
AFFECTIVE VISUALIZATION IN VIRTUAL REALITY SYSTEMS 
 

 

 

vorgelegt von 

Andres Pinilla Palacios 

ORCID: 0000-0002-0812-7896 

 

an der Fakultät IV - Elektrotechnik und Informatik 

der Technischen Universität Berlin 

und der 

University of Technology Sydney, Australia 

(im Rahmen des Doppel-Promotionsabkommens) 

zur Erlangung des akademischen Grades 

 

 

Doktor der Naturwissenschaften  

- Dr. rer. nat. - 

 

genehmigte Dissertation 

 

Promotionsausschuss: 

Vorsitzender: Prof. Dr.-Ing. Sebastian Möller (TU Berlin) 

Gutachter: Univ.-Prof. Dipl.-Ing. Dr.Helmut Hlavacs (Universität Wien) 

Gutachter: Dr. Yusuf Pisan (University of Washington) 

Tag der wissenschaftlichen Aussprache: 28. Februar 2022 

an der Technischen Universität Berlin 

 

 

 

Berlin 2022 



 

 
 
 
 
 
 
 
  

AFFECTIVE VISUALIZATION IN 
VIRTUAL REALITY SYSTEMS 

 
by Andres Pinilla Palacios 
 
Thesis submitted in fulfilment of the requirements for  
the degree of  
 
Doctor of Science 
 
under the supervision of 
Jaime Garcia (UTS) 
Sebastian Möller (TU Berlin) 
Jan-Niklas Voigt-Antons (TU Berlin) 
William Raffe (UTS) 

University of Technology Sydney 
Faculty of Engineering and Information Technology 
And 
Technische Universität Berlin 
Faculty IV - Electrical Engineering and Informatics 
 
February 2022 
 



Page 1 of 1 Certificate of Original Authorship, last updated 22/05/2020  
 

 

Certificate of Original Authorship 
 
I, Andres Pinilla Palacios declare that this thesis is submitted in fulfilment of the requirements for the award 
of doctorate degree, in the Faculty of Engineering and IT at the University of Technology Sydney, and the 
Faculty of Computer Science and Electrical Engineering at the Technische Universität Berlin. 
 
This thesis is wholly my own work unless otherwise referenced or acknowledged. In addition, I certify that 
all information sources and literature used are indicated in the thesis.  
 
I certify that the work in this thesis has not previously been submitted for a degree nor has it been 
submitted as part of the requirements for a degree at any other academic institution except as fully 
acknowledged within the text. This thesis is the result of a Collaborative Doctoral Research Degree 
program with the Technische Universität Berlin. 
 
This research is supported by the Australian Government Research Training Program and by the strategic 
partnership between the both universities. 
 
Signature:  
 
Date: April 25, 2022 





Zusammenfassung

Eine Reihe von Forschungsarbeiten auf dem Gebiet der Mensch-Computer-Interaktion (HCI) legt

nahe, dass es möglich ist, durch die Analyse der elektrophysiologischen Reaktionen der Benutzer

in Echtzeit auf einige Merkmale ihrer mentalen Verfassung zu schließen. Es ist jedoch unklar, wie

die aus den elektrophysiologischen Signalen gewonnenen Informationen genutzt werden können,

um die Stimuli innerhalb einer virtuellen Umgebung entsprechend dem affektiven Zustand des

Benutzers anzupassen. Daher ist das Hauptziel dieses Forschungsprojekts zu verstehen, wie ein

VR-System entwickelt werden kann, das sich automatisch an den affektiven Zustand des Benutzers

anpasst. Es wird eine Referenzimplementierung einer Neurofeedback-VR-Erfahrung zum Training

der affektiven Selbstregulierung vorgeschlagen. Diese Erfahrung zielt darauf ab, die Fähigkeit der

Benutzer zu trainieren, ihre affektiven Zustände freiwillig zu regulieren. Die wichtigsten Beiträge

sind (1) die Entwicklung einer Technik zur Erkennung affektiver Zustände bei VR-Nutzern nahezu

in Echtzeit; (2) eine virtuelle Umgebung zur visuellen Darstellung affektiver Zustände; und (3) die

Implementierung der Technik zur Erkennung von Affekten und der virtuellen Umgebung für die

Entwicklung einer Neurofeedback-VR-Erfahrung.





Abstract

A cluster of research in Human-Computer Interaction (HCI) suggests that it is possible to infer

some characteristics of users’ mental states by analyzing their electrophysiological responses in

real-time. However, it is unclear how to use the information extracted from electrophysiological

signals to adjust the stimuli inside a virtual environment according to the user’s affective state.

Therefore, this research project’s main objective is to understand how to develop a VR system that

adapts automatically to the user’s affective state. A reference implementation of a neurofeedback VR

experience for training affective self-regulation is proposed. This experience aims to train the ability

of users to regulate their affective states voluntarily. The main contributions are (1) the development

of a technique for near real-time detection of affective states in VR users; (2) a virtual environment

for visual representation of affective states; and (3) the implementation of the affect detection

technique and the virtual environment for the development of a neurofeedback VR experience.
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1
Introduction

The prevalence of mental disorders is increasing worldwide. Between 2007 and 2017, mental health

and substance abuse disorders increased by 13% [1]. Some of the most common mental disorders

(depression, bipolar disorder, schizophrenia, and dementia) affected around 379 million people

in 2019 [2]. It is expected that the number of people suffering from mental disorders will increase

during the following years due to demographic factors. For example, it is expected that the elderly

population will be doubled by 2050 [3]. Given that older adults are more prone to suffering from

dementia, it is expected that the number of people affected by this disorder will tend to increase.

At the same time, the World Health Organization (WHO) pointed out the lack of access to mental

healthcare across the globe and proposed a plan to alleviate this issue [4]. Lack of access to mental

healthcare might aggravate existing mental disorders, with particularly severe consequences for

vulnerable population (e.g., older adults, victims of armed conflicts, and people who live in extreme

poverty). The problem worsened after the COVID-19 pandemic because the demand for mental

healthcare services increased during the crisis [5, 6]. Countries with well-established healthcare

systems, such as Germany and Australia, could not respond to this increased demand. Partly,

because there are not enough qualified professionals [7, 8].

This challenge could be mitigated by developing technologies that provide mental healthcare

without the constant supervision of a specialist. These technologies could lead to cost-effective

solutions, while fostering the development of innovative tools for mental healthcare. Emotions are

associated with some of the most common mental disorders. For example, depression and anxiety

are associated with negative emotions [9], while psychopathy is associated with impaired emotional

empathy [10]. Therefore, technologies for mental healthcare could be improved with systems that

automatically analyze patients’ emotional states.

Existing technologies for mental healthcare usually rely on a User Interface (UI) that allows

interacting with a computer through a 2D display. However, recent advances in Virtual Reality (VR)

technologies lead to new possibilities for interaction between humans and computers. Moreover,

VR provides the possibility of entering into digital worlds that would be impossible to build in the

physical reality. Those digital worlds can be used for the development of mental health therapies.

Virtual Reality Exposure Therapy (VRET) [11], for instance, allows creating safe spaces where patients
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1. Introduction

that suffer phobias are exposed systematically to the stimulus that triggers the phobic reaction.

Eventually, the patient is desensitized and learns to handle the phobia.

There are at least five advantages in using VR systems for mental healthcare therapies. Firstly,

VR systems are more effective than 2D displays at blocking out stimuli from the physical world.

Thus, VR systems are more immersive [12]. Secondly, interactive experiences delivered through VR

systems tend to produce more intense emotional responses than experiences delivered through

2D displays [13, 14]. Thirdly, VR systems provide high degree of control over the stimuli, allowing

to expose patients to scenarios that could be dangerous in the physical world [11]. Fourthly, VR

systems allow creating synthetic worlds with high levels of realism, or even create virtual worlds

with different levels of realism [15]. Fifthly, VR systems can be used to build games for health [16, 17,

18], fostering patients’ engagement with non-supervised therapeutic tools.

Usually, a VR system is controlled by the user through keys pressed in a controller. However,

previous studies indicate that it is possible to interpret users’ affective states as commands [19, 20].

Those commands can be used to adjust the VR content automatically [21]. In general, VR content

consists of stimuli that can be delivered through different sensory channels, such as the visual,

auditory, haptic or olfactory modalities. Previous research indicates that humans tend to prioritize

the processing of visual stimuli over other types of stimuli [22]. Therefore, this thesis is focused on

visual stimuli.

1.1 Aim, Research Questions and Scope

1.1.1 Aim

This research project aims to understand how to build a VR system that automatically adapts its

visual stimuli according to the user’s affective state. A reference implementation of a neurofeedback

VR system for training affective self-regulation was built for this purpose. In this system, users recall

autobiographical memories that are associated with their affective states. The brain activity of the

user is monitored using electroencephalography (EEG) sensors. The EEG signals are processed in

near real-time to estimate the affective state of the user. Then, visual feedback about the affective

states evoked by the user is provided inside the virtual environment.

1.1.2 Research questions

This thesis addresses three main questions:

1. How to build a virtual environment for affective visualization? Developing a virtual

environment for affective visualization would be helpful for providing visual feedback to VR users

about their affective states. There are countless aesthetic possibilities for creating visualizations, and

individual differences between users lead to endless possible interpretations of a single visualization.

However, previous studies suggest an association between visual cues (e.g., color, shape, texture,

motion patterns) and affective states (see section 2.2). Analyzing those previous studies might

allow identifying general guidelines for designing affective visualizations (see Table 2.1). Moreover,

those guidelines can be used to develop the virtual environment used in the proposed reference

implementation (see chapter 3).

2. How to develop a technique for near real-time affect detection that can be implemented in

VR systems? Ideally, a technique for affect detection in VR should estimate the users’ affective states

2



1.2 Contributions

in real-time or near real-time. At the same time, the technique should use non-intrusive sensors to

minimise any potential risks for the user. Previous studies indicate that both requirements can be

achieved using electroencephalography (EEG) signals (see section 2.3). Yet, there is no clarity about

the precise signal processing steps required to infer users’ affective states from EEG signals.

3. How to integrate the virtual environment with the affect detection technique? The

proposed reference implementation requires integrating the virtual environment (first research

question) with the affect detection technique (second research question). This would allow building

a system to automatically analyze users’ affective states. Affective visual feedback would be provided

inside the virtual environment. This approach can be used to design interactive experiences where

the desired conduct (e.g., evoking positive affective states) is reinforced using reward systems (e.g.,

game score). Integrating the virtual environment with the affect detection technique requires

building an interface for connecting both components. Previous studies indicate that it is possible

to build Brain-Computer Interfaces (BCIs) for that purpose (see section 2.4). However, there is not

enough research about building a BCI for affect detection that can be integrated with a VR system.

1.1.3 Out of scope

This thesis does not attempt to evaluate therapeutic methods. Instead, it aims to understand how to

develop a system that can be used in VR therapies. The clinical evaluation of therapeutic methods

based on VR systems is out of the scope of this manuscript. Therefore, no clinical studies are

conducted. A clinical evaluation would require the involvement of patients with a history of mental

disorders. In this research project, participants were adults without a history of mental disorders.

Given that the proposed reference implementation aims to infer users’ affective states from

their brain activity, it requires building an interface between the users’ brain and the VR system.

Therefore, a Brain-Computer Interface (BCI) is developed. Yet, the proposed BCI has not been tested

in an experiment with human participants. An experiment was planned to test the system, but it

was cancelled due to COVID-19 restrictions. Still, the proposed reference implementation might be

useful for research and further development.

Procedural Content Generation (PCG) and its potential for creating personalized affective visual-

izations is discussed. However, PCG is not implemented in the proposed reference implementation.

Instead, basic if/then rules are used for controlling the stimuli in the virtual environment.

1.2 Contributions

The three main contributions of this thesis are:

1. Development and validation of four virtual environments for affect visualization.

2. Develop a technique for near real-time affect detection. The technique was tested in an offline

setting, emulating the process that would be conducted in a real-time implementation.

3. A reference implementation of a neurofeedback VR system that can be used for research

purposes and further improvement.

3



1. Introduction

1.3 Research phases

This research project was undertaken in four phases:

Phase 1: Literature review

• Analyze concepts and theories related to affect and emotion.

• Summarise previous studies related to the affective interpretation of audio-visual cues.

• Identify available methods for assessment of affective states.

• Explore existing technologies for the development of adaptive VR systems.

Phase 2: Development of VR content.

• Identify guidelines for the design of affective visualizations.

• Design and build the virtual environments.

• Test the virtual environments in an experiment with human participants.

Phase 3: Development of affect detection technique.

• Analyze how to infer affective states in VR users.

• Propose a feature extraction process and test it with the preprocessed version of the DEAP

dataset [23].

• Incorporate the feature extraction process into a technique for near real-time affect detection.

• Test the proposed affect detection technique with a standard dataset for emotion research

[23], as well as with data collected during a pilot study in VR.

Phase 4: Development of reference implementation.

• Define system architecture.

• Integrate the two main components of the prototype: the VR content module and the affect

detection module.

• Test the reference implementation in an experiment with human participants (not completed

because of COVID-19 restrictions).

1.4 Thesis Structure

Chapter 1 introduces the research problem, research questions, contributions, and scope of

the thesis. Chapter 2 reviews relevant literature, integrating previous studies in psychology,

electrophysiology, audio-visual design, and BCIs. Chapter 3 describes the development and

validation of four virtual environments for affect visualization. Chapter 4 proposes an affect

detection technique based on EEG signals. Chapter 5 presents Sentui, a reference implementation

of a VR neurofeedback system developed based on the results presented in chapters 3 and 4.

4



1.5 Publications

Previous studies reviewed in section 2.2 allowed to propose guidelines for the design of stimuli

for visual representation of affective states. Based on those studies, four virtual environments were

designed. The design guidelines presented in section 2.2 (see Table 2.1) were used to develop the VR

content that was tested in the experiment presented in chapter 3. This chapter responds the first

research question of this thesis.

Affect assessment methods were reviewed in section 2.3 and contributed to understand how

to develop the affect detection technique proposed in chapter 4. Therefore, this chapter responds

the second research question of this thesis. Chapter 4 consists of two main sections. The first

section consist of the validation of the feature extraction process, using the preprocessed version

of the Database for Emotion Analysis using Physiological Signals (DEAP dataset) [23]. The second

section consists of a pilot study that aims to analyze the feasibility of implementing the proposed

affect detection technique in a VR system, proposing a a method suitable for near real-time affect

detection.

A reference implementation of a neurofeedback VR system is presented in chapter 5. This

reference implementation consists of two modules: a VR content module and an affect detection

module. The VR content module was developed using the virtual environments presented in chapter

3, while the affect detection module was developed using the affect detection method proposed in

chapter 4. The integration between both modules allows building a neurofeedback VR system for

training affective self-regulation. Therefore, chapter 5 responds the third research question of this

thesis. Finally, chapter 6 consists of a general discussion, followed by an analysis of the limitations

of this work and questions that could be addressed in future research projects.

1.5 Publications

Parts of this thesis were previously published as peer-reviewed articles and preprints in three

manuscripts:

1. A. Pinilla, J. Garcia, W. Raffe, J.-N. Voigt-Antons, R. P. Spang, and S. Möller, “Affective
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2021, doi: 10.3389/frvir.2021.630731.

Author Contributions: All authors contributed to the study conception and analysis. Jaime

Garcia and William Raffe contributed with analysis of data related to gaming and Virtual Reality.

Jan-Niklas Voigt-Antons contributed to the analysis of data related to psychology and electrophys-

iology. Robert Spang contributed with the redaction of the manuscript and with data related to

electrocardiography and eye-tracking. Sebastian Möller contributed to the analysis of data related

to sound design and Machine Learning. Andres Pinilla conducted the literature search, data analysis

and wrote the first draft. All authors commented on previous versions of the manuscript.

2. Pinilla, A., Garcia, J., Raffe, W., Voigt-Antons, J.N., Möller S. (2021). Visual representation of

emotions in Virtual Reality. PsyArXiv. 10.31234/osf.io/9jguh

Author Contributions: All authors contributed to the study conception and data analysis.

Jaime Garcia and William Raffe contributed with the development of the virtual environment.

Jan-Niklas Voigt-Antons and Sebastian Möller contributed with the experimental design. Andres

Pinilla conducted the study, developed the virtual environments and wrote the first draft. All authors

commented on previous versions of the manuscript.
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3. Pinilla, A., Voigt-Antons, J.N., Garcia, J., Raffe, W., Möller S. (2021a). Affect detection in Virtual
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conception and experimental design. Jaime Garcia and William Raffe proof-read the manuscript.

Andres Pinilla conducted the study, developed the virtual environments and wrote the first draft. All

authors commented on previous versions of the manuscript.
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2
Background

This chapter is based on a review paper [24]. Some fragments of that paper were written by the

coauthors. Those fragments were excluded from this chapter.

Virtual Reality (VR) systems offer endless possibilities for the development of interactive

experiences. They are used for the development of tools in diverse areas such as rehabilitation

therapy [25], exergames [26, 27], and robotics [28]. Their potential is particularly promising when

combined with technological advances in Affective Computing, allowing to interpret users’ affective

states as computer commands [29, 30, 31, 32] and adapt the content of a virtual environment

accordingly [33].

Traditional psychological tasks for the treatment and diagnosis of mental disorders can be

replaced by VR systems [34, 35, 36, 18, 37]. These new tools are less time-consuming and provide

more realistic environments than traditional tools for mental healthcare [38]. Furthermore, VR might

be helpful for at least two types of therapy: exposure therapy and biofeedback therapy. Exposure

therapy is commonly used to treat anxiety disorders caused by phobias. Patients are systematically

exposed to the stimuli that trigger the phobia in a controlled environment. VR is useful for exposure

therapy because it allows delivering realistic experiences while providing control over the stimuli.

Previous research suggests that exposure therapy in VR might be effective for the treatment of a least

three types of phobias: social phobia [11], claustrophobia [39], and spider-phobia [40].

Similarly, Cavazza et al. [41] developed an interactive experience to enhance empathy using

neurofeedback. The participant interacted with a fictional doctor that was going through a difficult

situation. Simultaneously, the participant’s EEG signals were analyzed to estimate the affective

response towards the doctor. If the system detected a positive affective response in the player,

the storyline would change positively (the doctor would struggle less), reinforcing supportive and

empathetic behavior in the player.

Patients who lack affective self-regulation could benefit from VR biofeedback therapy to train

affective self-control, fostering mood regulation [42, 43]. Li et al. [44] conducted an experiment

where twenty-three participants’ brain activity was analyzed in real-time using functional Magnetic

Brain Imaging (fMRI). The researchers asked participants to evoke a happy or sad memory and

provided feedback about their affective state. The feedback was provided with a bar on a screen.

The bar’s level increased when the fMRI data indicated that the participant successfully evoked the
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happy or sad memory. Results suggest that providing visual feedback allowed participants to learn

how to modulate their neural activity. However, it is not clear how to implement this finding in a

therapeutic application that can be accessible for a large population because 1) fMRI is an expensive

technology that is not accessible for most people, 2) participants must remain motionless for long

periods during fMRI recordings, and 3) an ideal therapeutic application should consist of engaging

content that motivates users to use the system. These challenges could be solved by measuring brain

activity with a less expensive and more portable method than fMRI, such as electroencephalography

(EEG). The visual feedback could be provided using game-like elements in VR.

Developing an affective visualization tool in VR would require at least two components: (1)

A set of VR stimuli with affective content whose properties can be adjusted in real-time, and

(2) a technique to continuously assess affective states without interrupting the VR experience.

This literature review was elaborated to understand how to develop those components. Both

requirements are addressed in three subsections. Firstly, theories related to emotions and affect

are presented. Secondly, findings related to visual and sound cues that are associated with affective

responses are analyzed. And thirdly, some of the most common methods for detecting affective

states are summarized.

2.1 Theoretical models of emotion and affect

The terms emotion and affect are often used interchangeably in the literature, but they are not the

same. There is not a general agreement about how to define these concepts. In this thesis, emotions

are defined as mental states that coordinate the operation of cognitive processes. This definition is

based on the assumption that the human mind is designed as a computational system that consists

of a series of information-processing programs [45]. Emotions are a particular type of program

that coordinates other programs’ operation [46]. Affect is defined as the cognitive representation

of the bodily changes that come with emotions [47, 48]. Neither emotion nor affect can be directly

observed or measured. However, the construct of affect is directly associated with physiological

states. Therefore, it is reasonable to use electrophysiological signals to infer affective states, which

in turn might allow inferring some characteristics of emotional states.

2.1.1 Emotion theories

The Ortony, Clore and Collins (OCC) theory of emotions [49] has been widely used in the field of

computer science to model users’ emotional responses, e.g. [50, 51]. This theory describes emotions

in terms of twenty-two categories and assumes a clear distinction between each category. This

approach is compatible with existing emotion recognition algorithms because these are usually

based on categorizing emotional responses [52, 53]. According to the OCC theory [49], the first

step in an emotional response is the perception of the situation. Then the situation is evaluated

(appraisal), and finally, the emotional response emerges. However, this theory does not consider the

physiological changes associated with emotions.

Similarly, Robert Plutchnik proposed a structural model of emotions [54], commonly known

as Plutchnik’s wheel of emotions. This model consists of eight primary states: ecstasy, adoration,

terror, amazement, grief, loathing, rage, and vigilance. According to Pluthnik’s theory, any emotion

can be described as a combination of a subset of those primary states. Here emotions are defined as
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2.1 Theoretical models of emotion and affect

a sequence of reactions towards a stimulus. This sequence includes a cognitive evaluation of the

stimuli (appraisal), feelings (subjective experience of the emotion), autonomic neural activity, and

behavioral responses.

There are at least three other major emotion theories: the James-Lang Theory [55], the Cannon-

Bard Theory [56, 57], and the Schachter-Singer Theory [58]. According to Shiota and Kalat [59], these

theories have in common the assumption that emotional responses have four components but

differ in the order those components take place during an emotional response. The components

are:

• Appraisal: The cognitive, rationalized evaluation of the context where the emotional response

is produced.

• Feeling: The subjective, momentary experience of the emotion.

• Physiological change: The bodily changes produced by the emotional response.

• Behavior: The observable conduct that comes with the emotion.

According to the James-Lange theory [55], the first step in an emotional response is the cognitive

evaluation of the situation. Then, physiological changes are produced in the body, at the same time

that a behavioral response is produced. Lastly, feelings take place.

The Cannon-Bard Theory [56, 57] proposes that all the elements of an emotional response are

independent of each other, and there is no particular order in which they occur. This theory is

not compatible with strong evidence indicating that emotional stimuli tend to trigger automatic

changes in the body, e.g. [60, 61, 62]. Overall, those previous studies suggest interdependence

between physiological states and emotions.

According to the Schachter and Singer theory [58], physiological changes occur first. Then the

user tries to find an explanation in the environment for those physiological changes. Depending

on the explanation found, a cognitive label is assigned to the bodily changes perceived. Therefore,

the physiological changes indicate the intensity of the emotional experience, but cognitive factors

determine the emotion’s valence (pleasant vs. unpleasant).

2.1.2 Theoretical models of affect

Theoretical models of affect can be classified into two major groups: discrete and dimensional

models. Discrete models are based on a categorical division of affective responses, while

dimensional models represent affect as an array of continuous variables. Both types of models are

commonly used in Affective Computing to build affect recognition models, e.g. [32, 29, 30].

In broad terms, discrete models propose the existence of a few primary states, such as happiness,

sadness, and anger. Affective responses are a combination of a subset of those fundamental states.

A prominent example of the influence of discrete models in psychology research can be found in

an experiment conducted by Ekman and Friesen [63] in New Guinea. In this experiment, stories

with emotional content were told to 153 participants. One hundred thirty of them (84.97%) had

no previous contact with western culture. After each story had been told, participants saw a series

of pictures of facial expressions and were asked to choose the more coherent face with the story.

Interestingly, participants associated similar facial expressions to the same stories, regardless of
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their cultural background. Based on this evidence, it was proposed that at least six facial expressions

are universal (i.e., they are not affected by culture): happiness, anger, sadness, disgust, surprise, and

fear. These results are consistent with earlier contributions from Charles Darwin, who pointed out

the existence of activation patterns in facial muscles that are associated with affective states [64, 63].

Dimensional models have their roots in the early contributions of Wilhelm Wundt, who

proposed that affective responses have three dimensions: valence (pleasant–unpleasant), arousal

(arousing–subduing), and intensity (strain–relaxation) [47]. On this basis, the Circumplex Model of

Affect (CMA) [65] was developed, representing affect in a two-dimensional space, where valence

and arousal are equivalent to the x-axis and y-axis, respectively.

Other authors have proposed the Evaluative Space Model (ESM) [66], which has three dimen-

sions: Negativity in the x-axis, Positivity in the y-axis, and Net predisposition (to withdraw or

approach a stimulus) in the z-axis. Unlike the CMA [65], the ESM [66] contemplates the existence

of affective responses with simultaneous negative and positive activation (“bitter-sweet” affective

states). For example, while playing a terror video game, the user might feel fear, and at the same

time, might feel excited because is aware that there is not a real danger. An analysis of dimensional

models of affect can be found in Mattek et al. [67].

The ESM proposes the existence of the negativity bias and the positivity offset. The negativity

bias implies that negative activation produces more changes in the motivation to withdraw or

approach stimuli than positive activation. Evidence supporting the existence of the negativity bias

indicates that negative stimuli tend to produce more salient behaviors than positive stimuli [68], and

negative stimuli tend to be associated with higher arousal than positive stimuli [69]. The negativity

bias suggests that terror video games should trigger higher arousal than video games associated

with positive affective states. However, a recent study indicates that the arousal triggered by terror

video games is slightly lower than the arousal triggered by video games associated with positive

affective states [70].

The positivity offset implies a slight positive motivation to approach unknown stimuli in a

neutral environment. This mechanism has been associated with humans’ natural tendency to

explore new, unthreatening environments, even when that behavior is not associated with a reward

[66]. Further research about the positivity offset could help understand how to motivate VR users to

explore virtual environments. For example, to stimulate engagement of players with VR games.

2.2 Visual and sound cues

Building a virtual environment for affective visualization requires content that any user can associate

with a wide range of affective states, regardless of cultural differences or personal preferences.

Therefore, this section presents studies indicating an association between some characteristics of

graphical elements and affective states. The aim is to provide general guidelines for designing visual

and sound elements when creating visual representations of affective states, rather than trying to

define a set of rigid rules.

2.2.1 Visual cues

Rounded objects are associated with higher valence and lower arousal than sharp objects [71]. At

the same time, rounded lines are perceived as more attractive than straight or angular lines [72,
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73]. Given that attractiveness is associated with positive affective states, rounded lines are likely

associated with positive valence. Additional studies suggest that visual complexity plays a role in the

likability of objects. People tend to prefer extremely simple or extremely complex objects [74]. Given

that likability tends to trigger positive valence [75], an intermediate level of complexity is more likely

associated with negative valence.

A cross-cultural study showed that the most critical factors in the affective meaning of color are

brightness and saturation, while hue has a secondary role [76]. These results are consistent with

evidence reported in Valdez and Mehrabian [77] but contrast with recent studies indicating that hue

has a significant role in the affective state associated with a color palette [78]. Additional evidence

suggests that blue, green, and purple are among the most pleasant hues, while yellow is among the

most unpleasant. Green-yellow, blue-green, and green are the most arousing, while purple-blue

and yellow-red are among the least arousing [79]. Similarly, it has been found that the most pleasant

colors are those with higher saturation and brightness [80, 81]. However, other studies suggest

that there are not universal associations between colors and affective states. People tend to like

colors associated with objects they like and dislike colors associated with objects they dislike [79].

Additional evidence indicates that color associations change according to the context where colors

are used [82]. Yet, it is possible to establish color palettes that allow to communicate affective states.

For example, bright, unsaturated colors are more suitable to communicate calm, while dark, red

colors are more suitable to communicate disturbance [78].

Textures may influence the affective meaning of color [83, 84]. This has been demonstrated by

pairing colors with computer-generated textures and asking participants to rate the color-texture

pairs using four scales: Warm-Cool, Masculine-Feminine, Hard-Soft, and Heavy-Light. Results

suggest that texture significantly influences the evaluation on the Hard-Soft scale and has a minor

impact on the other scales. However, this evidence does not allow to identify associations between

particular texture patterns and affective responses.

Non-static visual elements have other visual properties besides color, shape, and texture. Some

of these additional properties are speed, motion shape, direction, and path curvature. Fast-moving

objects are associated with higher arousal than slow-moving objects [85, 86]. However, there are

contradictory findings regarding the type of valence associated with speed. One study suggests

that fast movements are related to positive affective states [86], while another study indicates the

opposite [85].

Linear motion with straight paths is associated with low arousal and positive valence [85]. Jerky

paths are associated with higher arousal than straight paths in linear motion [87, 85]. However,

the curvature of the path has no incidence in affective associations when applied to spherical or

radial motion [85]. Inward movements are related to more positive affective states than outward

movements [85]. Downwards-right motion tends to be linked with positive states, while upwards-left

motion tends to be associated with negative states [87]. In general, angular paths are related to

more negative affective states than linear paths [87]. Likewise, spherical motion patterns tend to be

associated with higher arousal than linear motion patterns.

2.2.2 Sound cues

Previous research indicates that the location of a sound source influences the affective states

associated with that sound. When the user cannot see where the object is (outside of the field of
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view), it is usually associated with higher arousal than when the user can see it (inside the field

of view) [88, 89]. Similarly, sounds located further away in the space are related to less arousing

responses [90]. The perception of an approaching sound is associated with more arousing responses

than the perception of it moving away [91]. These phenomena are likely to be linked to mechanisms

enforced by evolution [46]. Our primitive ancestors had more chances to survive if they were aware

of the most potentially dangerous objects, such as those they could not see, were closer to them, or

were approaching them.

The reverberation of the sound, which is associated with space’s size, can influence affective

associations [89]. Lower reverberation (smaller rooms) is linked to more pleasant states than higher

reverberation (larger rooms). Perhaps, because the primitive human being was better protected

from predators in closed spaces, leading to an evolutionary process that favors the activation of

attentional resources when people are in open areas.

Other studies indicate that asking people to rate pictures with affective content while listening

to the sound of a heartbeat can influence their affective evaluations, as well as their heart rate [90].

In other words, the sound of a heartbeat that is faster than the listener’s cardiac rhythm tends to

increase the listeners’ heart rate. Therefore, playing a fast heartbeat in the background might be an

effective way of representing an increase in arousal.

On the other hand, music is pivotal for affective visualization because it can contribute to

creating more immersive experiences. However, it is a vast topic that will not be fully covered in this

thesis. Yet, it is important to mention that tempo influences music’s affective perception [92]. Faster

tempo tends to be associated with higher arousal ratings, while slower tempo tends to be associated

with lower arousal ratings. To the extent of our knowledge, there is no evidence suggesting that

tempo influences valence ratings.

Major and minor chords are associated with positive and negative affective states, respectively

[93]. Similarly, dissonant harmonies tend to be strongly associated with anger, and to a lesser extent,

with fear [94]. Additional research indicates that it is possible to compose music based on people’s

affective states [95]. However, it remains an open question whether it is feasible to do it in real-time,

based on electrophysiological signals recorded from the user.

2.2.3 Personalized affective visualizations

There might be individual differences in the affective states that each user associates with each

audio-visual stimuli. These individual differences could be amplified as a consequence of personal

experiences. An ideal system for affective visualization should account for those individual

differences, delivering personalized visual representations of affective states, similar to Bermudez i

Badia et al., [33].

Semertzidis et al. [21] developed an Augmented Reality (AR) system that automatically creates

visual representations of the user’s affective states. The visualizations consisted of fractals whose

visual properties varied according to the affective state detected in the user. However, the evidence

reported by Semertzidis et al. [21] does not allow to establish whether participants perceived that

the fractals’ graphical properties represented their affective states.

Additional studies indicate that it is possible to use Procedural Content Generation (PCG)

to create content dynamically, adjusting it to the user’s preferences. This approach is known as

12



2.2 Visual and sound cues

Ta
b

le
2.

1:
Su

m
m

ar
y

o
fa

u
d

io
-v

is
u

al
cu

es
as

so
ci

at
ed

w
it

h
af

fe
ct

iv
e

st
at

es
,a

cc
o

rd
in

g
to

p
re

vi
o

u
s

st
u

d
ie

s.

H
ig

h
A

ro
u

sa
l

L
ow

A
ro

u
sa

l
H

ig
h

Va
le

n
ce

L
ow

Va
le

n
ce

St
at

ic
vi

su
al

cu
es

S h
ap

e
A

n
gu

la
r

R
o

u
n

d
ed

R
o

u
n

d
ed

A
n

gu
la

r
Li

n
es

N
/A

N
/A

R
o

u
n

d
ed

St
ra

ig
h

t

H
u

e
G

re
en

-y
el

lo
w

,b
lu

e-
gr

ee
n

,
an

d
gr

ee
n

P
u

rp
le

-b
lu

e
an

d
ye

llo
w

-r
ed

B
lu

e,
gr

ee
n

,a
n

d
p

u
rp

le
Ye

llo
w

Sa
tu

ra
ti

o
n

N
/A

N
/A

Sa
tu

ra
te

d
U

n
sa

tu
ra

te
d

B
ri

gh
tn

es
s

N
/A

N
/A

B
ri

gh
t

D
ar

k

V
is

u
al

co
m

p
le

xi
ty

N
/A

N
/A

E
xt

re
m

el
y

co
m

p
le

x
o

r
ex

tr
em

el
y

si
m

p
le

N
ei

th
er

co
m

p
le

x
n

o
r

si
m

p
le

N
o

n
-s

ta
ti

c
vi

su
al

cu
es

Sp
ee

d
Fa

st
Sl

ow
So

m
e

st
u

d
ie

s
su

gg
es

tt
h

at
fa

st
m

o
ti

o
n

is
as

so
ci

at
ed

w
it

h
p

o
si

ti
ve

va
le

n
ce

,w
h

ile
o

th
er

s
su

gg
es

tt
h

e
o

p
p

o
si

te
.

M
o

ti
o

n
sh

ap
e

Sp
h

er
ic

al
Li

n
ea

r
N

/A
N

/A
D

ir
ec

ti
o

n
N

/A
N

/A
D

ow
n

w
ar

d
s-

ri
gh

t,
in

w
ar

d
U

p
w

ar
d

s-
le

ft
,o

u
tw

ar
d

Pa
th

cu
rv

at
u

re
Je

rk
y

St
ra

ig
h

t
Je

rk
y

St
ra

ig
h

t

So
u

n
d

cu
es

So
u

rc
e

lo
ca

ti
o

n
O

u
ts

id
e

fi
el

d
vi

ew
In

si
d

e
fi

el
d

vi
ew

N
/A

N
/A

D
is

ta
n

ce
to

th
e

so
u

n
d

so
u

rc
e

N
ea

r
Fa

r
N

/A
N

/A

So
u

n
d

so
u

rc
e

m
ov

em
en

t
A

p
p

ro
ac

h
in

g
R

ec
ed

in
g

N
/A

N
/A

H
ea

rt
b

ea
ts

o
u

n
d

Fa
st

(a
b

ov
e

10
0

b
p

m
)

Sl
ow

(b
el

ow
60

b
p

m
)

N
/A

N
/A

M
u

si
c

Te
m

p
o

Fa
st

Sl
ow

N
/A

N
/A

H
ar

m
o

n
y

N
/A

N
/A

M
aj

o
r

sc
al

e
M

in
o

r
sc

al
e

13



2. Background

experience-driven procedural content generation (EDPCG) [96, 97]. In broad terms, EDPCG consists

of an iterative process where the content is constantly modified based on the user’s feedback.

The general functioning of EDPCG is the same as an evolutionary algorithm (EA), which is

an optimization process inspired by natural evolution. In a natural environment, the organisms

better adapted to their habitat tend to have more reproductive success, hence more likely to pass

their genes to the next generation. Similarly, objects can be created programmatically in a virtual

environment and tested to identify the most successful ones. The criteria to identify which objects

are more successful is based on a previously defined goal. This goal is defined by the developer

based on the purpose of the application. During each iteration, the objects that are more successful

at reaching the goal are identified. In the following iterations, new sets of objects are created, and

the characteristics of the most successful objects tend to remain, whereas the characteristics of the

least successful tend to disappear. It is assumed that repeating this process several times allows

reaching the optimal parameters required to achieve the goal. For example, the goal could be

creating personalized visual representations of positive affective states. If the system detects that

the user tends to associate red objects with positive affective states, the EA would tend to increase

the amount of red objects in the virtual environment. An introduction to EA can be found in Eiben

and Smith [98].

Additional research indicates that it is possible to create automatically visual compositions in VR

using Deep Convolutional Neural Networks (DCNN) [99]. Overall, the process consists of merging

features from two images to create a third image. This approach could be combined with EDPCG

[96, 97] to create personalized affective visualizations. The process would involve at least three steps:

(1) Create a set of VR content that all users will observe and use that content as a baseline. This

initial set of content could be developed following the guidelines described in Table 2.1); (2) Capture

user feedback about the visual stimuli to establish the affective state that each user associates with

each piece of VR content; And (3) use DCNNs to merge features of the initial content onto new,

personalized VR content.

2.3 Assessment of affective states

Users’ feedback should be captured using methods that do not interrupt the VR experience, such as

body movements or electrophysiological signals, similar to Georgiou and Demiris [100]. Methods for

assessing affective states can be grouped into three categories: self-report questionnaires, behavioral

measures, and electrophysiological signals. Each method has advantages and disadvantages that

will be discussed below.

2.3.1 Self-reports

Self-reports allow participants to evaluate their affective state by answering a series of questions.

They can be used to verify the accuracy of the acquired information through other methods, such as

behavioral and electrophysiological signals. Data collected through self-reports are often used as

ground truth in the field of HCI [101, 102].

In general, self-report measures are relatively easy to implement in a computational system be-

cause they only require displaying a series of questions. Unlike behavioral and electrophysiological

methods, self-reports are considered a direct measure because they allow asking participants directly
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about their mental states [12]. However, they are susceptible to be biased by rational processes. For

example, participants who believe that it is expected from them to respond in a certain way might

adjust their responses to fulfill that expectation, causing a phenomenon known as experimenter bias

[103]. Some available tools for the assessment of affective responses are the Positive and Negative

Affect Schedule (PANAS) [104], Self-Assessment Manikin (SAM) [105], and Pick a Mood (PAM) [106].

The PANAS consists of 20 words related to negative and positive feelings (ten negatives and ten

positives). Participants use those words to report their affective state. Each word can receive a rating

from one to five.

Figure 2.1: From top to bottom: valence, arousal, and dominance scales of the Self-Assessment Manikin
(SAM). Taken from Bradley & Lang [105]

The SAM [105] is an instrument that uses three scales: valence (pleasant/unpleasant), arousal

(tension/relaxation) and dominance (inhibition/uninhibition). Each scale has five pictograms.

Participants can select the blank spaces between each pictogram to indicate intermediate states.

Therefore, answers to each scale can take values between 1 and 9 (see Figure 2.1). Given that

this instrument is based on dimensions, it is compatible with dimensional models of affect. The

SAM [105] is one of the most established instruments for assessing affect (over 7.000 citations)

and has been used for the development of batteries of stimuli with emotional content, such as the

International Affective Pictures System (IAPS) [69] and the DEAP dataset [23].

On the other hand, the PAM [106] is based on discrete states. Therefore, it is compatible with

discrete models of affect. This instrument also uses pictorial cues to assess participant’s states.

There are eight mood types plus a neutral one: excited, cheerful, relaxed, calm, bored, sad, irritated,

and tense. There are three characters for each state: a man, a woman, and a robot (gender-neutral

character). In comparison to the SAM [105], PAM’s characters [106] are more similar to a real human

being (see Figure 2.2), which might be an advantage because it could be easier for participants to

feel identified with the characters of the PAM [106]. The PAM [106] has been used to understand how

to design objects and experiences that could stimulate mood regulation [42], analyze the effect of

immersive virtual environments on gaming Quality of Experience (QoE) [107], and analyze whether

the effect of color on affective states varies across different VR rooms [82].

2.3.2 Behavioral measures

Behavioral measures allow inferring affective states from observable conducts, such as body

movements [108, 109, 110], voice patterns [111, 112], and facial expressions [63]. During an
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Figure 2.2: Female character of Pick A Mood (PAM), taken from Desmet et al. [106]. Eight discrete states
are represented, plus a neutral one.

experiment conducted by Bull [109], participants listened to a series of audio recordings with

emotional content while their body movements were videotaped. Results suggested that sadness is

associated with dropping the head while boredom is related to leaning the face in one hand. Recent

research indicates that it is possible to infer arousal from body movements in virtual reality users

[113, 110]. In general, faster body movements are associated with higher arousal.

It is possible to automatically analyze users’ affective states based on their voice patterns [114].

Usually, a set of features are defined and used to build a classification model. Some of the features

used for automatic speech emotion recognition are pitch, loudness, and tempo [114, 115]. This

approach is coherent with evidence suggesting that changes in vocalization patterns have an effect

on the affective evaluation of speech [111, 116].

As mentioned in Section 2.1, facial expressions are associated with affective states [63]. These

expressions can be analyzed visually and described in terms of the Facial Action Coding System

(FACS) [117]. The FACS is an instrument that describes the movements of the facial muscles. Each

movement is defined as an Action Unit (AU). Facial expressions can be described as a combination

of a subset of all the Action Units defined in the FACS (Ekman and Friesen, 1976). In a study

conducted by Porcu et al. (2020), AUs were used for real-time analysis of the facial expressions of

video streaming users. Additional studies suggest that human facial expressions can be collected

using crowdsourcing techniques [118], and its analysis can be optimized using statistical models that

adapt automatically to the characteristics of the data [119]. However, facial recognition with camera

sensors might be challenging to implement in VR because the Head-Mounted Display (HMD) covers

the user’s face. HMDs are the most common device used for interacting with a virtual environment.

An alternative that does not require to place a device on users’ face are Cave Automatic Virtual

Environments (CAVEs). However, CAVEs are not accessible to most users because they are more

expensive and more difficult to operate than an HMD. Therefore, facial electromyography (fEMG), a

technique introduced in the following section, might be more suitable for capturing VR users’ facial

expressions [53].
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2.3.3 Electrophysiology

This section describes methods to infer affective states in terms of the two dimensions of the CMA

[65]: valence and arousal (see Section 2.1.2). There are many approaches for affect detection using

electrophysiological signals that are not based on the CMA [65] and are not included in this thesis.

Electrophysiological methods allow measuring changes in the electrical potentials of the body.

Usually, facial electromyography (fEMG), electrocardiography (ECG), and electroencephalography

(EEG) sensors are used to record facial muscle, heart, and brain activity, respectively. In this section,

methods that can be used to infer arousal will be presented first, followed by methods that can be

used to infer valence.

Arousal can be inferred from features extracted from ECG signals. The features can be

extracted in the time and frequency domains. Extracting time-domain features usually requires

calculating the time lapse between the peaks (known as the R-peaks) of the ECG signal, yielding

the RR-Intervals (RRIs). These RRIs are used to calculate time-domain features, such as the root

mean square of successive differences (RMSSD) and the standard deviation of normal intervals

(SDNN) 1. These features are associated with Heart Rate Variability (HRV). It has been found that

higher HRV is associated with higher arousal [62, 120]. It is possible to obtain information about

cardiovascular activity in the frequency domain as well, calculating the LF/HF ratio. The low-

frequency component (LF) (0.04 to 0.15 Hz) is associated with parasympathetic activity, while

the high-frequency component (HF) (0.15 to 0.4 Hz) is associated with sympathetic activity [121].

The activation of the parasympathetic system is associated with relaxation, and activation of the

sympathetic system is associated with increased arousal. Therefore, increased activity in the HF

component indicates higher arousal [122]. Further research has shown that it is possible to infer

arousal from EEG signals in VR users employing long short-term memory recurrent neural networks

(LSTM-RNN) [123].

A recent study compared the benefits of implementing HRV biofeedback in virtual reality with a

traditional HRV biofeedback therapy [36], suggesting that the VR implementation produces more

benefits for users in terms of relaxation, self-efficacy, reduced mind wandering, and control of

attentional resources. A similar approach was proposed in Blum et al. [18], introducing a breathing

biofeedback algorithm. This algorithm combines features extracted from ECG signals with data

inferred from diaphragm movements. The experiment was conducted using a chest band (Polar

H10), a reliable, relatively inexpensive sensor. Results suggest that the approach proposed by Blum

et al. [18] can help to foster more regular and slower breathing in VR users.

Valence can be inferred from EMG and EEG signals. Previous evidence suggests that the

Corrugator Supercilii muscle activity (located above the eyebrows) is associated with negative

affective states. In contrast, the Zygomaticus Major muscle activity (located in the cheeks) is related

to positive affective states [124]. Changes in facial muscle activity can occur without conscious

awareness of the participant [60, 125]. However, it might be challenging to implement EMG in a VR

system because the Head-Mounted Display (HDM) pressure on the electrodes can create artifacts

on the recorded signal.

Asymmetry in the cortical activity of the frontal cortex is also associated with valence. It has been

found that positive and negative affective states are processed in the left and right frontal cortex,

respectively [126, 61, 127]. Additionally, it has been found that cortical activity decreases as the alpha

1Normal intervals consist of RR-intervals that fall within a statistically normal distribution.
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power (frequencies between 8 and 13 Hz) increases [128, 129]. Therefore, increased processing of

positive stimuli is associated with decreased alpha power in the left frontal cortex (higher activity

in the left side of the brain). Similarly, increased processing of negative stimuli is associated with

decreased alpha power in the right frontal cortex (higher activity in the right side of the brain) [130,

128, 61]. A similar phenomenon has been observed in the theta band (frequencies between 4 and 12

Hz) [129], indicating that frontal theta asymmetry might be associated with valence as well.

These findings are coherent with results obtained by Reuderink et al. [131] in a study where

the brain activity of video game players was recorded using EEG. Participants were asked to report

their affective state using the SAM [105] after the game session ended. Results indicated a positive

correlation between self-reported valence and alpha asymmetry. Likewise, Koelstra et al. [23]

analyzed the brain activity of 32 participants who watched forty musical videos and rated their

emotional reactions using the SAM [105]. A positive correlation was found between self-reported

valence and alpha power in the right occipital region of the brain.

EEG signals are particularly prone to capture noise (i.e., electrical activity unrelated to mental

states). For example, eye movements and eye blinks produce artifacts in the EEG signals and are

usually reflected in the activity of the brain’s frontal region. In non-stationary VR applications,

it is particularly challenging to remove artifacts produced by muscle activity, head movements,

or electrical activity from the VR headset [132]. It is possible to remove these artifacts using

Independent Component Analysis (ICA). This technique allows identifying the components of

an EEG signal that are not produced by brain activity [133]. The maximum number of independent

components (ICs) that can be identified using ICA depends on the number of electrodes used. For

example, a recording with 32 electrodes will allow the identification of up to 32 ICs. Therefore,

increasing the number of electrodes might help identify the artifacts in the signal with more

precision. For a complete analysis about using ICA in non-stationary and stationary settings,

see Klug and Gramann [132].

An additional challenge is to process the EEG signals in real-time. ICA can be used in real-time

[134], but it was not designed for that purpose. An alternative is Artifact Subspace Reconstruction

(ASR) [135, 136], a technique designed for online artifact removal. ASR uses data recorded from

the participant as a baseline. Then, Principal Component Analysis (PCP) is applied to identify the

EEG channels that contain artifacts. The data of the corrupted channels are reconstructed using the

baseline data as a reference. There is software available that can facilitate the implementation of

ASR, such as BCILAB [137] and Neuropype (Intheon Labs, California).

2.4 Brain-Computer Interfaces

The implementation of electrophysiological signals in VR systems leads to the development of

interfaces that allow interpreting users’ brain activity as computer commands [138, 139]. One of

the basic assumptions underlying the development of Brain-Computer Interfaces (BCIs) is that

mental processes originate in the brain. However, there are BCIs that measure electrophysiological

responses in other places of the body [140], such as the heart and face, because processes that

originate in the brain can produce changes in the activity of other body parts.

There are different techniques for measuring brain activity that can be used for the development

of BCIs. For example, electrocorticography (ECoG), Positron Emission Tomography (PET), and
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functional Magnetic Resonance Imaging (fMRI), among others. However, electroencephalography

(EEG) is the method most frequently used in BCIs because (1) it provides high temporal resolution

(i.e., relatively large amount of data points recorded per second); (2) it does not create health risks

for the user because the electrodes can be easily placed and removed from the scalp; (3) can be

portable, which is important for applications where the user is moving; and (4) is less expensive

than most of the other methods [20].

According to Zander and Kothe [20], there are three types of BCIs: active, passive, and reactive.

Active BCIs require the active participation of the user to generate an action. For example, patients

who lack motor control can use mental commands to move a wheelchair [141]. Passive BCIs do

not require the conscious involvement of the user. They can be used, for example, to analyze the

cognitive load of car drivers automatically [142]. Reactive BCIs use mental activity that occurs as a

response to external stimuli. An example is a neurofeedback video game where threatening stimuli

are presented, and players have to control their anxiety to obtain game score [143]. The typical

workflow in a BCI involves at least four steps [20, 127]:

1. Preprocessing pipeline: Filter out the signal’s noise and keep only the components that

reflect brain activity. This process involves (but is not limited to) filtering frequency bands

and removing artifacts caused by eye movements or muscle activity. An introduction to signal

processing can be found in Unpingco [144].

2. Feature extraction: Isolate the information related to the psychological construct of interest

based on previous neuroscience studies (see Section 2.3.3).

3. Classifier definition: A classification model is build using prerecorded data. The classifier is

tested offline, and an estimate of the accuracy of the classification is calculated. In general,

classifiers are trained using data that has been previously labeled by humans. Machine

Learning algorithms are used to identify patterns in the data that tend to be associated with

each label.

4. Classification application: The classification is implemented in the BCI to perform instanta-

neous analysis of the brain activity. The outputs of the classification are used as computer

commands.

2.5 Chapter discussion

This chapter analyses previous studies in psychology, electrophysiology and audiovisual design.

This interdisciplinary analysis might contribute to understanding how to develop VR systems

for affective visualization. These VR systems would involve developing at least two components:

a virtual environment and an affect detection technique. The development of both components

requires the understanding of theories related to emotion and affect. Therefore, this chapter analyses

previous research related to (1) theories of emotion and affect, (2) audio-visual cues associated with

affective states, and (3) methods for assessment of affective states.

Studies discussed in Section 2.2 suggest that specific visual and sound cues can represent users’

emotions. However, most of these studies were conducted in experimental settings where the stimuli

were carefully controlled. It is unclear whether the same psychological responses would occur if
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a combination of these cues were used simultaneously. For example, a particular combination

of colors associated with positive states may result in an unbalanced visual composition that

produces negative affective states. Alternatively, there might be motion patterns that are more

prone to produce motion sickness in VR users, triggering negative states. Furthermore, the sense of

novelty that a VR system produce in new users might influence the emotions triggered by the virtual

environment.

Other studies mentioned in Section 2.2 suggest that leftwards linear motion tends to be

associated with negative valence [87, 85]. This finding was obtained during experiments conducted

in a western society, where time is represented as a progression to the right [145]. Therefore, it is

likely that western users associate leftward motion with negative affective states because that type

of motion is culturally associated with regressing in time. However, in other cultures, such as the

Hebrew culture, people represent time as a progression to the left [145]. Therefore, it is possible that

Hebrew users would associate leftward linear motion with positive valence.

Recent studies have demonstrated that affective states can be elicited by triggering psychogenic

shivering (PS) [146, 147], using a device that controls the temperature in the upper back of the

participants. Additional research indicates that the ability to be empathetic with others’ emotions

can be influenced by delivering electrical stimulation in the vagus nerve [148], and by inducing

affective states in the observer through videos [149]. It remains an open question how to use those

findings to develop Mixed Reality (MR) technologies for empathy enhancement, as proposed by

Schoeller, et al. [147].

Most of the existing techniques for inferring affective states from electrophysiological signals are

based on a small number of discrete states [52, 53]. However, the amount of distinct affective states

that can be detected using this approach is limited. Therefore, it might be convenient to formulate

affect detection problems in terms of statistical regression. This approach would allow building a

model capable of describing affective states in terms of a continuum containing an infinite amount

of distinct affective states. Previous studies suggest that it is possible to infer arousal from EEG

signals [123] as a continuous variable. Future studies could investigate whether it is possible to use

a similar approach to express valence in terms of a continuous variable.

Finally, it is possible to use a programmatic approach to create VR content in real-time, using

procedural content generation (PCG) [96, 97, 33, 21]. PCG allows to create content dynamically

that adjusts to user feedback. Electrophysiological signals could be used to capture user feedback

without interrupting the VR experience. This approach would allow the creation of personalized

virtual environments for affective visualization, similar to Kitson et al. [99] or Bermudez i Badia et

al., [33].
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Visual metaphors of affect

This chapter is based on a preprint paper [150].

Is it possible to observe affective states? Previous experiments suggest that it is possible to create

audiovisual representations of the users’ mental states [151, 152, 153]. This practice, known as brain-

painting, has shown that it is possible to use Brain-Computer Interfaces (BCIs) to analyze users’

brain activity in real-time, interpret that information as computer commands, and automatically

generate audiovisual metaphors of mental states.

This chapter aims to understand how to design visual metaphors of affective states. This chal-

lenge is addressed by developing five Virtual Reality (VR) environments for affective visualization.

The design of these virtual environments is based on previous studies suggesting that visual cues,

such as colors [77, 76], shapes [85, 86, 87] and motion patterns [71, 73] tend to be associated with

particular affective states, regardless of individual differences between users (see section 2.2).

The environments were tested in an exploratory experiment where participants indicated the

affective state they associated with each environment. Results suggest that the environments

represent the affective states that they were expected to represent. The aim is to use these virtual

environments in a neurofeedback VR system (see chapter 5). In this system, players are asked

to recall four autobiographical memories while their electroencephalography (EEG) signals are

analyzed in real-time. The information extracted from the EEG signals will allow to infer the affective

states triggered by those memories. The visual stimuli in the VR system will be adjusted accordingly.

Previous evidence indicates that this procedure might increase the ability of users to self-regulate

their affective states [44, 154, 155].

The development of this system requires visual cues that represent similar affective categories

for any player. Otherwise, the visual cues will not accurately inform participants about the affective

states they are evoking with their memories. Emotional experiences are subjective, hence players

might associate similar visual stimuli with different affective states. For example, a user who suffered

a traumatic experience with fire might associate the shape of a bonfire with negative states, while

others might associate the same shape with positive experiences.

At the same time, previous evidence (see section 2.2) suggests that it is possible to design visual

compositions that represent similar affective states for different users. On the one hand, psychology

studies support a user-independent mechanism for processing affective stimuli. Ekman and Friesen
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[63] found evidence suggesting the existence of at least six basic facial expressions of affective states

(happiness, sadness, boredom, disgust, fear, and anger) that are culture-independent. Further

studies indicate that facial muscles are automatically activated when negative and positive stimuli

are observed [124, 60]. Additional evidence suggests that negative and positive affective states are

processed in the right and left frontal cortex, respectively [130, 61, 128]. Taken together, these studies

suggest the existence of a psychological mechanism related to the perception of affective stimuli

that operates similarly in different users.

On the other hand, previous studies in visual perception suggest the existence of visual cues

that tend to be associated with particular affective states (see section 2.2.). It has been found that

features such as shape, color, and visual complexity tend to be associated with affective responses.

Rounded objects tend to be associated with higher valence and lower arousal than sharp objects

[73, 72, 71]; rounded lines tend to be associated with higher valence than straight lines [73, 72]; and

extremely complex objects tend to be more pleasant (higher valence) than objects with middle-level

of visual complexity [74].

Abstract figures are not directly associated with real-world contexts. Hence using abstract figures

for affect visualization might help reducing associations with personal experiences, while avoiding

biases caused by individual differences between users. On that account, the virtual environment

presented in this chapter was developed using abstract figures.

Since VR is more immersive than other technologies [13, 12], it is more likely that users will

engage with a VR system, as compared to an experience based on traditional technologies that use

2D displays. Therefore, VR is an ideal technology to create a biofeedback therapy experience for

training affective self-regulation.

3.1 Virtual Environment

Five virtual environments were created using Unity. The design process was based on graphics

design guidelines found in previous studies [77, 87, 71, 85, 86, 156, 79, 72, 73, 85, 86] and on the

criteria of a researcher with training in graphics design (Andres Pinilla). The five environments

had a similar structure: a flat landscape with a particles systems surrounding the participant’s

visual field. The graphical properties of the particles system in each environment were different.

Each environment was intended to represent one of the following types of affective states: (1) High

Arousal, High Valence; (2) Low Arousal, High Valence; (3) Low Arousal, Low Valence; (4) High Arousal,

Low Valence; and (5) Neutral (experimental control). Details about the design of each environment

are described below.

3.1.1 Exciting environment: High Valence, High Arousal

A color palette with saturated, bright colors was used for the exciting environment (see Figure 3.1)

because previous studies suggest that these colors tend to be associated with high valence (positive

affective states) [77]. The particles system was in front of the participant’s visual field and moved

towards the user’s position in a circular fashion. It was expected that this would lead to higher

arousal ratings because circular motion patterns seem to be associated with high arousal [87].
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3.1 Virtual Environment

Figure 3.1: Screenshot of the exciting environment.

3.1.2 Calming environment: High Valence, Low Arousal

Previous studies suggest that rounded shapes are associated with high valence and low arousal [71].

Therefore, the calming environment (see Figure 3.2) consists of rounded particles that appeared

in the air and shrank gradually until vanishing. Unsaturated blue and purple colors were used to

trigger associations with high valence and low arousal [77]. The particles moved slowly upwards,

a motion pattern that tends to be associated with low arousal [85, 86]. The participant controlled

the position where new particles appeared by moving the head. The landscape resembled a natural

field, with green grass on the floor, a blue sky, and stars placed randomly across the space. Given

that this scenario resembled a peaceful, natural landscape, it was expected that participants would

associate it with positive, relaxing mental states (high valence and low arousal).

Figure 3.2: Screenshot of the calming environment.

3.1.3 Depressing environment: Low Valence, Low Arousal

The depressing environment (see Figure 3.3) consisted of grey particles. Unsaturated, dark colors

were used because previous studies suggest that these are associated with unpleasant affective states

[80]. The fog moved following a linear motion because that motion pattern seems to be associated
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with low arousal [85]. In the background, there was a black sky, which tends to be associated with

negative affective states (low valence) [157].

Figure 3.3: Screenshot of the depressing environment.

3.1.4 Stressing environment: Low Valence, High Arousal

Yellow-green colored straight lines were used in the stressing environment (see Figure 3.4) because

this color tends to be associated with high arousal and low valence [79, 77]. The lines were moving

very fast in multiple directions, crossing paths with each other. The intersection between these lines

created angular shapes, which tend to be associated with high arousal [72, 73]. Lines appeared and

disappeared very fast, which created the sensation of high speed, which is associated with high

arousal as well [85, 86]. The fact that participants had no control over the direction of the lines or

the position where they appeared was indented to produce a sense of chaos.

Figure 3.4: Screenshot of the stressing environment.

3.1.5 Neutral environment: Neutral Valence, Neutral Arousal

The neutral environment (see Figure 3.5) consisted of an empty room with white walls. This was the

simplest environment but the most difficult to design because it was challenging to find neutral
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stimuli. An empty white space was used because it represented the concept of nothingness, which

might be associated with neutrality.

Figure 3.5: Screenshot of the neutral environment.

3.2 Methods

3.2.1 Participants

Twenty-one university students participated in the study (9 women and 12 men). Their age was

between 18 and 31 (M = 24.81; SD = 3.57). All participants gave their written informed consent

before participating in the experiment. No payment was offered for participation.

3.2.2 Apparatus

The virtual environment was developed in Unity 2020.1.3 and presented in an Oculus Quest, which

consists of a HMD (display resolution: 1440 x 1660 pixels) and two controllers (one for each hand).

The Self-Assessment Manikin (SAM) [105] was used to evaluate the affective states associated with

each virtual environment.

3.2.3 Procedure

After providing informed consent, participants were asked to sit in a chair and the Head–Mounted

Display (HDM) was placed in their head. The left and right thumbsticks were used for rotation

and walking, respectively. A gaze pointer was used to select buttons inside the virtual environment.

The participant moved the head to position the gaze pointer over the desired button in the virtual

environment and then pressed the “A” button of the right controller.

The experiment was divided into two phases. In the first phase, participants navigated a practice

environment with the same graphical structure as the environments described in section 3.1.

The practice environment allowed participants to gain familiarity with the layout of the virtual

environment and the controls.

In the second phase, participants explored the five environments presented in Section III.

The environments were presented in random order. After each environment, a white screen with

the following statement was shown: “Choose the pictogram that better represents the previous
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environment.” Below this statement, one of the rating scales was shown. When the answer was

submitted, the following scale was prompted. The scales were prompted one at a time: first valence,

second arousal, and third dominance. Labels were placed in the poles of each scale, similar to

Lombard et al. [158]. The labels used for the valence scale were “happy” and “unhappy,” for the

arousal scale were “excited” and “calm,” and for the dominance scale were “controlled” and “in

control.” When the answers to the three scales were submitted, the following environment was

shown.

The results of the dominance scale were analyzed but not included in this chapter because the

aim was analyzing affective states in terms of the CMA [65], which has only two dimensions: valence

and arousal. The responses towards the dominance scale are available in the public repository of

the research project 1. The CMA was used for this experiment because it provides a theoretical

framework to analyse affective states that has been used in previous studies in psychology [69, 23].

3.2.4 Ethics

The experiment was approved by the Human Research ethics committee of the University of

Technology Sydney, with approval number ETH20-5123.

3.3 Data Analysis

A within-subjects design was used, with environment as the dependent variable, with five levels:

exciting, calming, depressing, stressing, and neutral. The independent variables were the ratings in

the valence and arousal scales.

3.4 Results

A MANOVA was conducted to analyze whether the environment explored by participants produced

a significant effect on the ratings in the valence and arousal scales. No outliers were detected. The

assumption of normal distribution was violated in 6 of the 10 cells of the experimental design, as

assessed by Shapiro-Wilks test (p < .05). Despite of this limitation, the analysis was conducted

because ANOVA is robust towards violations of normality [159]. The assumption of homogeneity of

variances was met for the three dependent variables, as assessed by Levene’s test (p > .05). There

was a statistically significant difference between the evaluations towards each environment, F(8,

198.000) = 11.1171, p < .001, Wilk’s Λ = 0.4762.

Univariate analyses revealed a statistically significant effect in valence, F(4, 80) = 17.518, p <
0.001 and arousal, F(4, 80) = 20.648, p < 0.01. No significant effect was found in the dominance

scale, F(4, 80) = 2.441, p = 0.053. A Tukey’s post-hoc test was conducted to analyze the differences in

the ratings between each environment on the valence and arousal scales. The valence ratings were

significantly higher (p < .05) for the exciting (M = 6.95; SD = 2.06) and calming environment s (M =

7.81; SD = 1.17), as compared to the ratings of the stressing (M = 4.9; SD =1.97) and depressing (M =

4.59; SD = 2.26) environments (see Figure 3.6). The ratings towards the neutral environment (M =

5.38; SD =2.11) were significantly lower (p < .05) than the ratings of the calming environment, but

not significantly different to the other environments (p > .05).

1https://osf.io/6wc5e/
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Figure 3.6: Mean valence ratings of each environment in the valence scale of the SAM. Error bars depict
CI, 95%.

The arousal ratings (see Figure 3.7) were significantly higher (p < .05) for the exciting (M = 6.14;

SD = 2.46) and stressing environments (M = 6.33; SD = 2.33), as compared to the arousal ratings of

the calming (M = 3.29; SD = 2.49) and depressing (M = 3.59; SD = 1.76) environments. The arousal

ratings towards the neutral environment (M = 2.9; SD = 1.87) were significantly lower than the ratings

of the exciting and stressing environments (p < .05), but not significantly different to the calming

and depressing environments (p > .05).

Figure 3.7: Mean arousal ratings of each environment in the valence scale of the SAM. Error bars depict
CI, 95%.

In summary, results indicate that the exciting and calming environments are associated with

higher valence than the stressing and depressing environments. Similarly, the exciting and stressing

environments are associated with higher arousal than the calming and depressing environments.

The neutral environment is associated with neutral valence (i.e., higher valence than the stressing

and depressing environments, and lower valence than the exciting and calming environments). At

the same time, the arousal rating of the neutral environment is similar to the calming and depressing

environments, and lower than the arousal in the exciting and stressing environments.

The results obtained with the post-hoc tests indicate that the exciting environment is associated

with high valence and high arousal; calming with high valence and low arousal; depressing with

low valence and low arousal; stressing with low valence and high arousal; and neutral with neutral

valence and low arousal.
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The mean ratings indicate something similar. The mean ratings in the valence scale for exciting,

calming and neutral environments are above 5 (high valence), and in the stressing and depressing

environments are below 5 (low valence). Similarly, the mean ratings in the arousal scale for the

exciting and stressing environments are above 5 (high arousal), and in the calming, depressing

and neutral environments are below 5 (low arousal). Mean ratings below five are considered "low"

and mean ratings above five are considered "high" because the scales range from 1 to 9. These

results suggest that the type of affective states associated with each environment (see Table 3.1) are

coherent with their graphical properties (see section 2.2).

Table 3.1: Type of valence and arousal associated with each environment.

Environment Valence type Arousal type

Exciting Hi g h Hi g h
Calming Hi g h Low
Depressing Low Low
Stressing Low Hi g h
Neutral Low Low

3.5 Discussion

This chapter presents five virtual environments: exciting, calming, depressing, stressing, and neutral.

These environments were tested in an exploratory experiment with twenty-one participants who

evaluated the affective states that those environments represented. Overall, the results suggest that

the virtual environments can be used to visualize four types of affective states, covering the four

quadrants of the CMA [65]. The objective was to use these environments to provide affective visual

feedback in VR, as part of a neurofeedback therapy for training affective self-regulation.

The mean valence ratings of the stressing and depressing environments were higher than

expected (slightly below 5, near the middle of the valence scale). Therefore, they do not seem to be

associated with extremely negative states. In fact, the valence ratings of the depressing and stressing

environments were similar to the valence ratings of the neutral environment. It is possible that

the stressing and depressing environments were aesthetically appealing for participants. Since

aesthetics has a role in valence ratings [160], it is likely that participants’ aesthetic judgments biased

the evaluation of these two environments. It remains an open research topic analyzing how to

design abstract visual stimuli that can be used to represent extremely negative states. One possible

approach would be to develop virtual environments with aesthetically unappealing stimuli.

The arousal ratings in the neutral environment were similar to the calming and depressing

environments. However, previous studies have shown that faces associated with neutral affective

states tend to obtain low arousal ratings [161]. Therefore, the arousal levels associated with the

neutral environment seem to be consistent with the arousal levels typically associated with neutral

faces.

The design of all the environments had a similar graphical structure: a flat landscape

with a particles system (abstract figures) placed inside the participant’s visual field. Using the

same visual structure in all the environments helped to control the variables that could affect

participants’ ratings, allowing to make a valid comparison between participants’ ratings towards
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each environment. At the same time, this design approach limited the level of realism of the virtual

environments. There were no mountains, trees, animals, or other objects that could produce biases

in the participants’ evaluations.

The results are consistent with previous findings indicating that colors [77, 76], shapes [85,

86, 87] and motion patterns [71, 73] tend to be associated with affective responses. Moreover, it

has been shown that combining those visual cues into a single graphical system is possible. This

graphical system could be used to create a more complex instrument for affective visualization.

For example, using Procedural Content Generation (PCG) to automatically create figures whose

graphical parameters are associated with particular affective states, similar to Semertzidis et al.

[21]. The variables that would be controlled in the virtual environment would be the visual features

identified in section 2.2 (see Table 2.1).

The visual compositions presented in this chapter are not entirely detached from real-world

contexts, but aim to produce minimal associations with them. It might be difficult to imagine a

visual composition detached from real-world images because it is often assumed that the images

people create in their minds are inspired by images previously seen in the physical world. However,

there is evidence that refutes this assumption. A previous study suggests that congenitally blind

people have dreams with visual content [162]. Therefore, mental imagery is a psychological process

that can occur independently of visual perception. Consequently, it might be possible to create

abstract representations of affective states, entirely detached from visual references to real-world

contexts.

The experiment presented in this chapter was intended to analyze whether there was an

association between the environments’ graphical properties and the affective states they represent.

However, it is not clear whether the visual stimuli influenced participants’ affective states. Future

studies could address this question by asking participants how do they feel before and after

navigating each environment.
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4
Affect detection technique

This chapter proposes a technique for near real-time affect detection based on electroencephalogra-

phy (EEG) signals. The proposed technique was tested with two datasets: The DEAP dataset [23]

and data collected during a pilot experiment conducted by the author of this thesis. The first dataset

describes affective states in terms of the Circumplex Model of Affect (CMA) [65], while the second

describes affective states in terms of the Evaluative Space Model (ESM) [66].

The CMA [65] consists of two dimensions: valence and arousal. One of the fundamental

assumptions of this model is that an increase in positive activation implies a decrease in negative

activation, and vice versa. Hence the two poles of the valence dimension: pleasant and unpleasant.

The Evaluative Space Model (ESM) [66] disputes this assumption proposing the existence of three

affective dimensions: negativity, positivity and net predisposition. The ESM [66] allows to represent

affective responses with simultaneous positive (pleasant) and negative (unpleasant) activation [163]

because both constructs are represented in separate dimensions.

Recent studies support the hypothesis that affective responses do not necessarily fit within

the structure of a two-dimensional coordinate system [163]. Yet, it is not clear how to infer users’

affective states in terms of a coordinate system that does not assume the existence of a bipolar

valence (pleasure-displeasure) continuum.

The first section of this chapter aims to analyse affective states in terms of the CMA [65], using

data taken from the DEAP dataset [23]. This dataset contains two versions of the same data:

preprocessed and raw data. The preprocessed version is used in this chapter because it is assumed

that it has a high signal-to-noise ratio. Therefore, the results obtained with the preprocessed data

can be used as a benchmark for subsequent analysis.

The second section describes a pilot experiment in VR where participants observed a subset

of the videos used by the authors of the DEAP dataset [23]. Participants were asked to rate their

affective response towards the videos in terms of the three dimensions of the ESM [66], while their

cortical activity was recorded using EEG sensors. The EEG signals were analysed in a offline setting,

emulating the process that would be conducted during near real-time analysis.

Previous evidence indicates that it is possible to infer some characteristics of users’ affective

states by analysing electrocardiography (ECG) [62, 121, 122], electromyography (EMG) [124, 60] and

electroencephalography (EEG) signals [123, 61, 126, 164, 130, 128]. There is evidence suggesting
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that ECG signals are associated with the intensity of the emotional response [62], EMG signals are

associated with the type of the experienced emotion (pleasant vs. unpleasant) [124], and EEG signals

are associated both with the intensity and type of emotion experienced by the participant [126, 58].

Further studies indicate that asymmetry in the activity at the frontal region of the brain is

associated with valence [130, 126, 61], while activity in the parietal region of the brain is associated

with arousal [164, 123]. Some studies suggest that valence is associated with frontal alpha asymmetry

[126, 61], while other studies indicate that it is associated with frontal theta asymmetry [129].

Similarly, there is evidence indicating that arousal is associated with parietal alpha power [164],

while other studies suggest that it is associated with parietal theta power [123]. Yet, there are other

power bands, such as the gamma band, that might be involved in emotional responses as well [23].

Therefore, in this chapter EEG signals are analysed at the five frequency bands commonly used in

EEG studies: delta (0–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz) and gamma (30–100

Hz) bands.

4.1 Affect detection in terms of a two-dimensional model of affect

4.1.1 Dataset description

The DEAP dataset is a public database that contains subjective (self-reports) and objective data

(physiological recordings) from 32 participants who rated their emotional response towards 40

musical videos. The duration of each video was 60 seconds. Participants were asked to evaluate

the emotions that they felt while observing each video using the valence and arousal scales of the

Self-Assesment Manikin (SAM) [105]. The participants’ cortical activity was recorded using EEG

sensors placed at 32 locations, according to the 10-20 international system. Data of the electrode

sites F3, F4, P3 and P4 are used in this chapter, similar to Huster et al. [61].

According to Koelstra et al. [23], the steps conducted to preprocess the EEG signals of the DEAP

dataset1 were:

• Down-sample to 128Hz for increasing computer processing speed.

• Remove EOG artifacts, using a Blind Source Separation (BSS) technique [165].

• Apply bandpass filter to remove frequencies below 4.0 Hz and above 45 Hz.

• Common-average referencing.

• Extract epochs. Each segment corresponds to each video observed by each participant. There

are 32 participants and each participant observed 40 videos. Thus, there are 1280 segments in

total.

• Remove the baseline from the 3 seconds before the start of each epoch.

The authors of the DEAP dataset [23] conducted an online study where participants indicated

the type of valence and arousal associated with each video. Based on the results of that study, one of

the following labels were assigned to each video:

1Details about the DEAP dataset are available at: http://www.eecs.qmul.ac.uk/mmv/datasets/deap/readme.html
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1. High Arousal, High Valence

2. Low Arousal, High Valence

3. Low Arousal, Low Valence

4. High Arousal, Low Valence

4.1.2 Feature extraction

Feature extraction was conducted by the author of this thesis in Python 3.7.5. The electrode sites

chosen for calculating frontal asymmetry were F3 and F4, while the electrodes chosen to estimate

parietal power were P3 and P4, similar to previous studies [61, 123]. Features were extracted following

these steps:

1. Power extraction: Welch’s method was used to extract the power at each power band (delta,

theta, alpha, beta, gamma) at each sample of each epoch. An 8 seconds Hann window was

used for the Welch’s Method. This process was conducted at electrode sites F3, F4, P3 and P4.

2. Calculate relative power: Divide the power in each power band by the total power, yielding

the relative power for each power band.

3. Extract relative frontal alpha and theta asymmetry: Subtract the value from each power

band at F3 from F4.

4. Extract relative parietal alpha and theta power: Calculate the mean value from each power

band at electrode sites P3 and P4.

5. Down-sample the extracted features to 1 Hz to increase computer processing speed.

4.1.3 Data analysis

Linear mixed-effects models were used to analyse the relationship between the features extracted

from the EEG signals and the participant’s evaluation of the videos. The final aim was to select the

features that provide the most valuable information about the affective states of the users. The

selected features will be used in the following section to build Machine Learning classification

models.

The interaction between each feature and each affective dimension was analyzed in a separate

linear mixed-effects model. Each feature was extracted at five power bands. Thus, each power band

was analysed in a separate model. This was intended to discern the statistical interactions observed

in one power band from the statistical interactions observed in the other power bands. Therefore,

the analysis was repeated once for each possible combination of feature (frontal asymmetry or

parietal power), affective dimension (arousal or valance) and power band (delta, theta, alpha, beta

or gamma). Hence twenty linear mixed-effects models were built (2 features x 2 dimensions x 5

power bands).

The dependent variable in all the models was the rating towards the videos. The dependent

variable was the negativity, positivity or net predisposition rating. Frontal asymmetry was the fixed

effect in half of the models, while parietal power was the fixed effect in the other half. Gender was
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Figure 4.1: Interaction between relative frontal asymmetry (fixed effect) and subjective evaluation of the
videos in the valence and arousal dimensions. Each solid line represents a linear mixed-effects model.
Dotted lines represent the slope of the corresponding model. This figure does not contain information
related to the fixed effects for gender nor the random effects.

the second fixed effect in all the models, because previous studies suggest that women tend to

produce stronger responses towards emotional stimuli than men [166].

Three random effects were defined in all the models: video, participant and timestamp. These

random effects were chosen based on three assumptions: (1) The electrophysiological responses

towards each video are different; (2) Each participant responds differently towards each video; (3)

Electrophysiological responses vary across time. Thus, the random effects were the intercepts for

video, participants and timestamp, as well as by-video, by-participant and by-timestamp random

slopes. The analysis was conducted using R Studio [167] and the lme4 package[168].

Each model was compared against a reduced model that had the same parameters as the full

model, but did not contain the feature extracted from the EEG signals. P-values were obtained by

likelihood ratio tests of the full model against the reduced model. Therefore, a significant p-value

indicates that the full model (i.e. the model where the EEG data is included) fits the data significantly

better than the reduced model.

4.1.4 Results

Visual inspection of Q-Q plots indicated that the assumption of normal distribution was met in all

models. Likewise, visual inspection of residual plots indicated that the assumptions of linearity and

homoscedasticity were met in all models.

The likelihood ratio tests indicated a statistically significant interaction between valence ratings

and frontal asymmetry in the alpha and delta bands, as well as between valence ratings and parietal

activity in the gamma band. Additionally, a significant interaction was found between arousal ratings

and frontal beta asymmetry. All the other likelihood ratio tests indicated absence of statistically

significant interactions (see Table 4.1). Fixed effects are depicted in Figures 4.1 and 4.2.

4.1.5 Classification models

The features used to build the classification models were selected based on the results obtained with

the likelihood ratio tests (see Table 4.1). Therefore, frontal alpha asymmetry, frontal delta asymmetry
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Table 4.1: Results of the likelihood ratio tests comparing full
models against reduced models. Each linear mixed-effects
model (full model) was compared against a copy of itself that
did not contain the fixed effect of the feature extracted from
the EEG signals (reduced model). A significant effect (p < .05)
indicates that the full model fits the data significantly better
than the reduced model.

Feature Dimension Power band P

Frontal asymmetry

Valence

Delta <.001*
Theta .227
Alpha <.001*
Beta 1
Gamma 1

Arousal

Delta .518
Theta .111
Alpha .254
Beta <.001*
Gamma .283

Parietal power

Valence

Delta .815
Theta 1
Alpha 1
Beta 1
Gamma <.001*

Arousal

Delta .304
Theta 1
Alpha 1
Beta .365
Gamma 1

* Statistically significant effect.

and parietal gamma power were used to build the valence models. Likewise, frontal beta asymmetry

was used to build the arousal models. Two algorithms were used: Linear Discriminant Analysis

(LDA) and Logistic Regression (LR), similar to previous studies [169, 170].

The algorithms were trained individually for each participant. With each algorithm, one

classification model was trained for valence and another for arousal. Thus, for each participant

four models were trained: two for valence and two for arousal. Therefore, in total 128 models were

trained (32 participants * 2 affective dimensions * 2 algorithms per affective dimension). In each

model, the dataset was split into a training set and a test set. The training set contained 20% of the

original set, and the test set contained 80% of the original set. The data was randomly allocated to

the training and test set. The valence classification models were trained separately from the arousal

models because both dimensions are are conceptually independent [105]. The labels for the videos

were taken from the DEAP dataset [23] (see section 3.1.1.). In the valence models, the labels of the

videos were "high valence" and "low valence." In the arousal models, the labels were "high arousal"

and "low arousal.

Four metrics were calculated in each iteration: accuracy, precision recall and F1-score. The

means and standard deviations of those metrics were calculated across participants. The resulting
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Figure 4.2: Interaction between relative parietal power (fixed effect) and subjective evaluation of the
videos in the valence and arousal dimensions. Each solid line represents a linear mixed-effects model.
Dotted lines represent the slope of the corresponding model. This figure does not contain information
related to the fixed effects for gender nor the random effects.

Table 4.2: Performance metrics of the affect detection models that were built using the preprocessed
version of the DEAP dataset [23]. The classification models were trained individually for each participant.
The metrics obtained were averaged across participants. Overall, valence models seem to perform better
than arousal models. At the same time, LDA seems to perform better than LR .

Dimension Algorithm Accuracy Precision Recall F1-score
Mean Std Mean Std Mean Std Mean Std

Valence
LDA 61.72% 3.87% 62.28% 6.62% 42.78% 19.89% 47.35% 15.13%
LR 60.68% 4.23% 59.35% 6.04% 38.19% 15.48% 44.69% 14.34%

Arousal
LDA 57.39% 2.66% 58.71% 5.98% 64.88% 24.33% 57.93% 12.04%
LR 54.54% 3.16% 54.42% 3.22% 55.52% 8.64% 54.7% 5.11%

values are presented in Table 4.2. The metrics obtained for each participant are available in in the

public repository of the research project 2.

Overall, LDA models are more accurate than LR models. The mean accuracy of the LDA valence

models (M = 61.72%; SD = 3.87%) is 1.04% higher than the mean accuracy of the LR valence models

(M = 60.68%; SD = 4.23%). Likewise, the mean accuracy of the LDA arousal models (M = 57.39%; SD

= 2.66%) is 6.14% higher than the mean accuracy of the LR arousal models (M = 54.54%; SD = 3.16%).

At the same time, valence models tend to be more accurate than arousal models. Interestingly, the

standard deviation of the recall metric is higher than the standard deviation of the other metrics,

suggesting that recall tends to vary significantly across participants.

4.2 Affect detection in terms of a three-dimensional model of affect

This section contains the results of a pilot study where participants observed a subset of the videos

of the DEAP dataset [23] inside a virtual reality home theater. The data was analyzed following the

same approach described in section 4.1. Yet, the current section has three main differences with the

previous one.

Firstly, in the current section participants’ affective states are analyzed in terms of the three

dimensions of the Evaluative Space Model (ESM) [66] (negativity, positivity and net predisposition),

2https://osf.io/6wc5e/
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instead of the two dimensions of the Circumplex Model of Affect (CMA) [65] (valence and arousal).

The ESM [66] was used for this pilot experiment because it allows accounting for simultaneous

negative and positive activation. Therefore, building an affect detection model based on the ESM

[66] might lead to insights about users’ affective states that could be obscured by a two-dimensional

model [163, 171].

Secondly, the dataset used in the current section is smaller than the DEAP dataset [23]. The

analysis presented in the current section was conducted with 15 participants, whose brain activity

was recorded at seven electrode sites while observing 16 videos. In contrast, the DEAP dataset [23]

was conducted with 32 participants, whose brain activity was recorded at 32 electrode sites while

observing 40 videos.

Thirdly, the dataset used in section 4.1 was preprocessed by the authors of the DEAP dataset [23],

while the dataset presented in this section was preprocessed by the author of this thesis. The main

difference between the preprocessing steps followed by Koelstra et al. [23] and the steps described

in the current section lay in the method used for artifact removal. Koelstra et al. [23] used a Blind

Source Separation (BSS) method [165] that is not designed for online analysis. In contrast, Artifact

Subspace Reconstruction (ASR) [135], a method designed for online artifact removal, is used in the

current section.

4.3 Methods

4.3.1 Participants

Twenty-three students from the Technische Universität Berlin participated in the study. One

participant was excluded because the file containing the electrophysiological data was corrupted.

Two participants were excluded because a flat line was detected in more than 90% of their EEG

recordings. Mahalanobis distance revealed outliers in five participants whose data was excluded

from further analysis. Therefore, the analysis was conducted with the data of fifteen participants.

Their age was between 19 and 58 years old (M = 29.93; SD = 11.49). Six were women, and nine were

men. All participants provided written informed consent before participating in the experiment.

They received 10€ as compensation.

4.3.2 Virtual environment

The experiment was programmed using the software Psychopy 3.0 [172]. The computer screen was

streamed into a Head-Mounted Display (HMD) using the software Virtual Desktop. The virtual

environment was a home theatre (see Figure 4.3). Participants remained seated in a chair during the

experiment and watched the stimuli on the virtual home-theater screen.

4.3.3 Stimuli

The stimuli consisted of music videos taken from the DEAP dataset [23]. A subset of sixteen videos

selected during a previous study [173] were used. Two additional videos from the DEAP dataset [23]

were used for training trials. Thus, a total of 18 videos were used. The duration of each video was 60

seconds.
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Figure 4.3: Screenshot of the virtual environment used during the experiment. Participants were inside
a virtual home theater. The videos were projected on the screen of this home theater using the software
Virtual Desktop.

4.3.4 Apparatus

The virtual environment was shown using an HTC Vive. Brain Products amplifier was used for the

ECG signals and a g.Tec amplifier was used for the EMG and EEG signals. Recordings from both

systems were synchronized using Lab Streaming Layer (LSL). An ECG electrode was placed in each

wrist and another in the left ankle. EMG electrodes were placed in the Zygomaticus Major (ZM)

and Corrugator Supercilii (CS) muscles, similar to Dimberg et al. [60]. EEG electrodes were placed

at F3, F4, P3, P4, T7, T8 and Cz, according to the 10-20 system. The EEG electrode locations were

selected based on a previous study conducted by Huster et al. [61] (see Figure 4.4). The reference

electrode for EEG was placed in the left mastoid. The ground electrode for EMG and EEG was placed

in the right mastoid. The sampling frequency was 5000 Hz for ECG, and 256 Hz for EMG and EEG.

Impedance for the EEG signals was below 10 kΩ.

Figure 4.4: Diagram of electrode montage during the pilot experiment. Seven electrodes were placed,
according to the 10-20 international system. Electrode sites were F3, F4, P3, P4, T7, T8 and Cz, similar
to Huster et al. [61]. Reference and ground electrodes where placed in the left and right mastoids,
respectively.

4.3.5 Procedure

Participants signed informed consent and completed a demographics questionnaire. Then,

electrodes, HMD and headphones were placed. Electrophysiological signals were visually inspected.
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Before starting the experimental task, two practice trials were presented to help participants gain

familiarity with the virtual environment and the rating system. Then a 2-minute grey screen with a

cross in the center was shown, similar to Koelstra et al. [23]. Finally, 16 trials were presented. Each

trial consisted of a 5-second grey screen with a cross in the center, followed by a video. The order

of presentation of the videos was randomized. After each video, five questions were prompt. All

questions were answered using a slider. Participants used an optical mouse to select their answers

in the sliders. The slider for all questions ranged from 1 to 10. In each question, one word was shown

in each extreme of the slider, similar to Lombard et al. [158].

The first three questions corresponded to the three dimensions of the Evaluative Space Model

(ESM) [66]: negativity, positivity, and net predisposition. The questions were taken from a previous

study [149]. The statement of the first three questions was, “how did this video make you feel.” In

the first question (negativity), the words at the sides of the slider were “1 – Not bad at all” and “10 –

Very bad”; In the second (positivity), the words were “1 – not good at all” and “10 – very good”; In the

third (net predisposition) the words were “1 – Very relaxed” and “10 – Very restless”.

Two additional questions were used to assess liking and familiarity. These questions were taken

from Koelstra et al. [23]. The statements of the fourth and fifth questions were “how much do

you like this video?” and “how well do you know the video?”, respectively. In the fourth question

(familiarity), the words placed at the sides of the slider were “1 - Never saw it before the experiment”

and “10 - Knew it very well”. In the fifth question (liking), the words were “1 - Not at all” and “10 –

Very much”. Results obtained with the liking and familiarity were analysed but not included in this

chapter. The data is available in the public repository of the research project 3.

4.3.6 Signal processing

4.3.6.1 Preprocessing

Anomalies were found in the ECG and EMG data. Therefore, these signals were excluded from

further analysis. The EMG data recorded at the Corrugator Supercilii muscle contained noise in all

participants, possibly caused by the pressure of the HMD on the electrodes. In the ECG data, the

LF/HF ratio [62] was zero for all participants. The ECG and EMG data are available in the public

repository of the research project 4.

The following preprocessing steps were conducted in Matlab using EEGLAB 2021.1 [174]:

• Notch filter: Remove powerline noise using a notch filter at 50 Hz.

• Remove bad channels: Remove channels where a flatline longer than 5 seconds is detected,

or whose correlation with nearby channels is lower than 80%.

• Remove artifacts: Remove artifacts caused by eye movements, eye blinks and other noise

sources using Artifact Subspace Reconstruction (ASR) [135].

• Re-referencing: Perform common-average referencing.

• Band-pass filter: Apply band-pass filter to remove frequencies below 4 Hz and above 45 Hz.

3https://osf.io/6wc5e/
4https://osf.io/6wc5e/

39



4. Affect detection technique

• Extract epochs: Each video is equivalent to one epoch. Thus, the length of each epoch is 60

seconds.

• Baseline removal: Remove baseline of the 3 seconds prior the beginning of each epoch.

• Down-sampling: Down-sample to 128 Hz to increase processing speed.

4.3.6.2 Feature extraction

The feature extraction was conducted in Python 3.7.5 following these steps:

• Power extraction: Welch’s method was used to extract the power at each power band (delta,

theta, alpha, beta, gamma), at each sample of each epoch. An 8 seconds Hann window was

used for the Welch’s Method. This process was conducted at electrode sites F3, F4, P3 and P4.

• Calculate power ratio: Divide the power in each power band by the total power, yielding the

power ratio at each electrode site during each sample of each epoch.

• Extract relative frontal alpha and theta asymmetry: Subtract the value from each power

band at F3 from F4. This operation was conducted at each sample of each epoch.

• Extract relative parietal alpha and theta power: Calculate the mean value from each power

band at electrode sites P3 and P4. This operation was conducted at each sample of each epoch

as well.

• Down-sample the extracted features to 1 Hz to increase computer processing speed.

4.3.6.3 Video labels

Three labels were assigned to each video based on participants’ evaluations. Each label corresponds

to one of the three dimensions of the ESM [66]: negativity, positivity, and net predisposition. For

each of these three labels, two categories were defined: high and low. Given that the maximum value

of the rating scales was ten, evaluations below five were labeled as "low," and evaluations above five

were labeled as "high." Consequently, the labels for the negativity dimension were "high negativity"

or "low negativity"; for the positivity dimension, "high positivity" or "low positivity"; and for the net

predisposition dimension "high net predisposition" or "low net predisposition."

4.3.7 Ethics

Ethical review and approval were not required for the study following local legislation and

institutional requirements. The participants provided their written informed consent to participate

in the study.

4.4 Data analysis

Linear mixed-effects models were used to analyse the relationship between the features extracted

from the EEG signals and participant’s evaluation of the videos. The final aim was to filter out those

features that do not provide valuable information about the affective states of the participants. The

most relevant features will be used afterward to build classification models.
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The analysis was repeated once for each possible combination of feature (frontal asymmetry or

parietal power), affective dimension (negativity, positivity and net predisposition) and power band

(delta, theta, alpha, beta or gamma). Hence thirty linear mixed effects models were built (2 features

x 3 dimensions x 5 power bands).

Three random effects were defined in all the models: video, participant and timestamp. These

random effects were defined based on three assumptions: (1) Participant’s electrophysiological

responses towards each video are different; (2) each participant responds differently towards each

video; and (3) electrophysiological responses vary across time.

The analysis was conducted using R Studio [167] and the lme4 package[168]. The dependent

variable in all the models was the rating towards the videos in the dimension of interest (negativity,

positivity or net predisposition). Frontal asymmetry was the fixed effect in half of the models, while

parietal power was the fixed effect in the other half. Gender was the second fixed effect in all the

models [166]. The random effects were the intercepts for video, participant number and timestamp,

as well as by-video, by-participant and by-timestamp random slopes for the feature of interest

(frontal asymmetry or mean parietal power). Each model was compared against a reduced model

that had the same parameters as the full model, but did not contain the features extracted from the

EEG signals (i.e., the fixed effect). P-values were obtained by likelihood ratio tests of the full model

against the reduced model.

4.5 Results

Visual inspection of Q-Q plots indicated that the assumption of normal distribution was met in all

models. Likewise, the assumptions of linearity and homoscedasticity were met in all models, as

assessed by visual inspection of residual plots.

The likelihood ratio tests indicated a significant interaction between the negativity ratings

and parietal activity at the theta and beta bands. A significant interaction was found between

the positivity ratings and parietal activity in the theta and alpha bands. Additionally, a significant

interaction was found between the net predisposition ratings and gamma parietal power. All the

other likelihood ratio tests indicated absence of significant interactions (see Table 4.3). Fixed effects

are depicted in Figures 4.5 and 4.6.

4.5.1 Classification models

Three models were built for each of the three dimensions of the ESM [66]. Each model was built

with one of the following algorithms: Linear Discriminant Analysis (LDA) and Logistic Regression

(LR) [169, 175, 170]. The models were built individually for each participant because the aim was to

built user-dependent classification models.

The data of each participant was split into a training set and a test set. The training set contained

20% of the original set, and the test set contained 80% of the original set. The data was randomly

allocated to each set. Four metrics were calculated for each model: accuracy, precision, recall, and

F-1 score. The value of the metrics were averaged across participants. The resulting means and

standard deviations are shown in Table 4.4. The metrics obtained for each participant are available

in in the public repository of the research project 5.

5https://osf.io/6wc5e/
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Figure 4.5: Interaction between relative frontal asymmetry (fixed effect) and subjective evaluation of the
videos in the negativity, positivity and net predisposition dimensions of the ESM [66]. Each solid line
represents a linear mixed-effects model. Dotted lines represent the slope of the corresponding model.
This figure does not contain information related to the fixed effects for gender nor the random effects.

Figure 4.6: Interaction between relative parietal power (fixed effect) and subjective evaluation of the
videos in the negativity, positivity and net predisposition dimensions of the ESM [66]. Each solid line
represents a linear mixed-effects model. Dotted lines represent the slope of the corresponding model.
This figure does not contain information related to the fixed effects for gender nor the random effects.

The features used to built the classification models were chosen based on the results of likelihood

ratio tests presented in section 4.4.3 (see Table 4.3. Consequently, the features used for the negativity

models were parietal power at the theta and beta bands. The features used for the positivity

classification models were parietal activity in the theta and alpha bands. And the net predisposition

models were trained with a single feature: parietal activity at the gamma band.

The mean accuracy of the LDA models for negativity (M = 67.59; SD = 7.85), positivity (M = 70.05;

SD = 10.24) and net predisposition (M = 64.03; SD = 7.25) was higher than the accuracy of the LR

models for negativity (M = 63.61; SD = 9.94), positivity (M = 69.1; SD = 10.12) and net predisposition

(M = 61.14; SD = 7.38). In general, precision and recall tend to be lower than accuracy. At the same

time, the standard deviation of precision and recall tends to be higher than the standard deviation

of accuracy. Therefore, accuracy seems to be a more stable metric across participants than precision

and recall. Given that F1-score is a metric derived from precision and recall, the same tendency is

observed in means and standard deviations of F1-score.
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4.6 Chapter discussion

This chapter analyses how to develop a technique for online affect detection in VR systems. Data

from two datasets were analyzed: the DEAP dataset [23] and data collected by the author of this

thesis during a pilot experiment in VR. In the first dataset, affective responses are analyzed in

terms of the two dimensions of the CMA [65]: valence and arousal. In the second dataset, affective

responses are analyzed in terms of the three dimensions of the ESM [66]: negativity, positivity and

net predisposition.

In the first section, data was preprocessed by the authors of the DEAP dataset [23]. In the second

section, data was preprocessed by the author of this thesis. Other than that, the analysis of both

datasets follows the same structure: (1) extract features (frontal asymmetry and parietal power); (2)

build a linear mixed-effects model to analyse each extracted feature; (3) select features based on the

results of the linear mixed-effects models; and (4) use the selected features to build classification

models.

In general, there are two types of BCI classification models: user-dependent and user-

independent models. The former are trained with data recorded from the user, while the latter

are trained with prerecorded data from multiple users. The affect recognition models presented

in this chapter consist of user-dependent models. Thus, the models are tailored to the individual

characteristics of each user [176].

The results presented in the first section are consistent with previous studies indicating that

valence is associated with frontal alpha asymmetry [61, 126]. At the same time, the results indicate

that valence might be associated with frontal delta asymmetry and gamma parietal power as well.

The authors of the DEAP dataset [23] applied a bandpass filter to attenuate frequencies below

4Hz (see section 4.1.1). Therefore, the frequency components of the delta band (0-4Hz) were

attenuated. Yet, a significant effect was found between valence ratings and frontal delta asymmetry

(see Table 4.1). Therefore, it is possible that the significant effects observed in the delta band are

spurious. At the same time, it is possible that the frequency components that are located within

the transition band of the filter (i.e., near the 4Hz threshold) are associated with valence. A detailed

analysis of the design of the filter used by the authors of the DEAP dataset [23] is required to assess

this hypothesis.

A similar finding is observed in the gamma band. A filter was applied to attenuate frequencies

above 45Hz in the two datasets analysed in this chapter (see section 4.1.1 and 4.3.6.1). In both

datasets, a significant effect was found in the gamma band (30–100 Hz). In the first dataset, the

significant interaction was found between valence ratings and parietal gamma power. In the second

dataset, the significant interaction was found between net predisposition ratings and parietal

gamma activity. Given that the filter was applied at 45Hz, and the gamma band consists of frequency

components between 30 and 100 Hz, it is assumed that the statistical effects observed in the gamma

band are associated with frequency components that are located between 30Hz and 45Hz.

The dataset obtained during the pilot study is smaller than the DEAP dataset [23]. The total

number of trials is around five times smaller in the pilot experiment (15 participants x 16 videos =

240) than in the DEAP dataset [23] (32 participants x 40 videos = 1280). Despite of this limitation,

statistically significant interactions were found in the pilot experiment (see Table 4.3). Those findings

suggest that (1) it is possible to implement the proposed affect detection technique in a VR system,
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4. Affect detection technique

(2) it is possible to infer affective states using EEG signals in terms of the three dimensions of the ESM

[66], and (3) it is possible to assess affective responses from VR users using only 7 EEG electrodes.

It is expected that the performance of the classification models would increase if they are trained

with a larger dataset. There are at least three ways to increase the amount of data collected during

future experiments: (1) increase the amount of EEG electrodes, which might help to increase the

performance of the online artifact removal algorithm [135], improving the signal-to-noise ratio of

the preprocessed data; (2) increase the number of trials and (3) increase the number of participants.

The results obtained with the subjective measures in terms of the CMA [65] and ESM [66] are

compared in Appendix A. Overall, this comparison indicates that the ratings reported in the DEAP

dataset [23] are similar to the ratings obtained during the pilot study. Thus, the affective states

evoked by the videos in the participants of the DEAP dataset [23] were similar to the affective states

evoked by the same videos on the participants of the pilot experiment.

The pilot experiment was carried out in a virtual reality environment where participants were

not moving. This was intended to reduce the presence of artifacts caused by body movements.

Additional research is required to analyze the performance of the proposed technique in non-

stationary settings [177]. This could be achieved using a spatial navigation task that involves

emotional stimuli, similar to Palmiero et al. [178]. The analysis of the mobile EEG data could be

conducted using existing toolboxes for this purpose, such as MoBILAB [179] and BeMoBil [180].

However, those toolboxes are not suitable for online analysis. Therefore, additional research is

required to understand how to remove artifacts from EEG signals in an online fashion during

non-stationary experiments.

This chapter was focused on EEG signals. However, it is important to consider that EMG signals

might have two advantages to identify valence in VR users, as compared to EEG signals. Firstly, EMG

signals have been extensively used for studying emotional responses in psychology studies [125, 181,

182], providing robust evidence about their reliability for estimating affective states. Secondly, EMG

signals usually require fewer preprocessing steps than EEG signals, which might lead to a simpler,

more computationally efficient technique. Future studies could analyze how to build a technique

that integrates multiple electrophysiological signals, including ECG and EMG, similar to Cassani et

al. [140].

Future studies could analyze how to improve the proposed affect detection technique using

Common Spatial Patterns (CSP), a spatial filtering method for maximizing the discriminability

between two or more labels in BCI classification problems [183]. A previous study attempted to

use CSP to build a valence classifier based on frontal EEG asymmetry [184]. The mean accuracy

of the classification models across participants was 46.9%. The mean accuracy of the LDA

valence classification model proposed in the current chapter was 61.72 %. It remains an open

question whether integrating the affect detection technique proposed in this chapter with the CSP

classification technique proposed by Winkler et al. [184] would lead to higher accuracy. Additional

studies could analyze the performance of the proposed technique with other datasets, analyzing

whether the results reported here are generalizable to a larger population.

44



4.6 Chapter discussion

Table 4.3: Results of the likelihood ratio tests comparing full models
against reduced models. A significant effect (p < .05) indicates that the
full model fits the data significantly better than the reduced model. The
full model contains all the fixed effects and random effects, while the
reduced model contains the same parameters, except the fixed effect of
the feature of interest.

Feature Dimension Power band P

Frontal asymmetry

Negativity

Delta .289
Theta .811
Alpha .110
Beta .463
Gamma .293

Positivity

Delta .195
Theta .771
Alpha .879
Beta .285
Gamma .523

Net Predisposition

Delta .712
Theta .401
Alpha .426
Beta .318
Gamma .773

Parietal power

Negativity

Delta .785
Theta <.001*
Alpha .254
Beta <.001*
Gamma 1

Positivity

Delta .952
Theta <.001*
Alpha <.001*
Beta 1
Gamma 1

Net Predisposition

Delta .524
Theta .658
Alpha .3
Beta 1
Gamma <.001*

* Statistically significant effect.

Table 4.4: Metrics of the classification models that were built using the data collected during the pilot
experiment. The models were trained individually for each participant. The mean accuracy, precision,
recall and f1-score metrics were calculated across participants.

Dimension Algorithm Accuracy Precision Recall F1-score
Mean Std Mean Std Mean Std Mean Std

Negativity
LDA 67.59% 7.85% 53.27% 35.47% 23.36% 29.07% 34.82% 27.69%
LR 63.61% 9.94% 32.47% 34.06% 22% 34.48% 33.29% 26.94%

Positivity
LDA 70.05% 10.24% 66.05% 21.32% 90.05% 25.54% 81.37% 8.42%
LR 69.1% 10.12% 67.47% 14.98% 82.57% 34.79% 71.29% 27.36%

Net Predisposition
LDA 64.03% 7.25% 58.58% 28.38% 55.5% 42.62% 55.18% 28.39%
LR 61.14% 7.38% 41.39% 31.63% 45.97% 48.54% 56.06% 31.26%
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5
Sentui: A reference implementation of

a neurofeedback VR system

An experiment with human participants was planned to test the system presented in this chapter. The

experiment had to be canceled due to COVID-19 restrictions.

This chapter describes the development of Sentui, a reference implementation of a neurofeed-

back VR system. The development process was similar to Garcia et al. [16]. Sentui is offered to

developers and researchers for use, updates and further development.

The primary purpose of the system is to train users’ ability to regulate their affective states

voluntarily. Patients who suffer from depression or anxiety might benefit from the system, as it

might help to evoke positive emotions. Similarly, people who are at risk of suffering psychiatric

disorders might benefit as well because affective self-regulation can help to reduce the risk of

suffering mental disorders [185].

The development of the system is based on previous research indicating that it is possible to

train affective self-regulation, following a procedure that involves three steps: (1) the user recalls an

autobiographical memory that triggers a positive affective state; (2) the system estimates the user’s

affective state based on his/her brain activity; and (3) visual feedback is provided to the user inside

the virtual environment according to the affective state detected [44].

The main characteristics of Sentui are:

• Developed using the Oculus Quest navigation system.

• Representation of affective states in terms of the four quadrants of the CMA [65], using VR

stimuli validated in a previous experiment (see chapter 3).

• Affect detection pipeline tested in an offline setting, emulating the steps conducted for near

real-time analysis (see chapter 4).

• Two affect detection models: one for valence and another for arousal.
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5. Sentui: A reference implementation of a neurofeedback VR system

• Data is transferred through the WiFi network using LabStreamingLayer (LSL) [186].

• The system is based on user-dependent classification models (the models are trained with

user data).

• The affective state is updated in Unity every second.

• Self-reported affective states are captured with a VR implementation of the Self-Assessment

Manikin (SAM) [105] for offline analysis.

5.1 System requirements

Three minimal requirements for the development of the system were identified based on the

literature review presented in chapter 2. These requirements are related to (1) the characteristics of

the VR stimuli, (2) the characteristics of the affect detection technique, and (3) the phases of the VR

experience. Therefore, the following criteria are proposed:

• VR stimuli: The VR stimuli should provide visual representations (metaphors) of affective

states. The interpretation of these visual representations should be stable across users. This

requirement can be achieved by avoiding associations with objects from the physical world,

which might help reduce biases caused by the personal experiences of each user. Therefore,

four virtual environments were developed using abstract figures. The visual features of

the virtual environments are based on the design guidelines summarised in Table 2.1. The

virtual environments were validated in the experiment presented in chapter 3. Overall, the

results of that experiment indicate that participants tend to associate each of the four virtual

environments with one of the four quadrants of the CMA [65].

• Affect detection: The affect detection technique should allow inferring the type of valence

and arousal experienced by the user in an online fashion and without interrupting the

VR experience. This could be achieved using electrophysiological signals [164]. It is

possible to use electrocardiography (ECG) signals to infer arousal, electromyography

(EMG) signals to infer valence, and electroencephalography (EEG) signals to infer

both valence and arousal. For the development of Sentui, EEG signals are used.

An affect detection technique based on EEG signals should consist of at least three

components: (1) a preprocessing pipeline to reduce the presence of spectral components

that do not represent brain activity; (2) a feature extraction process to extract the information

from the signals that are associated with affective states; (3) a Machine Learning model to

automatically assess users’ affective states in terms of the two dimensions of the CMA [65]:

valence and arousal.

• Phases of the VR experience: The VR experience should consist of at least three phases: (1)

conduct training trials to collect data of the user and train the affect detection models; (2)

induce a baseline affective state in the user; and (3) conduct the neurofeedback task. These

phases are based on the experimental design proposed by Li et al. [44].
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5.2 Design and development of the system

The system is a closed affect loop consisting of two main modules: the VR content module and the

signal processing module. The former was developed in Unity, using the VR stimuli validated in

chapter 3. The latter was implemented using NeuroPype (Intheon Labs, California), based on the

results presented in chapter 4. The connection between both modules is established through the

WiFi network using LabStreamingLayer (LSL). Figure 6.1 describes the architecture of the system.

Figure 5.1: Architecture of the proposed reference implementation. The system consists of two modules:
the VR content module and the signal processing module. The connection between both module is
established using the LabStreamingLayer (LSL) protocol [186].

5.3 The VR content module

Participants are asked to write four autobiographical memories in a paper before using the system,

similar to Li et al. [44]. Each memory should be associated with one of the four quadrants of the

CMA [65]:

• High Valence, High Arousal: Exciting memory

• Low Valence, High Arousal: Relaxing memory

• Low Valence, Low Arousal: Depressing memory

• High Valence, Low Arousal: Stressing memory
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5. Sentui: A reference implementation of a neurofeedback VR system

There are four virtual environments. Each virtual environment is associated with one of the

quadrants of the CMA [65]. A text inside the virtual environment asks the user to recall one of the

four memories (see Figure 5.2).

Figure 5.2: Screenshots of the VR scenes used for the VR content module. Each scene is associated to one
of the quadrants of the CMA [65]. The association between the scenes and affective states was analysed
in chapter 3.

The VR experience consists of three phases, similar to the experimental design proposed by

Li et al. [44] (see Figure 5.3). During the first phase, the user navigates five times in each virtual

environment for 60 seconds each time. EEG data is labeled based on the type of valence (high

valence or low valence) and type of arousal (high arousal or low arousal) associated with each virtual

environment. The labels are sent to the signal processing module and used to train the classification

models. During the second phase, a baseline affective state is induced. The induction tasks consist

of navigating a randomly selected virtual environment for 60 seconds.

During the third phase, three neurofeedback trials are conducted. During the three trials, the

user is asked to recall the memory associated with the exciting memory. The virtual environment

changes every second according to the affective state detected with the EEG signals. The detected

affective state is used to execute if/then commands once per second. If high valence and high arousal

are detected, the user obtains game score and the exciting environment is displayed. Otherwise,

game score is deducted, and the virtual environment corresponding to the user’s affective state is

displayed.

Before and after each trial, participants are asked to report their affective state using the SAM

[105]. The statement of the question prompt after each memory recall trial is: "Please choose the
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Figure 5.3: Timeline of the VR experience in the proposed reference implementation.

pictogram that better represents the way you felt while recalling the previous memory" (see Figure

5.4). The data from the questionnaires, timestamps, markers, and EEG signals are stored for offline

analysis.

5.4 The signal processing module

An affect detection process is proposed based on the results obtained in chapter 4 of this thesis. The

steps of this process are:

1. Notch filter: Remove powerline noise using a notch filter at 50 Hz or 60 Hz, depending on the

powerline frequency of the country where the system is used.

2. Remove bad channels: Remove channels where a flat-line longer than 5 seconds is detected

or whose correlation with nearby channels is lower than 80%.

3. Remove artifacts: Remove artifacts caused by eye movements, eye blinks and other noise

sources using Artifact Subspace Reconstruction (ASR) [135].

4. Re-referencing: Conduct common-average re-referencing.

5. Remove frequencies: Apply band-pass filter to remove frequencies below 4 Hz and above 45

Hz.

6. Down-sampling: Down-sample to 128 Hz to increase computer processing speed.

7. Power extraction: Use Welch’s method to extract the power at each power band (delta, theta,

alpha, beta and gamma). An 8 seconds Hann window is used. The process is conducted at

electrode sites F3, F4, P3 and P4.
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Figure 5.4: Screenshot of the SAM [105] questionnaire implemented inside the virtual environment.

8. Calculate relative power: Divide the power in each power band by the total power, yielding

the relative power at each power band, at each electrode site during each sample of each

epoch.

9. Valence detection branch:

(a) Extract frontal asymmetry: Subtract the relative delta and alpha power at F3 from the

relative delta and alpha power at F4.

(b) Extract parietal gamma power: Calculate the mean relative gamma power at electrode

sites P3 and P4.

(c) Build valence model: Use frontal delta and alpha power, as well as parietal gamma

power to train a Linear Discriminant Analysis (LDA) classification model (low valence vs.

high valence).

(d) Stream valence label: Send valence labels to the virtual environment using LSL.

10. Arousal detection branch:

(a) Extract frontal beta asymmetry: Subtract the relative beta power at F3 from the relative

beta power at F4.

(b) Train arousal model: Use frontal beta asymmetry to train a Linear Discriminant Analysis

(LDA) classification model for arousal (low arousal vs. high arousal).

(c) Stream arousal label: Send arousal labels to Unity using LSL.

The signal processing module is implemented in NeuroPype (Intheon Labs, California), a

software for biosignal processing. There were four main challenges during the implementation of

the affect detection technique in this software.

Firstly, the software does not allow to perform down-sampling during online signal processing.

Therefore, this step was omitted. Secondly, NeuroPype (Intheon Labs, California) stopped streaming

the classification labels to Unity at random intervals. The author of this thesis failed to identify the

underlying cause for this issue.
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Thirdly, it was not possible to obtain an output from the LDA node when Welch’s method was

used to extract the spectral content of the signal. The workaround for this problem was to use an

FIR filter instead of the Welch’s method. It is not clear why the pipeline worked with the FIR filter

instead of Welch’s method. This problem occurred in NeuroPype (Intheon Labs, California) but not

in the previous tests conducted in Python (see chapter 4).

Fourthly, the proposed technique consisted of a classification model for valence and another for

arousal. The aim was to implement both classification models as two branches of the same pipeline.

However, it was not possible to stream the output of both classification models when they were

built in the same NeuroPype (Intheon Labs, California) pipeline. The workaround for this challenge

was to create two separate Neuropype (Intheon Labs, California) pipelines: one for valence and

another for arousal. Each pipeline is run in a separate Neuropype (Intheon Labs, California) window.

Screenshots of the valence and arousal pipelines are presented in Figures 5.5 and 5.6, respectively.

5.5 Discussion

Sentui is a reference implementation of a VR neurofeedback tool for training affective self-regulation.

The system consists of two modules. The communication between both modules is established

through the WiFi network, using LabStreamingLayer (LSL) [186].

Affective states are triggered with the autobiographical memories of the user, while brain activity

is monitored with EEG sensors. The EEG signals are analyzed in real-time using an affect detection

technique implemented in Neuropype (Intheon Labs, California). The information extracted from

the EEG signals is used to train two support vector machine models: one for valence and another for

arousal. The output of both models is used to adapt the VR stimuli, providing visual feedback to the

users about their affective states. It is expected that continued use of the system would increase the

ability of users to modulate their affective states [44].

The VR stimuli consist of four virtual environments previously tested in an experiment with

human participants (see chapter 3). According to the results obtained during that experiment, each

of the four virtual environments tends to be associated with one of the four quadrants of the CMA

[65]. The transition between the virtual environments is controlled by simple if/then adaptive rules.

Future studies could analyze how to build more complex rules for adaptivity. For example, creating

personalized visualizations based on the individual characteristics of each user. Previous studies

have shown that it is possible to create visual compositions automatically in VR [99]. Furthermore,

other studies have shown that it is possible to create content automatically in video games according

to the preferences of the user [96, 97]. Therefore, it might be possible to identify the visual cues that

each user tends to associate with an affective state and create personalized VR content accordingly

[33].

The user experience could be improved by reducing the required time to train the affect detection

model. This could be achieved in at least two ways. One possibility is storing the EEG data of the

user and training the model with the stored data. This approach would allow training the model

only during the first time the system is used, and the accuracy would improve over time as more

user data is stored. Another possibility is building an user-independent affect detection model.

That is, a model trained with data from a standard dataset, avoiding the requirement of having a

calibration phase. For instance, Semertzidis et al. [21] developed an AR system integrated into a BCI
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for affect communication among dyads. Their affect detection model was trained with data from the

DEAP dataset [23], using a procedure proposed by Liu et al. [187]. The accuracy of their model was

58.33 %. Additional studies could implement the affect detection technique proposed in chapter 4

with software different from NeuroPype. For example, using OpenViVE [188], MNE-Python [189] or

BCILAB [137].

The primary purpose of Sentui is training users’ ability to regulate their affective states

voluntarily. However, its basic structure consists of a closed affect loop that could be used for other

applications. For example, to develop adaptive VR systems where the input is the user’s affective state.

Furthermore, it might be used for estimating users’ satisfaction with a VR system, similar to Antons

[164]. Yet, there are challenges related to the implementation of the affect detection technique

in a brain-computer interfacing software that limit the stability of the system. One possibility to

solve those challenges consists on implementing the proposed affect detection technique in a

software similar to NeuroPype (Intheon Labs, California), such as OpenVive [188], BCILab [137] or

MNE-Python [189].
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6
General discussion

This thesis explores how to develop a VR system that automatically adjusts its content according

to the user’s affective state. This was achieved by developing a reference implementation of an

affective neurofeedback VR system. This system infers users’ affective states from their brain activity.

Then, the detected affective states are used to execute if/then commands to adjust the VR content.

Therefore, the architecture of the system resembles a closed feedback loop (see Figure 6.1).

The proposed reference implementation consists of two modules: the VR content module

and the signal processing module. The VR content module consists of four virtual environments

that were developed following design guidelines identified in previous studies (see Table 2.1) and

validated in an experiment with human participants (see section 3.4) . The results obtained in

this experiment suggested that the virtual environments tend to represent four different affective

states, regardless of individual differences across participants. Moreover, each virtual environment

is associated with one of the four quadrants of the Circumplex Model of Affect (CMA) [65]. Therefore,

those four virtual environments were used to develop the neurofeedback VR system described in

chapter 5 (see section 5.3).

The signal processing module is based on an affect detection method tested with data taken

from the DEAP dataset [23] (see sections 4.1 and 4.2). The test was conducted in an offline setting,

emulating the steps that would be conducted in an online analysis. Therefore, the proposed affect

detection method was implemented in NeuroPype (Intheon Labs, California), a platform for brain-

computer interfacing (see section 5.4). Two models are trained in NeuroPype: one for valence and

another for arousal. The models are trained with data recorded from the user during an initial

calibration phase.

A pilot experiment with human participants was conducted to explore the implementation of the

proposed affect detection method in a VR system (see section 4.3). In this experiment, participants

evaluated sixteen videos of the DEAP dataset [23] in terms of the three dimensions of the Evaluative

Space Model (ESM) [66]: negativity, positivity and net predisposition. The results do not indicate

a clear advantage in using a three-dimensional model instead of a two-dimensional model (see

Appendix A). Therefore, using three dimensions might add unnecessary complexity to the system.

Consequently, the reference implementation proposed in chapter 5 is based on the two dimensions

of the CMA [65]: valence and arousal. Nonetheless, the results obtained in the pilot study suggest
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that it is possible to use the proposed technique to infer affective states of VR users. Moreover, the

results indicate that it is possible to implement the technique using only seven EEG electrodes.

Using a small amount of EEG electrodes might be convenient for reducing the cost associated to the

equipment and for reducing the time that it takes to setup an experiment.

All things considered, the development of the reference implementation proposed in chapter 5

allows achieving the central purpose of this research project: understanding how to develop a VR

system that automatically adjusts its content according to users’ affective states. The development

of this reference implementation was based on a literature review, two experiments with human

participants and offline tests conducted with a standard dataset for emotion research [23].

6.1 Research questions

6.1.1 Visual representation of affective states

1. How to build a virtual environment for affective visualization? The evidence analysed in the

literature review (see chapter 2) suggests that there are psychophysiological mechanisms associated

with the processing of emotional stimuli that are stable across users [63, 124, 60, 130, 61]. Additional

studies indicate that there are visual cues that tend to be associated with similar affective states,

regardless of individual differences between users [73, 72, 71, 73, 72, 74]. Based on those studies,

four virtual environments were designed. These virtual environments were tested in an experiment

where participants evaluated the affective states that each virtual environment was associated with.

The results indicate that these virtual environments allow to represent affective states in terms

of the four quadrants of the CMA [65]. These virtual environments were designed based on the

guidelines summarised in Table 2.1. These guidelines might be useful for further development of

visual representations of affective states.

6.1.2 Affect detection technique

2. How to develop a technique for near real-time affect detection that can be implemented in VR

systems? The affect detection technique was tested with two versions of the same dataset: the

preprocessed and raw versions of the DEAP dataset [23]. Additionally, it was tested with data

collected during an experiment conducted by the author of this thesis. The results led to a signal

processing method suitable for near real-time analysis of VR users’ affective states. This method

consists of three main phases: (1) preprocessing, (2) feature extraction, and (3) training of valence

and arousal models. The steps of the proposed method are:

1. Notch filter: Remove powerline noise using a notch filter at 50 Hz or 60 Hz, depending on the

powerline frequency of the country where the system is used.

2. Remove bad channels: Remove channels where a flat-line longer than 5 seconds is detected

or whose correlation with nearby channels is lower than 80%.

3. Remove artifacts: Remove artifacts caused by eye movements, eye blinks and other noise

sources using Artifact Subspace Reconstruction (ASR) [135].

4. Re-referencing: Conduct common-average re-referencing.
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6.2 Limitations

5. Remove frequencies: Apply band-pass filter to remove frequencies below 4 Hz and above 45

Hz.

6. Down-sampling: Down-sample to 128 Hz to increase computer processing speed.

7. Power extraction: Use Welch’s method to extract the power at each power band (delta, theta,

alpha, beta and gamma). An 8 seconds Hann window is used. The process is conducted at

electrode sites F3, F4, P3 and P4.

8. Calculate relative power: Divide the power in each power band by the total power, yielding

the relative power at each power band, at each electrode site during each sample of each

epoch.

9. Valence detection branch:

(a) Extract frontal asymmetry: Subtract the relative delta and alpha power at F3 from the

relative delta and alpha power at F4.

(b) Extract parietal gamma power: Calculate the mean relative gamma power at electrode

sites P3 and P4.

(c) Build valence model: Use frontal delta and alpha power, as well as parietal gamma

power to train a Linear Discriminant Analysis (LDA) classification model (low valence vs.

high valence).

(d) Stream valence label: Send valence labels to the virtual environment using LSL.

10. Arousal detection branch:

(a) Extract frontal beta asymmetry: Subtract the relative beta power at F3 from the relative

beta power at F4.

(b) Train arousal model: Use frontal beta asymmetry to train a Linear Discriminant Analysis

(LDA) classification model for arousal (low arousal vs. high arousal).

(c) Stream arousal label: Send arousal labels to Unity using LSL.

6.1.3 Closed affect loop in VR systems

3. How to integrate the virtual environment with the affect detection technique? Developing a VR

system that can adjust automatically to users’ affective states requires building a closed affect loop.

That is, a system where users’ affective states are instantaneously analyzed, and the outcome of

that analysis is used as a computer command. Therefore, the system architecture consists of two

modules: the VR content and signal processing modules. The information between both modules is

transmitted over the WiFi network using the LabStreamingLayer (LSL) protocol. The architecture of

the system is described in Figure 6.1.

6.2 Limitations

An additional experiment was planned to analyze whether the usage of the proposed VR system

would lead to increased affective self-regulation. This experiment was canceled due to COVID-19
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6. General discussion

Figure 6.1: Architecture of the proposed reference implementation. The system consists of two modules:
the VR content module and the signal processing module. The connection between both modules is
established using the LabStreamingLayer (LSL) protocol [186].

restrictions. Therefore, it is not possible to analyze whether the system is effective for training users’

ability to modulate their affective states.

The affect detection technique proposed in this thesis is based on previous studies indicating

that frontal asymmetry and parietal activity are associated with affective responses [61, 126, 127,

123, 23]. However, many other features could be extracted from EEG signals to build a more robust

technique. For example, Val Calvo [190] proposed a method for analyzing affective responses in real-

time. The features are extracted using Differential Entropy, Amplitude Envelope, Petrosian Fractal

Dimension, Higuchi Fractal Dimension, and Fisher Information. Then, features are selected using

the chi-squared statistic. Likewise, Martinez-Tejada et al. [70] proposed to extract time-domain and

frequency-domain features to estimate emotional reactions of video game players.

Overall, the performance metrics obtained with the technique were better for valence than for

arousal (see Tables 4.2, 4.4). Given that Machine Learning models tend to perform better as more

data is available, it is reasonable to assume that the performance of the models would increase

if the technique is applied in a dataset containing more trials per participant. Besides, a largest

dataset could lead to more robust performance metrics because two of the methods used for noise

reduction (ASR for artifact removal [135] and common average re-referencing) tend to perform

better as more data is available.
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6.3 Future work

6.3 Future work

The adaptivity of the proposed system consists of basic if/then commands. It is possible to include

an additional module in the reference implementation for implementing more complex adaptive

rules. The role of this module would be to decide what to adapt and how to adapt it, similar to

Bermudez i Badia [33].

Previous studies indicate that emotions tend to spread across groups of people automatically

[182, 191], as a consequence of a psychological phenomenon known as emotional contagion [192].

At the same time, it has been found that negative emotions tend to spread more easily than positive

emotions [66, 149]. Future studies could analyze whether providing affective feedback to crowds of

VR users can help regulate the spread of negative emotions. This might help reduce the contagion of

negative emotions, improving users’ overall experience.

There are multiple potential applications for systems where the user’s affective state is monitored.

However, there are ethical concerns related to user privacy that must be considered. For example,

Facebook conducted a study where the affective state of more than 600.000 users was influenced by

manipulating the emotional content of the posts that each user saw on their home page [191]. The

development of wearable technologies might lead to massive adoption of bodily sensors, allowing

data harvesting companies to collect an enormous amount of information related to the users’

mental states. Therefore, there is a risk that this information is used without the awareness of users.

The development of Distributed Ledger Technologies (DLTs), such as blockchain [193] and

IOTA [194], might help prevent this risk. On the one hand, blockchain can be used to build

automated access-control managers, preventing unauthorized parties from accessing users’ private

data [193]. On the other hand, IOTA can be used to facilitate interactions between users’ devices

and third parties without revealing private content stored in the data [195]. Therefore, DLTs might

contribute to restrict unauthorized access to private information, such as users’ affective states.

Thus, these technologies might allow the integration of physiological sensors into VR systems

without compromising user privacy.
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A
Appendix A: Dimensional reduction

The DEAP dataset [23] is based on a two-dimensional model of affect: the Circumplex Model of

Affect (CMA) [65]. In contrast, the pilot experiment described in section 4.2 was based on a three-

dimensional model of affect: the Evaluative Space Model (ESM) [66]. Comparing the results of

the DEAP dataset [23] with the results collected during the pilot experiment required mapping

the results obtained in the three-dimensional model into a two-dimensional model. Therefore, a

dimensional reduction method is proposed. The proposed method for dimensional reduction is

based on two assumptions:

First assumption: The valence dimension of the CMA [65] is a bipolar dimension. Therefore,

high values are associated with positive affective states and low values are associated with negative

affective states. Consequently, the negativity and positivity dimensions of the ESM [66] are

conceptually equivalent to the two poles of the valence dimension of the CMA [65].

Second assumption: The net predisposition dimension of the ESM [66] is conceptually similar

to the arousal dimension of the CMA [65]. The predisposition of an organism to approach or

withdraw an stimuli is associated with the activation of its sympathetic system, hence associated

with its level of arousal.

Based on those two assumptions, the proposed method consists of collapsing the negativity and

positivity dimension of the ESM [66] into a single dimension. The net predisposition dimension of

the ESM [66] is equivalent to the arousal dimension of the CMA [65]. The procedure is based on

analytical geometry and consists of 5 steps:

Step 1. Plot the mean negativity and positivity ratings in a two dimensional space. The x-axis

corresponds to the positivity ratings, while the y-axis corresponds to the negativity ratings.
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A. Appendix A: Dimensional reduction

Step 2. Trace a line that represents the valence dimension. High valence is conceptually

equivalent to high positivity, while low valence is conceptually equivalent to high negativity.

Therefore, valence can be represented with a diagonal line that connects the highest possible

rating in the negativity dimension (upper left corner of the graph) with the highest possible rating in

the positivity dimension (lower right corner of the graph).

The Equation of the Line is

y = x +b

where x is a value in the x-axis and b is the intercept (i.e., the value of y when x = 0).
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The intercept of the diagonal line that represents valence is 10. Therefore, the equation of the

diagonal line that represents valence in the previous graph is

y = x −10

Step 3. Trace one line for each of the dots of the graph (each dot is a video). Each of those lines

should be perpendicular to the diagonal line. The objective is to project each dot to the diagonal

line.

The equation of a line that is perpendicular to the valence line is

y = x −b

Therefore, any line traced with the previous equation should be perpendicular to the diagonal

valence line traced in step 2.

Additionally, the x and y coordinates for all the dots in the graph can be inferred from

participants’ ratings. The ratings in the positivity scale are x coordinates, while the ratings in

the negativity scale are the y coordinates. Therefore, it is possible to infer the intercept for each dot

isolating b. Once all the intercepts have been calculated, it is possible to trace the perpendicular

line for each video.

Step 4. Find the coordinate where each perpendicular line intercepts the diagonal valence line.

The coordinates of this intersection can be found using the intersection() function of the Shapely

Python library [196].
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Step 5. The Pythagorean theorem can be used to calculate the distance between the intercept

of the diagonal valence line (upper left side of the graph). Therefore, valence can be calculated with

the equation

V =
√︂

x2 + y2

Where x and y are the values of the projected dots in the x-axis and y-axis, respectively (see step 4).

Step 6. Change range of the obtained values. The values obtained in the step 5 are in a different

range than the valence ratings of the DEAP dataset [23]. Therefore, the range of the values obtained

in the step 5 are adjusted for comparison purposes. A similar process is conducted for the Net

Predisposition ratings. The range transformation is conducted using a linear conversion. The

rescaled values are plotted in a valence-arousal space.
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The ratings of the videos in the pilot experiment (see section 4.3) are compared with the ratings

of the same videos in the DEAP dataset [23] (see section 4.1 and 4.2). Overall, when the dimensional

reduction is conducted, the ratings of the videos in the pilot experiment (see section 4.3) are similar

to the ratings of the DEAP dataset [23].
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