
  February | 2026

Increasing Empathy
in Virtual Agent Interaction
MASTER DISSERTATION

Paulo Afonso Pinto Belim
MASTER IN INFORMATICS ENGINEERING



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(This page intentionally left blank) 



Increasing Empathy
in Virtual Agent Interaction
MASTER DISSERTATION

Paulo Afonso Pinto Belim
MASTER IN INFORMATICS ENGINEERING

SUPERVISOR
Mónica da Silva Cameirão

CO-SUPERVISOR
Diana C. Gonçalves Mendes



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(This page intentionally left blank) 



 

 

FACULDADE DE CIÊNCIAS EXATAS E DA 

ENGENHARIA 

MESTRADO EM ENGENHARIA INFORMÁTICA 

 

Increasing Empathy in Virtual Agent 
Interaction 

 

 

 

Paulo Belim 

 

Supervised by: 

Mónica S. Cameirão 

Diana C. Gonçalves Mendes  



i 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(This page intentionally left blank) 



ii 

Abstract 

The need to socialize and connect is an essential part of human identity, and empathy, the 

capacity to perceive, share, and respond to the emotions of others, is at its core. In the case of 

virtual agents for self-disclosure, an extensive amount of work has studied the features that 

should be present to make them more empathetic. However, more studies are needed to improve 

how empathetic agents act and respond. The goal of this thesis is to study and observe how 

tracking non-verbal motion, like facial expressions, can help empathic agents detect human 

emotions and connect with their users. For this purpose, further development was done to an 

existing virtual agent for self-disclosure, an early prototype that aimed to depict empathetic 

conversation and active listening behaviors, to detect facial movement. We will study how 

interaction is affected by message quality, delivered responses, and how well the agent can adapt 

to non-verbal emotional changes. Our goal is to develop a package focused on improving 

empathetic features in virtual agents, contributing to the advancement in the design of virtual 

agents for mental health applications. 

Keywords: virtual humans, personality, human-computer interaction, empathetic AI 
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Resumo 

A necessidade de socializar e criar conexões é uma parte essencial da identidade humana, e a 

empatia, a capacidade de perceber, partilhar e responder às emoções dos outros, está no seu 

cerne. No caso dos agentes virtuais para a auto-revelação, a literatura reporta extensivamente as 

características que devem estar presentes para torná-los mais empáticos. No entanto, são 

necessários mais estudos para melhorar a forma como os agentes empáticos agem e respondem. 

O objetivo desta tese é estudar e observar como o rastreamento de movimentos não verbais, 

como expressões faciais, pode ajudar agentes empáticos a detectar emoções humanas e interagir 

de melhor forma com os seus utilizadores. Para esse fim, foi incorporada deteção de 

movimentos faciais num agente virtual existente para auto-revelação, um protótipo inicial que 

tinha a intenção de retratar conversas empáticas e comportamentos de escuta ativa. Foram 

realizados testes de utilizador para analisar como a interação é afetada pela qualidade da 

mensagem, pelas respostas fornecidas e pela capacidade do agente se adaptar às mudanças 

emocionais não verbais. O nosso objetivo é desenvolver um pacote focado em melhorar as 

características empáticas em agentes virtuais, contribuindo para o avanço no design de agentes 

virtuais para aplicações de saúde mental. 

 

Palavras-chave: humanos virtuais, personalidade, interação humano-computador, IA empática 
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1​ Introduction 

1.1​ Background 

Virtual Reality (VR) has undergone significant transformation in recent years, evolving from 

a niche technology into a powerful tool with widespread applications [1] This rapid 

advancement has opened the door for innovative approaches across a variety of sectors. One of 

the most significant areas to benefit from this growth is physical health and wellness [2] [3]. VR 

integration in this area has led to the creation of a new generation of applications focused on 

exercise, rehabilitation, and physical therapy. These immersive programs offer a dynamic 

alternative to traditional workouts, making fitness more engaging and accessible. 

Beyond its physical applications, VR also offers immense potential for mental health and 

wellness. Its ability to be customized for a variety of users makes it a powerful tool for therapy 

and support. Given that many people face daily social and psychological struggles, a virtual 

agent that users could visually interact with could be a great resource to help them navigate 

these challenges [4][5]. When creating virtual agents for VR it is important to have in 

consideration an effect called Uncanny Valley where an object that looks like a human will give 

an eerie feeling in the user when this object presents irregularities or imperfections [6][7]. This 

effect can be reduced by either reducing its irregularities or making it less human such as 

reducing how realistic it looks. 

1.2​ Motivation, Objectives, and Research Questions 

In recent years, conversational agents (CAs) have gained significant attention for their 

potential to enhance health-related communication, offer emotional support, and encourage 

users to open up about personal experiences [8][9][10][11]. As technology becomes more 

integrated into healthcare, researchers have begun exploring how CAs can be designed to foster 

trust and empathy, especially in sensitive contexts. One example is the case of the FCT funded 

project AViR (EXPL/CCI-INF/0298/2021), where a CA was used to encourage female users to 

share the experience of miscarriage [1]. In the context of this project, a study was done to 

determine whether the agent’s appearance and speaking ability would impact user’s empathy, 

affinity, likability, social presence and closeness, and which one was preferred for disclosure 

(Figure 1.1) [11].  

It compared a non-human speaking agent, a mute female humanoid and a talking female 

humanoid agent controlled using the Wizard of Oz Technique. Their results showed that when 

interacting with these agents, the speaking humanoid (SH) agent presented a better emotional 
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response in empathetic emotions such as Excited and Calm and when it came to Affinity with 

the user, both humanoid agents presented a higher Appeal and less Eeriness compared to the 

speaking non-humanoid (SNH). In terms of likability, the SH agent was the most preferred by 

over the majority of the participants, at 61.9% [11]. 

Participants appreciated various aspects of the SH agent, particularly her expressiveness 

(n=11), appearance (n=8), interactiveness (n=5), and voice (n=3) with the mute humanoid (MH) 

sharing the appreciation for her expressiveness (n=10) and appearance (n=8) while the SNH had 

her voice (n=5) as a positive feature while having an equal amount of likeness and dislikes for 

her appearance. Even taking the most liked agent (SH) not every aspect of the agent was liked. 

 

Figure 1.1 - Speaking non-Humanoid (SNH), Mute Humanoid agent (MH) and Speaking Humanoid agent (SH), respectively [11]. 

 Some of the agents’ shortcomings were identified, including: 

●​ Lacking facial expressions, with the humanoid agent’s face barely moving while 

interacting with the user. 

●​ Low responsiveness. While a conversation was possible, the speaking agents’ responses 

eventually became repetitive. 

●​ Repetitive body movements while talking were noticed after a while in humanoid 

agents. 

●​ The agents were not fully able to act and respond empathically to the user. 

These limitations bring up the importance of facial expressions, body language, and gaze in 

human interactions and comfort, how voice can help the user's perception, and the need for 

agents to respond to the user’s emotional state. Upon analysis, it seems that more expressiveness 
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is needed. This could be achieved by giving the agent more realistic facial and body movements, 

avoiding repetition in movement and agent oral responses alongside the reduction of the 

perceived lack of empathy. 

Against this backdrop, this research aims to answer the following questions: 

●​ RQ 1: Can an agent with improved body movements and more facial expressions reduce 

interaction discomfort and improve affinity and empathy? 

●​ RQ 2: Can facial detection and eye tracking help the agent better detect user emotion? 

●​ RQ 3: Can incorporating mirroring techniques improve users’ sense of connection and 

empathy with an agent? 

●​ RQ 4: Do users perceive non-hyper-realistic agents using synthesized voices favorably 

or negatively? 

1.3​ Document Structure 

This thesis is organized into eight chapters to provide a comprehensive overview of the 

research: 

●​ Chapter 1 - Introduction: This chapter talks about the study's background, why it is 

important to make virtual agents more empathetic, and the specific research questions 

that this work answers. 

●​ Chapter 2 - State of the Art: Looks at the theoretical bases of human communication, 

human-computer interaction (HCI), and the psychological models of empathy and 

emotion that were used to make conversational agents. 

●​ Chapter 3 - Software and Methodology: Talks about the iterative development process, 

the tools used (like the FAtiMA toolkit), and how the technical setup for the virtual 

world works. 

●​ Chapter 4 - Development: Talks about how facial and eye tracking systems were put in 

place, how the Speaking Humanoid agent was changed, and how agent responses were 

improved through several rounds of testing. 

●​ Chapter 5 - Pilot Study: This chapter talks about the experiment's steps, such as how to 

find participants, the tools used (ITC-SOPI and SUS), and the analysis of the data and 

results about the quality and usability of the agent. 

●​ Chapter 6 - Conclusion: This chapter answers the research questions directly and 

suggests ways to make the AViR agent better in the future. 
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●​ Chapters 7 & 8 - References and Annexes: These chapters include a complete list of all 

the works that were cited, as well as extra materials like study posters, informed consent 

forms, and the questionnaires used in the pilot study. 
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2​ State of the Art 

2.1​ Introduction 

Human communication has always influenced the development of human civilization, as it 

has made both relationships and cultural interactions easier, while also enabling various ways 

for people to share thoughts and information [12][13]. Empathy refers to identifying with, 

relating to, and responding to feelings - a particularly vital ability in this process [14]. It is one 

of the major hallmarks of genuine human interaction because it constitutes the building block of 

trust, cooperation, and cohesion among members of a society. 

Increasingly, due to technological development, there has been a rising interest in bringing in 

these essential human aspects into digital interaction [7]. From simple text-based chatbots to 

today’s most powerful virtual assistants, the development of conversational agents represents an 

effort toward building systems that take natural language inputs and provide natural language 

outputs to communicate with humans in meaningful, responsive, and even empathetic ways 

[14]. A number of challenges are involved in designing conversational agents that can actually 

mimic human-like behavior, in particular, in simulating empathy [5][7]. 

Virtual agents have the potential to change the concept of human-machine interaction in a 

number of ways, including better client service, personalized learning, mental health assistance, 

and the ability to perceive, interpret, and act upon human emotions. Research along the axis of 

emotion modeling and empathetic artificial intelligence (AI) has been heavily encouraged in an 

attempt to get these systems closer to human-like understanding [14]. Several models of 

emotion have been developed to mimic human-like reactions in virtual systems. In the sections 

that follow, we will examine these foundational models and their implications in creating 

empathetic virtual agents. 

2.1.1​ Human-Computer Interaction 

Human-computer interaction (HCI) refers to the field of study concerning interaction by 

humans with computers and how to make systems more usable for humans [15]. Successful 

human-machine interaction relies on systems capable of communicating with the user in 

understandable, natural and easy ways [15] like Interactive Voice Responses (IVR) that can use 

automated phone systems to relay messages between voice or keypad inputs. Existing 

applications range from smartphones and smart speakers to automobiles. Intelligent personal 

assistants (IPAs) such as Siri, Mena, and Cortana have grown in recent years to let users perform 

tasks, access information, and interact with digital content using natural language. In fact, the 
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high usage of IPAs across various platforms and devices justifies the level of utility and 

simplicity the assistants embody [15]. 

 

 

Figure 2.1 - Diagram visualization of types of conversational agents [14] 

Virtual agents have had a key role in making systems easier to use, and reduced complexity 

in interpreting advanced commands or interfaces. CA applications are thus developing within 

the voice assistant and smart speaker market. IPAs have been introduced in several areas, such 

as information retrieval, healthcare, education, elderly care, and customer service [15]. This 

suggests that the development and use of conversational agents across a range of applications 

improve user’s delight, accessibility, and service delivery as driven by HCI. Emotion 

identification and empathetic delivery, as relevant for such systems, are among the current 

points of interest in HCI research [7][16]. Improvements in this area are important for the 

development of interactions that can support applications requiring increased degrees of trust 

and emotional engagement. 

2.1.2​ Relevance for Mental Health Applications 

Access to mental health care remains a major issue world-wide. Most countries face critical 

shortages of specialists in mental health [8]. There are about nine psychiatrists per 100,000 

inhabitants in rich countries versus as few as 0.1 per 1,000,000 in poor countries [8]. 

Furthermore, major depression is the fourth leading cause of Disability-adjusted life year 

(DALYs) and the leading cause of years lived with disability globally [8]. This underlines the 
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need to develop alternative means of meeting such an increasing demand for treatment, 

especially in areas and communities devoid of such resources. 

One solution that has been proposed to address this limitation is the use of technology, 

especially conversational agents (CAs) [9][10]. Chatbots and virtual assistants have the potential 

to extend both reach and accessibility for mental health issues to help through emotional 

support, coping skills, and basic therapeutic interactions. Research suggests that chatbots may 

be particularly useful for patients who are anxious about discussing intimate or sensitive issues 

with a human therapist, as virtual agents may provide a confidential and non-judgmental space 

[8]. They are thus a potentially useful tool for groups of individuals who would otherwise not 

engage in conventional therapy. An example of such CA would be the Woebot, a chatbot 

powered by artificial intelligence that delivers Cognitive Behavioral Therapy (CBT) techniques 

through short, daily conversations [4]. As reported in a systematic review by Farzan et al., 

Woebot has demonstrated effectiveness in reducing symptoms of depression and anxiety, 

particularly among young adults [5]. The review highlights a randomized controlled trial in 

which users of Woebot reported a significant decline in depressive symptoms after only two 

weeks of use, compared to a control group. Additionally, Woebot has shown promise in building 

a strong therapeutic alliance, with users reporting a sense of connection and trust in the 

interaction despite the absence of a human therapist. 

Another notable example is Wysa, an AI-driven mental health app that uses evidence-based 

therapeutic approaches such as CBT, Dialectical Behavior Therapy (DBT), and mindfulness 

[9][10] According to the same review, Wysa has been used by millions globally and has shown 

positive outcomes in reducing symptoms of anxiety and depression [5]. Studies included in the 

review found that Wysa users reported improvements in emotional regulation and psychological 

well-being over time, especially when using the app regularly. Wysa also offers optional human 

support, blending automated interaction with access to professional help when needed, thereby 

increasing its flexibility and appeal across different user groups. 

For diagnosis of Major Depressive disorders (MDD), a research study at the University 

Hospital of Bordeaux tested an Embodied Conversational Agent (ECA) for diagnosing MDD 

through direct clinical face-to-face interviews [4]. The ECA worked on four interconnected 

modules: one interview manager, one 3D video display module, one speech synthesizer, and one 

speech recognizer. Interacting together, these modules enable interactive and realistic diagnostic 

interaction [4]. The patients’ responses were scored for the presence of MDD according to the 

Diagnostic and Statistical Manual of Mental Disorders Fifth Edition (DSM-5) using a decisional 

algorithm tree [4]. Of the 35 cases diagnosed as suffering from MDD by the psychiatrist, the 
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ECA had 17 true positives and 18 false negatives. Thus, the accuracy was acceptable for a pilot 

study. Importantly, patients felt highly comfortable and trusted the ECA during their 

interactions. This reduced emotional barriers and the fear of judgment compared to traditional 

human interviews [4]. This again points to the capability of ECA in eliciting honest disclosures, 

which is very valuable in early diagnosis in mental health care [4]. 

2.2​ Foundation of Human Emotion Models 

While human-computer interaction (HCI) research has focused on improving user 

interaction, integrating emotional intelligence in the same systems requires further deliberation 

into human emotions [14][17]. Emotions form the basis of what makes us human, and are 

influential in our decisions, interactions with fellow humans, and relations with the world. 

Design for artificial agents must thus be based on a deep understanding of how emotions work. 

Over time, various models have been proposed to describe and categorize emotions 

[12][13][16][18]. Each has something different to say about the origin, dynamics, and effects of 

emotions. 

This section goes through key frameworks that shaped research into emotions and their 

utilization in artificial systems. The Ortony, Clore, and Collins (OCC) model [12][16] presents a 

structured way to understand emotions grounded on the appraisal of events, actions, and objects. 

The Pleasure-Arousal-Dominance (PAD) model [13] takes a dimensional view, measuring 

emotions along axes such as pleasure and arousal. Meanwhile, the Behavioral Inhibition and 

Activation System (BIS/BAS) [18] focuses on the brain’s motivational responses to stimuli. 

2.2.1​ Ortony, Clore and Collins Model 

The OCC model defines emotions as arising from appraisals of three primary domains: 

events, actions, and objects. Each domain corresponds to a distinct source of value - goals, 

standards, and tastes, respectively - enabling the systematic classification of emotions [12]. 

Events are appraised based on their desirability relative to an individual’s goals, actions are 

judged by their praiseworthiness with respect to social or moral standards, and objects are 

evaluated based on their appealing or unappealing nature in light of personal preferences 

[12][16]. 
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Figure 2.2 - 22 emotions identified in the OCC model [19] 

Key Features of the OCC Model: 

●​ Appraisal Categories: 

○​ Event Appraisal: Provides a judgment about the desirability of the event 

regarding an agent’s goals. For example, candy being found is undesirable from 

health-related goals. 

○​ Action Appraisal: This focuses on whether the actions are in line with norms or 

standards. If the action is praiseworthy, it would be associated with pride, and if 

it is blameworthy, then with shame. 

○​ Object Appraisal: Centers on personal preferences, where emotions such as 

love or hate arise from the appealing or unappealing characteristics of an object. 

●​ Emotion Types: The OCC model identifies 22 (later extended to 24) distinct emotion 

types, rejecting the notion of “basic emotions.” These emotions are grouped into 

hierarchical categories, this would include: 

○​ Event consequences: emotions like joy and pity are determined by the 

desirability or undesirability of an event’s outcomes. 

○​ Agency of Actions: Emotions like pride and re-approach arise from evaluations 

of actions in the form of praise worthy or blame worthy. 
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○​ Aspects of Objects: Feelings of love and hatred are based on a preference for 

objects. 

●​ Compound Emotions: The model denotes complicated emotional states emerging from 

combinations of events, action and object appraisals. For example, gratitude arises from 

positive events caused by praiseworthy actions. Anger arises from negative events 

caused by blameworthy actions [12], [19]. 

2.2.2​ Pleasure Arousal Dominance Model 

The model by Mehrabian and Russell, the PAD, proposed in the 1970s [13], allows an 

approach to the study of the dimension of emotions for their mapping onto three axes: Pleasure, 

Arousal, and Dominance (i.e Figure 2.3). This would separate transient emotional states from 

enduring traits, yielding a dynamic representation of affective experiences [13]. 

 

 

Figure 2.3 - Representation of states of the PAD model [13] 

 

●​ Dimensions of the PAD Model 

○​ Pleasure-Displeasure: Represents the valence of a state, which can be 

understood as running the complete scope of emotions from positive feelings of 

joy, love, and relaxation to negative states like cruelty, boredom, and 

humiliation. Pleasure is closely tied to cognitive evaluations, with stimuli 

judged as more favorable inducing greater feelings of pleasure [13][20]. 

○​ Arousal-Non arousal: Captures emotional intensity, with low arousal linked to 

relaxation and high arousal linked to mental alertness or physical activity, such 

as excitement or tension. Mehrabian’s studies linked arousal levels to the 
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”information rate” of stimuli, with faster, more complex stimuli correlating with 

greater arousal [13]. 

○​ Dominance-Submissiveness: Measures a sense of control or influence over 

one’s environment, with emotions like power and anger linked to high 

dominance, while anxiety and loneliness correspond to low dominance 

[13][20]. 

●​ Applications of the PAD Model 

○​ Event Appraisal: Emotional relevance is appraised based on event pleasantness, 

modifying the agent’s PAD space position (e.g., positive events increase 

pleasure while stressful situations raise arousal and reduce dominance) [20]. 

○​ Emotion Dynamics: PAD values dynamically evolve in response to emotionally 

relevant stimuli, slowly decaying toward neutral levels over time. This 

mechanism allows for realistic and context-sensitive emotional responses [20]. 

○​ Facial Expression Integration: PAD is used alongside facial expression 

recognition modules to generate blended emotional states for lifelike agent 

behavior. For example, facial expressions might inform arousal and dominance 

levels, contributing to more lifelike agent behavior [21]. 

2.2.3​ Behavioral Inhibition and Activation Systems 

Biologically grounded, the Gray Behavioral Inhibition System-Behavioral Activation System 

represents a model that theorizes individuals process emotional and motivational signals based 

on neuron-bio-grounding principles. Within the realm of Reinforcement Sensitivity Theory 

(RST), this psycho-biologically analytical model theorizes an independent set of neural 

mechanisms regulating a basic behavior based upon environmental ambiance. In other terms, 

”the behavior in response to various stimuli on the one side” conducted with BIS and a 

stimulation by appetitive stimuli (BAS), respectively [18][22]. 

The BIS is primarily a defensive system, meant to keep an organism away from harm by 

detecting and responding to signals of punishment, no reward, or threat. Sometimes referred to 

as a ”stop, look, and listen” system, it redirects attention to the environment in order to avoid 

negative outcomes [23]. By inhibiting risky behaviors and heightening anxiety, the BIS plays a 

critical role in ensuring survival [23]. Fear, anxiety, and caution are affective states linked with 

BIS activation, and thus avoidance behaviors are elicited in an attempt to reduce exposure to 

aversive events. In contrast, the BAS functions as a reward-driven, approach-oriented system 
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that motivates individuals to move toward stimuli associated with potential rewards or positive 

outcomes. It promotes engagement in situations and activities expected to provide gratification 

or pleasure [24]. Reward likelihood is associated with the occurrence of hope, enthusiasm, or 

impulsive attitude following its activation, hence evokes behaviors that would increase reward 

amounts and maximize gains. This system is critical in motivating and goal-oriented behavior, 

especially in an environment where opportunities for gain are readily available [24]. 

One of the major ways in which the BIS/BAS model has been contributive is in relation to 

explaining human personality variation [18]. Individuals differ across the sensitivity of their 

biological BIS and BAS systems respectively, thereby influencing their dispositional emotional 

responses and behavioral directions [18]. People with a more sensitive BIS are more sensitive to 

punishment cues and are found to be anxious, to avoid risks, and cautious. Whereas individuals 

with more active BAS are more sensitive to reward cues and manifest traits like impulsivity, 

optimism, and strong goal achievement drive. It has been suggested that BIS and BAS interact 

to control behavior. Specifically, the activity of BAS may stimulate the BIS as an individual 

approaches its goal, because the possibility of obtaining a reward increases the chance of 

punishment [18]. The OCC, PAD, and BIS/BAS are some of the basic emotion models that are 

essential in understanding and generating human-like emotions in virtual agents.  

However, these models cannot act as stand-alone but instead have to be adapted and then 

operated through practical tools and technologies. In the following section, we will see how 

such models are applied in systems such as GAMYGDALA and FAtiMA Toolkit, allowing 

empathetic and contextually-aware interactions. The linking of such theoretical mechanisms to 

real-life applications serves as a bridge between pure abstraction and functional empathetic AI 

systems. Together with the above models concerning emotions, one of the most relevant steps 

towards increasing user engagement has to do with the social interaction features of virtual 

agents. If integrated with non-verbal behaviors, natural language processing, and voice 

modulation, these can become much more human-like in the interactions that they provide and 

resonate with users. We will explore how these components will go about creating emotionally 

intelligent systems, providing a smooth connection between theoretical models and practical 

implementation. 

2.3​ Social Interaction and User Engagement 

Social interaction is foremost in conversational systems. While up until now functionality 

has been the only interest, research is slowly turning these systems toward becoming 

emotionally intelligent and more appealing. In line with developing user-friendly interfaces, 

improvement of system cognition, and forging natural language dialogues which ring with users 
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is in practice. Ultimately, the aim is to develop agents that would understand the user’s feelings 

and react to them with empathy for trust and bonding [15]. 

2.3.1​ Natural Language and Voice Interaction 

Natural language processing (NLP) provides the backbone for conversational systems since 

it enables the system to understand the user and provide responses in a natural, contextually 

relevant way. Such systems work both text-based and voice-based to make integration seamless 

in everyday life, not complicating tasks and making technology further reachable [15]. 

 

Figure 2.4 - Natural Language Understanding (NLU) and Natural Language Generation (NLG) between user and conversational agent (CA) [14] 

 

Voice-based interaction gives depth to user engagement. Research has shown that voice 

characteristics, such as gender, pitch, and tone, play a huge role in user perception, trust, and 

likability [15]. This emotional dimension enables agents to capture user sentiments through 

acoustic cues and express their emotional states, hence making interactions more human-like 

[15]. 
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Figure 2.5 - Architectural necessity for a face-to-face clinical interview between user and ECA [4] 

 

These include not only verbal but also non-verbal signals, such as facial expressions, head 

and hand movements, gaze, and posture. Cassell and Tartaro add that users respond to 

Embodied Conversational Agents (ECAs) in ways comparable to human interlocutors (Figure 

2.5) [14]. Physiological and behavioral responses indicate that virtual agents can provoke 

emotional reactions comparable to real-life interactions [14]. This is an important ability in 

sensitive applications, such as healthcare, where empathy and trust are vital. Studies of ECAs 

have indeed shown immense promise in psychiatric applications, proposing that they provide 

much-needed soothing of patients and reduce certain barriers among those with emotional 

problems [4]. In the diagnosis of Major Depressive Disorders (MDDs), it is suggested that 

accuracy for ECAs were close to human psychiatrists, with specific improvements in more 

severe forms [4]. Better identification of facial expressions and voice prosody could enable 

greater improvements and extend their scope into mental health support [4]. 

These advancements signal a transformative shift brought about by natural language and 

voice interaction in the development of emotionally expressive and engaging agents. This kind 

of system will reduce the gap between human emotions and machine intelligence, thus 

completely revolutionizing user experiences for domains ranging from customer service to 

healthcare. 
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2.3.2​ Non-verbal and Physical Behavior 

Facial expressions, body language, and eye gaze are part of non-verbal communication and are 

deeply engraved in human interaction as a major source of emotions and intentions, mostly 

beyond words. The most important means of increasing an agent’s believability and emotional 

expressiveness includes the simulation of such cues. They add trust, comfort, and user 

satisfaction, factors that constitute a key prerequisite for any form of effective interaction 

[6][7][15]. 

It has also been shown that agents able to depict human socio-emotional cues elicit more 

positive responses from users [6], [7]. The agent has to be both affectively empathetic, which 

means to reflect the user’s emotions, and cognitively empathetic, considering the user’s mental 

state before a response is given. This process works together to ensure interactions are easy and 

user engagement is greater [15]. Eye contact is perhaps one of the strongest indices of attention 

and empathy. The presence of agents simulating naturalistic gaze patterns enhances immersion 

and the quality of interaction [6][7]. 

Dynamic facial expressions, modeled with Facial Action Units (FAUs), as shown in Figure 2.6, 

based on Ekman’s Six Basic Emotion Theory being those, happiness, sadness, anger, fear, 

surprise and disgust, also contribute significantly to enhancing nonverbal interactions. Wang et 

al. showed that avatars coupled with user affective states in the form of facial expressions or 

gestures increase emotional rapport and engagement by a significant degree [6]. Body language 

similarly conveys intent and emotion, and such physical cues would be employed by an 

embodied conversational agent to provide an intuitive and natural experience to a user, adding to 

the spoken language [7][15]. 
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Figure 2.6 - The culturally-sensitive dynamic action units that are associated with high recognition accuracy in panel (A) and 

high judgments of human-likeness in panel (B) [6] 

Though voice is not strictly physical interaction, it is closely connected to non-verbal 

interactions [16][21]. Some attributes of voice, such as pitch, tone, and loudness, may serve as 

carriers of emotional information which substantially influences user perception. The agents’ 

ability to dynamically change these voice properties enables them to convey empathy and 

respond with adequacy to users’ emotional states [15]. Other studies also indicate that users 

prefer conversational agents with control over voice parameters, such as gender and pitch, 

because such customization enhances trust and perceived relatability [15]. 

The key challenge with integrating non-verbal behaviors involves addressing the Uncanny 

Valley effect: near human-like features create discomfort because of small imperfections [6]. To 

minimize this, Scherer et al. pinpointed major combinations of facial action units most likely to 

be perceived as real emotions and, therefore, increase the believability of agents by reducing the 

perceptual discrepancies [6][7]. 
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2.4​ Emotion Regulation and Empathy Simulation 

The virtual agents’ ability to simulate empathy and regulate emotional responses constitute an 

urgent area of research in human-computer interaction. Virtual agents can show empathy by 

recognizing, understanding, and acting appropriately on the users’ emotions - an activity that 

requires sophisticated emotion regulation mechanisms [7]. These mechanisms are often based 

on psychological theories trying to model human emotions and map them into computational 

frameworks. These agents would, in turn, develop trust and engagement through emulated 

human-like emotional processing for application areas ranging from healthcare to entertainment. 

For effective emotion regulation, such agents need to assess and react to the user’s emotions 

while constantly readjusting their behaviors. This emotional adaptiveness is about place-based 

constructs such as dimensional features of emotional states like valence and arousal [18]. These 

are the foundational tenets for most of the computational models of empathy. 

2.4.1​ Valence, Arousal and Cognitive Empathy 

The development of virtual agents able to detect and respond to human emotions drew on 

fundamental theories, such as the Circumplex model of affect by Russell. This model 

characterizes emotions along the dimensions of valence-pleasure-displeasure and 

arousal-high-low activation [18]. These parameters are very important for the simulation of 

empathy and enable systems to estimate a user’s emotional state in real-time and react 

accordingly. As a simple example, agents using bio potential signals and contextual information 

can provide personalized responses: empathic, encouraging, or congratulatory feedback-based 

on the user’s apparent emotional state in job interview simulations [7]. 

This has been further extended to include natural user interfaces that effectively use facial 

expression recognition for gauging and responding to emotional cues. Ku et al. demonstrated 

how different intensities of emotional expressions in the avatars could influence the users’ 

perceptions of valence and arousal, underlining such nuanced use of intensity-calibrated facial 

expressions to evoke affective responses [6]. 

2.4.2​ Empathic Responses for User Satisfaction and Well-Being 

These range from developing empathy in virtual agents to supporting mental health, teaching 

languages, and developing various skills for better user satisfaction [18]. The communication 

appropriateness achieved through better interaction timing used by the empathic agents results 

in greater satisfaction. In this context, Riek et al. reported that a robot’s ability to imitate a user 

in head and mouth movements remarkably enhanced user satisfaction compared to a 

non-empathic robot [7]. 
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It has been reportedly useful for embodied conversational agents in health-related applications 

to diagnose MDD, and this is also effective and specific to severity. ECAs can support clinicians 

to reduce their workload and make possible an accurate diagnosis [4]. Quality interaction with 

patients has been achieved in healthcare services [4]. In fact, chatbots and conversational agents 

have demonstrated potential in supporting engagement with therapeutic regimens, including 

CBT, and have contributed to improvements in psychological well-being by helping to reduce 

stress levels [8]. 

With the development of emotional intelligence being incorporated into virtual agents, 

consistency in empathic behaviors will become increasingly crucial. Behavioral inconsistency 

can hinder training and reduce learning effectiveness, highlighting the need for coherent design 

strategies that align with users' expectations and social norms [18]. 

2.5​ Practical Uses of Empathic Agents 

In recent years, companies, universities, and researchers have developed agents that apply 

empathic models discussed in Foundations of Human Emotion Models, utilizing both verbal and 

non-verbal social cues, such as speech, facial expressions, and body language, as outlined in 

Social Interaction and User Engagement. 

●​ The GAMYGDALA emotion modeling framework extends the OCC model to 

provide a robust structure on integrating affective behavior into various games using agent 

emotion simulation [16]. The game would render internalized, emotive non-Playable Characters 

(NPCs) showing various social emotions, such as Figure 2.7, showing a guard feeling 

overwhelmed with his job. In another example, an NPC is angry toward the character but happy 

with his friend’s luck. Those emotional states would evolve in dynamism through continuous 

appraisal over what is happening in a game to show realistic changes in emotional states [16]. 
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Figure 2.7 - Example of emotional interaction from a guard in GAMYGDALA [16] 

In GAMYGDALA, emotions are associated with goals, which in turn are divided into active 

goals - a state that an NPC is trying to achieve - and maintenance goals - a state an NPC wants 

to maintain. An NPC will consider living a more significant priority than collecting resources, 

acting most expressively to danger than missed collections. This goal's organization will ensure 

that the NPCs respond in a relevant and meaningful manner to the happenings, thus allowing 

enhancement to take place in the gameplay experience. 16 of 24 OCC emotions are supported, 

creating subtle interactions between the players and NPCs [25]. By appraising events through 

the lens of goal relevance and likelihood, GAMYGDALA introduces complexity in character 

behaviors that add layers to make games feel more dynamic and personalized. 

●​ The Comme il Faut (CiF) is a social interaction engine that develops believable and 

interactive social exchanges between characters in gaming environments [25]. Unlike 

typical NPC systems that depend on scripted interactions, CiF generalizes 

multi-character interactions into reusable “social exchanges.”. CiF structures the social 

dynamics through four major representations: Social networks, Relationships, Cultural 

Knowledge Base, and Social Facts Knowledge Base [25]. These components 

collectively capture the social state of the game world, enabling NPCs to conduct 

meaningful, context-sensitive interactions. For example, the character’s dialogue and 

actions can vary depending on their relationship to another NPC or with the game 

world’s cultural expectations [25]. It has further been applied in games like Skyrim 

(Figure 2.8) by adding modified NPCs with all the capabilities of CiF-CK and testing 
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them on two scenarios [25]. The Quest Scenario, in which the subjects engaged in 

structured narratives within characters, and the Open Scenario, where they allowed 

players to experiment in its sandbox with social NPCs for their impromptu interactions 

to be adapted. 

 

Figure 2.8 - Dialogue from an NPC using CiF-CK in the game Skyrim [25] 

 

Figure 2.9 - Enjoyment from interacting with normal NPC vs. CiF-CK social NPC’s. [25] 
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Players reported a much deeper sense of immersion and engagement with the social 

NPCs than with the traditional ones (Figure 2.9). This shows the potential of CiF for 

bringing a new dimension into storytelling and character interaction in games by 

making NPCs more relatable and believable [16]. 

●​ The FAtiMA Toolkit is an extended framework for developing virtual or robotic 

characters with socio-emotional intelligence [20]. Its architecture was first developed in 

the context of the FearNot. Project [20]. It integrates the Ortony, Clore, and Collins 

(OCC) model to simulate emotion-driven behaviors in 3D autonomous characters [20]. 

FATiMA has evolved over the years to include other constructs, such as empathy, 

psychological drives, and cultural dynamics that allow its application in different 

contexts like serious games and social skills training environments [20]. 

 

Figure 2.10 - FAtiMA Toolkit Components [20] 

●​ Other strong features of this toolkit are the belief system representing the internal state 

of an agent and his/her understanding of the environment (Figure 2.10). The beliefs 

carry values, and they are laid out as “Composed Names.” It gives users freedom to 

define the scenarios, flexibility and no rigid conventions. It was never intended to model 

how humans would behave or carry out their functions, but to give agents an interactive 
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response within their environments - be they in pedagogical uses or even in certain 

forms of therapy simulations. The modularity of the FAtiMA Toolkit and its strong basis 

in social and emotional theory makes it ideal for applications requiring nuanced 

human-agent interactions [20]. The features available within the FAtiMA Toolkit, along 

with its strong theoretical grounding in social and emotional modeling, make it 

particularly apt for applications requiring complex human-agent interactions, as found 

within games such as Space Modules Inc and Sports Team Manager [26]. In Space 

Modules Inc., for example, the player takes on the role of customer service and interacts 

with virtual customers, each demonstrating one of a number of unique states of 

emotions, including anger, stress, or uncooperativeness. The goal is increasing the 

customer’s satisfaction due to the choice of available alternatives of dialogues. As 

provided in the literature, “The pedagogical goal of the game is to train players for a 

person’s emotional state with verbal and non-verbal feedback. Acquire further 

experience on how to provide effective emotional responses” [26]. This shows the 

important function of the toolkit on keeping together emotional intelligence training on 

behalf of the player with funny play. 

 

Figure 2.11 - Dialogue Screen (left image) and Result Screen (right image) Flow [26] 
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2.6​ Ethical considerations 

The rising popularity of conversational agents (CAs) and chatbots in critically sensitive domains 

such as medicine and mental health raises numerous ethical issues. While, on one hand, all these 

technologies offer the key benefits of accessibility, scalability, and higher user engagement, on 

the other they pose major challenges regarding security, privacy, transparency, and 

accountability. 

2.6.1​ Privacy Concerns and Data Security 

Among the most important concerns is a total lack of comprehensive privacy protection for 

users of chatbots and conversational agents. Face-to-face interactions with clinicians need to 

follow severe privacy laws, such as the Health Insurance Portability and Accountability Act 

(HIPAA) in the United States [8]. However, most chatbots at present do not fall under these 

kinds of regulations. This makes users very exploited in terms of the various ways in which their 

data can be misplaced, sold, traded, bartered, or marketed by entities operating these systems. 

An innumerable amount of chatbots, operating specifically on the internet or generally on social 

media, may collect a wealth of personal information without the users’ knowledge [8]. 

Besides, the architecture of such agents heavily relies on the storage and analysis of sensitive 

user data in contexts such as healthcare or education. In addition, the conversations regarding 

medical, mental health, or other personal issues are quite sensitive. Current technologies can 

hardly ensure anonymity and privacy in such dialogues. For example, virtual assistants normally 

record user audio and process it on remote servers, where unauthorized access and data breaches 

can occur [14]. 

2.6.2​ Personalization vs. Privacy 

The effectiveness of a conversational agent often relies on how personalizable interactions can 

be. Most personalization strategies involve implicit methods, including storing user data across 

sessions or explicit methods whereby, at the beginning, the agent requests user preferences [15]. 

This will contribute to user satisfaction because such responses will address the interests of the 

user. On the other hand, clearly doing so has major costs with respect to privacy. Users may 

reveal sensitive information, such as health, financial, or security data, in the process of natural, 

free-form conversations [15]. 

Researchers and developers highlight that to overcome these privacy challenges, users should be 

empowered with options on the amount of information shared. For instance, conversational 

agents should, at all times, inform users of the signals being collected from them, allow 

encryption options for the stored data, and allow them to practice the “right to be forgotten” 
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[15]. Even though this approach reduces the risk of privacy, it further makes the process of 

personalization cumbersome. Hence, this points to the challenge in balancing user satisfaction 

with ethical considerations [15]. 

Another major ethical issue is the lack of transparency shrouding the processes carried out by 

chatbots. Most people are unaware of how their information is actually managed [15]. This 

makes it difficult to obtain truly informed consent. Eventually, transparency is a needed quality 

if trust is to develop about their use, especially concerning critically valuable applications like 

human medical interventions. Also, chatbots need to explicitly show their limitations (e.g., not 

being able to ensure confidentiality) and give users easy and understandable terms of use [8]. 

In the absence of laws and regulations with respect to the usage of conversational agents, it is 

unclear who could be responsible in case of harm (e.g., if the chatbot gives wrong advice, fails 

to recognize a critical situation, or handles sensitive information inappropriately): creators, 

operators, or users themselves. This needs to be resolved through new legislation that will 

clearly outline the responsibilities of all stakeholders involved in the deployment of CAs [15]. 

2.7 Conclusion 

This review has underlined how much has been achieved so far regarding the development of 

empathetic virtual agents. It also pointed to emotional intelligence as a key path toward further 

development of human-computer interactions. Virtual agents can show quite complex emotional 

responses using models such as the OCC [12][16], PAD [13][20][21], and the BIS/BAS 

[18][22]–[24] frameworks, thus enabling their use in applications for mental health, education, 

and entertainment. The development of systems like GAMYGDALA [16], CiF [25], and the 

FAtiMA Toolkit [20][26] represents practical integrations of these models into emotionally 

responsive and contextually appropriate agent behaviors. Such developments show the potential 

of these systems for trust creation, engagement, and increasing user satisfaction. 

Taking into consideration the previous studies shown throughout the state of the art and their 

applications of emotions, voice and non-verbal behaviour, the AViR empathic agent [1][11] will 

be designed to confirm whether an empathic agent based on the Ekman’s 6 basic emotion 

model, with 7 emotions ( surprised, happy, sad, fearful, angry, confused, bored) can effectively 

simulate a conversation with a human and help users better cope with their daily-life problems. 

This while providing an empathic agent capable of satisfying the user expectations and bridging 

the gap between human empathy and artificial intelligence. 
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It is foreseen that improved facial and body movements will reduce the user discomfort by 

cutting the number of imperfections on the agent and using a more synthetic voice. Further, 

using a non-realistic agent is expected to help create affinity with the agent. 
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3​ Software and Methodology 

3.1​ Iterative Development Process 

At the core of our methodology is the Iterative Development Process, characterized by cycles of 

planning, development, testing, and evaluation, facilitating constant refinement of the VR 

experiences being developed. Central to the iterative development process were weekly 

meetings with the supervisors and a multidisciplinary team, providing organized objectives to 

the project. Progress was consistently evaluated, and tasks related to testing, implementing, or 

fixing aspects of the project were assigned based on the discussions and presented work. The 

diverse expertise of the team allowed comprehensive evaluation and feedback, addressing 

multiple facets of the project. Criticisms and advice received were incorporated into weekly 

tasks, facilitating the project’s evolution and refinement. This method allowed a swift response 

to emerging challenges and an effective incorporation of new findings. 

3.2​ Toolkits and software 

Since the project worked on an existing project, a few technologies were already in use and their 

specific roles were: 

●​ Unity3D (https://unity.com/): Unity3D was chosen as the primary game engine due to 

its wide-ranging capabilities in building complex 3D environments and compatibility 

with numerous VR platforms. The rich set of resources provided by Unity's active 

community, alongside its intuitive user interface, made it an ideal choice for 

implementing an agent that will receive multiple updates. 

●​ OpenXR for Unity: Due to the diverse hardware compatibility OpenXR provides, it was 

the ideal platform to use alongside Unity. OpenXR provides a standard API that works 

across multiple VR hardware platforms, ensuring the project's accessibility and future 

scalability. The integration of OpenXR with Unity streamlined the previous 

development process and ensured smooth performance across diverse VR devices. 

(https://docs.unity3d.com/6000.1/Documentation/Manual/com.unity.xr.openxr.html) 

●​ GitHub (https://github.com/NeuroRehabilitation): Selected for its comprehensive issue 

tracking, and intuitive user interface. It is also the version control standard at 

NeuroRehabLab, and, therefore, where the base project is located. GitHub's widespread 

adoption in the developer community also provides better opportunities for future 

collaborations and development. 
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●​ Unity Assets (https://assetstore.unity.com/): All the current assets used in the project 

come from various sources in the Unity Asset Store, used to expedite the previous 

development process. 

●​ Google Drive: Since the AViR agent is only a small part of a larger structured project, 

all the assets are located in the NeuroRehabLab’s Google Drive, agilizing the project’s 

retrieval, with developers only needing to add the necessary assets in the project. 

(https://drive.google.com/drive/folders/1LTKLJ9LawiaV3eK4XcnFDSkxYC8FDAh2) 

●​ Meta Quest Pro: The AViR project was originally developed using Meta Quest 2. 

Unfortunately, this headset is incompatible with our Research Questions on facial and 

eye tracking. As a result, the VR headset used for our study was the Meta Quest Pro. 

This headset is capable of providing the same six degrees of freedom namely, left/right, 

backward/forward and upward/downward movement alongside rotation movements like 

tilting, turning and nodding in a better capacity due to its upgraded depth adjustment, 

better lens, and use of Dual Liquid Crystal Display (LCD) compared to the single LCD 

use of Meta Quest 2. The controllers are also more responsive since Meta Quest Pro 

uses Self-Tracking controllers meaning they are not relying on the headset to provide 

movement. 

●​ Ready Player Me (https://readyplayer.me/) : Ready Player Me is an easy to integrate 3D 

avatar creator that provides a full customizable avatar for games and apps. This tool not 

only is developer-friendly since it provides a Software Development Kit (SDK) for 

Unity, it is also web-based which means it doesn’t need to have installations of software 

allowing the creation of this avatar for a multitude of platforms. 

To track the user movements, we used the following software: 

●​ Meta Movement SDK: It uses facial, eye and body tracking to bring its users’ physical 

movements into the virtual space by using the abstracted signals that tracking provides 

to animate characters. It uses the tracking provided by the device to follow multiple 

parts of the face and body. 

(https://developers.meta.com/horizon/documentation/unity/move-overview/) 

●​ Visual Studio Code (https://code.visualstudio.com/): To facilitate the development and 

use of the previous contents of the project and its updates, it was decided to use the 

Integrated Development Environment (IDE) Visual Studio Code. The primary reason 

https://developers.meta.com/horizon/documentation/unity/move-overview/
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for its usage was its advanced debugging tools, which support multiple programming 

languages. It also offers a seamless Git Integration and a user-friendly interface. 

3.3​ Setup  

First, the package was downloaded from the NeuroRehabLab GitHub repository 

(https://github.com/NeuroRehabilitation). The assets on the Drive linked directly on the same 

GitHub were also downloaded. To make sure everything was functional, the correct 

incorporation of all the assets in the project was confirmed before its first runtime. 

After that, we installed the Meta Movement SDK package ( 

https://github.com/oculus-samples/Unity-Movement ) and added it in the project using the git 

URL provided via Unity’s. 

When it was done, it was possible to confirm that the Meta Movement package was installed 

successfully when it appeared alongside the list of the other packages. After selecting it, we 

have access to its documentation, all the changes in versions and the licenses (Figure 3.2).  

 

Figure 3.1 - Meta movement package page in Unity 

After the package installation, changes were made considering that the version of Meta 

Movement (72.0.0) used was compatible with the Long-Term Service (LTS) version of Unity 

2021.3, while the AViR project was developed in a previous version (2021.3.21f1). 

 

Figure 3.2 - Previous AViR version (2021.3.21f1) and the new LTS version 

https://github.com/NeuroRehabilitation
https://github.com/oculus-samples/Unity-Movement
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With the update to the LTS version of Unity, the majority if not all packages were updated with 

it (example being the core hand and controller tracking xr.core in Figure 3.4. The entire Unity 

project was tested to guarantee its correct functioning. 

 

Figure 3.3 - Core functionality of project update versions 
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4​ Development 

4.1​ Tracking 

Early modifications included the addition of a new headset rig called OVRCameraRig that 

controls the new movement recorded by the user. This movement is tracked with the OVR 

Manager property. It contains various components for the quality provided to the player, such as 

a recommended Multi-Sample Anti-Aliasing (MSAA), a technique in computer graphics to 

smooth jagged edges producing a smoother color and the usage of local dimming to improve 

how the user sees the virtual world. In Figure 4.1 we can also see that it is possible to choose the 

tracking origin type, which we set up at the floor level, since it tracks the user's position and 

orientation relative to the floor, with floor height determined during boundary setup. The reason 

it was chosen compared to the other two is because it is capable of providing stable referencing 

for interpreting posture, height or movement. 

 

Figure 4.1 - Performance, Quality and start of the tracking definitions 

The most important part of the Manager shows the Hand Tracking and the full body tracking 

permissions, seen in Figure 4.2. The hand Tracking Support indicates the type of hand tracking 

that is allowed. Since it could be used throughout the rest of the AViR Unity project, it was 

defined to support both controllers and direct hand tracking. The frequency was set to High, the 

minimum required for the avatar’s hands to move properly or respond fast enough. At the 

bottom, we set up the body tracking support. All three options are required for our study (RQ3). 
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Figure 4.2 - Support for full body tracking 

In the user’s avatar itself, the Movement SDK adds a script to move the body, the retargeting 

Layer. The skeleton type was set to Full Body since we need almost full body tracking mostly 

due to the headset’s inability to track the user’s legs. Overall, our goal was to map the user’s 

avatar animation data through pre-recording and the agent avatar's skeleton, so our agent could 

mimic human movement in a visually believable way. The Retargeting Layer is able to do so by 

identifying a set of common joints (shoulders, elbows, knees, hips) and adjusting the agent's 

pose to match the user’s.  

 

Figure 4.3 - Script that bind the avatar to the movement provided by the user 
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A challenge was found because of differences between the avatars used by Meta and those used 

in the early AViR agent. While Meta uses a Mixamo rig avatar (Figure 4.4), the AViR agent used 

Ready Player Me (Figure 1.1, Figure 4.22). While similar, they use different types of rigging. 

 

Figure 4.4 - Mixamo body rig 

This problem was solved by using Ready Player Me’s Dynamic Movement Loader and a URL 

Loader. The Dynamic Movement Loader provides a connection between the two avatars by 

providing a rest pose depending on the gender of our avatar and a configuration that is translated 

for each part of the Meta body to our Ready Player Me body. The latter works differently. Since 

Ready Player Me can provide and generate avatars from their own platform, we can make a call 

to generate the avatar on runtime instead of having it as an object in the game. 
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Figure 4.5 - Ready Player Me Script connector to the Meta Movement SDK 

To start on the tracking of the user’s avatar we created an Extract Model ID that would grab the 

avatar ID (set of numbers and letters after readyplayer.me in Figure 4.5). This solution not only 

erased any need for the developer to modify the avatar ID in multiple places, but also made it 

less prone to errors. 

 

Figure 4.6 - Script that dynamically gets Ready Player Me ID 

The ID from DynamicAvatarLoader extracted using Extract Model ID in Figure 4.6 is sent to 2 

other scripts: the Face Tracking (Figure 4.7) and Body Tracking (Figure 4.11). First, it is sent to 

Face Tracking, which gets 2 data from other Meta Movement scripts: OVR Eye Gaze (tracks 

and makes the avatar eyes move and rotate) and OVR Expressions (Figure 4.8). 

 

Figure 4.7 - Script that grabs eye movement and facial expressions. 
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As we can see in Figure 4.8, we have both the OVR Face Expressions and AR Kit Face; The AR 

Kit Face dictates which of the avatar’s blendshapes are connected to the Meta Movement SDK 

Facial Action Coding System, and the OVR Face Expressions makes these blendshapes move. 

 

Figure 4.8 - Blendshapes connections and example of an FACS blendshape movement [27] 

Facial Tracking works by detecting the 56 FACS from both the Eye Gaze and Facial 

Expressions, and identifying or matching them with the ones defined by Wang [6] (Figure 2.6) 

to create an emotion detector as seen in Figure 4.9 and 26. This data will be later registered by 

the AViR speaking avatar, which will consider the detected emotions when responding and 

moving. When an emotion has a weight value of 5 or higher the Current emotion will change to 

the registered emotion (Figure 4.9) and if none gets above 5 it will consider the emotions as 

neutral (Figure 4.10). The responses provided by the avatar takes in count what was the most 

dominant emotion in the past 10s before responding and making its own movements. 

For the emotions chosen, Ekman’s Six Basic Emotion Theory came first when picking the 

emotions for the avatar since those emotions are the most common emotions a person can 
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demonstrate but, taking in consideration that the AViR agent primary goal is to interact 

empathically with users that experienced miscarriage, a heavy emotion such as disgust should 

not be included out of respect for the user and instead 2 emotions based on the 

Pleasure-Arousal-Dominance model were added, Confusion (Confuso, weak dominance) and 

Boredom (Aborrecido, weak Arousal) since this two emotions are also very common in 

conversation context. 

[Face] Surpreso: 7​
[Face] Feliz: 2​
[Face] Triste: 4​
[Face] Medroso: 8​
[Face] Irritado: 0​
[Face] Confuso: 0​
[Face] Aborrecido: 0​
[Eyes] Surpreso: 7​
[Eyes] Feliz: 2​
[Eyes] Triste: 4​
[Eyes] Medroso: 8​
[Eyes] Irritado: 0​
[Eyes] Confuso: 0​
[Eyes] Aborrecido: 0​
Current Face: Medroso Current Eyes: Surpreso 

Figure 4.9 - Multiple emotion detection  

[Face] Surpreso: 0​
[Face] Feliz: 8​
[Face] Triste: 2​
[Face] Medroso: 0​
[Face] Irritado: 4​
[Face] Confuso: 2​
[Face] Aborrecido: 4​
[Eyes] Surpreso: 0​
[Eyes] Feliz: 2​
[Eyes] Triste: 1​
[Eyes] Medroso: 2​
[Eyes] Irritado: 2​
[Eyes] Confuso: 0​
[Eyes] Aborrecido: 4​
Current Face: Feliz Current Eyes: Neutro 

Figure 4.10 - Detection of emotions according to the 5-point threshold 
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The Body Tracker is slightly different from Face Tracking, since it has 2 ways to detect an 

avatar: using Extract Model ID to grab the avatar as Face Tracking does; or by using an 

in-world avatar to detect body movement for testing purposes. 

 

Figure 4.11 - Body Tracker capable of 2 methods of tracking 

 

Figure 4.12 - Feminine humanoid avatar 

The Body Tracker (Figure 4.11) tracks the avatar’s bones while it moves, using the humanoid 

avatar provided by meta. It was set through an object that contained all the armature information 

of the feminine avatar (Figure 4.12), which was then added to the Animator (Figure 4.13). 

 

Figure 4.13 - Animator with the Avatar config of the Feminine object 

This configuration must be set to Humanoid instead of Generic in its Rig Settings (Figure 4.14) 

for the avatar to move. Otherwise, bones will break and the avatar will be forced to make a 

T-Pose, a standard position indicating the object is not correctly set or is not working.  
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Figure 4.14 - Rig Settings 

When it comes to mapping the avatar (Figure 4.15), it is visible on the left that the avatar’s 

joints connect with one another, and the avatar’s boundary to the floor. If the avatar is under or 

above the floor, its boundary is incorrect and needs to be fixed. On the right, it can be seen that 

the main joints of the body are divided in 4 sections: Body, Head, Left Hand and Right Hand. 

 

 

Figure 4.15 - Feminine Avatar Joint Mapping 
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In Figure 4.16, we can see the subgenre of joints are connected to the 4 main joints mentioned 

before and shown in Figure 4.15. For the body, it was 3 main bones: the Hip, Spine and Chest. 

The optional Bone Upper Chest, Head (not shown in Figure 4.16) controls the eyes, mouth and 

cheeks. The left and right arms have each one a set of Shoulder, Upper Arm and Lower Arm and 

Hands. It is to note that each Hand has control to each finger, with all the sets of finger joints 

being tracked when set to Hand tracking instead of controller. 

 

 

Figure 4.16 - Subset of Bones of the 4 main mapped bones 

4.2​ Speaking Humanoid Modifications 

The agent’s interaction with the user was modified. Previously, it used a limited set of 

pre-recorded audios prepared by a research assistant in Psychology and set to play one of the 

audios and animations picked by a psychologist using the Wizard-of-Oz method, a remote 

control using an Elgato Stream deck with 15 customizable LCD keys [1][11], depending on 

certain scenarios (user not talking, give reinforcement speech, etc,). The modified version is set 
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to use 2 different services: Gemini and Azure Speech Services (Text-To-Speech and 

Speech-To-Text settings).  

 

Figure 4.17 - Speaking Humanoid Voice Settings 

To access these services, both need to have a working API key set up in their respective 

locations. For using Azure, alongside the key, it was needed to specify what region the key is 

from. For using Gemini, the version to be used needs to be specified with its URL (in our case, 

Gemini 2.5 flash). The algorithm is set to listen for User Speech and to catch short breaks until 

the user stops speaking, being the time set to 3.5 seconds. After this, it checks if any issues with 

the data were corrupted or not captured cleanly. If no issues are detected, the data is sent to 

Gemini. Then, Gemini checks for errors such as incorrect formatting, payment issues, among 

others. If no errors are found, it generates an appropriate response from the context provided by 

the user so the Agent can respond and maintain the flow of the conversation in the form of text, 

and sends it back to Azure so it can be transformed into audio so the agent can transmit the 

message back to the user (Figure 4.18). 
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Figure 4.18 - Voice Agent Diagram from listening to the user to responding back 

VR Voice Agent also deals with sending the information to the VR Movement Agent (Figure 

4.21) so the responses and body movement of the agent match. But, before that, another step 

was needed, the recording of movements from the user (in this case, the research team) using 

the Movement Recorder.  

 

Figure 4.19 - Movement Recorder recording settings and double avatar setup 

Movement Recorder grabs two avatars that are recording the movement of the user’s avatar and, 

when pressing R, records all the movements (both facial and corporal) until the key is pressed 

again. Two avatars are being used due to a bizarre phenomenon caused by the Ready Player Me 

(Figure 4.5) compatibility framework with Meta Movement, which did not have a compatible 



42 

connection between the Spine and Hips (Figure 4.16) when loading the avatar, creating a 

deformed lower body (Figure 4.20).  

  

Figure 4.20 - Same animation when recorded using 2 avatars (left) vs 1 (right) 

After testing every single recorded animation with the avatar in Figure 4.20, all the animations 

were then added to the previously mentioned VR Movement Agent seen in Figure 4.21. There 

are three important factors in this code: 

1.​ There are distinct animations for when the avatar is speaking (e.g., hand movements 

(gestures), lip sync, trying to look at the user) compared to idle ones (e.g., low hand 

movement, no lip movement, looking away for a second or two and looking back at the 

user). 

2.​ The animations are separated by emotions. For example, sad (triste) emotions will show 

the agent’s avatar looking down more and smaller hand movements, while more active 

feelings like anger (irritado) show the agent moving her body more expressively. 

3.​ To avoid the user’s discomfort, VR Movement Agent component and VR Voice Agent 

component will coordinate the length of the recorded movements and the length of the 

audio to create a sense of realtime conversation using multiple types of movement 

instead of repeating the same movement. 
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Figure 4.21 - List of emotions that the agent can express back to the user 

In Figure 4.22, we can see a sample of the agent interacting with the user. On the left, the agent 

is being more expressive and trying to maintain eye contact with the user, while on the right the 

agent is being more reserved, not always trying to maintain eye contact with the user. 
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Figure 4.22 - Agent interactions with the user with active body movement (left) compared to more reserved movement (right)  

4.3​ Agent Responses  

When interacting with a language model that was trained to be generalist and act friendly, it is 

necessary to verify how it replied and adapt to it. After making the first calls to the Gemini API, 

it was observed that everything parsed from its text to Azure to be voiced: the text, emoticons, 

lists, special characters, among others. To make sure no special characters are voiced by the 

avatar, 2 simple methods are implemented. First, the RemoveEmojis() method, which removes 

emojis by changing all Unicode categories Surrogate (\p{Cs}) symbols or other symbols 

(\p{So}) into (‘’). The second method, StripMarkdown(), converts the list markers (*, -, +) and 

numbered lists (1., 2.) into multiline mode, which changes special symbols into lines instead of 

input strings [28], removing bold and italics from the text and changing backticks, headers and 

blockquotes (@"[`#>]") to (‘’); 

Then, specific behaviors were defined for the agent to introduce itself, and bid farewell. For 

greetings, the GetGreetingByTime() method was implemented. This method evaluates the time 

of the day and responds accordingly: ‘Bom dia’ is used between six o’clock and twelve o’clock, 

‘Boa tarde’ between twelve o’clock and eight o’clock in the afternoon, and ‘Boa noite’ for the 

remaining hours of the day. For goodbye detection, the IsGoodbye() method analyzes the user’s 

input text and checks for common goodbye expressions, including ‘adeus’, ‘até logo’, ‘tchau’ 

and their variations. 

To make sure the agent used the proper prompts, the ResetConversation() method creates a new 

system prompt every time it is called that prevails until it is called again, and clears the previous 

conversation history. Due to the way Gemini API operates, this history is stored in a List that 



45 

contains the six latest messages between the agent and the user. In other words, it stores the 

three most recent messages from each participant to maintain conversational context while it 

avoids processing the entire conversation.  

For the system prompt, 6 phrases were given that the agent (Gemini) should follow at all times: 

1. Respond in a calm way, responding always with empathic responses. 

2. Avoid language excessively enthusiastic or informal, responding with 30 words or less. 

3. Never refer to physical expressions, appearance, body or face. 

4. Always use natural and fluid language, like in a real conversation using always 
Portuguese from Portugal.  

5. Never use phrases with () and avoid numeric knowledge. 

6. Never end the conversation first and never repeat or use greetings like ‘Bom dia’ or 
‘Olá’ in any response. 

Table 1 - Rules the agent needs to follow while interacting with the user  

While testing the agent, Gemini was notorious for not always replying in the most respectful 

way. Therefore, the first two rules were implemented. The first rule aims to prevent the agent 

from offering solutions or making statements that could be misinterpreted or harmful. The 

second one ensures that it responds in a more formal manner, avoiding overly pushy or 

excessively friendly behavior. The third rule aims to prevent judgmental remarks toward the 

user. 

The fourth and fifth rules aim to guarantee the agent behaved and felt more ‘human.’ As 

indicated previously, Gemini tends to make markers or numbered lists, something that humans 

rarely do in a conversation. The fourth rule was not enough to prevent text generation from 

including explanations (as it often uses parentheses) or building lists of items when 

communicating back to the user.  

The sixth and final rule was created because the agent’s greeting and the main conversation are 

handled through different prompts. Since the agent first introduces itself and calls 

ResetConversation(), it is not aware that it has already greeted the user. Therefore, any greeting 

from the user could cause the agent to greet back a second time. All the rules suffered many 

alterations until they reached this final wording, especially due to the inclusion of strong words 

to make sure Gemini followed them. 

Strong words such as ‘Never’ or ‘Always’ are needed to ensure Gemini does not have any 

ambiguity about what it can and cannot do. This is especially important when users try to force 
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a conversation that could contradict the established rules. For example, if the fifth rule had been 

phrased ‘Do not use phrases with () and avoid numeric knowledge.’, and the user asked for a list 

of ingredients for a recipe, the agent could disregard this rule and respond ‘1. 2 eggs, 2. milk’ 

rather than in a more natural form, such as ‘you will need 2 eggs, milk,’. 

4.4​ System Refinement Testing 

Prior to user testing the agent, five minor tests were conducted to evaluate its usability and 

identify potential issues. This allowed for the implementation of necessary corrections and 

enhancements before the usability study. 

4.4.1​ First Iteration 

The first test, done with one participant knowledgeable in psychology, followed the same 

procedures (briefing the participant on the task, have any question clarified, signing the 

Informed consent and pre-experiment questionnaire) done to test the agent’s empathy. However, 

some major flaws that would lead to a perceived lack of empathy from the agent's part were 

identified midtest: 

●​ The agent's excessive talk resulted in the users unawareness of when the agent 

concluded their response. This prompted the user to feel the agent was lecturing them 

rather than having a discussion. 

●​ The agent’s gaze was not targeting the user’s eyes or face. Instead, a downward gaze 

made the agent feel little communicative, which made the user uncomfortable. 

●​ Many of the animations showed the avatar moving its hands through its legs, resulting 

in feelings of oddness in the user. 

●​ The agent was not detecting pauses made by the user, only reacting partially to what the 

user fully said. 

●​ The agent spoke Brazilian Portuguese (words). While not a flaw per se, since the agent 

was created with Portuguese from Portugal in mind (voice), is envisioned to speak to 

Portuguese users in Portugal, using a different lexicon lowered the agent’s likeness to 

them. 

Resolving these issues was essential, since they hindered the conversation flow and dynamics. 

Several changes were implemented accordingly: 

●​ Reduce the number of words that Gemini produced to thirty or fewer; long enough to 

respond conversationally, but not long enough to feel like a lecture. 
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●​ To ensure that the agent maintained eye contact, and to avoid any pass-through issues, 

all animations were replaced. 

●​ For the agent to detect fully what the user said, a pause detection was implemented. 

●​ Ensured the agent speaks Portuguese from Portugal by changing the prompt, as seen in 

rule number 4. 

4.4.2​ Second Iteration 

Once all the aforementioned issues were corrected, a new test conducted with two participants 

was performed following the same procedures. As a result of previous adjustments, the pause 

detection implementation caused the agent to interrupt the user. As shown in Figure 4.23, the 

agent is set to wait a specific amount of time (two and a half seconds) to check whether the user 

was speaking and then reset. During the test, the agent waited correctly the first time, but instead 

of resetting the wait cycle, it interpreted the second pause as one. As a result, the agent 

interrupted the user when the user paused again and proceeded to speak prematurely. 

Additionally, the fact that the agent does not mention having a name reduces the user’s 

connection with the agent. 
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 Figure 4.23 - New Voice Agent Diagram indicating the interruption issue location. 

4.4.3​ Third Iteration 

For this study, done with the previous participants, the issue found in the previous test was 

promptly corrected. Previously, the user-silence check operated with a timer that started anytime 

the user stopped talking. While functional, it did not verify small utterances. Since the agent 

only considers two or more words as further speech after the first pause, fillers such as ‘hm’ or 

‘uh’ are ignored. To avoid this problem, a boolean check verifying any spoken word was 

implemented alongside the timer. Furthermore, it was also considered that two and a half 

seconds of stillness could be insufficient. Therefore, the agent’s silence interval was increased to 

five seconds. 
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No significant issues were identified after user testing, with this agent receiving the user’s 

approval. However, the user mentioned that the agent’s response time was low, which led to the 

fourth and fifth tests. 

4.4.4​ Fourth and Fifth Iterations 

These tests, done with another tester, aimed to verify two features: 

●​ The extent to which the agent’s wait time can be reduced without interrupting the user. 

●​ Refinement of the proposed emotion evaluation system. 

The emotion system was thoroughly tested by the researcher prior to the fourth test, with a few 

changes implemented between the first and second test. Before the changes, all the blendshapes 

captured using the head-mounted display,translated to the OVR Face Expressions (Figure 4.8), 

and lastly converted into Ready Player Me blendshapes, were calculated separately by their 

weight in the emotion it was designated and added its value to it when detected. When the 

highest emotion (above five points) was detected, that emotion was validated. However, 

throughout development, every emotion was evaluated and given a score with non-regulated 

values. Further, its first implementation did not allow multiple inclusion (adding two or more 

Facial Expressions).  

To rectify this, three major changes were made. First, the values for all Facial Expressions were 

regulated through a boolean method called CheckLevel(). This method returns a level switch 

after checking each Facial Expression based on four expression levels: 

●​ Present. Any Facial Expression with this rule that registers an Expression Level value 

above 0.001f adds the designated score of the rule to the total emotion score. 

●​ Low. Any Facial Expression with this rule that registers an Expression Level value 

between 0.01f and 0.40f adds the designated score of the rule to the total emotion score. 

●​ Medium. Any Facial Expression with this rule that registers an Expression Level value 

between 0.41f and 0.80f adds the designated score of the rule to the total emotion score. 

●​ High. Any Facial Expression with this rule that registers an Expression Level value 

above 0.81f adds the designated score of the rule to the total emotion score. 

●​ When the Expression Level of the Facial Expression rule is under or above the 

designated level it returns false. For example, if a Facial Expression has the Low and 

Medium rules, it will return false if it registers a value below 0.01f or a value above 

0.80f. 
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A new Struct Rule including 5 items on a list<> of facial expressions was created. This rule 

evaluates conditions that apply to one or multiple facial expressions, defines the required level 

for an expression, its corresponding emotion, the score it contributes to the final count, and 

whether it was an ‘and’ rule (multiple facial expressions required to meet the level), or an ‘or’ 

rule (only one emotion is required to meet criteria). 

All rules created by the Struct are added to a read-only list, with separate lists for face and eye. 

When two rules containing the same expression, rule type and emotion have different expression 

levels, only the highest one is valid. For example: 

●​ Face Expressions: NoseWrinklerL, NoseWrinklerR 

●​ Expression Level: Low, Medium 

●​ Emotion: ‘Irritado’ (Angry) 

●​ Score: 2.5f (Low), 3.0f (Medium) 

●​ Rule Type: ‘Or’ (only needs one of the facial expressions to match the expression level) 

If the NoseWrinklerL was detected as Low and NoseWrinklerR was detected as Medium only 

the value of the NoseWrinklerR would be scored because it has the highest score between the 

two (3.0f for Medium compared to 2.5f for Low). Boredom was removed from the list of 

emotions for sharing too many facial expressions with the other emotions. The final set of 

emotions the agent is able to map is: surprised, angry, happy, sad, fearful and confused. Finally, 

15 points is the maximum score of an emotion, being 5 the minimum required for an accurate 

detection of the user’s emotion. 

Regarding the agent’s response time, upward scale testing was done. This test started with the 

user interacting with an agent set to respond after two and a half seconds of silence. Whenever 

the user was interrupted, the silence time threshold increased by quarter of a second. Each test 

took approximately 10 minutes each. The average silence time between the user pausing, 

thinking, and resuming speech was three seconds and seven hundred and fifty milliseconds. 

These results were implemented in the final logic, as seen in Figure 4.24.  
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 Figure 4.24 - Final Agent Diagram 
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5​ Pilot Study 

5.1​ Sample and Recruitment  

The participants were recruited via posters, email, and word-of-mouth. In this study, adults 

(eighteen years old or above) with proficiency in Portuguese were eligible to participate. 

Participants were excluded if they had self-reported medical conditions or visual limitations that 

could affect the execution of the task or the use of the VR headset. All participants were 

informed of possible side-effects of headset usage, such as nausea, dizziness and ocular fatigue, 

and reminded that they could interrupt the session at any time. The recruitment poster (Annex 

1), was placed in the information boards of the University of Madeira (UMa) and emailed to 

UMa and the Regional Agency for Development of Investigation, Technology and Innovation 

(ARDITI) for dissemination. All participants were encouraged to extend the invitation to anyone 

that could be interested in participating. All sessions were scheduled through the scheduling 

platform Calendly (https://calendly.com). This study has been approved by the Data Protection 

Committee (10993715) and the Ethics Committee (10084399) of the University of Madeira, and 

all participants signed an Informed Consent. 

 

5.2​ Instruments 

For the study, two different instruments were used. The first one was a set of two digital 

questionnaires: Pre Questionnaire and Post Questionnaire. These were responded to before and 

after the interaction with the agent, respectively. The Pre Questionnaire consisted of eight 

questions designed by the researcher to collect demographic information, including age, gender, 

digital technologies knowledge, experience with virtual reality, among other factors. These 

questions were asked to characterize the sample and were not used to reach conclusions in the 

study. The Post-Questionnaire consists of three sections.  

●​ The ITC-SOPI: it comprises the 2004 version of the Massive Virtual Reality Laboratory 

ITC Sense of Presence Inventory (ITC-SOPI) [29]. It consists of thirty-five questions, 

separated in two parts (A and B). Part A includes two questions assessing how the 

participants felt after the study, and part B consists of thirty-three questions on their 

overall experience during the study. This questionnaire uses a 5-Point Likert Scale to 

measure agreement with each statement, ranging from 1 (‘Strongly Disagree’) to 5 

(‘Strongly Agree’). The questions are grouped into four factors: spatial presence (18 

https://calendly.com
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items), engagement (6 items), ecological validity (5 items), and negative effects (6 

items). 

●​ Quality and Likability: It consists of nine items (five multiple-choice and four open 

questions) that address how the users felt about the agent. Just like the ITC-SOPI, the 

multiple-choice items follow the Likert Scale, scaled from 1 (‘Strongly Disagree’) to 5 

(‘Strongly Agree’). The open questions are complementary for clarification whenever 

the participant disagrees with a statement. All open questions were optional. 

●​ SUS-Based: It was adapted directly from the System Usability Scale (SUS) [30]. It 

consists of eight questions, and it uses Likert Scale (ranging from 1 ‘Strongly Disagree’ 

to 5 ‘Strongly Agree’) to assess usability and user-friendliness. Even though the original 

scale consists of 10 items, two questions were omitted in this adaptation: 

○​ ‘I think that I would need the support of a technical person to be able to use this 

system.’: it was omitted because the interaction with the agent will be 

supervised by a psychologist or researchers, in accordance with prior studies 

[1][11] and questions the participants might have will be clarified before, during 

and after use and any required assistance will be given, i.e help with putting the 

head mounted display (HMD), starting and restarting the system and other 

technical requirements. 

○​ ‘I would imagine that most people would learn to use this system very quickly’: 

it was omitted as the interaction relies on innate social intuition rather than the 

mastery of a complex technical interface. We assumed 'learning to use the 

system' is less about mastering an interface and more about applying the user's 

existing social intuition to a personal experience. 

The final instrument is a per-session file saved into the hidden files of the headset, only 

accessible to the researcher. This file contains all messages sent by the agent to the participant, 

along with the agent’s inferred emotion of the participant. This data was used to evaluate 

whether the agent’s responses were appropriate for the detected emotions and whether any 

inappropriate response was generated. To protect the participant’s privacy, no messages spoken 

by the participants were recorded. 

5.3​  Procedure 

Upon signing the Informed Consent, the participants were briefed on their task and any 

enquiries they had were addressed. First, they filled in the pre-experiment questionnaire. 

Subsequently, participants were instructed to discuss any topic they would be willing to share in 
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the presence of the researcher, but also advised not to discuss sensitive topics. The participants 

were reminded of their right to end the experiment at any moment. Then, they put on the HMD 

to interact with the agent, with the interaction being no longer than fifteen minutes before the 

agent bid farewell. Upon completion, all participants completed the post-experiment 

questionnaire, and were encouraged to inquire about or comment on any aspect of the study, 

such as the agent’s behavior or the objective of the study. A participant reported feeling unwell 

after a few minutes interacting with the agent, which led to his/her participation being 

discontinued. 

5.4​ Data Analysis 

All the data from the questionnaires in the study were saved directly from the Google Forms to 

Excel. Due to Excel saving the responses from the 5-Point Likert Scale into its named values 

(Strongly Disagree, Disagree, Neutral, Agree, Strongly Agree), a conversion to its numeral 

values was made. 

To ensure that the Quality and Likability and the SUS-based sections correlate and can be 

administered in a real-world setting to evaluate the agent, a Cronbach's Alpha analysis was 

performed.  

The Quality and Likability section contains five multiple-choice questions (k = 5) and four 

long-answer questions, and the SUS-Based section contains eight questions (k = 8). Because of 

sample variation, it was necessary to calculate the average (x̄) of each question (Yᵢ) and the 

average score of each user test (X) in order to determine the deviation of each participant’s 

response by subtracting the individual score (Xᵢ) from the average (Xᵢ − x̄) and squaring the 

result (Xᵢ − x̄)². The values of the squared deviations were then summed and divided by the 

number of participants minus one to obtain the sample variance; that is, for each part, σ²ᵧᵢ = 

(∑(xᵢ − x̄)²)/(N participants − 1). The observed score variance was calculated using the total test 

score X for each participant, obtained by summing the scores across all k parts, as σ²ₓ = (∑(X − 

X̄)²)/(N participants − 1). It is to note that, for negative questions, such as ‘I found the system 

unnecessarily complex.’, the values were reverse-coded using 6-n, i.e if the participant’s 

response was 1n, it was converted to 5 in the Cronbach’s Alpha calculation (6-1). 

The Cronbach’s Alpha coefficients were calculated for each question set. The Second set of 

questions (researcher’s questions) resulted in α = 0.809, and α = 0.755 for the third set of 

questions (adapted SUS questions) (table ). As seen in Arof et al. [31], both sets are at an 

acceptable level of reliability or above. 
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No Coefficient of Cronbach’s Alpha Reliability 

1 More than 0.90 Excellent 

2 0.80-0.89 Good 

3 0.70-0.79 Acceptable 

4 0.6-0.69 Questionable 

5 0.5-0.59 Poor 

6 Less than 0.59 Unacceptable 
Table 2 - Reliability of Coefficient of Cronbach’s Alpha [31]  

Besides the necessary values for the Cronbach's alpha, the Standard Deviation (SD) was 

calculated for all questions, alongside the Interquartile Ranges and the medians for each 

question. Also, to have a bigger understanding of where the data would follow on a bigger 

population, the margin of error was calculated in a ninety-five percentile confidence. 

5.5​ Results 

5.5.1​ Demographic Data 

The study comprised fifteen participants, of whom sixty percent (n=9) were male and forty 

percent (n=6) were female. Most were aged between eighteen and twenty-five (n=12), with the 

last three participants between 26 and 33 (n=2), or older than 50 (n=1). Most participants (n = 

13) were students, one was an employee, and one held an 'other' status. 

Regarding their interaction with technologies, responses varied. Numerous participants rated 

their proficiency in digital technologies as rather high (n=11). However, most reported having 

minimal to no experience, with very few reporting considerable (n=2) and moderate (n=3) 

experience. Notably, when inquired about their engagement with other interactive technologies, 

such as simulators, interactive programs, or three-dimensional environments, eight indicated 

occasional usage, four stated they had utilized them only once and three participants reported 

frequent usage.  

Another noteworthy aspect is the time dedicated to playing video games. While this question 

does not distinguish between games with NPCs and those without, numerous participants played 

videogames frequently, either once or many times a week or every single day (n=10), some 

occasionally several times a month (n=3) and the other individuals rarely engaged in 

videogames (n=2).  
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5.5.2​ Post-Questionnaire 

5.5.2.1​ ITC-SOPI 

As previously mentioned, the ITC-SOPI is divided into four factors: spatial presence, 

engagement, ecological validity, and negative effects.  

According to the set of questions below, we can separate Spatial Presence items into four 

subsets: 

●​ Self-Location, the feeling of being in the space (B7, B15, B21, B29) 

●​ Interaction and agency, the ability to influence the environment (B3, B10, B11, B16, 

B28, B30, B1, B33) 

●​ Sensory depth and realism, physiological sensations and ‘tangibility’ of the experience 

(B6, B19, B24, B25, B27) 

●​ Social Presence, the presence of the agent (B20) 

Nº Question Median 
(IQR) 

Mean Mode 

B6 I felt that the characters and/or objects could almost touch 
me. 

3(1.5) 2.7±0.6 3 

B19 I could almost smell the different characteristics of the 
environment on display. 

1(1) 1.6±0.8 1 

B24 I felt I could reach out and touch things (in the displayed 
environment). 

3(1.5) 3.1±0.4 4 

B25 I felt that the temperature was altered to match the setting 
of the displayed environment. 

2(2) 2.2±0.5 3 

B27 I felt that all my senses were stimulated at the same time. 2(1.5) 2.5±0.5 2 
Table 3 - Spatial Presence: Sensory depth and realism 

Among the four subgroups of Spatial Presence, Sensory Depth and Realism received the lowest 

scores, with item B24 being the highest scoring item (M=3.1, SD=0.8) receiving below half the 

positive agreement (n=6). The two lowest of the group go to item B25 (M=2.2, SD=1.0) with 

mostly ‘Strongly Disagree’ (n=5) and a single ‘Agree’ response (n=1) and B19 being the item 

with the lowest score (M=1.6, SD=0.7) and receiving a high amount of ‘Strongly Disagree’ 

(n=8) and no agreement (n=0) responses. (table 3). 
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Nº Question Median 
(IQR) 

Mean Mode 

B7 I felt like I was visiting the places in the displayed 
environment. 

3(1) 3.3±0.4 3,4 

B15 I felt like I was in the scenes being shown. 4(1) 3.5±0.2 4 

B21 I felt surrounded by the displayed environment. 4(1) 3.7±0.4 4 

B29 I felt as if I were in the same space as the characters and/or 
objects. 

4(0) 3.9±0.3 4 

Table 4 - Spatial Presence: Self-Location 

On the other hand, Self-Location ended up with no negative Means, its highest being B29 

resulted in a rather high Mean and low Standard Deviation (M=3.9, SD=0.6), with mostly 

‘Agree’ (n=13) scores, and the remaining being ‘Disagree’ (n=1) and ‘Strongly Agree’ (n=1). 

Its lowest being item B7 (M=3.3, SD=0.8), scoring higher than the highest of the previously 

mentioned Sensory Depth and Realism B24, and receiving a lone negative feedback (n=1) and 

half the positive feedback (n=7) (table 4). 

Nº Question Median 
(IQR) 

Mean Mode 

B3 I felt that I was able to interact with the displayed 
environment. 

4(1.5) 3.3±0.6 4 

B10 I felt that I wasn't just observing something. 4(1) 3.4±0.3 4 

B11 I had the feeling that I moved in response to parts of the 
displayed environment. 

3(2) 2.7±0.7 3 

B16 I felt that I could move objects (in the displayed 
environment). 

3(2) 2.9±0.5 4 

B28 I felt capable of altering the course of events in the 
displayed environment. 

3(1) 3.3±0.6 3 

B30 I had the feeling that parts of the displayed environment 
interacted with me. 

3(2) 2.9±0.5 3,4 

B31 The experience of moving things in the displayed 
environment was realistic. 

3(1) 2.6±0.6 3 

B33 I felt as if I were participating in the environment being 
displayed. 

4(0.5) 3.6±0.5 4 

Table 5 - Spatial Presence: Interaction and agency 

For Interaction and agency, the highest scoring item was B33 (M=3.6, SD=1.0). This was 

followed by B3 and B28, which shared the same Mean (M=3.3, SD=1.2). The remaining items 
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all fell below the Mean of 3: B16 (M=2.9, SD=1.0), B30 (M=2.9, SD=1.1), B11 (M=2.7, 

SD=1.3), and B31, which had the lowest Mean (M=2.6, SD=1.1) (table 5). 

Nº Question Median 
(IQR) 

Mean Mode 

B20 I had the feeling that the characters were aware of my 
presence. 

4(1) 3.5±0.6 3,4 

Table 6 - Spatial presence: Social Presence 
Finally, Social Presence registered a rather high score among all questions, being the fourth 

highest scored mean (M=3.5) tied up with B15, but registering a higher Standard Deviation at 

SD=1.0, compared to B15’s SD=0.8. 

Nº Question Median 
(IQR) 

Mean Mode 

A2 I felt like I had returned from a journey. 2(2) 2.8±0.7 2 

B1 I felt immersed (in the environment displayed). 4(0) 4.0±0.2 4 

B2 I lost track of time. 4(1.5) 3.6±0.6 4 

B5 I felt that the content was true and genuine. 3(2) 2.8±0.7 4 

B14 My experience was intense. 3(1) 2.6±0.6 3 

B26 I responded emotionally. 3(2) 2.9±0.6 2 
Table 7 - Engagement 

When it comes to Engagement, it was almost unanimously positive (M=4.0, SD=0.4), with the 

majority (n=13) agreeing with the statement, and the remaining neutral (n=1) and agreeing 

strongly (n=1). On a similar note, B2 showed positive scores (M=3.6, SD=1.1), with the 

majority (n=10) agreeing with the statement, 1 scoring neutrally, and the remaining participants 

disagreeing (n=4). Despite A2 and B26 receiving the highest number of ‘Disagree’ (n=5 and 

n=6 respectively), B14 showed the lowest Mean (M=2.6, SD=1.2). The latter received the 

lowest amount of positive feedback (n=3) with only two ‘Agree’ and a ‘Strongly Agree’ 

responses. Similarly, B5 shows a lower Mean than B26, and the same Mean as A2 due to 

polarizing agreement (n=6) and disagreement (n=7), and few participants being neutral to the 

statement (n=2). 
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Figure 5.1 - Comparison between B26 and C3 questions 

Nº Question Median 
(IQR) 

Mean Mode 

B4 The environment displayed/presented seemed natural to 
me. 

4(1) 3.3±0.4 4 

B9 The content seemed credible to me. 3(2) 3.1±0.6 4 

B13 I felt that the environment displayed was part of the real 
world. 

2(1) 2.5±0.5 2 

B17 The scenes depicted could truly occur in the real world. 4(2) 3.9±0.6 5 

B23 I had a strong perception that the characters and objects 
were solid. 

4(2) 3.1±0.5 4 

Table 8 - Ecologic Validation and Naturality 

In the Ecological Validity factor, B9 and B23 have the same Mean (M=3.1) but different 

Standard Deviation (SD=1.1 and SD=1.0, respectively) due to the same amount of participants 

disagreeing with the statement (n=5) but a different number agreeing with it: most (n=6) 

agreeing with item B9 against one strongly disagreeing; and a majority (n=8) also agreeing with 

item B23.  

In this group, B17 shows the highest approval (M=3.9, SD=1.1), with most participants 

responding ‘Strongly Agree’ (n=6), and the remaining ‘Agree’ (n=3) and ‘Disagree’ (n=2) 

compared to the and . On the other hand B13 showed a majority in disagreement (n=8) with 

only half (n=4) agreeing with the statement, being the lowest scoring item of the Ecologic 

Validity group (M=2.5, SD=1.0).  
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Nº Question Median 
(IQR) 

Mean Mode 

A1 I felt disoriented after the experience. 2(1.5) 2.0±0.5 2 

B8 I felt tired. 1(1) 1.5±0.4 1 

B12 I felt disoriented during the experience. 1(1.5) 1.7±0.5 1 

B18 I felt eye fatigue. 1(0.5) 1.4±0.4 1 

B22 I felt nauseous. 1(0) 1.3±0.3 1 

B32 I felt like I had a headache. 1(0) 1.1±0.1 1 
Table 9 - Negative Effects 

Regarding Negative Effects, no items received a positive Mean, with the highest score being A1 

(M=2.0, SD=0.9), sharing a similar number of agreement (n=1) with B18. Among the negative 

effects described in the questionnaire, headache received the highest amount of ‘Strongly 

Disagree’ (n=14), followed by nausea (n=12), eye fatigue (n=11) and tiredness (n=10). On the 

other hand, few felt neutral about being disoriented after the experience (n=3) or during it (n=4). 

5.5.2.2​ Agent’s Quality and Likability Questionnaire 

Nº Question Median 
(IQR) 

Mode 

C1 I felt comfortable interacting with the agent. 4(2) 2,4,5 

C2 I felt that the agent’s interactions were natural. 3(2) 4 

C3 The agent seemed to understand my emotions well. 3(2) 2 

C4 I thought the agent’s emotional expressions were realistic. 3(2) 4 

C5 The agent responded realistically during the conversation. 4(2) 4 

C1.1 If you felt uncomfortable with the agent, please indicate why 

C2.1 If you felt that the interactions with the agent were not natural, please indicate why 

C6 If you could change something about the agent, what would it be? (It can be more 
than one thing) 

C7 Do you think empathic agents, like the one used in this study, are useful in contexts 
such as education and/or healthcare? 

Table 10 - Agent likeability 
Regarding the agent’s Likability, the responses had Means from neutral to good, as illustrated in 

Figure 5.2. C2 and C4 share the lowest Mean at M=2.9, with different Standard Deviation 
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(SD=1.1 and SD=1.2, respectively). Single differences between C2 and C4 were observed 

between the two, C2 received 3 'Disagree', 4 'Neutral' and 6 'Agree' and C4 receiving 4 

'Disagree', 3 'Neutral' and 5 'Agree' while also getting a single 'Strongly Agree' (n=1). C3 was 

the biggest polarizing item, sharing the same amount of positive and negative feedback (n=7), 

only getting a single neutral response (n=1). C3’s Mean (M=3.1, SD=1.3) is slightly positive 

due to receiving two ‘Strongly Agree’ responses compared to a single ‘Strongly Disagree’. 

Both C1 and C5 received the same amount of ‘Strongly Agree’ responses (n=4). While C5 

received more ‘Agree’ responses (n=5) than C1 (n=4), it shows the same score (M=3.5)  but 

different Standard Deviation (SD=1.4) than C1 (SD=1.2). This might result from C2 showing 

‘Strongly Disagree’ responses (n=2), while C1 received none. C1 is the only question to share 

the same amount of responses (n=4) in three different levels, ‘Disagree’, ‘Agree’ and ‘Strongly 

Agree.’ 

 

Figure 5.2 - Agent Likeability box and whisker chart 

Regarding the open questions, when asked about the reasons why they felt uncomfortable with 

the agent (item C1.1), the participants responded that: 

●​ The agent was artificial, not part of the participant's world. 

●​ The static eye movement made them feel that the agent was a generic robot or 

something inanimate. 

●​ The agent did not respond very well, answering things the participants did not ask or 

circling around a topic. 
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Figure 5.3 - Comfortability when interacting with the agent. 

As for why the interactions did not feel natural (item C2.1), two reasons connected to the agent 

speech were given. 

●​ Monotonous voice. 

●​ The agent sometimes did not understand what the user said. 

 

Figure 5.4 - Realism of agent emotional expressions responses 

When it came to changes in the agent (C6), the requests were: 

●​ Improve movement, especially the eyes. 

●​ Improve the voice to no longer sound monotone. 

●​ Introduce small talk so the conversation is not one sided. 

●​ Different avatars. 

When asked if agents like the one used in the study were useful in education or healthcare (C7), 

it was unanimous (n=14) that these types of agents are useful. However, one participant 
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refrained from responding. Amidst the responses, a few (n=5) only answered ‘Yes’, while others 

(n=3) mentioned that real interactions should be followed alongside the use of virtual agents. 

5.5.2.3​ Usability 

Nº Question Median 
(IQR) 

Mode 

D1 I think that I would like to use this system frequently. 3(1.5) 4 

D2 I found the system unnecessarily complex. 1(1) 1 

D3 I thought the system was easy to use. 5(1) 5 

D4 I found the various functions in this system were well 
integrated. 

4(2) 4,5 

D5 I thought there was too much inconsistency in this system. 2(0.5) 2 

D6 I found the system very cumbersome to use. 1(0) 1 

D7 I felt very confident using the system. 4(2) 4 

D8 I needed to learn a lot of things before I could get going with 
this system. 

1(0) 1 

 

Table 11 - Ecologic Validation and Naturality 
For the SUS-based section, there are two sets of questions: 

●​ Negative phrased questions: D2, D5, D6, D8 

●​ Positive phrased questions: D1, D3, D4, D7 

Among the positively phrased questions, ease of use (D3) received the highest score (M=4.7, 

SD=0.5) with a majority responding ‘Strongly Agree’ (n=10) and a few ‘Agree’ (n=5) It was 

followed by D4 and D7, both registering negative votes (n=1 and n=2 ‘Disagree’, respectively). 

D4 also got a few neutral responses (n=4) but got a higher mean (M=3.9, SD=1.0) than D7 

(M=3.7, SD=1.3) because it received less negative responses (n=1) compared to D7 (n=4). The 

item on whether they would like to use the system (D1) got the lowest Mean (M=3.2, SD=1.1). 
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Figure 5.5 - Similarity between user willingness and integration 

Among the negatively phrased items, D8 and D6 scored similarly, with D8 (M=1.1, SD=0.4) 

receiving one less ‘Disagree’ (n=2) than D6 (M=1.2, SD=0.4) and a majority of ‘Strongly 

Disagree’ (n=13 and n=12, respectively). Similarly, D2 had the same number of ‘Disagree’ 

responses as D6 (n=3), but a higher Mean (M=1.5, SD=0.7), as it got neutral responses (n=3). 

Lastly, D5 obtained the highest (M=2.1, SD=0.8), getting a few neutral responses (n=4) and a 

lone agreement (n=1).  

5.6​ Discussion 

The pilot study had the purpose of testing human-machine interaction and verifying the 

participants’ sentiment towards the agent, checking if the agent responded empathically and did 

not make any participant uncomfortable. Also, not only it tested the interaction itself, but also 

the ambience to check if the space could help alleviate the interaction and allow the user to relax 

when speaking towards the agent.  

In the Spatial Presence factor, the Sensory Depth and Realism items received the lowest scores 

(table 3). This was expected due to the minimal efforts made in the study to establish a sense of 

smell for the participants, explaining the discrepancy between ‘being able to almost smell the 

environment on display’ (B19) and the extent to which they ‘felt that all of their senses were 

stimulated at the same time’ (B27). Similar expectations were held for how much they ‘felt that 

the temperature was altered to match the setting of the displayed environment’ (B25), as no 

temperature fluctuations were indicated in the environment and no adjustment to real-world 

temperature was made. ​

Since the participants remained seated in the virtual office, any inquiries regarding movement 

would similarly be considered not pertinent to the study. Regardless, for ‘I had the feeling that I 

moved in response to parts of the displayed environment.’ (B11), moving according to the 

exhibited surroundings showed similar levels of acceptance and disagreement, while some 

participants expressed neutrality. Interestingly enough, movement (B11) and touch (‘I felt that 

the characters and/or objects could almost touch me. (B6), I felt I could reach out and touch 
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things (in the displayed environment). (B24)) scored similarly, with B11 sharing the same mean 

as B6 with B24 scoring slightly higher. This could have led to the lack of movement and 

interaction with the scenario lowering the sense of touch. 

Regarding the virtual room the agent was in, it was regarded rather positively. The fact that the 

Self-Location item B7, ‘I felt like I was visiting the places in the displayed environment.’, was 

the lowest was expected due to the outside view. On the right side of the room (seen on Figure 

4.20, on the background), there’s an open window that shows an ocean view. Since there was no 

sound, smell or wind to be felt, the sense of ‘visiting the place’ was expectedly low. This is 

further reinforced by the highest scores of the Space Presence factor being obtained from the 

items on ‘being in the same space as characters and objects’ (B29) and to what extent they ‘felt 

surrounded by the displayed environment’ (B21). 

Regarding the Engagement factor, our results suggest that contact with the agent and presence in 

the virtual environment resulted in most of the users losing track of time (table 7). This was 

evident from the number of participants who continued conversing with the agent until the agent 

said goodbye and concluded the session. Our results suggest that this might have been the result 

of the sense of immersion to the user (B1), similar to CiF-CK enhancement of NPCs and their 

interactions [25] and GAMYGDALA character complexity [16], and being able to participate in 

the environment through the conversation (B33). 

In terms of content credibility (B9), we believe that the scenario’s naturalism (B4) and the 

agent’s realism (B23) led to the resulting mixed opinions, according to Tao et. al [32], which 

suggest that lower levels of appearance realism can negatively impact perceived trustworthiness 

and professional credibility of virtual entities. The non-photorealism of the virtual scenario can 

also explain the disagreement with them feeling like ‘being part of the real world’ (B13) (n=8 

disagreed with the statement), as high-fidelity rendering is often a prerequisite for ‘place 

illusion’, the psychological sense that a virtual element truly inhabits the user’s physical reality 

[33]. However,the participants strong agreement with the possibility of it happening in real life 

(B17) (n=9 agreed with the statement) indicates that while the visual representation was 

non-photorealistic, the scenario maintained high ‘plausibility’, likely due to behavioral 

consistency or the logical flow of the social interaction [34]. 

Most participants (n=8) agreed that the environment was natural, while some (n=4) were neutral 

about the statement and only a few (n=3) thought it was unnatural. Zibrek et al. [33] explain this 

feeling of naturalness in a setting that isn't photorealistic by making a difference between 

"cognitive naturalness" and "physical realism." An environment can be considered realistic 

without high visual fidelity if it aligns with expected real-world spatial configurations, including 
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accurate lighting and perspective, thereby improving processing fluency [33]. Kyrlitsias [34] 

also says that the idea of "congruence" is often more important than just photorealism. When the 

items and environmental behaviors are consistent and make sense, users can apply their 

real-world mental models to the virtual world. 

Thankfully, negative effects of the virtual environment were very low, consistent with recent 

systematic reviews indicating that VR interventions are generally well-tolerated, with dropout 

rates due to cybersickness typically remaining below 13% [35][36]. 

The content being truthful and genuine (B5) was met with surprisingly polarizing opinions. It 

was considered neutral by very few (n=2), with some participants disagreeing completely (n=3) 

or agreeing completely (n=1). It is uncertain as to why the score is lower than expected, but 

verifying similar scored questions is plausible that the inability to move objects (B16), the 

participants felt like the agent or the objects were incapable of almost touching them (B6), the 

environment not feeling like part of the real world (B13) and the agent interaction not feeling 

natural (C2) led to this score. 

While the ‘intensity of the experience’ (B14) should be low considering the majority of the 

participants casually interacted with the agent, it still received some agreement (n=3). Contrary 

to expectations, the number of participants who responded emotionally was relatively low 

(n=6), despite the fact that the conversation topics were self-selected. This finding is significant 

for analyzing the agent's likeability, particularly because item C3 ('the agent seems to 

understand my emotions well') scores correlate with item B26 (‘I responded emotionally.’). 

As mentioned in our results, the ITC-SOPI item ‘I responded emotionally’ (B26) was associated 

with the item Quality and Likability item ‘The agent seemed to understand my emotions well’ 

(C3) due to similarities between negative (n=1 completely disagreed, n=6 disagreed in both) and 

positive responses (n=5 agreed in both, n=1 for completely agree in B26 and n=2 in C3), as seen 

in Figure 5.1. When analysing these results, participants who reported responding emotionally 

were more likely to agree that the agent identified their emotions, while those who reported the 

opposite were more likely to perceive the agent’s emotional identification as less accurate. 

Regarding the research question RQ2, ‘Can facial detection and eye tracking help the agent 

better detect emotion’, our results suggest that facial detection and eye tracking have the 

potential to support emotion detection when the participants respond emotionally.  

The realism of the agent’s emotional expressions (C4) aligns with the findings for emotion 

detection (RQ3). Specifically, the positive (n=6) and negative (n=6) responses for realism 

closely match the feedback for "The agent seemed to understand my emotions well" (C3), which 
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saw n=6 positive and n=7 negative responses. These results collectively address RQ3, 

suggesting that mirroring techniques can improve the user's sense of connection and empathy. 

Continuing with RQ3, our findings indicate that mirroring participants’ emotions may lead to 

improvements in the agent-user relationship when combined with perceived interaction comfort, 

as most participants reported feeling comfortable interacting with the agent (Figure 5.3).  

When participants were asked about their reasons for feeling uncomfortable while interacting 

with the agent, some reported that the agent was overly artificial and disconnected from the real 

world. A participant mentioned, ‘It was perfectly clear it wasn’t a real person, I had the 

impression that I was talking to something inanimate’, while another stated that ‘The agent’s 

eyes being static, meaning they weren’t looking at me but only straight ahead while he moved 

his head, gave the impression of being a generic robot rather than an intelligent character.’. 

These responses suggest that eye-gaze behavior plays an important role in perceived interaction 

comfort, which is consistent with prior work on non-verbal behaviour [4][14][15]. The fact that 

head movement was implemented, but not eye-gaze dynamics, might explain the participants’ 

discomfort while interacting with the agent. Research question RQ1 examined whether the 

proposed set of body movements and facial expressions could reduce interaction discomfort and 

improve affinity and empathy. Even though the findings suggest these features may contribute to 

an increase of affinity and empathy and reduce discomfort, the absence of eye-gaze behaviors 

may still elicit this effect. 

Regarding research question RQ4, ‘Do users perceive non-hyper-realistic agents using 

synthesized voices favorably or negatively?’, participants reports of interaction discomfort and 

the agent’s unnaturalness were often associated with reports of the agent being monotone, 

sounding robotic or artificial. These results may be influenced by: 

●​ The limited availability of synthetic voices in European Portuguese. 

●​ Reduced customization options and naturality in free-to-use voice solutions compared 

to paid alternatives. 

Participants also referred to the agent’s response time as an issue. As observed in our system 

refinement studies (section 4.4), despite lowering the agent’s response delay to two seconds, its 

response latency was still noticeable. One possible explanation is that the agent did not provide 

cues indicating whether it was still listening or formulating a response. Issues with the responses 

also came in three ways: 
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●​ Speech recognition issues: the agent sometimes failed to understand the user’s input, 

leading to incorrect responses. This was noticeable when the participant’s primary 

language was not Portuguese. 

●​ Limited conversational flexibility: the agent was unable to engage in small talk or 

provide more personalized responses. 

●​ Repetitive confirmation requests: the agent often responded vaguely, and requested 

confirmation when attempting to explore topics more in depth. 

When asked about recommended modifications to the agent, participants mentioned its 

customization. This is supported by studies that indicate that users prefer conversational agents 

with customizable voice parameters, such as gender and pitch, as it enhances trust and perceived 

relatability [15]. 

Despite the issues with the agent’s responses, two thirds (n=10) of our participants agreed that 

the agent’s functionalities (movement, responses and emotion detection) were well integrated 

(Figure 5.5). Half of the participants (n=7) indicated willingness to use the product, compared to 

four that were not. These findings appear to suggest that improvements to response quality and 

the implementation of eye-gaze behaviors could increase the participants’ willingness to engage 

with the agent. 

Based on the responses to the SUS-based section (table 11), participants considered this type of 

agent could be integrated into other sectors due to its perceived ease of use. When asked about 

its potential usefulness in contexts such as education and healthcare (C7), all participants agreed 

that their integration would be feasible, depending on implementation. Some participants noted 

that interacting with a non-human agent could help reduce fear of judgement: 

●​ ‘Yes, because some people may find it easier to interact with these empathic agents than 

real people.’ 

●​ ‘Yes, because they are not a real person, they can alleviate the fear of being judged.’ 

Other participants mentioned that such agents could help learning and provide new perspectives: 

●​ ‘Yes, especially in the field of education. It would be a good incentive to have an agent 

talking to us and exploring new horizons.’ 

●​ ‘Yes, I consider them useful. At first, it’s a bit awkward, but later realized they have 

great relevance when it comes to helping people, giving advice or tips on how to solve 

problems, or understanding things from another point of view.’ 
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●​ ‘I think they are useful in both education and healthcare because they convey credibility 

of talking to a real person, a character, and not just a chat or just sound. Having an agent 

that matches emotions and has expressions generates more empathy and, in a way, 

seems to understand us better. 

Some participants also emphasized that, in sensitive areas such as health, these agents should be 

support or assistive tools, rather than replacements for human interactions or real interventions: 

●​ ‘In an educational context they are excellent, however in a health context they are not 

ideal because a conversation with the agent is not comfortable.’ 

●​ ‘I believe that, in the future, these systems could play an important role in offering 

immediate support in times of need. However, I consider it essential that, after this 

initial intervention, they refer the person for appropriate human follow-up.’ 

●​ ‘Yes, even so, I don’t think they are capable of replacing a real human being.’ 
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6.​ Conclusion 

In this chapter, we synthesize our findings, highlighting our observations on empathic agents 

and evaluating their implications for future work. We also provide recommendations and 

guidelines based on our findings. 

Addressing Research Questions 
RQ1. Can an agent with improved body movements and more facial expressions 

reduce interaction discomfort and improve affinity and empathy? Using head 

mounted display sensors to capture facial movements and record body gestures (e.g., 

arm movements, chest rotation, hand and finger movements, and head rotation) were 

associated with higher ratings of presence, likability and usability. Although this could 

reduce perceived artificiality, more rigorous studies are needed to prove their 

effectiveness in reducing the perceived interaction discomfort. These findings support 

prior work supporting that body language can convey intent and emotion, providing an 

intuitive and natural interaction experience [6][7][15]. However, the absence of 

eye-gaze behaviors appears to have limited these improvements. Some participants 

reported feeling uneasy, which aligns with previous studies indicating that imperfections 

in a human-like artificial agent can trigger eeriness [6][7], needing to be addressed in 

future studies.  

RQ2. Can facial detection and eye-tracking help the agent better detect user 

emotion? Our results suggest that the agent was more likely to detect emotions in 

participants who reported feeling emotional. This tendency can help support 

health-related communication by encouraging users' disclosure [8][9][10][11], and the 

introduction of conversational agents (CAs) in healthcare [4][7][9][10] just as Woebot 

[4][5]. It could also potentially alleviate the shortage of mental health specialists [8]. In 

contrast, participants who felt their responses were not emotional also tended to 

perceive the agent as unable to perceive their feelings. These findings indicate the need 

for further studies in both casual and emotional settings to improve the agent’s user 

interaction and emotional intelligence [14][17]. Emotion identification and empathetic 

delivery are areas of interest in human-Computer interaction research [7][16]. 

Enhancing the agent’s ability could increase user trust and emotional engagement, 

strengthening applications and interventions.  

RQ3. Can incorporating mirroring techniques improve users’ empathy with an 

agent? Using emotional detection based on models such as Ekman’s Six Basic Emotion 
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[6], the Circumplex model of Russel [18], the Ortony, Clore and Collins model [12][16] 

and the Mehrabian and Russel PAD model [13], our results suggest that mirroring 

emotion techniques can improve the perceived empathic abilities and connection 

between the agent and the user during emotional interactions. However, these 

techniques might be less effective in technical conversations, where responses need to 

be objective. 

RQ4. Do users perceive non-photorealistic agents using synthesized voices 

favorably or negatively? Our users generally perceived the synthesized voice of our 

agent negatively, and as not on par with intelligent personal assistants like Siri, Mena, or 

Cortana [15]. Limitations such as in tone and voices, particularly in less supported 

languages such as European Portuguese might have contributed for this perception. Our 

results highlight the importance of voice selection, especially when relying on free and 

limited voice services. 

6.1​ Improvements for the AViR agent 
1.​ Response times: Participants reported the agent’s response time as the main factor to 

the agent’s unnaturalness and uncomfortable interaction. While introducing pause 

detection improved conversation flow and the agent’s ability to respond without 

interrupting the user, the lack of visual cues indicating that the agent was switching 

from listening to speaking reduced responsiveness and affected the overall experience. 

Future improvements could introduce visual indicators (thinking gestures or spinning 

gears), or conditionals to reduce detection time, such as use of intonation (asking a 

question), detecting keywords to extend detection (so, and) or probability thresholds to 

know if the user has finished speaking to improve conversation flow. 

2.​ Small talk: Incorporating small talk could enhance user experience by allowing the 

agent to respond to the user’s non-verbal cues (e.g.,looking away, inspecting the room, 

looking through the window). The agent should also encourage the user to continue the 

conversation, and revisit previous topics or introduce related subjects to help the user's 

engagement during pauses.  

3.​ Agent Customization: Allowing to customize some of the agent’s features (e.g., 

gender,voice, and tone) or physical appearance (e.g., hair, clothing) could enhance trust 

and perceived relatability. 

4.​ Improve the agent’s speech recognition and reasoning: This study relied on the 

Oculus Virtual Audio Device for speech capture. This may have been less effective 

detecting speech from users with non-standard accents or non-native European 
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Portuguese. Future studies should consider dedicated microphones or allowing the 

participants to bring their own to improve recognition. Additionally, the reasoning 

engine used (Gemini API) is not ranked highly according to the Vellum Large Language 

Model (LLM) Leaderboard [39]. Therefore, updating to a newer version or model is 

recommended. 

5.​ Better privacy: Updating the agent’s reasoning model, although recommended, 

introduces privacy risks, as user data could be used to further train external models, 

breaching user confidentiality. Future work should consider updating to a more secure 

or locally controlled LLM, either trained in-house or restricted to a closed database. 

6.​ More animations and improvements in gestures: Although participants did not 

explicitly report issues with the agent’s gestures during the study, it is recommended to 

increase the range of hand, arm and facial movements for longer conversations. This 

study’s sessions lasted a maximum of fifteen minutes, but longer conversations, i.e one 

hour or more, or repeated use, such limitation in gestures could reduce engagement.
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8.2​ Informed Consent
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8.3​ ITC-SOPI 
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8.4​ System Usability Scale (SUS) 



90 

8.5​ Pre-Questionnaire
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8.6​ Post-Questionnaire
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