressed in these example languages. The results obtained are compared with a previous model
developed for agents interacting with European Spanish-speaking people. Results show significant differences
in the values of pleasure and arousal associated with emotions across languages and cultures. The results also
show no significant differences in gender or age when associating levels of pleasure-arousal to emotions. We
propose two applications of these representation models, such as a model of an agent capable of adapting its
affective behavior to different cultural environments and a human-aware planning scenario in which the agent
uses this dimensional representation to recognize the user’s affective state and select the best strategy to redirect
that affective state to the target state.
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1. Introduction

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 of simulations corresponds to
how humans interpret affective knowledge. Humans typically use different abstractions and metaphors
to express, represent, and interpret the affective knowledge. 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 [ 1-4]. However, the use of words or labels is a simplification that does not lead to representing
all the information inherent to affective states, such as the intensity with which an affective state is
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perceived. In this paper, we use an alternative to this representation by the use of models based on

different cognitive dimensions. One of the most common dimensional models in literature is the Core
Affect model [5]. That model defines affective states through two dimensions of pleasure and arousal.
Dimensional models have been widely used in affective computing [6—8]. Still, existing proposals also
simplify affective states, losing some of the information inherent to affective states. Moreover, as we
show in this paper, the cognitive conceptualization of an affective state may vary across cultures and
languages, thus influencing the levels of pleasure and arousal associated with that affective state [9]. 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 [10]. The method for representing affective knowledge for intelligent agents proposed in this
article solves some of the most important limitations of previous proposals, namely (i) facilitating the use
of the affective state in the agent’s reasoning process; (ii) representing the universal meaning of the
emotion independently of language and culture; and (iii) allowing the agent to adapt the emotion to the
language and culture at the moment of expressing the emotion.

This paper proposes a new computational model for affective knowledge representation. We describe
the results of two experiments conducted with Portuguese and Swedish participants to find the most
suitable translations for the affective categories, and adapt the pleasure-arousal space to both cultural
environments. The results of the experiment show that there are significant differences in the pleasure
and arousal values assigned to each emotion, based on the language and culture of the participant.
However, we did not detect any sex- or age-dependent differences. We finally present a computational
model for affective knowledge representation in affective agents and a potential application of this cross-
cultural model in the area of human-aware planning.

2. Related Work

Affective states are constructs that define different experiences, including emotions and moods. From
the area of affective computing [1] different approaches focused on the recognition, interpretation,
processing, or simulation of different emotional behaviors and affective states have been conducted [3,
11-13]. However, not much attention has been paid to developing models to represent the knowledge
related to affective states designed explicitly for its use in computational systems. The two common
approaches in the literature to represent affective states are referred to as categorical and dimensional
[14]. Categorical approaches are based on using a limited set of words or labels to define the different
affective states [15]. These labels provide a means to verbalize affective states, which constitute a critical
factor in human affective interactions. One of the best-known models is the model of basic emotions
proposed by Ekman [16] in which six labels are defined as “sadness,” “happiness,” “anger,” “fear,”
“disgust,” and “surprise.” This model is one of the most widely used in the area of affective computing
[4, 17]. However, by a label-based representation, we assume a high level of abstraction since we have
condensed 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 [18, 19]. 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 for all cultures and languages, and one word can be
translated by another one representing the same affective state. 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 across different
cultures and languages [9].

In contrast to categorical approaches, theories based on dimensional approaches allow reducing the
level of abstraction by representing affective states with different dimensions. These theories have their
origin in psychological constructivism, according to which a finite set of labels cannot establish affective



Human-centric Computing and Information Sciences Page3/19
states since they depend on an individual’s subjective experience that occurs in a particular context (e.g.,

a specific culture or language) [20]. One of the most representative dimensional models is the model of
core affect proposed by Russell [5]. In that model, affective experiences are defined as emotional cues
and represented by two dimensions of pleasure and arousal. Russell [21] also evidenced through
experimentation that the labels used to define the different affective states follow a circular pattern along
these two dimensions. From these results, he devised the circumplex model of affect. 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. Being a
representation based on continuous 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 “happiness” are related to positive values of the pleasure and arousal
dimensions, while those related to the word “sadness” are related to negative values in these two
dimensions.

Some authors have discussed the number of dimensions that define affect. For example, in [22], it is
proposed to introduce the dominance dimension to the pleasure-arousal space resulting in a model known
as the PAD model. Nevertheless, some studies show that this dimension does not substantially impact
the representation of affect across cultures [21] and that people exhibit difficulties and confusion when
trying to assign a dominance value to the emotions they are feeling [23].

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 across different cultures and
languages [9, 10, 24]. For example, the study presented in [25] analyzed the discrepancy of 24 emotional
labels in about 2,500 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
biased because the meaning of the words can differ between languages.

The circumplex model of affect has also been used in affective computing [6, 7]. For example, in [26],
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 of the pleasure and arousal
dimensions. However, the circumplex model of affect in affective computing also presents some
disadvantages. Let’s 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 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 [27, 28] warrants estimating the
distance of a random point from each predefined point for the affective labels in the model and then
assigning 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. However, this way of representing
affective labels is artificial and far from how affective states are distributed throughout the pleasure-
arousal space as demonstrated in [29]. In addition, in a point-based approach, it is complex to assign a
level of certainty for whether a random point belongs to a specific label or represents 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 [30]. Still, in a point-based representation,
the intensity of affective states is not considered [31]. Despite this, 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; for example, values close to zero in both dimensions would
indicate very low or no intensity while values close to one would indicate high intensity [32].

A possible alternative to the point-based representation is a 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 [33], a vector-based representation using the pleasure-arousal
space to express emotions in a robot is proposed. Unfortunately, that representation presents the same
problem as the point-based representation since the way in which the variations in the dispersion of
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affective states are represented is symmetrical and thus, far from the mental representation that people

have of affective states.

Finally, there seems to be a trend towards developing affective models based on fuzzy logic [34, 35].
The fuzzy logic adds uncertainty [36] to the representation model by allowing a point in the pleasure-
arousal space to belong to more than one label. Moreover, fuzzy logic allows us to express affective states
in the same terms that people use, such as “very sad” or a “little happy.” For example, in [37], a fuzzy
logic-based model for translating emotional labels from Spanish to English is proposed. A methodology
based on an experiment in which eight Spanish speakers assigned the 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.

3. Cross-Cultural Model of Emotions for Affective Computing

We present a new cross-cultural model of emotion representation for affective computing which differs
from the representations discussed in Section 2. This new system uses probability areas to define each
affective state in the pleasure-arousal space. By using probability areas uncertainty is added 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
27. The main problem underlying the application of linear statistics arises when studying the probability
regions near 0 and 27, since in a linear model, these two regions would be independent; however, in a
polar coordinate system, these two regions are dependent. A possible method to avoid these problems
entails replacing the usual linear statistics with circular statistics [38]. 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 o, which is defined as follows [39, 40].

6= |-2 (ﬁz +zz)%, )

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 [41] can be considered, which allows to estimate the Gaussian (or normal) distribution
in circular data. Given an angle a, the von Mises probability density function is defined as follows:
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where p represents the mean of the distribution, k represents the concentration parameter of the
distribution which is calculated as the inverse of the circular variance (1/02), while I, (k) is the modified
Bessel function of order zero used to normalize the function [42].

Fig. 1 shows an example of the 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, the vector v, represents an affective state, and the inner rings represent four regions
of intensity, namely 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.

Through this model, the different affective states can be represented by abstracting from the labels that
represent each affective state, which will only be necessary when a software agent needs to express or
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interpret an affective state. Vectors can be modified over time by a sequence of events that an agent

perceives. This makes it possible to evaluate the relationship between previous and current affective
states, allowing for the simulation of different human affective behaviors. For example, if the agent has
an affective state at instant t,, and receives a new positive event at instant t,,,,, the agent’s emotional
response can be adapted to the affective state it had in t,, by modifying the intensity of the emotion
generated by the positive event in t,,, .

However, since this model results from an experiment with European Spanish speakers, it may not be
suitable for use in other cultural environments. Therefore, an experiment-based methodology has been
proposed to develop a new affect representation model establishing the levels of pleasure and arousal for
each emotion in the language of the model the agent will use. An agent can have more than one probability
model for different languages and adapt its expression of affective states to the language and culture of
its human interlocutor

Arousal

Strong

Medium

Weak

Neutral

Pleasure

Ssaquaals

Fig. 1. Distribution of probability functions in the pleasure-arousal space using 1 standard deviation for
Spanish resulting from the experiment conducted in [31].

4. Experiment Design

To create the affect representation model, we need to find the areas associated with each affective state
word or label in the language of the agent’s location (the target language). We propose a methodology
based on two experiments as follows. In the first experiment, the words used to represent the dimensions
of pleasure and arousal are translated into the target language, and then the results of the first experiment
are used in a second experiment to obtain the levels of pleasure and arousal associated with each affective
state in the target language. In this paper, as an example of the application of this methodology, we use
an agent designed for representing and expressing affective states in Portuguese and Swedish.

4.1 Methodology of the First Experiment

This first experiment is designed to identify the labels that best represent the meaning of the pleasure
and arousal dimensions in a target language. In the literature, there are different references to the pleasure-
arousal dimensions. Generally, these dimensions are defined into four affective categories of pleasure or
its antithesis misery and arousal or its antithesis sleepiness [21]. However, a literal translation of these
terms to other languages may result in cultural misunderstandings as the term associated with the
translation may not fully reflect the original meaning of an affective category label.
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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 is not adequate for agents located
across different cultures and languages.

Participants: Participants were recruited through Prolific [43]. In our experiments, we required
participants’ nationality, residence, and birth place to be either Portuguese or Swedish in each case. In
addition, we also specified that their first language should be Portuguese or Swedish in each case. For
this experiment, 50 participants were recruited for each target language. For Portuguese, the sample was
composed of 15 women and 35 men, ranging in age between 18 and 67 years old (u = 26.28, 5 = 9.98).
For Swedish, the sample was composed of 13 women, 35 men, and two participants who preferred not to
indicate their gender, with their ages ranging between 18 and 65 years old (u = 29.96,5 = 9.99).

Materials: For the first experiment (concerning the identification of suitable pleasure-arousal end
points), a set of labels was chosen for each language. These labels were selected from the common
Portuguese, proposed in [44, 45], and Swedish, proposed in [46]. In order to use the same words that
regular people use and minimize the bias, we complemented both sets of labels with different synonyms
collected from the dictionaries of Priberam [47] and Infopedia [48] for Portuguese and Bab.la [49] and
Synonymer [50] for Swedish. The words and synonyms were chosen by native speakers of the target
languages, considering the words found in dictionaries and their knowledge of commonly used words.

Alerta

Cansago

Excitacao
Agitagio

Felicidade
Contente
Encantado
Desativacao
Dormeéncia

Entusiasmo

Contentamento

@ (b) © (d)

Fig. 2. Degree-of-acceptance of candidate words in Portuguese for each affective category:
(a) pleasure, (b) misery, (c) arousal, and (d) sleepiness.
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Fig. 3. Degree-of-acceptance of candidate words in Swedish for each affective category:
(a) pleasure, (b) misery, (c) arousal, and (d) sleepiness.

From this research, we selected 28 Portuguese words and 30 Swedish words. Then we divided these
words into four sets of words, containing between five and nine words in each set for Portuguese (Fig. 2)
and between seven and nine words in each set for Swedish (Fig. 3). Then 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 composed of four sections, one for each affective category. Two checkbox
questions were designed to identify the best words to translate each affective category in each section.
The first question asked each participant to read a set of words and select the word(s) that clearly do not
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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(s) that best
represent the concept of that set. Finally, we added an extra section containing an attention check question.

Procedure: At the beginning of the experiment, participants were provided with instructions
describing the task to be performed along with two examples of questions for illustrative purposes. Then,
participants were asked to complete the four sections, one for each affective category, of the questionnaire
without a time limit. Those who failed the attention check question were dismissed and replaced by new
participants until a total of 50 participants was reached in each language.

4.2 Methodology of the Second Experiment

This second experiment aims to adapt the emotional representation space of the agent to the language
of the agent’s location. The experiment defines the regions of the pleasure-arousal space associated to
each emotion label. Initially, for this experiment, we selected the ten emotions proposed in [9] since they
represent a “broad range of feeling as possible,” namely “fear,” “surprise,” “disgust,” “anger,”
“boredom,” “sleepiness,” “sadness,” “excitement,” “calm,” and “happiness.” In the same vein, to the first
experiment, suitable labels for representing emotions were chosen that are common with the Swedish
labels used in [46] and with the Portuguese labels presented in [44] and [45], coupled with the resulting
end-point labels from the first experiment.

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 of the agent’s location.

EEINNT3

EENT3 99 ¢ EENT3

Participants: In this second experiment, the Prolific platform was also used to recruit participants by
applying the same demographic and language filters as in the first experiment. For Portuguese, 50 women
and 50 men ranging in age between 18 and 52 years (u = 24.10, 0 = 5.91) were recruited, while for
Swedish, 50 women and 50 men between the ages of 18 and 67 years (u = 30.79,0 = 10.37) were
recruited.

Materials: We designed an online questionnaire composed of ten prompts, one for each emotion label.
Each prompt contained only an emotion label. Two 7-item Likert scales were used to assign the levels of
pleasure and arousal associated with the emotion label. The arousal scale ranged from very sleepy to very
aroused and the pleasure scale ranged from very miserable to very pleased. In addition, an attention check
question was shuffled along with the ten prompts of the experiment.

Procedure: At the beginning of the experiment, an explanation of the objective of the experiment
along 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 along with an illustrative
example. Participants were then asked to complete the ten questions of the experiment and the attention
check question with no time limit. Those who failed any of the attention check questions were dismissed
and replaced by new participants until a total of 100 participants was reached in each language.

5. Results

5.1 First Experiment

To measure the suitability of a word w to represent the translation of an affective category c into a
target language, we define 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
affective category c and the number of times the word has been selected as non-representative of that
affective category.

5.1.1 Portuguese model
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Fig. 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
acceptpisery (Infelicidade) = 22, indicating that the participants considered this word as very
representative for that affective category. In contrast, the degree-of-acceptance for “aborrecimento” was
acceptpisery (Aborrecimento) = —34, indicating that the majority of the participants rejected this word
to be representative for the affective category of the group. Fig. 2 shows the degree-of-acceptance of the
candidate words in Portuguese for each affective category. In order to perform the second experiment,
we decided to use the three words with the highest level of acceptance.

5.1.2 Swedish model

The results obtained for the first experiment conducted with Swedish participants are shown in Fig. 3.
Analyzing the degree-of-acceptance of these results, we can appreciate that there is a larger set of words
with a positive degree-of-acceptance than in the case of the experiment conducted with Portuguese
participants. Nevertheless, it can be seen that in all cases, there are two words that outperform the rest.
Therefore, from these results, we decided to use the two words with the highest level of acceptance.

5.2 Second Experiment

To analyze 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. 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 [32]. Then we calculated the angle of each response
from the pleasure and arousal values, with this angle representing 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
removed the possible outliers. Table 1 summarizes the results obtained in the second experiment for the
example languages Portuguese and Swedish, as well as the results of the previous experiment conducted
with European Spanish-speaking participants [29]. This table presents the mean angle for each emotion
and its circular standard deviation obtained using Formula 1. To facilitate the visualization and analysis
of the distribution of the ten emotions in the circular space composed of the pleasure and arousal
dimensions, we proposed the use of circular boxplots [51] which can be seen in Figs. 4 and 5.

Table 1. Circular mean and circular standard deviation in degrees for each emotion

Emotions Emotions in Portuguese Emotions in Swedish Emotions in Spanish

in English Label/word Mean SD n Label/word Mean SD n Label/word Mean SD n

Fear Medo 160.12  39.25 94 Riédsla 136.93 21.62 82 Miedo 12551 15.61 93
Surprise Surpresa 62.79 21.02 91  Overraskad 75.06 18.86 91 Sorpresa 71.63 2638 92
Disgust Aversdo 19537 41.88 86 Avsky 167.88 34.00 96 Asco 182.58 43.65 97
Anger Raiva 151.60 37.72 98 Ilska 14095 820 75 Enfado 138.55 16.90 83

Boredom Aborrecimento 24596 21.11 93 Uttrakad 230.33 9.46 84 Aburrimiento 24534 21.41 98

Sleepiness Sonoléncia 259.19 18.04 87 Trott 25439 16.79 93  Somnolencia  263.59 15.56 95
Sadness Tristeza 207.78 15.51 92 Ledsen 205.69 2031 96 Tristeza 196.02 22.48 98
Excitement Excitagdo 53.18 8.64 85 Spénning 76.78 20.96 96 Emocion 39.97 1032 87
Calm Calmo 312.68 46.76 70 Lugn 32544 3777 88 Calma 318.12 3589 74
Happiness Felicidade 4022 7.66 73 Lycka 32.66 15.64 92 Felicidad 25.09 19.02 96

P

n” represents the number of samples without outliers and neutral value (i.e., the 4th item in both Likert scales).
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As expected, the distribution of emotions across the dimensions of pleasure and arousal does not follow

a symmetrical distribution pattern, because each emotion has a different dispersion. For instance,
“excitement” and “happiness” have a lower standard deviation than “calm” and “rear.” This goes in line
with previous research, which has observed that stronger/intense emotions, such as “happiness,” have
more precise conceptions (emotional differentiation) [52].

180 ) o 180 ° o 180 I o

(h) (i) )

Fig. 4. Portugal experiment results: (a) fear, (b) anger, (c) disgust, (d) sadness, (¢) boredom,
() sleepiness, (g) calm, (h) happiness, (i) excitement, and (j) surprise.

) w e o

(h) ) ©)

Fig. 5. Swedish experiment results: (a) fear, (b) anger, (c) disgust, (d) sadness, (e) boredom,
(f) sleepiness, (g) calm, (h) happiness, (i) excitement, and (j) surprise.

Similar to the Portuguese experiment, in the second Swedish experiment, some emotions had a much
larger standard deviation than others, with similar observations to be made when comparing languages.
For some emotions, the standard deviation had clear differences between the Swedish and Portuguese
tests. This can be attributed to cultural reasons as well as personal ones. For instance, “excitement”
(translated to “spanning” in Swedish) which is commonly perceived in English as a positive emotion, can
be perceived as either negative (e.g., too exciting or a scary level of thrill) or positive (e.g., having fun or
expecting/awaiting something good) in Swedish. This is observed in the Swedish test result, where
“excitement” spans from pleasure to displeasure, although pleasure is dominant (Fig. 6). The Portuguese
test, however, had much clearer “excitement” definitions, being strictly pleasurable. Other emotions, such
as “boredom” and “anger” had much smaller standard deviations in the Swedish test than the Portuguese
test (Figs. 4 and 5). Intuitively, it can be seen that these emotion labels have more precise definitions in
Swedish.
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Fig. 6. Mixture of von Mises curves of the 10 emotions in (a) Portuguese, (b) Swedish, and (c) Spanish
obtained by applying Formula 1 to the results obtained in the second experiment. The axis represents
the angles a, in degrees.

6. Discussion

6.1 The Importance of Adapting Affective Categories

The problem of translating the terms that people associate with affective categories into other
languages has been explored for years in the literature [7, 24, 25]. For example, a prior study presented
in [53], 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
48 emotion adjectives in English. A previous study by Knez and Hygge [46] evaluated a Swedish
translation of the 48 emotion adjectives.

Commonly used labels for a hedonic tone (pleasure/misery) in prior studies include “prazer” for
pleasure and “desprazer” for misery (displeasure) in Portuguese [44, 45] and “behag” for pleasure and
“obehag” for misery (displeasure) in Swedish [54, 55]. However, these words were not chosen by the
participants. Intuitively, this result is due to the /ess intensive meaning of the words “prazer” or “behag”
in comparison to “felicidade” and “alegria” or “lycka” and “glddje” (chosen by the participants), and the
less intensive meaning of the word “desprazer” or “obehag” in comparison to “infelicidade” and
“sofrimento” or “otillfredsstillelse” and “missndje” (chosen by the participants). In addition, in
Portuguese the words “prazer” and “desprazer” have a high bias owing to religious and cultural aspects,
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since these concepts are associated more with sexual pleasure instead of “happiness” producing a

negative connotation in society.

These results allow us to validate the initial hypothesis of the experiment established in Section 4.1.1.
The literal translation of affective categories into other languages can produce misunderstandings and
biases that undermine their use in computational systems and especially in intelligent agents.

6.2 Comparison between Models

From the second experiment, comparing the Portuguese and Swedish emotion measures (Figs. 4 and
5), we can observe a small decrease in arousal and pleasure for Portuguese on all “negative” emotions
(i.e.m “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”). The analysis of
the obtained models leads to conclude as follows: (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

2 <,

emotions. We may thus derive a third conclusion as follows: (iii) we are measuring similar pleasure and
arousal values in the Swedish and Portuguese experiments, if normalized with the observed cultural
modifier. This is interesting from a modelling perspective. If we are able to identify and measure cultural
modifiers for the experience of emotions (independent of particular emotions), these modifiers can act as
heuristics in shared representations of emotions when defining cross-cultural affective agents.

We performed a comparative analysis using the chi-square test to identify whether there were
significant differences between language and the angles associated with emotions. The starting
hypotheses for this analysis are split into the null hypothesis h the “the angle associated with an emotion
is independent of culture and language” and the alternative hypothesis h, that “the angle associated with
an emotion have some degree of dependence with the culture and language.”

Table 2. Results of chi-square test for comparison of the distribution of emotions across languages

Emotions in Portuguese—Swedish Portuguese—Spanish Swedish—Spanish

English ¥ (df) p-value %2 (df) p-value %2 (df) p-value
Fear 45.899 (15) 0.000* 75.95 (15) 0.000* 23.951 (8) 0.002*
Surprise 21.884 (10) 0.015% 30.313 (12) 0.002* 23.119 (11) 0.017*
Disgust 53.519 (18) 0.000* 19.224 (18) 0.378 56.231 (18) 0.000*
Anger 54.674 (14) 0.000* 25.506 (14) 0.029* 31.708 (7) 0.000*
Boredom 56.461 (8) 0.000* 3.314 (8) 0.913 58.382(9) 0.000*
Sleepiness 8.8291 (7) 0.265 12.584 (7) 0.082 21.064 (8) 0.006*
Sadness 18.458 (9) 0.030* 22.028 (11) 0.024* 24.191 (13) 0.029*
Excitement 83.071 (9) 0.000* 61.470 (7) 0.000* 121.82(12) 0.000*
Calm 26.338 (15) 0.034* 16.788 (12) 0.157 12.567 (14) 0.560
Happiness 22.512 (8) 0.004* 43.523 (7) 0.000* 20.367 (9) 0.015*

*p-value<0.05.

Table 2 shows the results of this analysis. For Portuguese and Swedish, we can appreciate that except
for the case of “sleepiness,” we can reject the null hypothesis h, with a confidence level of 95%,
specifically there is a language dependence in the selection 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 to 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 to Spanish, we can observe that
these differences are reduced. These results are interesting since there are greater linguistic and cultural
similarities between Portuguese and Spanish than between Portuguese and Swedish or Spanish and
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Swedish. Considering the fact that Portuguese and Spanish share a greater lexical similarity with both

being included in the /bero-Romance language family group [56], these results are in line with the results
obtained in previous works [25]. Consequently, the results of this second experiment confirm the initial
hypothesis described in Section 4.2.1 that there are cultural differences in the dimensions of pleasure and
arousal associated with emotion labels in different languages. These similarities and differences must be
considered when defining an affective agent to interact with people in these cultures and languages.

On the other hand, our experimental results can be extrapolated to other areas of computing, such as
natural language processing (NLP). Emotion detection in NLP is typically addressed through the use of
specific predefined keywords such as “surprised,” “sad,” or “angry” [57]. The observed cultural
differences in the interpretation of emotions can thus be misrepresented 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.

6.3 Gender and Age Comparison

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 to the ten emotions using a
chi-square test. We divided the age into two groups according to the median determined as 29 for the
Swedish participants, and 32 for the Portuguese participants.

Table 3 shows the results of the chi-square test. The starting hypotheses for this analysis are split into
the null hypothesis h, that “the angle associated with an emotion is independent of gender/age” and the
alternative hypothesis h, that “the angle associated with an emotion and the gender/age have some degree
of dependence.” Regarding gender, we can see that there is not enough evidence to reject the null
hypothesis h, 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.

In the same vein, attending to the general results for the age comparison, we can observe that 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. Therefore, 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.

Table 3. Results of chi-square test for gender and age

Emotions in Portuguese-Gender Portuguese—Age Swedish—-Gender Swedish—Age

English 1 (df) p-value 1 (df) p-value 1 (df) p-value 1 (df) p-value
Fear 11.085 (14) 0.679 12.471 (14) 0.568 6.789 (8) 0.559 5.618 (8) 0.056
Surprise 9.055 (8) 0.377 18.130 (8) 0.020* 5.618 (6) 0.476 16.206 (6) 0.766
Disgust 18.528 (14) 0.183 12.134 (14) 0.595 16.206 (13) 0.238 3.520 (13) 0.382
Anger 15.896 (14) 0.319 18.255 (14) 0.195 3.520 (4) 0.474 1.346 (4) 0.133
Boredom 8.443 (7) 0.295 4.610 (7) 0.707 1.346 (4) 0.853 10.313 (4) 0.130
Sleepiness 9.380 (6) 0.153 9.619 (6) 0.141 10.313 (6) 0.112 10.059 (6) 0.092
Sadness 6.808 (6) 0.338 9.303 (6) 0.157 10.059 (8) 0.260 11.473(8)  0.043*
Excitement 1.656 (3) 0.646 5.300 (3) 0.151 11.437 (9) 0.246 10.237 (9) 0.559
Calm 3.954 (9) 0914 15.151 (9) 0.086 10.237 (14) 0.744 6.179 (14) 0.152
Happiness 2.893 (4) 0.575 3.502 (4) 0.477 6.179 (7) 0.518 0.518 (7) 0.054

*p-value<0.05.

7. Applications
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7.1 Cross-Cultural Affective Agent Model

As discussed in Section 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 that the agent is going
to use. To do that, we estimated the probability regions for the ten emotions in the pleasure and arousal
space using the von Mises distribution (Formula 2). Fig. 6 shows the estimated von Mises distributions
for the ten emotions. Following the same approach of Fig. 1, Fig. 7 shows a graphical representation of
the probability regions for the Portuguese and Swedish affect representation models using one standard
deviation.
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Fig. 7. Affect representation models using one standard deviation: (a) Portuguese and (b) Swedish
(with a stress relief plan consisting of a sequence of subgoals (G1-G3) and a final goal (G4)).

To allow the representation, interpretation, and expression of affective states in our computational
model for affective knowledge representation based on a polar representation, we have designed two
processes [29], namely the emotion representation process and the emotion expression process. The
emotion representation process is a defuzzification process that 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 a of the emotion “happiness”
in the representation model corresponding to the language and cultural environment of the agent’s
location. To estimate the modulus of the vector |¥|, 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) (Fig. 7).

Table 4. Example of the results of emotion representation process for the emotion “happiness” with
medium intensity

a |7 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

Table 4 shows the values of pleasure and arousal when applying the emotion representation process to
emotion “happiness” with a medium intensity. The pleasure and arousal values are obtained by the
following equation denoted as:
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(Pleasure, Arousal) = |9| - cos(a), |?] - sin(a). ?3)

The emotion expression process is a fuzzification process that allows an affective agent to express an
affective state using a label/word in the language of its human interlocutor. To illustrate how this emotion
expression process works, let’s consider an example in which an affective agent wants to express its

affective state represented by the vector v, (Fig. 7), 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 emotion expression process produces the results shown in
Table 5. Therefore, the intensity level of the emotion is medium. Table 6 shows the estimated probability
of the possible emotion labels for our target to a direction of a vector of 245°. According to these results,
we can conclude that the most probable emotion label to be used by the agent for 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., “tr6tt”) with a
probability of 0.844.

Using these processes, these two-dimensional representations can be easily incorporated into the
affective component of a multicultural affective agent allowing the agent to interpret, represent, and
express affective states using the same language as its human interlocutor. This is the process that
currently is being used in an affective agent developed in the GenlA® architecture [9].

Table 5. Fuzzy values for the example (u = 0.625) generated by emotion expression process

Neutral Weak Medium Strong
1,41(0.625) 0 0 1 0

Table 6. Fuzzy values for the example (a = 245°) generated by emotion expression process.

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

For the Portuguese and Swedish labels, see Table 1.

7.2 Application in Human-Aware Planning

Our multicultural model for affective knowledge representation can be utilized in a human-aware
planning scenario [58], where a software agent requires a model of a human user’s emotional state for
planning its actions in interaction with the user in order to modify unwanted emotions in the user. Let’s
consider a software assistant designed to manage a human user’s stress during their interaction by
adjusting the 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 are linked
to stress-related states, and (iii) a decision-model, through which the agent generates a sequence of actions
aiming to change a set of unwanted emotions to one 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 on alternative plans by considering emotions defined in the pleasure-arousal space (Fig. 7(b)).

Stress-model: Previous research has observed that psychological stress responses often include a
complex array of “negative” emotions, such as depression, anxiety, anger, and distress [59]. 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 stress. A desired goal of the agent is to decrease stress, so a stress
relief state can (intuitively) be defined by a set of emotions with lower arousal or higher pleasure.
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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 individual, 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 [60] 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, which
help the agent anticipate how the mental model of the individual will change and pick suitable actions in
each state of interaction. A decision-model can be modeled in the structure of a transition system [61]
(consisting of states S & transitions between states), in which each state corresponds to a set of emotions
and transitions correspond to suitable change, triggered by an action or 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 [61]. 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, as well as 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, (sy, 41, 51,45, ..., Ap, Sp), which are sequences of sets of actions € A and states s, 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/ visualized and on the particular application, e.g. changing the behavior,
facial expressions, voice feedback, or by other means influencing the individual’s beliefs, thereby
changing pleasure and arousal indirectly. For instance, interactions could result in the following
trajectory, consisting of emotional states and sets of actions:

('sq: {Fear, Anger}, A;: {Pause, Speak slowly, Clarify expectations},
s1: {Nervousness}, A,: {Smile, Show instructions}, 4
s,:{Collected, A;: {Pause, Smile, Kind voice}, s;: {Calm}).

The interaction is dependent on reliable ways to elicit pleasure and arousal levels of the human user.

8. Conclusion

In this paper, we have proposed a new computational model for affective knowledge representation
that will be used for affective agents located in a multicultural environment. We’ve shown how our
multidimensional model based on the pleasure-arousal dimensions can be adapted to the language and
cultures where it will be used, using two experiments. The first experiment finds the most feasible
translations for the affective categories which define the dimensions of pleasure and arousal. The second
experiment associates regions of the pleasure-arousal space to the different emotions. The analysis of the
proposed models shows 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. 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. In
addition, we have evidenced how the distribution of emotions does not follow a uniform pattern in the
pleasure-arousal space. The use of models based on points or distances that are grounded on a uniformity
criterion can produce misinterpretations or biases that will affect the perception, interpretation, or
simulation of affective states in intelligent agents. These results have been used to propose a new cross-
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cultural multidimensional model for affective knowledge representation in affective computing based on

probability regions. This multidimensional model provides affective agents with enhanced capability of
emotional differentiation, which is increasingly important in phase with the advances of NLP-based
conversational interfaces. Also, we have proposed a cross-cultural human-aware planning scenario. The
agent represents the affective state of the user as a function of its 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. This work presents some limitations derived from the
multicultural nature of emotions, namely the models are valid only for the target languages. The models
are also limited by the number of emotions considered as well as the dimensions used. That said, we are
currently working on the design of an affective multicultural affective agent using this model.
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