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Um coração que mora dentro do olho do jaguar 

​

O Verão, rapazes – como disse C. Adams – 

implica uma insistência nos mergulhos 

e uma desistência breve das respostas. 

Importante é passar a mão pelas escarpas, 

afagar o pescoço das andorinhas do mar, 

verificar o oxigénio no tubinho de plástico 

que ajuda a respirar na cala azul turquesa 

e permitir que o Senhor ressuscite o sangue 

dos espadartes a todas as manhãs de 29 ºC. 

Estas são as tarefas que devem ser realizadas 

e – como disse Adams – bom mesmo é chegar 

ao fim da estação sem nenhuma resposta. 

 

 

[A heart that lives inside the jaguar’s eye 

Summer, boys – as C. Adams once said –​

 demands an insistence on diving​

 and a brief renunciation of answers.​

 What matters is to run your hand along the cliffs,​

 to caress the necks of the sea swallows,​

 to check the oxygen in the little plastic tube​

 that helps you breathe in the turquoise cove,​

 and to allow the Lord to resurrect the blood​

 of the swordfish every morning at 29 °C.​

 These are the tasks that must be carried out 

and – as Adams said – the best thing of all​

 is to reach the end of the season without a single answer.] 

 

 

(Campilho, 2014, p. 115) 
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Resumo (pt)

Interações com Inteligência Artificial estão a tornar-se cada vez mais integradas na vida quotidiana, 

levantando questões fundamentais sobre a forma como os utilizadores constroem confiança e são 

geradas respostas emocionais ao interagir com agentes conversacionais. Com base no 

enquadramento teórico da inferência ativa, esta investigação explora como a confiança emerge a 

partir dos processos preditivos dos utilizadores quando interagem com Modelos de Linguagem de 

Grande Escala. O trabalho compreende dois estudos consecutivos. O Estudo Um desenvolveu e 

avaliou características dos prompts, incluindo os tipos de interação que promovem, através de uma 

abordagem mista. Recorreu-se a uma análise temática e à avaliação por utilizadores não técnicos, 

resultando na seleção de 12 prompts classificados como task-oriented (orientados para tarefas) ou 

reflexive (reflexivos), avaliando níveis comparáveis de complexidade e adequação a uma população 

não especializada. Com base nestes resultados, o Estudo Principal investigou se o tipo de interação 

(orientada para tarefas vs. reflexiva) com ChatGPT tinha efeito na confiança e se esse efeito era 

explicado pela previsibilidade. Adicionalmente, examinou-se a relação entre a precisão das predições 

e as respostas emocionais. Foi utilizado um desenho experimental quantitativo pré-pós, com uma 

estrutura de 2 (tipo de interação) × 2 (grupo) e comparações intra e inter grupos. Os participantes 

interagiram com ChatGPT, utilizando os prompts avaliados no Estudo Um, completando inquéritos 

por questionário antes e depois de cada interação. Os resultados indicaram que o tipo de interação 

teve efeito na confiança e que a previsibilidade explicou variações na confiança, especificamente nas 

segundas interações. As respostas emocionais revelaram correlações significativas com a precisão 

das predições apenas nas interações reflexivas, sugerindo que este tipo de interação pode constituir 

uma nova forma de interação com ChatGPT que potencia confiança e resposta emocional. Em 

conjunto, estes resultados sugerem que o tipo de interação e a previsibilidade moldam a confiança e 

a emoção nas interações humano–Inteligência Artificial, contribuindo para a integração da inferência 

ativa na investigação sobre Interação Humano–Computador. 

Keywords: Modelos de Linguagem de Grande Escala (LLMs); interação humano–IA; confiança; 

inferência ativa; emoção; literacia em IA 
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Abstract (En) 

Interactions with Artificial Intelligence are becoming increasingly integrated into everyday life, raising 

fundamental questions about how users build trust and emotional responses when engaging with 

conversational agents. Grounded in the active inference framework, this research explores how trust 

emerges through users’ predictive processes when interacting with Large Language Models. The 

work comprises two consecutive studies. Study One developed and assessed prompt characteristics 

and types of interaction through a mixed qualitative–quantitative approach. Using thematic analysis 

and lay users’ evaluations, 12 prompts were selected and classified as either task-oriented or 

reflexive, ensuring comparable complexity and suitability for non-expert populations. Building on 

these findings, the Main Study investigated whether the type of interaction (task-oriented vs. 

reflexive) with ChatGPT had an effect on trust, and whether this effect was explained by 

predictability. Additionally, it examined the relationship between prediction accuracy and emotional 

responses. A quantitative pre–post experimental design was employed, with a 2 (interaction type) × 

2 (group) structure and both within- and between-subjects comparisons. Participants engaged with 

ChatGPT, using the pilot-tested prompts from Study One, and completed self-assessments before 

and after each interaction. Results showed that type of interaction has an effect on trust and that 

predictability explained variations in trust, specifically for second interactions. Emotional responses 

were found to be significantly correlated with prediction accuracy just for reflexive interactions, 

suggesting that reflexive interactions might be novel types of conversations with ChatGPT that 

potentiate trust and emotional responses. Together, these findings suggest that interaction type and 

predictability might shape trust and emotion in human–Artificial Intelligence interactions, advancing 

the integration of active inference and Human–Computer Interaction research. 

Keywords: Large Language Models (LLMs), human–AI interaction, trust, active inference, emotion, AI 

literacy 
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Introduction 

 

Interactions with Artificial Intelligence (AI) agents will continue to grow, transforming our daily lives 

in unprecedented ways. Large Language Models (LLMs) broaden the access to AI for users from 

diverse backgrounds, across many levels of expertise (Andries & Robertson, 2023; Laupichler et al., 

2023a). However, research literature on  the effects of LLMs is still in its infancy (Sohail et al., 2023). 

LLMs capabilities of information processing and production of remarkably human-like outputs in the 

form of conversations, at first sight give the appearance of a trustworthy, neutral and reliable 

output-response. Those systems will become more and more complex, and so will users' mental 

predictive models about the systems. In this ongoing quest to expand our capabilities through 

technology, trust and emotion are key, as they will enable safer and more productive interactions 

where users neither undertrust nor overtrust the system, achieving a better calibrated reliance on 

its capabilities.  

The active inference framework suggests that trust in others depends on whether one can 

predict their behaviours/actions and, if those predictions are accurate a positive-valence emotion 

will be experienced (Schoeller et al., 2021). In human-machine interactions, trust is fundamental, as 

it predicts their success; the optimal level consists in avoiding over-reliability and under-usage. In 

order to interact seamlessly with technology, users must infer the causes behind  the system’s 

behavior (Sheridan, 1988) and be confident about that inference, which suggests  trust is a necessary 

condition for human-AI collaboration. However, and despite its crucial role, it is still largely unknown 

how trust emerges, develops, and supports human relationship to AI systems.  

In the early 1900’s, Fernando Pessoa (Pessoa, n.d., ed. 1968, p. 208) wrote that the external 

world is a tactile hallucination. Later on, Einstein (1938) said that physical concepts are not uniquely 

determined by the external world, but are free creations of the human mind (as cited in Barrett, 

2017). More recently, frameworks about brain prediction models have been challenging the 

classical point of view that presupposes our emotions, actions and perceptions as being mere 

reactions to our environment; instead, these frameworks postulate that we experience our world by 

actively constructing it (Hutchinson & Barrett, 2019).  

The present thesis will explore trust dynamics within human-artificial intelligence interactions 

under the lens of the active inference framework. The questions underlying this investigation tinker 

with the entanglement of generative mental models, interactions with AI, trust, and emotion. We 

will first outline key concepts of the active inference framework and AI, and then relate them to 

trust and emotion. Subsequently, we will examine previous research work on AI interactions and 
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trust,  identify current challenges and gaps in research, and propose research questions that will be 

investigated through two different consecutive studies. The first study aims to provide a foundation 

for classifying the types of interactions between lay users and LLMs, specifically ChatGPT, 

addressing  the need for a shared understanding of prompt categorisation based on interaction type 

and complexity level from the user’s perspective. Through this first validation, the second study 

aims to systematically compare emotional responses, trust dynamics, and predictability levels by 

the type of interaction elicited between lay users and ChatGPT. Currently very few studies in Human 

Computer Interaction (HCI) or trust include interactions between end users and ChatGPT as part of 

its experimental design; this study  seeks to bridge that gap. Finally, we will discuss the results and 

limitations of this research, and outline directions for future work in light of the study’s 

contributions. 

As written by Fernando Pessoa in the earlry 1900s, and later published as part of his philoshical 

texts (1968), perception is both active and passive. It is passive as one cannot control it, it is not a 

phenomenom of our will. It is active as we create and imagine our sensations. Direclty quoting 

Pessoa: 

A certeza — isto é, a confiança no carácter objectivo das nossas percepções, e na conformidade 

das nossas ideias com a realidade ou a verdade — é um sintoma de ignorância ou de loucura. O 

homem mentalmente são não está certo de nada, isto é, vive numa incerteza mental constante 

(...) [Certainty — that is, to trust in the objective nature of our perceptions, and in the alignment 

of our ideas with reality or truth — is a symptom of ignorance or madness. A mentally sound man 

is certain of nothing; that is, he lives in a state of constant mental uncertainty (...)] (p. 246)
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CHAPTER ONE 

What we (model to) know 

Section one: Theoretical Frameworks 

1.1.  Active Inference 

“The embodied brain is as interested in changing the world to fit its own predictions,  

as it is in describing how things are” (di Paolo et al., 2024) 

Nobel-prize winning Gerald Edelman states that in order to understand how the mind works, we 

need to consider its biological structure: the brain. According to him, the brain responds to the 

polymorphous diversity in nature with its own diversity in self through reentry (Web of Stories [WS], 

2005). Our brain makes a recursive process of changing synaptic strings across massively parallel 

connections in different parts of the brain. This means that the brain will dynamically signal and  map 

a stimulus across different, parallel patterns, that can be similar but are not identical, through  

different areas of the brain, causing  an enormous repertory of variant dynamic circuits. Through 

developmental and experiential selection, the best connections will then be reinforced. Besides this, 

through a process called degeneracy, structurally different networks can perform the same function 

to allow the brain to be highly resistant to damage. In this case, different groups of neurons (not 

neurons themselves), can map the instances of the same category in different contexts by using 

parallel reciprocal connections (Barrett, 2017; Edelman & Gally, 2001; WS, 2005). This means that 

our brain is not just an organ but a vast  network of neurons that can perform different functions at 

any  given moment (Barrett, 2017; Rigotti et al., 2013).  

Such parallel reciprocal connections reveal that neural activity is less about recording stimuli and 

more about inferring their meaning and being action-ready (Barrett, 2017;  Miller & Clark, 2018). 

Edelman’s account of distributed, recursive mappings lays the foundation for understanding the 

brain as a predictive organ that operates as a constructive system, continuously generating 

hypotheses through statistical possibilities, in order to diminish surprise (Barrett, 2017; Miller & 

Clark, 2018; Schoeller et al., 2021). It is constantly creating a mental representation of sensory inputs 

through perceptual inference (Ciaunica, et al., 2022), which suggests that we are self-generating our 

reality.  

To disentangle these intricate concepts, we will examine each one, clarifying their individual 

contributions to the overall interrelationship.  
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Construction of an (internal) mental representation: Our brain is isolated from the environment 

where its body is inserted in. To ensure survival, it needs to create an internal map of that world, a 

model of the unseen causes. Note that it does not only model the world, but also itself and its body. 

This is known as the “generative model”1 and includes the internal and external environments; its 

function is to mediate the brain-body-environment interactions (Barrett, 2017; Bruineberg et al., 

2018; Christov-Moore et al., 2024).  

Sensory inputs and statistical hypotheses: Our brain’s mental model is grounded in what our 

senses detect. Using this sensory data, it makes informed guesses (predictions) about the most likely 

causes of the diverse phenomena it may encounter (Barrett, 2017; Schoeller et al., 2021). These 

educated guesses are hypotheses that appear in the form of beliefs based on statistical possibilities 

integrating past experiences and expectations (Hutchinson & Barrett, 2019). Bottom-up sensory 

signals are predicted by top-down cognitive models (Schoeller et al., 2021).  

Prediction: Our brain is responsible for regulating our autonomic nervous, immune and 

endocrine systems, while efficiently maintaining a balance between internal and external resources 

(Barrett, 2017). This process of achieving stability through change is known as allostasis (McEwen & 

Wingfield, 2010), which differs from homeostasis, the set of physiological processes that achieve 

stability by maintaining equilibrium, despite changes in the external environment (Romero et al., 

2009). Allostasis helps living systems adapt to new situations or challenges by accounting for both  

predictable and unpredictable aspects, incorporating anticipatory changes rather than purely 

reactive adjustments (McEwen & Wingfield, 2010). Homeostasis can explain physiological responses 

such as sweating in hot conditions to balance the body’s temperature in a present environment, 

whereas allostatic behaviour accounts for finding shade before overheating (Parr et al., 2022). Other 

allostatic strategies include mobilizing resources before anticipated challenges to homeostasis, such 

as increasing cardiac rhythm before a long run or a mother starting to produce  milk before the baby 

is actually born. The embodied simulation is not merely reactive to reality; but instead, it 

continuously anticipates it (Barrett, 2017). 

(Expected) surprise: Our brain uses its internal model to predict what’s coming next, but as our 

world is unexpected, our brain is prepared for a range of uncertainty: this is called expected surprise. 

When reality doesn’t match the brain’s top-down prediction, (unexpected) surprise arises as a 

prediction error or free energy (Parr et al., 2022; Schoeller et al., 2021). 

Error and Update: For the sake of survival, the mental representation needs to be permanently 

updated as it encounters a myriad of diverse situations in the environment. The bigger the 

 
1From now on, we will refer to this “generative model” simply as “mental model” or the "embodied simulation” 

(Barsalou, 2008) as the latter is already used in psychology (Barrett, 2017), mainly to avoid confusion with 
Generative Models from Artificial Intelligence. 

https://www.mendeley.com/authors/6603964646
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dissonance between the internal model and reality, the bigger the prediction error. This error works 

as a bottom-up feedback, updating the embodied simulation (Schoeller et al., 2021). The brain, or 

engine of prediction, as Miller (2018; 2019) names it, seeks to minimise surprising states; updating 

prediction error adjusts the mental model to better fit reality. It is crucial to reduce (unexpected) 

surprise, or error, as this results in a better adaptation and survival of the organism. According to 

Darling (2023), through error updating, as we exist, act in and upon the world, the world itself will 

both shape  and create us, concurrently, influencing our embodied simulation and our expectations, 

reshaping our mental model by dynamically and continuously updating our predictions based on 

those errors. Furthermore, embodied cognitive neuroscience proposes that the mind should not be 

restricted to the brain alone, as physical states in the body also influence network functions, through 

a mutually connected dynamic that responds to the environment that the organism encounters at 

any given moment (Kiverstein & Miller, 2015; Miller & Clark, 2018).  

(Active) inference and perception: Our perception is an active predictive process, organized in a 

hierarchical stream of continuous interpretation (Schoeller et al., 2021). As the brain (seeks to) 

minimize the discrepancy between input and prediction (da Costa et al., 2022), in order to minimize 

error, it will either adjust our perception, or adjust and create a world that fits into our 

simulation/model (Hargrove & Miller, 2022; Miller, 2018). The model is not static: our perception of 

reality is dynamically updating, ‘remembering the present’ (du Toit, 2013). New perceptions of the 

past strengthen synaptic connections in the brain while at each moment, our perception of the now 

is compared to our perception of the past (du Toit, 2013; WS, 2005). 

Action: Besides perceptual inference, our system can update the embodied simulation  to better 

fit the incoming sensory data through action (Clark, 2013; di Paolo et al., 2024). Action is an 

indispensable element in minimising  prediction error in the long run. It can be either goal-oriented 

action, that seeks to change the world to fit our predictions; or epistemic action, that seeks 

information-rich sources or experiences to increase our understanding of the world  (di Paolo et al., 

2024). We take action to explore the world around us. We take action by selecting from an array  of 

different, challenging, and unknown situations of which we hypothesise their consequences to be 

“better for us” or, better aligned with our beliefs  and better fit our capacity. Furthermore, we take 

action to better control what happens in the world surrounding us, building up our sense of agency, 

our perception of control. Depending on whether we feel in control of the situation or not, that  

sense of agency is then experienced as a positive or negative affect (Schoeller et al., 2021). 

Ultimately, our possibilities of agency allow us to do otherwise and, according to Majid (2025) this 

constitutes the core of our free will. 
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Agents: Living systems, commonly referred to as agents2, are embodied models of the world 

composed by priors, such as beliefs (Christov-Moore et al., 2024); they do not simply have a model of 

the world, but instead are a model (Bruineberg et al., 2018).  

As a whole, active inference describes how agents who have a body in the service of allostasis 

(Barrett, 2017) reduce uncertainty by continuously generating predictions and contrasting them with 

sensory information and priors; and then, either updating their internal model or adapting their 

actions to minimize prediction errors and better fit the world into their mental model. Crucially, this 

process is not confined to the mind: perception is built not by but with the world, since our predictive 

mechanisms are not limited to the brain, but extended to our body and jointly created with social 

systems, cultural models and digital infrastructures (Bruineberg et al., 2018; Navarro, 2025). While 

this extension of our mind is not a new phenomenon, recent technological developments have 

exponentially increased its potential. For example, a philosophical research from Stanford University 

(Navarro, 2025) recently proposed a “cyborg perception”3, that stretches across brains, bodies, and 

technological infraestructures. Similarly, Clark (2025) proposes a “bio-technologically distributed 

self”, built from synching AI solutions with ourselves (brain, body, and/or mind), to give birth to new 

forms of perception, thinking and creation. 

 

1.2.  Artificial Intelligence (AI) 

“AI isn’t a tool—it’s an agent” (Roll & Harari, 2024) 

AI systems are algorithms that capture patterns from massive amounts of data (Orrù et al., 2023), 

able to perform tasks that typically require human intelligence such as learning, problem-solving, or 

decision-making (Google Cloud, 2025). Subfields of AI include machine learning, which notably has 

made advancements grounded in active inference (da Costa et al., 2022); or subsets and models as 

neural networks, grounded in neuroscience (da Costa et al., 2022; Mazzaglia, 2022; Oliveira, 2025). 

Figure 1.1 outlines some of the most important elements of AI for visual support.  

The use of technological tools allows us to reduce prediction error, as we can achieve goals 

more effectively than we would on our own, without these technological extensions (Schoeller et al., 

2021). We might, for example, get more accurate feedback from the world and adapt faster through 

a navigation app; diminish cognitive load and get better results using a calculator; or better 

anticipate and retrieve events through an intelligent calendar or reminder system. This is why we are 

 
2  Authors from psychology refer to organic, living systems as agents, while neuroscience or technology authors 

include in that term artificial systems. In this research, we will use the term for both organic and artificial 
ones.  

3 Through the hyper-visible smartphone’s integration into our perception, Navarro (2025) explains in this thesis 

how technology can be integrated as an extension of our bodies and mental capacities. 
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attracted to using them in the first place, and ultimately, they might contribute to our sense of 

agency. Complex systems such as AI, with rapid and remarkably advanced performance capabilities, 

may further potentiate the reduction of prediction error and our willingness to rely on them for the 

same reason, just as the smartphone did in relatively quick time changing our practices and 

interactions with the world (Navarro, 2025). 

 

Figure 1.1. AI subfields, subsets, and applications relevant to LLMs. 

Adapted from Google Cloud (2025); Kuntz & Wilson (2022) 

 

AI systems might resemble active inference as they share some precepts, such as a “generative 

model” or emphasis in prediction (Pezzulo et al., 2024). However, current AI systems lack essential 

aspects of active inference: they learn passively, as a result of training (di Paolo et al., 2024); and do 

not possess sensorimotor interactions with the world, sense of agency, purposive action-oriented 

policies, nor intrinsic goals or motivations (Pezzulo et al., 2025). AI is passive, reactively learning 

through large sets of data (Pezzulo et al., 2024), whereas a living organism’s intelligence is actively 

engaging, interpreting and changing its environment.  

 

1.2.1.  Large Language Models (LLMs) 

Machine Learning algorithms have evolved into highly sophisticated systems, such as Deep Learning 

(Johnsen, 2025; Oliveira, 2025). LLMs encompass a range of architectures and training approaches; 

among them, autoregressive LLMs are a subclass of Deep Learning systems built upon the 
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Transformer architecture, accessible through user-friendly interfaces such as ChatGPT, Claude, or 

Gemini (Johnsen, 2025; Liu et al., 2023). Namely, autoregressive LLMs are models trained on massive 

amounts of data that are able to process, understand and generate human-like language. This 

impressive performance in human-like capabilities (Pezzulo et al., 2024) has evolved to the point 

where it visibly diminishes human ability to detect text generated by the GPT model, in comparison 

to text written by another human, already approaching chance level (~52%) (Brown et al., 2020). 

Autoregressive LLMs are not only able to statistically predict the next word in a sentence, but 

through attention mechanisms, they can also selectively focus on distant portions of text to achieve a 

more comprehensive contextual understanding (Abdurahman et al., 2025; Liu et al., 2023). This has 

led LLMs to an unprecedented freedom of applications in several different contexts (for more 

information, see Johnsen, 2025). 

Performance gains in LLMs can be achieved by increasing the number of parameters and the size 

of the training dataset (Naveed, 2023). For instance, between 2019 and 2020, OpenAI (Brown et al., 

2020) scaled its LLM model from 1,500 million (GPT-2) to 175,000  million parameters (GPT-3).  The 

official number of parameters in GPT-4 (2023-2024) and GPT-5 (June 2025) has not been disclosed, 

with unofficial speculations calculating 1.76 trillion for GPT-4 and up to 10 trillion for GPT-5. 

Regarding the training dataset, GPT-3 was trained with almost 500,000 million tokens, a volume of 

text equivalent to what would take a human being nearly 5,000 years of continuous, round-the-clock 

reading to complete (Oliveira, 2025). Official details for the rest of the GPT models have not been 

disclosed. Nevertheless, it is important to note that GPT is not necessarily the model with the largest 

amount of parameters or training tokens amongst LLMs (Naveed, 2023).  

Besides scaling, other additional improvements, such as alignment with human preferences, 

have been made, contributing to better, more accurate outputs (Naveed, 2023; Oliveira, 2025). 

According to OpenAI (2025), ChatGPT-5 minimized sycophancy,  introduced four pre-set personalities 

(Cynic, Robot, Listener, and Nerd), and handles deception better, by communicating its limitations 

transparently when it’s missing key information. This leads to more accurate outputs, potentially 

higher customer satisfaction, and user engagement (Shumanov & Johnson, 2021; Xu et al., 2022). 

While the history of language models and other forms of AI is not new (see Oliveira, 2025 for a 

review of this evolution), recent developments have created a paradigm shift (Orrù et al., 2023): 

besides the rapid rhythm of performance improvements in AI tools (see Kwa et al., 2025 for a 

historical review from different AI agents; see product’s new features in OpenAI, 2025 and OpenAI, 

2024), LLMs and other forms of generative artificial intelligence models enable a non-expert4 

 
4 According to Laupichler et al. (2023b), non-experts are “individuals who have not received formal training in 

AI and are using AI applications rather than developing them” (p. 2). 
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audience to actively create various types of content (as text and graphics) through simple 

conversational inputs (prompts).  

This ability to create new  content has come to public discourse (Ronge et al., 2025) as the 

relatively young term of “Generative Artificial Intelligence” (GenAI), which must not be mistaken for 

the “generative model” from active inference, explained in the previous section. Although the 

definition of GenAI may vary across audiences, several authors identify a) creating novel content, b) 

relevant usefulness of outputs, c) multi-modality and d) flexibility, as core characteristics of GenAI, 

highly represented by LLMs. AI systems have been integrated into entertainment, healthcare, and  

customer service  (Andries & Robertson, 2023; Bagozzi et al., 2022; Castro et al., 2024; Oliveira, 2025) 

for years. However, the development of LLMs introduces new dimensions to the lay population, 

making it fundamental in understanding the types of interactions explored in the following sections.  

 A challenge gains prominence as these systems become more and more complex: users face an 

epistemic vulnerability (Schoeller et al., 2021). This is because causal mechanisms are opaque in 

modern technology, from the simple tapping on a keyboard (Moore, 2016) to new forms of AI 

performing decision making through complex mechanisms that are hidden to the user or cannot be 

explained in detail, just observed. This means that a high percentage of the population, comprising 

non-technical users, is interacting with highly sophisticated technology that lacks detailed 

explanations, so users rely on their (active) inference to understand these technologies and their 

capabilities. Despite this “black box” or causal opacity (Moore, 2016), we often feel in control of the 

interaction. In these terms, interacting with the system, integrating it into our generative mental 

model, and trusting it is essential for users’ adoption and reliance on such systems, and the 

development of further relations with them. Furthermore, as AI and LLMs keep evolving, 

relationships with artificial entities are, and will increasingly become, of a social and affective nature  

(Skjuve et al., 2021). This demands us, researchers, to understand trust dynamics and emotional 

responses when engaging with these systems.  

 

1.3.  Trust 

“Trust is a virtual minimizer of uncertainty” (Christov-Moore et al., 2024) 

Trust is one of the fundamental building blocks of society. It allows us to interact and sustain bonds 

with each other through unwritten agreements, and sometimes, not even verbal ones. Some 

anthropologists even theorize that the evolution of our species is not only predicated in  our unique 

capacity for causal reasoning, but to a large extent in our  ability to learn from others (Boyd et al., 

2011); and thus, trusting our peers (Harari, 2025) and their knowledge (Christov-Moore et al., 2024). 

Thinkers and researchers have argued that the more complex a society becomes, the greater the  
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dependence upon others, with trust serving as the bond for its stability (Malti et al., 2016; Szczesniak 

et al., 2012). Trust is the foundation for the acquisition of new knowledge, even the most basic, such 

as language (Sobel & Kushnir, 2013); for pragmatically interacting with the world and with others; 

and likewise, for the development of prosocial actions (Malti et al., 2016). It enables us to act 

through unknown situations of interdependence (Mcevily et al., 2006 cited in Szczesniak et al., 2012) 

as it diminishes uncertainty through what others know, say, and do. Trust expands our mental model 

and agency into a collective world modeling and a collective agency (Christov-Moore et al., 2024).  

Although there is no precise shared definition of trust, authors generally point that trust is a 

multidimensional construct (cognitive, emotional, and behavioral), interconnected with both the self 

and others, that operates as a mutually reinforcing process, and encompasses diverse aspects from 

both the trustor and the trustee  (Christov-Moore et al., 2024; Szczesniak et al., 2012).  

It is theorised (Szcześniak et al., 2012) that trust in others depends on trust in oneself and the 

early bonds established with caregivers since childhood, which serve as templates that later extend 

to other social agents and, ultimately, to society at large. Trust is mutually reinforced; for instance, 

pre-adolescents who hold a general expectation that others are trustworthy and honest also tend to 

act truthfully (Szcześniak et al., 2012), which in turn encourages others to trust them (Malti et al., 

2016). Likewise, highly trusting children are more likely to keep promises and transgress considerably 

less in situations where they could use deception to gain a personal advantage, compared to those 

with low or moderate levels of trust in others (Szcześniak et al., 2012). Research also shows that 

people who trust themselves tend to project this trust onto others (strangers included) and perceive 

society as a whole as trustworthy to the same extent that they perceive themselves to be (Mutti, 

2007). 

Like many other aspects of human experience, trust cannot be separated from affect, as 

research supports that positive emotions tend to increase trust, while negative emotions diminish it 

(Schoeller et al., 2021). Even more, trust goes beyond a cognitive or emotional state of I consider or I 

feel I trust you, it extends into  a behavioural aspect: despite the potential prediction error in the 

environment and the inherent  uncertainty the other represents, by taking action in the face of  

potential risk, I trust you. 

Trust might then account for how predictable the trustee is to the trustor: to what extent can 

one model the other, and how accurately do one’s predictions correspond to the other’s actions 

(Schoeller et al., 2021). This means that a shared narrative promotes trust in terms of: to what 

degree  can I use myself to model you; how do our values, personality, behaviours align, and to what 

extent is there an overlap in our models (Hommel & Colzato, 2015; Schoeller et al., 2021); for 

example, research has shown that children trust more in a speaker who has their native accent, even 

if the informant is as accurate as a non native speaker (Sobel & Kushnir, 2013). Then, if the trustor’s 
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predictions were aligned with the trustees actions; if they were benevolent, competent and 

afterwards, reliable, a trusting relation might emerge. In summary, according to (Christov-Moore et 

al., 2024), trust is composed by (1) predictability: confidence of others future behaviour; (2) 

benevolence: allostatic gain of trusting someone (in other words, deeming this coordination will be 

beneficial); (3) compatibility: sharing a world view. Ultimately, trust allows us to create a joint model 

of the world, as our direct experience becomes not the only source of knowledge but also, we 

integrate other’s information of the world into our mental models and this can only be achieved 

through trusting agents that are predictable, benevolent, and share a compatible worldview with our 

own. 

 

1.3.1.  Trusting the (artificial or organic) agent in front 

The anticipation of future (beneficial) behaviour forms the basis of trust, especially at the earliest 

stages of relationships (Rempel et al., 1985). Trust or interpersonal inference (Parr et al., 2022), relies 

on our models of other people and how they may respond to our decisions and actions. With 

technology, this becomes more of an "extended control”, as our own actions will lead to 

consequences, through another agent (Schoeller et al., 2021). A precise mental model is key to the 

emergence of trust in human-AI interaction and collaboration.  

As systems grow in intelligence, the communication of higher-order goals is critical, as it  enables 

users to understand the system’s behaviour (Schoeller et al., 2021). Interestingly, transparency and 

explainability have recently become core aspects of AI systems. Although transparency might entail 

other interrelated aspects, such as unbiased outputs, human-control or even ethics, it might be key 

as the communication of higher-order goals allows users to anticipate and interpret AI’s outcomes, 

as previous research has shown that trust in AI systems tends to be higher when explanations of the 

system are present (Duarte et al., 2023). This might explain why recent versions of LLMs, such as 

ChatGPT or Gemini, not only reinforce the user’s request within their response, giving an overview of 

what they will do next, but also make visible their step-by-step thinking process when answering a 

cue. By making intentions explicit, these companies are potentially trying to reduce user’s 

uncertainty and support users’ understanding, even though the actual processes within remain as 

closed as a black box. In the end, explanation of intention and understandability might drive trust 

(Sheridan, 1988), which represents a key element for adoption (Körber, 2019). 

The more we trust an agent (organic or artificial), the less we keep monitoring, supervising and 

verifying its results, it becomes an allostatic gain (Christov-Moore et al., 2024). As trust increases, less 

influence from the bottom-up sensory cues and more weight is given to the top-down cognitive 

prediction (deep priors such as beliefs). It is also an allostatic gain as by trusting the other, we might 
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integrate the other’s world model into our own mental model thus improving our prediction fitness 

and diminishing the allostatic stress of monitoring unpredictable situations and agents. The mental 

model will be simpler than the agent/thing it is modelling (Schoeller et al., 2021); nevertheless, as 

systems become more and more complex the generative models also evolve in sophistication. 

The evolution of trust development leads to dependence. In technology, this dependence is 

seen as the abandonment of past practices as new, more efficient, technologies are adopted 

(Schoeller et al., 2021); e.g. saving contacts in a smartphone instead of memorizing them, following a 

GPS instead of creating a mental route to a known direction, or even the evolution of solutions for 

calculating mathematical operations. As new practices are adopted and reinforced, we start weighing 

our predictions considering the capacities of our “extended self”. In these terms, our mental models 

will go beyond simply modelling ourselves, or the other, to rendering external tools (Clark & 

Chalmers, 1998; Smart et al., 2025), as part of our own self. Technological extension constitutes a 

form of “extended control” (Schoeller et al., 2021) that we can exert over our surrounding 

environment. Even though this might be seen as implants and prosthetics using neurotechnology5, 

here, we are referring to other types of extension of the self. Our smartphones for instance, are not 

physically connected to us, nevertheless they are usually within arm’s reach at every given moment 

of our day. A recent study from Stanford (2025) makes a deep anthropomorphic analysis on how 

people describe their smartphones as prosthetic extensions of selfhood. This goes beyond the human 

extended control (action) and machine feedback (or consequence) that Schoeller et al. (2021) 

propose into an extended cyborg consciousness, where human perception, action, cognition, and 

embodiment are produced through ongoing interactions with digital systems. It is a present-day 

phenomenon, this state of being consistently connected to algorithmic systems, that smartphones 

render hypervisible (Navarro, 2025). Our extended mind (Clark, 2025; Clark & Chalmers, 1998; Smart 

et al., 2025) is not limited to biological boundaries but incorporates artifacts creating a coupled 

cognitive system. The mind comes out from the structural boundaries of the brain into a network of 

brain, body and environment that’s now integrating technology as part of the cognitive system itself. 

Trust is not to be underestimated in our contemporary society, where machines will plausibly 

become more and more relevant as they keep expanding their capabilities and merging with every 

aspect of our life. Although very important, we are not referring to prospections and solutions for 

climate change or health breakthroughs, but to our private, day-to-day, personal routines. For 

example, our emotions and thoughts, which are internal and private, nowadays become 

externalised–not necessarily published in social media– but uploaded into digital diaries, sentiment 

monitoring apps, or interactions with LLMs (Navarro, 2025). Furthermore, trust in digital systems, AI-

 
5 One of the practical applications where  the active inference framework could help revolutionise robotics (da 

Costa et al., 2022). 
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powered tools, and artificial agents may extend beyond confidence in the information they provide, 

the actions we perform through them, or even the agents themselves. It may become a broader 

matter of trusting what we choose to share and upload into the digital world, even in seemingly 

private contexts such as personal apps or conversations with ChatGPT; and in trusting the 

corporations that manage our private data, such as banks and big tech, which are simultaneously 

integrating AI systems trained on that very data. With our potentially extended  mind, extended 

control and extended capabilities comes another shift in trusting, not only another agent but our 

extended self through the AI tools outside of our brains. With LLMs interactions, for example, we 

need to assess the LLM responses and at the same time our ability in asking questions (prompting) 

and adjust our levels of trust according to the specific AI tool we are using for the specific task we are 

executing (Clark, 2025) and this demands knowledge from individuals. Several types of AI Literacy 

might be key for calibrated trust, also trust might differ from the type of exchanges we have with AI, 

as we will explain further.    

 

1.4.  Emotional responses as heuristics for trust 

“I had learned that cognition cannot be divorced from affect, try as one might”  

(Rose, 1993, p. 38, cited in du Toit, 2013, p. 2) 

Interoceptive regulation might be crucial for emotional processing (Barrett, 2017). In this sense, 

emotional inference, as part of active inference, integrates emotions in our generative model (Parr 

et al., 2022).  

Differing from the discrete theory of emotion, where specific emotion categories (e.g. basic 

emotions as anger or fear) are taken to be universal, hard wired in their processing, and even owning 

a neural profile with functionally-specialized regions and networks in the brain; constructivist and 

embodied emotion theories account for a domain-general organization of the brain and emotion 

emerging as a result of interactions between distributed networks, with combinations of 

fundamental dimensions, such as arousal and valence (Barrett, 2006; Barrett & Russell, 1999; 

Kiverstein & Miller, 2015). These distributed neurobiological interactions are of high importance 

considering that the brain does not work with unidirectional flow of information from “higher” to 

“lower” structures; nor with fixed, unique paths. Parvizi (2009) mentions a reciprocal interconnection 

between the cortex and the rest of the brain, with interdependent cognitive and emotional 

processes and both cortical and sub-cortical systems influencing each other  (Kiverstein & Miller, 

2015).  For example, Wormwood et al. (2019) refer to affect as a “sixth sense” (p. 9) that is part of a 

more complex multimodal processing system. 
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As mentioned earlier, the brain has the capacity to reinforce connections that prove to be 

efficient, but is not limited to these “pathways”. A more complex system that can diversify 

connections to keep function, is a more adaptive one (WS, 2005). Different neural structures can 

perform the same function, the aforementioned degeneracy (Edelman & Gally, 2001; Kiverstein & 

Miller, 2015), while pluripotency accounts that the same regions can be involved in multiple 

functions. This suggests many-to-many dynamic connections in the brain’s structures, where every 

region has the potential to influence all of the others in the network. Both pluripotency and 

degeneracy allow diverse neural profiles for emotions (or cognitive processes), therefore, a unique 

psychological profile for each basic emotion, as suggested by the discrete theory, is unlikely 

(Kiverstein & Miller, 2015). Emotion emerges from the interaction between multiple psychological 

components, linked to neuron networks across distributed areas of the brain (Kiverstein & Miller, 

2015). 

According to constructionist theory of emotion, the brain continually creates categories that 

best fit the situation based on past experiences, therefore, when the mental model conceptualises 

an emotion, as a way to interpret bodily and contextual information, the resulting categorisation is 

not just descriptive: it constitutes an emotion in and of itself (Barrett, 2017). This doesn’t mean that 

an emotion is an illusion, it means emotions are conceptual categories of collective agreement that 

depend on the perceiver, past experiences, minimized prediction error, culture, society practices, 

and prospections (Barrett, 2017). We (try to) give meaning to what happens within us and our 

surroundings, that is, our brains are constantly predicting the meaning of sensations (Feldman et al., 

2022), and emotion appears as the mechanism that allows a living agent to construct a meaningful 

experience out of the environment (Kiverstein & Miller, 2015). 

Constructed emotion and embodied emotion theories share building blocks, such as life-

regulation and sensory input to minimize error, specifically differing in action-readiness focus.  

Embodied emotion theory6 proposes that the environment triggers our body to get ready for action 

(Kiverstein & Miller, 2015), and this readiness manifests as different levels of energy (arousal) that 

are positively or negatively valued (valence). In this sense, besides constructing perceptions, 

memories, prospections, and imagination (Barrett, 2017), the brain’s simulations guide action 

(Kiverstein & Miller, 2015). Both valence and arousal occur as life-regulation and adaptation 

processes, ultimately representing a cue for agents to get ready to act, improve the situations they 

encounter, and better integrate with the environment (Damasio, 2017; Hesp et al., 2021; Kiverstein 

& Miller, 2015). Kiverstein and Miller (2015) postulate that emotion is embodied because it mobilizes 

the organism through action-readiness states guiding the body to relevant possibilities. Beyond its 

 
6 This emotion theory is deeply rooted in active inference. 
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bodily state, through recalling and conceptualising past experiences, an emotion also gives a 

meaningful experience to the environment; this meaning-making allows for certain possibilities of 

action to stand out as more relevant to the organism. As the mind is not enclosed in the brain, 

emotion and cognition are in constant interaction and deeply rooted in the whole body (Kiverstein & 

Miller, 2015). These precepts of embodied emotion do not contradict constructivist theory, but add 

up to the physical, behavioural and expressiveness processes. 

 

1.4.1.  Valence 

Feeling good, or bad, plays a critical role in the struggle for survival in a world that is mutable and at 

the same time substantially predictable (Johnston, 2003). In active inference, agents choose actions 

that most likely minimise surprise and lead to expected states. This allostatic consequence is 

experienced consciously as affect (Barrett, 2017), particularly in the form of emotional valence. 

Valence can be understood in relation to prediction error, it relates to the confidence in our 

generative model (Hesp et al., 2021). Positive valence emotions arise when errors are reduced more 

effectively than anticipated, signaling successful alignment between predictions and feedback (the 

model’s fitness). Conversely, negative valence emotions emerge when errors accumulate 

unexpectedly, reflecting a misalignment that challenges the generative model (Hesp et al., 2021; 

Schoeller et al., 2021). Valence is a reflection of the perceived fitness of the self; so valence emerges 

as an embodied indicator to track and optimise error prediction relatively to the environment 

(Schoeller et al., 2021). Note that valence is not necessarily linked to a positive or negative outcome 

itself, but to the perceived prediction error minimisation. This means that I could predict that my bus 

will arrive late; if it does arrive late I could potentially feel a positive valence as my prediction was 

tuned with the situation I encountered in the environment, showing that my current model is 

reliable.  

Essentially, emotional valence and trust are entangled, as valence can be a reflection not only of 

how adaptive is one’s current mental model, but how well one is able to predict the other agent’s 

actions (Schoeller et al., 2021). Uncertainty in predicting another’s behaviour leads to a mental 

activation of multiple possible actions, which has been evidenced in prior research to induce a 

response conflict that triggers negative affect (Hommel & Colzato, 2015). Being a direct indicator of 

the appropriate level of trust, this affect in return guides future trusting (or not) in another agent 

(Hommel & Colzato, 2015), as valence guides behaviour as we increase or reduce the reliance of our 

expectations (Hesp et al., 2021). 
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1.4.2.  Epistemic Emotions  

“Emotions are constructions of the world, not reactions to it”  

(Barrett, 2017, p. 16)  

Epistemic emotions relate to both knowledge and generation of knowledge, and are believed to be 

of primary importance for learning and serving the evolutionary purpose of acquiring knowledge of 

the self and the world (Pekrun et al., 2017). As our learning processes are driven by prediction error, 

this involves not only acquiring tangible knowledge, but also updating our generative models and 

inferences as we perceive the world. Epistemic emotions in this sense, can be understood as 

indicators of this prediction updating. In this view, surprise, boredom, and curiosity stand out as 

particularly salient epistemic emotions. Some authors (Muis et al., 2015; Pekrun et al., 2017; Samani 

et al., 2022; Vogl et al., 2019) also consider anxiety, frustration, excitement, and confusion. Previous 

research (Pekrun et al., 2017; Vogl et al., 2019) establishes that curiosity and confusion are epistemic 

by nature, while others could belong to different categories (e.g. achievement emotions) depending 

on the object focus of attention. Research also postulates that not only “pleasant” epistemic 

emotions can promote learning (as enjoyment), but also “unpleasant” ones as confusion (Pekrun et 

al., 2017) or boredom. 

 

1.4.2.1.  Surprise 

Comparisons between prediction and  actual observation help quantify surprise (Majid, 2025). Even 

though they are related, expected and unexpected surprise should not be confused. In active 

inference, expected surprise is a measure for uncertainty.  

Predictive models “know” that there is uncertainty in the world and are able to account for a 

wide range of it. Our brain seeks for minimization of expected surprise (Schoeller et al., 2021) while 

actively avoiding unexpected surprise, as this is an indicator of prediction error. Surprising 

(unexpected) events tend to be salient and capture our attention, with research results showing that 

children look at those surprising, unexpected events for longer (Barone et at., 2019; di Paolo et al., 

2024). This happens because error can be inherently valuable as uncertainty signals learning that 

needs to take place (di Paolo et al., 2024). Therefore, in this epistemic context, surprise can have a 

positive valence (Pekrun et al., 2017), which in turn suggests that a positive valence while 

experiencing surprise when learning, could potentially be a response from our generative model 

promoting acquisition of knowledge to better fit the environment. This aligns with di Paolo et al. 

(2024) who propose epistemic action as a purposeful exploration for deeper knowledge.  
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1.4.2.2.  Boredom 

Boredom7 by itself represents a deep understanding of the world and how an agent is engaged to it, 

with philosophical and psychological contributions (Darling, 2023). In this work we will narrow our 

analysis of boredom as emotion and its capacity to show a grip on the world through prediction 

error.  

Seemingly counterintuitively, boredom drives learning: it might appear as a misfit between what 

the world offers and what we could actually learn, driving action into a more engaging activity 

(Darling, 2023) with a better fit and a potential learning experience. To note that, although this 

learning entails epistemic learning of specific knowledge (e.g. learning how to play an instrument), it 

is intended in this explanation to consider the broad abstract learning in the sense of active inference 

(e.g. increasing my adaptation to the environment by optimizing my prediction error through 

learning).   

High predictability states are not rewarding (Yu et al., 2019); as in the boredom we might 

experience during a very easy task or activity, which does not drive learning, because it probably 

represents something we are already familiar with. On the other hand, boredom could also arise 

when encountering a situation that is so difficult that one cannot engage with it, potentially giving 

birth to frustration (which is also an epistemic-related emotion) as the challenge may be seen 

beyond our ability to resolve it.  

In this sense, exploration and exploitation come to sight. Exploration usually refers to actions we 

take or activities we engage with that are unknown to us, high in both uncertainty and learning 

possibility; so it will be higher in cost at the given moment, but will potentially also pay back in the 

long-term as better prediction modeling. Exploitation appears when we move along a known area 

and we exploit our previous knowledge, being low cost in the short-term but limiting our learning in 

the long-run. To avoid boredom from surging, a situation should be in the “sweet spot” between 

exploration and exploitation (Darling, 2023; Navarro, 2025; Schoeller et al., 2021). Moreover, we will 

tend to be in that “sweet spot” of learning and move forward to an increase in difficulty, when 

prediction errors are mastered (di Paolo et al., 2024). 

Boredom and curiosity are deeply interconnected and also linked with intrinsic motivation, 

namely homeostatic and heterostatic motivation. This is, searching for equilibrium and self-

perturbing this equilibrium respectively (Yu et al., 2019). 

 

 
7 According to Darling (2023), boredom is both an emotion and a mood 
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1.4.2.3.  Curiosity 

Curiosity aims to reduce uncertainty (Schoeller et al., 2021), it appears as a way to increase our sense 

of control over unknown situations, that after exploration might become more familiar. It shapes 

one’s fitness in terms of survival chances (Yu et al., 2019). According to active inference (di Paolo et 

al., 2024), curiosity expressed by play or exploration allows for the minimization of prediction error 

in the long term. Even if metabolically costly, our systems roam in epistemic actions to explore their 

capabilities in challenging situations and integrate them into their generative model to better fit 

incoming data (di Paolo et al., 2024), this is made conscious through emotional responses of valence, 

with research showing that we find pleasure in reducing manageable uncertainty (di Paolo et al., 

2024). 

Curiosity potentially collapses the distinction between explorative and exploitative behaviours 

(Andersen et al., 2023) as it extends the system’s predictable, known zone while engaging in 

unpredictable environments (Yu et al., 2019). It drives learning and allows for the discovery of new 

information by seeking novelty. For example, Chu and Schulz (2020) propose that curiosity, in the 

form of play, drives children to find out what will happen in a self-imposed challenge (with arbitrary 

costs and rewards), this takes them to the invention of problems and novel goals that will ultimately 

lead to the generation of new ideas and plans. Curiosity becomes the fuel of an epistemic hunt (di 

Paolo et al., 2024), that potentially allows for a better adaptation to the environment.  

 

1.4.2.4.  Anxiety, frustration, excitement, and confusion  

Anxiety is related to one’s perceived control, or need for perceived control. For example, research 

(Paulus et al., 2019) shows a correlation between anxiety and an impairment of control, as it speaks 

about the capacity to lead with uncertainty (expected surprise). Anxiety might appear with overly 

inflexible expectations, hyperprecise beliefs, or when having trouble adjusting expectations in the 

presence of new sensory information from the body and the environment.  

Agents are not only sensitive to minimizing error in the present moment but also over time. A 

rising frustration might appear while encountering unexpected issues on my computer when trying 

to meet a deadline in school. This reflects that our error minimization rate decreased slower than we 

expected, and we will choose different (present and future) actions by consequence (di Paolo et al., 

2024).  

Excitement could be felt a priori of an experience, anticipating an event that we expect to be in 

line with our mental model’s fitness; it might also be felt when experiencing engagement with an 

activity, commonly accompanied by positive affective states or other positive valenced emotions 

(Hesp et al., 2021; Tarchi et al., 2025).  
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Finally, cognitive effort and ambiguities might lead to confusion (Pekrun et al., 2017), also in 

interactions with technology (Chandra et al., 2022). It arises as a response to abstract, complex, and 

challenging stimuli (Silvia, 2010) but has received limited attention from psychology and emotional 

research (Silvia, 2010; Vogl et al., 2019). It might appear in stretching exploration behaviours, 

potentially after experiencing surprise (Vogl et al., 2019), as high novelty and low comprehensibility 

elicit confusion (Silvia, 2010).  

 

1.5.  Priors 

Our mental models make meaning through perception and prediction; nevertheless, they are 

grounded in prior experiences, beliefs, attitudes, intentions, values, and emotions (Christov-Moore et 

al., 2024; Navarro, 2025). Priors account for the organism’s knowledge about hidden states of the 

world, before encountering sensory data, and are hierarchically organised (Parr et al., 2022).  These 

are important given that a predictive world-model integrates both pre-existing beliefs (priors) and 

new sensory evidence (Christov-Moore et al., 2024). Alongside sensory evidence (e.g. an interaction 

or exposure to AI content), prior knowledge (such as familiarity, AI literacy, frequency of use, and 

attitudes towards AI), might fundamentally serve to reduce uncertainty, thus enhancing 

predictability. (Christov-Moore et al., 2024; Daronnat et al., 2021; Grassini, 2023; Kelly et al., 2023; 

Körber, 2019; Laupichler et al., 2023a).  

AI Familiarity is formed through past experience with technology. Accumulated experience 

allows users to calibrate their trust by forming expectations regarding its function (Körber, 2019; 

Schoeller et al., 2021; Sheridan, 2019). AI literacy (Long & Magerko, 2020) is defined as a set of 

competencies that enables individuals to understand, critically evaluate, and use AI in different 

contexts while communicating and collaborating effectively with AI technologies (Laupichler et al., 

2023a; Leikas et al., 2022). Users might be better able to predict future actions of technology if they 

understand how it works (Sheridan, 2019). Previous research suggests that a robust understanding of 

technological capabilities correlates positively with reliance on such technology (Glikson & Woolley, 

2020). Frequent use might enable the refinement of expectations and subsequent trust increase. 

Since trust can fluctuate based on systems' consistent behaviours, recurrent usage might confirm 

patterns and boost predictability (Schoeller et al., 2021). Furthermore attitudes towards AI or an 

individual's propensity to trust might influence adoption and trust in AI (Christov-Moore et al., 2024; 

Daronnat et al., 2021; Grassini, 2023; Kelly et al., 2023; Körber, 2019; Laupichler et al., 2023a). 
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Section two: Previous Research  

Human Computer Interaction (HCI) has evolved since the mid-20th century parallel to technological 

advancements (Navarro, 2025), and with it, the research on the intersection of both. As AI has 

transformed our previous understanding of human-technology relations (Murray et al., 2021), new 

empirical and theoretical questions are arising as human-AI collaboration will continue to evolve 

(Glikson & Woolley, 2020). We stand that active inference provides an integrated framework that 

allows us to study human-AI interaction and better understand trust and emotional responses while 

accounting for priors. In the following subsections we’ll review previous research on HCI, more 

specifically with AI systems and conversational bots.  

2.1.  ChatGPT 

The first LLM with a relevant impact on public perception was OpenAI's ChatGPT (Oliveira, 2025). 

Among several LLMs available in both free and paid versions, ChatGPT stands out not only as the 

most commonly used (Rainie, 2025), but also as the AI system with the fastest adoption growth in 

the history of technology (Oliveira, 2025). In April 2025, Sam Altman reported that 10% of the global 

population uses OpenAI systems, suggesting that ChatGPT had reached around 800 million users 

(Altman & Anderson, 2025).  

ChatGPT continues to be widely studied from multiple perspectives. From a performance 

standpoint, researchers have compared its capabilities to human abilities on tasks such as emotional 

awareness (Elyoseph et al., 2023), problem-solving (Orrù et al., 2023), or rating and recommendation 

(Liu et al., 2023). From the users’ perspective, research in educational contexts has studied 

ChatGPT’s acceptance, usage, learning practices and motivation among students (Muhaimin et al, 

2023; Siregar et al., 2023; Steele, 2023; Zheng, 2023). Industry research has explored how GPT-

powered tools affect productivity and employee retention (Brynjolfsson et al., 2023). A recent study 

by OpenAI and MIT (Phang et al., 2025) began to explore the relationship between ChatGPT usage 

and the emotional well-being of its users, with particular focus on interaction modality, by 

comparing voice and text-based conversations (Fang et al., 2025). Despite these extensive studies, 

limited work has been done to address lay users' interactions with ChatGPT, particularly in terms of 

their initial intent and input complexity levels.  

 

2.2.  Types of interactions 

Historically, research on user engagement with technology has been grounded on its instrumental 

value (Chandra et al., 2022). For example, AI service chatbots have long been used in industry for 

customer service and continuous efforts to enhance their performance and user experience have 

been carried out for years by improving communication style and developing empathetic response 
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capabilities, specifically to improve business outcomes (Bagozzi et al., 2022; Chandra et al., 2022; 

Pelau et al., 2023; Xu et al., 2022). Even so, a new field of research is emerging as conversational AI 

agents, such as LLMs, voice assistants (e.g., Alexa, Google Home), and service or social chatbots (e.g. 

Replika), are rapidly increasing adoption worldwide. This research field focuses on the improvements 

in human-like capabilities of AI technology, especially after ChatGPT’s 2022 release, which marked 

unprecedented accuracy in language processing, context understanding and task-agnostic 

performance (Abdurahman et al., 2025; Elyoseph et al., 2023) opening up new possibilities for 

interactions that go beyond brand-consumer transactional conversations (Johnsen, 2025). More 

recently, emerging research has aimed to understand users’ behaviours and meaning-making 

processes, including usage intent, emotional responses, trust, engagement, and action (Andries & 

Robertson, 2023; Chandra et al., 2022; Phang et al., 2025). For example, recent research on health 

and AI examines LLM’s responses to caregivers seeking support (Saha et al., 2025) and emotional 

coping (Pham, 2022). In professional contexts, research shows that one third of employees think that 

robots would provide more unbiased feedback than managers (Bagozzi et al., 2022, p. 4). Some users 

have even described conversational AI agents as a family member or friend (Purington et al., 2017; 

Skjuve et al., 2021). Even though participants know that the chatbot reciprocates in a different way 

that they or other humans do, some chatbots are found to express feelings or needs, and this might 

encourage a sense of reciprocity (Skjuve et al., 2021) that could lead to such perceptions. Research 

on LLM-powered social chatbots, such as Replika and Xiaolce, examines systems designed for 

companionship conversations (Pham, 2022). Users report discussing everyday activities, such as 

hobbies and sleeping habits, mental states and philosophical topics, personal worldviews, as well as 

personal problems, such as family conflicts and coping strategies. In these conversations, self-

disclosure was reported by nearly all participants as they felt more comfortable sharing difficult life 

situations with a ‘listener’ perceived as non-judgmental (Skjuve et al., 2021). Although these 

interactions are often centered on companion-seeking behaviour, research shows that users also 

engage in similar self-disclosing conversations with more generalist LLMs (Phang et al., 2025). This 

potentially broadens the nature of such conversations, diversifying interaction types, increasing the 

breadth of information exchange, and deepening vulnerability (Skjuve et al., 2021). These 

interactions may also vary in complexity, ranging from casual and objective-specific exchanges to 

emotionally nuanced and reflective dialogues.   

Topic patterns suggest that users interact with ChatGPT in both personal and non-personal 

conversations with even distribution (Phang et al., 2025); although, heavy users tend to include more 

affective cues compared to casual users (Fang et al., 2025). Conversely, research on Replika indicates 

that some users start with deep conversations and gradually reduce their emotional expression over 

time (Skjuve et al., 2021), possibly explained by differences in the user's initial motivations (Guingrich 
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& Graziano, 2023). Research on AI voice assistants (Andries & Robertson, 2023) found that asking 

questions (20%), entertainment-jokes (12%), and searching for information (11%) are among the top 

5 interactions children have with Alexa, right after playing music (40%). Since 2025, AI voice 

assistants, including Alexa and Google Home, are integrating LLM capabilities into their architectures 

(Amazon, 2025), allowing them to speak more naturally, keep context of users’ preferences and even 

take action without direct supervision. 

As these devices are integrating LLM capabilities into their architectures, such intent patterns 

may shift, enabling more complex and dynamic interactions. Emotional responses, trust, and 

perceived anthropomorphisation have also been examined (Andries & Robertson, 2023), albeit 

typically across all interaction types without accounting for differences in complexity. These patterns 

highlight the need for more nuanced analyses, as the conversation type significantly affects user’s 

emotional and psychological responses; for example, Fang et al., (2025) showed that text-based 

chatbots can become addictive for certain interaction types. Segregating by type of interaction, 

particularly when examining users’ emotional responses, perceived trustworthiness, and 

anthropomorphisation, could yield deeper insights into how people relate to different AI agents. At 

the same time, varied interactions with comparable levels of complexity may elicit similar relational 

dynamics, regardless of the AI agent’s primary function or the users’ intent of interaction. This 

becomes especially relevant when considering broader, non-companion-focused interactions with 

task-agnostic LLMs, which may evoke different perceptions, emotional responses, and relationship 

dynamics. 

 

 2.2.1.  Prompts as a key component of LLM interaction 

User-friendly interactions with LLMs take place through prompts. A prompt can be defined as any 

text input used to elicit a conversation with AI models. Often, they work as an input-output template 

that allows users to mix arbitrary text with data and personalised fields (Sanh et al., 2022). Whereas 

there has been an increasing interest in prompt-related research for optimised constructing and 

testing, such as prompt catalogs, classifications, and usage recommendations (Geng et al., 2022; 

Sanh et al., 2022; Santu & Feng, 2023; White et al., 2023), most of this work has focused on the 

technical aspects and not on user experience. From an HCI perspective, limited research has been 

done on how prompts influence users’ interactions and overall experience including how users 

construct (Subramonyam et al., 2024), adapt, and optimize (Mondal et al., 2024) prompts. Recent 

studies have explored how different prompt types elicit distinct user interactions. OpenAI and MIT 

(Phang et al., 2025) explored prompts categorised as personal, non-personal, or open-ended and 

their relationship with interaction patterns. However, their study did not include user validation of 
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these categories nor control for complexity-comparable levels across prompt types. Prompts for 

‘non-personal’ interactions included very different cues such as “help me brainstorm fun and 

educational outdoor activities for elementary school students”, “help me determine if I should 

confront my neighbor who has been really loud at night”,  or “help me practice handling a difficult 

conversation with a coworker by role-playing as my colleague who consistently misses project 

deadlines”. ‘Personal’ condition included various cues from “Let’s talk about whether I’m a morning 

or evening person”, or “Let’s talk about the best show I’ve watched in the past few months” to “Help 

me reflect on my most treasured memory” or “Help me reflect on the last time I was able to connect 

with my emotions” (Fang et al., 2025). While ‘non-personal’ prompts actually include cues from one’s 

life in potentially difficult situations, like relationships and problem-resolving  with others, both 

categories have a wide variety of complexity, from simple brainstorming activities to deep reflection. 

This might impact trust and emotional responses nevertheless, the research did not account for 

these differences.  

Similarly, TUM researchers (Bodonhelyi et al., 2024) provided valuable insights by validating 

prompt intents and evaluating user responses, yet it also lacked consideration of complexity levels. 

Other work has crafted and tested specific prompts reflecting different intents and anthropomorphic 

cues (Ibrahim et al., 2025), without validating them with subjects in terms of categorisation or 

complexity, limiting their applicability in more nuanced HCI investigations. A structured 

categorisation of prompt types could support more targeted and comparative research. Crucially, 

maintaining consistent prompt complexity is essential for valid comparisons across interaction types 

in experimental settings; e.g., prompts designed to elicit different types of interaction while keeping 

complexity consistent, would allow researchers to reliably compare emotional responses, behavioral 

patterns, or trust in AI across different groups.  

 

2.3.  On trust and emotional responses 

Trust is a necessary condition for any human-robot collaboration (Schoeller et al., 2021). Trust in 

systems has been widely studied, whereas little attention appears to be given specifically to 

interactions with ChatGPT. 

Through a systematic review, Hoff and Bashir (2015) analysed empirical work on Trust in 

Automation (TiA) and proposed a three layer model considering dispositional trust (user traits such 

as attitudes, personality), situational trust (e.g. system’s complexity, task difficulty), and learned trust 

(prior interaction e.g. expectations; previous experience and during interaction; e.g. system’s 

performance). Even though their systematic review does not account for AI applications, their 

contributions are valuable in identifying key aspects of trust, highlighting common 
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operationalisations as self-assessment measures or behavioural reliance measures while pointing 

trust as dynamic and layered. User trust in interactions with AI has been studied from corporate 

perspectives (Bagozzi et al., 2022) as well as in a governmental context (Leikas et al., 2022), and also 

in social chatbots, as Replika, (Skjuve et al., 2021). The latter, studied trust through affective design, 

empathy cues, social signals, and anthropomorphisation (Andries & Robertson, 2023; Bagozzi et al., 

2022; Fiore et al., 2013; Schoeller et al., 2021; Skjuve et al., 2021). Behavioural trust has also been 

explored through AI’s explainable features and users' adoption (Duarte et al., 2023), parallelism with 

interpersonal trust (Lee et al., 2013), agent’s reliability (Fan et al., 2008) and agent’s predictability 

(Daronnat et al., 2021).  

 As AI systems continue to evolve in human-like capabilities and front-end natural 

interactions with lay users, further than back-end automations for developers, new approaches have 

emerged considering growing parallelisms with interpersonal trust as humans tend to 

anthropomorphise the behaviour of non living creatures in order to increase their predictability and 

our understanding of them (Andries & Robertson, 2023; Pelau et al., 2023; Pezzulo et al., 2024). This 

speaks to the fundamental importance of a shared narrative (Schoeller et al., 2021); for example, 

research has already included the study of the perceived value similarity with AI systems to 

understand trust (Yokoi et al., 2021; Yokoi & Nakayachi, 2021), even in medical treatment decisions.  

 Specifically concerning ChatGPT, recent research (Fang et al., 2025) suggests that trust in AI 

is a significant predictor of both emotional dependence and problematic use. Participants exhibiting 

low levels of trust in ChatGPT, or perceiving the system as indifferent to their negative emotions, 

demonstrated lower emotional dependence, lower usage rates, and engaged primarily in casual 

conversational patterns. Conversely, high levels of trust, prior experience with companion chatbots, 

and perceiving ChatGPT as a “friend” attentive to the user’s emotions, were associated with higher 

emotional dependence and increased problematic use. These findings suggest that users’ trust in AI 

encompasses both cognitive (trust in the system’s perceived competence and reliability) and 

affective dimensions (trust in the perceived system’s concern and responsiveness to users’ emotional 

states), which operate in a complementary manner to shape interaction outcomes. Fang’s et al. 

(2025) findings align with recent work (Shang et al., 2024) that propose a dual-dimension model of 

trust, in which cognitive and affective components of trust operate interactively; and where different 

types of LLM-based interactions might induce varying levels of cognitive and affective trust through 

their style and conversational framing. In sum, findings suggest that the type and complexity of 

prompts may not only calibrate cognitive expectations of the system's competence but also 

modulate affective engagement, potentially influencing users’ emotional investment and reliance on 

the system. 
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This might explain why Körber (2019) has also highlighted that using a single, direct item to 

evaluate trust could often be insufficient, given its multidimensional nature. As Körber notes, the 

measurement of trust is inherently defined by the theoretical framework adopted: even though 

general trust scales, TiA, and interpersonal trust scales may share overlapping themes, each one of 

those instruments considers specific factors and items that reflect their own particular 

conceptualisations. Gulati et al. (2018; 2019) developed a multidimensional scale to assess trust in 

HCI through an inductive, iterative approach, specifically for consumer-oriented AI systems such as 

Alexa or ChatGPT, considering affective and cognitive aspects. Interestingly this scale innovates by 

using not only past, but future scenarios for assessing trust, aligning with the learned trust layer from 

Hoff and Bashir (2015). Gulati and colleagues built on previous research to account for benevolence, 

perceived risk, competence, and reciprocity in order to create their Human Computer Trust Scale 

(HCTS). Even though authors do not state it literally, this scale potentially aligns with the active 

inference framework as accounts for precision estimates on individuals’ beliefs about the system, its 

alignment to their own model, and uncertainty, considering that trust in human-AI interactions can 

be interpreted as the user’s perceived accuracy of their internal model of the AI agent. Research on 

emotional responses within the context of interactions with AI is still in a developing phase as we 

have only started to discover the role of emotions in the relationship with AI (Bagozzi et al., 2022). 

Nevertheless, previous research on technology shows that positive valence states lead to behaviour 

that shows an increased reliance on prior expectations, while on the other hand, reduced reliance on 

expectations is related to negative valence states (Gasper & Clore, 2002; Hesp et al., 2021; Park & 

Banaji, 2000). Moreover, Hesp et al. (2021) state that emotional valence is inextricably linked with 

action and generative predictive models. Studying interactions with ChatGPT and other AI 

conversational agents by type/intent, their complexity, appeal, general domain and linguistic style, 

might offer an interdisciplinary understanding with broader theories of trust or emotional valence to 

help explain how certain types of interaction not only shape situational trust but also have an effect 

on users’ cognitive and emotional responses when engaging with conversational AI. 

Expanding upon emotional responses, epistemic emotions8 cannot be represented by negative 

or positive valence summary factors (Pekrun et al., 2017), which might explain why some emotions 

might be ambivalent and therefore, possibly better understood by assessing both positive and 

negative valence scales. Additionally, we might experience more than one emotion when interacting 

or learning, which potentially generates different levels of positive and negative valence. For 

example, prior research on epistemic emotions (Pekrun et al., 2017) suggests that incongruity can 

trigger surprise, confusion, and curiosity; confusion might be related to a negative affect, while 

 
8Surprise, boredom, curiosity, anxiety, frustration, excitement, and confusion (Pekrun et al., 2017),  as 

previously mentioned in the frameworks section. 
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curiosity could be related to a positive one. Boredom, in turn, can indicate a lack of engagement in a 

given activity, as previous studies have also shown a negative correlation with perceived task value 

(Pekrun et al., 2017), while showing a positive correlation with negative valence (Yu et al., 2019). 

Research, then, presents us with two potential interpretations of boredom in this context: it could 

either be an indicator of overreliance on the system (Schoeller et al., 2021) or it may arise when the 

outcomes delivered are perceived as less valuable (Yu et al., 2019). 

While trust and positive emotional responses potentially enable engagement and drive 

adoption, the latter might not only be shaped by LLMs’ capabilities but also by interaction intent and 

users’ priors. Emotional responses and trust seem to be interwoven with pre-existing AI familiarity, 

attitudes towards AI, and AI literacy; for example, some authors suggest that a more pronounced AI 

literacy possibly leads to reduced anxiety towards AI (Laupichler et al., 2023a; Wang & Wang, 2022); 

attitudes towards AI could influence trust even before actually engaging with a system (Glikson & 

Woolley, 2020; Schepman & Rodway, 2023) and, familiarity might moderate trust in automation 

(Körber, 2019). In previous research (Fang et al., 2025; Phang et al., 2025), perceived AI literacy and 

prior usage positively predicted emotional dependence on ChatGPT; while positive attitudes towards 

AI, assessed through the AI Attitude Scale (AIAS-4) from Grassini (2023), negatively  predicted 

loneliness.  

While extensive research has explored trust in automation, and emotional responses to it, the 

role of predictability (as in the predictive mental model of the user) remains under-investigated. To 

the best of our knowledge, there appears to be a gap in the literature regarding the interactions of 

predictability and users’ priors; predictability’s relationship with emotional responses; as well as 

predictability as a variable to explain the effects on trust when interacting with AI, specifically 

ChatGPT. Our research will focus specifically on these dynamics. The value of this novel approach is 

that it allows us to investigate a more fundamental mechanism, which is inspired by theoretical 

frameworks like active inference and embodied emotion, where prediction is a core component for 

generating trust and emotion.  

 

Section three: General objective and research questions  

3.1. What we (actively want to) know 

This body of research aimed to explore trust dynamics and emotional responses when interacting 

with ChatGPT, framed in the active inference framework. The general research questions that guided 

the study were: does predictability explain the effect of type of interaction in trust when engaging 

with ChatGPT? and, does the accuracy of prediction relate to emotional responses?  
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To accurately operationalize these questions, the body of research consisted of two phases. The 

Study One (Preparation Study) seeked to select a set of prompts with clear identification of intent 

category (type of interaction) and level of complexity, while the Main Study used the pilot-tested 

prompts from Study One to examine the effects of different types of interaction with ChatGPT. 

Study One was presented at the 12th International Conference on Multimedia and Human-

Computer Interaction (MHCI 2025) in Paris and later published (Velázquez et al., 2025). The present 

manuscript provides an extended and revised version of that text, and additionally advances to the 

subsequent Main Study. 

Study One (Preparation Study): Towards a typology of prompts. 

This was a mixed-methods study that aimed to assess a set of prompts that were written by 

ChatGPT itself; adapted, and pre-selected by the researcher through a qualitative analysis. Then, 

participants from a convenient sample categorised between (a) task-oriented or (b) reflexive intent 

and rated the level of complexity of these prompts. A smaller set of prompts was obtained through 

this quantitative assessment, and these prompts were later used for the Main Study. Specifically, it 

addressed the research question: how can prompts be generated, curated, and classified by intent 

and complexity, ensuring alignment with lay users’ perceptions? 

Main Study: End users’ interactions with ChatGPT. 

This was a pre-post study, framed within the active inference model, including within and 

between group comparisons. The study alternated interactions with ChatGPT and self-assessment 

questionnaires. Using the prompts selected from Study One, two types of interactions with similar 

levels of complexity took place: (a) Task-oriented and (b) Reflexive. All participants took part in both 

types of interactions but were randomly assigned to either condition (a) or (b) for their first 

interaction with ChatGPT. For their second interaction, they engaged in the opposite condition. The 

Main Study addressed the following specific research questions:  

RQ1 - Does type of interaction have an effect on trust?;  

RQ2 - (exploratory) Does the number of interactions have an effect on trust or predictability?;  

RQ3 - Is the relationship between type of interaction and trust explained by predictability?;  

RQ4 - (exploratory) Does prior knowledge moderate the relationship between type of 

interaction and predictability?;  

RQ5 - (exploratory) Do attitudes towards AI moderate the relationship between type of 

interaction and trust?;  

RQ6 - Is the accuracy of prediction related to emotional valence?  

RQ7 - Is the accuracy of prediction related to epistemic emotions such as boredom, curiosity, 

surprise, anxiety, excitement, confusion, or frustration? 
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CHAPTER TWO  

Study One 

Towards a typology of prompts 

This study aims to provide a structured resource that improves the comparability of findings in LLM-

based interactions. It addresses the need for a shared understanding of prompt categorisation based 

on the interaction type and complexity level to enable controlled, systematic comparisons of factors 

like emotional responses, trust dynamics, or user engagement. This study addressed the research 

question: how can prompts be generated, curated, and classified by intent and complexity, ensuring 

alignment with lay users’ perceptions? 

 

1.1.  Method 

This exploratory study employed a mixed-methods approach comprising three phases to ensure a 

thorough analysis. The first phase involved interactions with ChatGPT to co-explore possible 

prompts. In the second phase, qualitative research was conducted to analyse and curate these 

prompts according to themes and complexity levels. The third phase consisted of quantitative 

research with end users to assess the selected set of prompts in terms of category agreement and 

complexity interpretation. Given ChatGPT’s demonstrated performance in (a) assisting with complex 

tasks, alongside with its perceived human-likeness which may (b) encourage more personal-oriented 

interactions, this study focused on identifying prompts that could specifically elicit these different 

types of interactions: (a) goal-oriented and (b) personal conversations, excluding other applications 

or interactions from its scope.  

 

2.1.  First Phase: Exploring prompts with ChatGPT 

 

2.1.1.  Procedure 

As prior studies (Dowling & Lucey, 2023; Sohail et al., 2023) suggest that ChatGPT can support 

researchers in generating plausible ideas, we used it as an exploratory tool to create and organize 

prompt examples for further analysis. All interactions were conducted using the free version of 

ChatGPT. We conducted two separate interactions: the first on May 3rd, 2024, using GPT-3.5, and 

the second on July 9th, 2024, with GPT-4o. A new chat session was started for each interaction. On 

each, consistent questions were asked to explore prompt categories, their characteristics, 

differences, and complexity. ChatGPT provided examples through iteration.  
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To reduce variability in user background knowledge and ensure broader relevance, prompt 

examples were framed around accessible, everyday life topics that impact the general population, 

such as wellbeing practices, human development, and daily habits, in line with prior research on 

common use cases (Fang et al., 2025; Phang et al., 2025; Skjuve et al., 2021). This raw data was used 

in the qualitative analysis. Following current Best Practices on LLMs usage in research (Abdurahman 

et al., 2025), more details can be found in the replicability statement.  

 

2.1.2.  Results 

When inquired about categories and complexity levels, GPT-3.5 and GPT-4.o proposed distinct 

prompt classifications (10 categories with 7 complexity levels and 13 categories with 3 levels, 

respectively); nevertheless they shared similarities in their responses. The categories that ChatGPT-

3.5 provided were: informational, creative, opinion-based, problem-solving, educational, reflective, 

argumentative/persuasive, comparative/contrastive, analytical, and experimental; whereas 

ChatGPT4.o provided informational, instructional, creative, entertainment, opinion-based, problem-

solving, educational, technical, feedback, personal assistance, analytical, research, and 

conversational/small talk categories. Complexities obtained from GPT-3.5 were basic/introductory, 

intermediate, advanced/complex, specialized/expert, open-ended, context-dependent, and multi-

step; while GPT-4.o provided easy, moderate, and hard.  

After asking for examples, we obtained 69 preliminary prompts and selected the following 

categories: “informational,” “comparative/contrastive,” “educational”, and “analytical” for their 

educational relevance, a widely documented use of LLMs (Rainie, 2025); “personal-assistance”, 

“feedback”, and “reflective” for their introspective nature, consistent with prior work describing 

LLMs as companion partners and tools for self-reflecting (Skjuve et al., 2021); “problem-solving”, 

given its potential applicability to real-world user needs. We excluded “opinion-based” and 

“experience” prompts, as ChatGPT lacks personal narratives (Saha et al., 2025). Similarly, “creative” 

and “entertainment” prompts were deemed irrelevant to the study objectives; 

“persuasive/argumentative,” present only in GPT-3.5, was excluded as it pertained more to tone than 

intent.  

After inquiring both versions of ChatGPT about prompts framed into everyday life topics, such as 

wellbeing or daily habits, we gathered 116 prompts from three different complexities (basic, 

intermediate, and advanced).  
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2.1.3.  Replicability Statement 

ChatGPT parameters were set to default. Models used were GPT-3.5 on May 3rd, 2024 and GPT-4.o 

on July 9th, 2024. A list of prompts sent to GPT is available in Appendix A. 

 

3.1.  Second Phase: Refining through qualitative approach 

 

3.1.1. Procedure  

Through a qualitative thematic approach (Braun & Clarke, 2019) we interpreted and constructed 

(Braun et al., 2022) themes by analysing raw responses from both GPT versions. Working with 

prompts around everyday life topics would reduce potential bias of previous knowledge from 

participants and allow for better control when comparing complexity levels across prompts. For 

example, an advanced prompt focusing on “emotional regulation strategies” or “positive psychology 

and resilience” could be simple to a psychologist but complex to a chemist. An intermediate “botanic 

and conservation of local plants” prompt could be relatively simple for an ecologist, but more 

complex for a chemist; whereas an intermediate “carbon footprint and emission” prompt could be 

relatively simple for the chemist, but more complex for the psychologist.  

All 116 gathered prompts from the previous phase were organised in a single document, 

keeping their original category and level of complexity. They were read and reread in detail for 

familiarisation purposes; after that, detailed observations were made by contrasting and comparing 

categories and complexities. A process of labelling and re-coding the original categories proposed by 

ChatGPT took place as we detected superpositions on the categories and complexities of prompts. As 

we were looking to identify and construct themes that could potentially elicit (a) goal-oriented and 

(b) personal conversations, we looked for these broader patterns in the prompts. Taking into account 

the characteristics of each category, intent, and theme of the prompts, we labelled them into four 

broader categories, while also reassigning their complexity level when needed.  

Prompts of comparable complexity were selected, intentionally avoiding overly straightforward 

ones to ensure that future research could explore more substantive and meaningful interactions with 

LLMs. As part of the theme review process, to ensure coherence and consistency, we excluded 

prompts that did not fit within the broader labeled groups, including those that were overly specific, 

overly broad, repetitive, or dependent on a particular context. We rechecked and reestablished the 

category or complexity if needed, and rewrote parts of some prompts to keep a common writing 

style. Again, we filtered out prompts through the previous parameters (e.g. too wide) and retained 

34 for the next phase.  
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3.1.2.  Results  

Prompts might have fallen into multiple categories simultaneously, for example, 

“informational/instructional”, “educational/technical”, “comparative/contrastive”, and “analytical” 

categories largely overlapped in purpose. Qualitative analysis revealed that all aimed to explain, 

clarify, or examine a specific topic. Differences often lay in the level of specificity required, or, in the 

directive verbs used, such as Describe/Explore, Explain, Compare/Contrast, or Analyze, rather than in 

different types of content. This overlap became evident when asking ChatGPT for examples and 

clarifications, as it often provided similar prompts across these categories, reinforcing their 

conceptual similarity. As a result, we merged and redefined these as “task-oriented” prompts, 

aligning with the goal-directed use of LLMs. Also prior research (Xu et al., 2022) had recognised this 

“task-oriented” category with the aim of completing a task. Verbs such as Create, Design, and 

Propose, which could be assumed as “creative” categories, also appeared in task-based prompts, 

emphasizing the need for careful thematic analysis.  

A second group of prompts revealed a reflective intent, asking users to reflect on experiences, 

feelings, or behaviors. These were labeled as “personal” (Fang et al., 2025; Phang et al., 2025) or 

“social-oriented” (Xu et al., 2022) in previous research. We decided to name them as “reflexive” since 

“personal” and “social” potentially include other topics, such as small talk, general personal 

assistance, and emotional support. Verbs marking these prompts included Reflect, Share, Examine, 

and Advice. Previous literature on self-reflection (Guingrich & Graziano, 2023; Purington et al., 2017; 

Skjuve et al., 2021) supported this category. Lastly, we identified prompts that combined both intents 

or belong to a different intent (as “creative” or “opinion-based”). For comparability and control 

purposes, we also considered two other groups of “none” and “both” categories.  

We retained only three levels of complexity: basic, intermediate, and advanced. GPT-3.5 initially 

proposed various complexity levels such as multi-step, open-ended, and context-dependent. 

However, these were better interpreted as prompt design features, not intrinsically complexity 

levels; for example, a prompt might be open-ended but still simple. “Context-dependent” complexity 

considers, for example, the audience’s level or area of education, and is part of the prompt design. 

Additionally, the “specialised/expert” level was deliberately omitted, as the study aims to establish a 

common ground for a general audience. The decision to use three degrees of complexity was aligned 

with our interactions with ChatGPT, which consistently generated examples of prompts in different 

categories within only three levels of complexity.  

Moreover, many prompts overlapped across multiple categories and complexity levels, as an 

advanced prompt from one category could be comparable to a basic level of complexity from 

another category, or a single prompt could include more than one category within itself. For 
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example, a prompt in the category of “informational” on a basic level: "What are some common 

plants found in neighborhood gardens, and how do they contribute to local biodiversity?" compared 

to the advanced level: "Analyze the ecological impact of introducing non-native plant species into 

neighborhood gardens, considering factors such as biodiversity loss and ecosystem disruption"; or a 

prompt in the category of “informational” on a basic level: "What are the key components of a 

balanced diet for overall well-being, and how can it impact mental health?" compared to the 

advanced level: "Analyze the nutritional differences between plant-based and animal-based diets, 

considering their impact on long-term health outcomes" illustrate how the “informational” category 

related closely to the “analytical" category, by deepening the difficulty of a similar task. Likewise, a 

prompt from the “analytical” category, assigned to the basic complexity: "Analyze the factors 

contributing to traffic congestion in your neighborhood, such as road design, population density, and 

commuter behavior", or "Analyze the impact of stress on physical health, discussing common stress-

related ailments such as headaches and digestive issues" could actually be comparable in complexity 

with the “informational” prompt from advanced complexity. The previous examples show how 

certain categories were intrinsically more complex than others. Through an iterative interpretive 

process, the categories and complexities were reviewed and, when necessary, reassigned, as the 

qualitative analysis revealed that the original classification did not always reflect consistent 

categorical boundaries or levels of difficulty. To ensure coherence, prompts were revised, and some 

prompts with overlapping categories were deliberately chosen and classified as “both” or “none,” 

which later served as control items. 

After iterative refinement and thematic comparison, we selected 34 prompts from an initial pool 

of 116 used on the thematic analysis. These prompts pertained to four categories: task-oriented, 

reflexive, both, none, and included three different complexity levels: basic, intermediate, advanced. 

Categories and complexities were used to create the assessment grid that was later used with 

participants. This refined set of prompts aimed to capture key variations in prompt intention and 

complexity to serve as a foundation for future research on user interaction, trust, and emotional 

engagement with LLMs. List of prompts can be found in Appendix B. 

 

4.1.  Third Phase: Quantitative validation with end users 

As we sought to obtain a set of prompts with two different intents that could be comparable in level 

of complexity for the lay population, we conducted a quantitative study with participants using the 

34 curated prompts from the previous phase to test for consistency. Data collection took place 

during November 2024. All data was collected online through the Qualtrics software. 
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4.1.1.  Ethics 

The subject research was approved by the Specialised Committee on Ethics in Psychology of ISCTE-

IUL (PSI_24/2024, September 2024) and can be found in Appendix C. Only the participants who 

accepted voluntarily to participate and met the inclusion criteria took part in the research; otherwise, 

they were redirected to the thank you message with a debriefing. No costs or risks were associated 

with participating in the study. Participants could interrupt the study or choose not to respond to 

questions whenever they wanted. Informed consent and debriefing can be found in Appendices D 

and E, respectively. 

 

4.1.2.  Participants  

Through convenience sampling, recruiting included participants from different countries, 

representing diverse academic and professional backgrounds. No specific AI knowledge, technical 

skills, or technology-related expertise were required to participate; however, participants had to be 

at least 18 years old and possess an intermediate level of written English.  

A total of 97 participants were recruited via social media platforms; of these, 21 did not meet 

the inclusion criteria (6 were under 18 years old and 15 reported basic-English level), and 45 did not 

complete the study. Considering that careless or inattentive responses affect the reliability of 

analyses (Laupichler et al., 2023a), we included questions in the survey to identify them, which were 

randomly placed between items. Participants who failed to correctly answer the attention check item 

“please check somewhat disagree for this item” (n=3) and at least partially agreed on a nonsensical 

response “I consider myself among the top 10 AI researchers in the world” (n=0) were excluded. 

As a result, the final sample comprised 28 participants (Mage = 33.10, SDage = 8.44). The 

majority were male (57.14%), had an intermediate level of English (64.28%), and held higher 

education (46.42%) and masters’ degree (32.14%). Participants were mainly residents in Portugal 

(46.42%) and Mexico (39.28%), although they reported other nationalities such as Brazilian, German, 

and Spanish. Professions were varied: arts, architecture, and design (21.42%); business, marketing, 

and finance (17.85%); while education, psychology and engineering represented 14.28% each. 

 

4.1.3. Measures and procedures 

The survey was organised in three parts: (1) AI prior knowledge, (2) evaluation of prompts, and (3) 

demographics.  

1) AI prior knowledge was assessed using two adapted items from the familiarity factor of 

Körber (2019) (e.g. I have already used ChatGPT or similar systems as Co-pilot, Dall-E or other 

intelligent chatbots), on a 5-point Likert scale (1-strongly disagree to 5-strongly agree); one question 
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about the nature of previous interactions with LLMs (personal, professional, none, both); and one 

question inquiring frequency of use in hours, based on Vizcaino et al., (2019). We also assessed AI 

Literacy using the 31-item scale for non-experts by Laupichler et al (2023a), which uses a 7-point 

Likert format (1-strongly disagree to 7-strongly agree), and comprises 3 factors: technical 

understanding (14 items; e.g. I can explain how deep learning relates to machine learning), critical 

appraisal (10 items; e.g. I can identify ethical issues surrounding artificial intelligence), and practical 

application (7 items; e.g. I can tell if the technologies I use are supported by artificial intelligence). 

Each factor and the whole Literacy scale were analysed as composite variables using means and 

Cronbach’s alpha, in line with the procedures from the original developers of the scales. Criteria for 

detecting careless responses were included, using an  attention check item (“please check somewhat 

disagree for this item”) and a bogus item (“I consider myself among the top 10 AI researchers in the 

world”).  

2) Evaluation of prompts: For each of the 34 prompts, participants were asked to answer four 

questions. To ensure that the prompt content and the conversations it elicited were appropriate for 

lay population, they evaluated their agreement on: “I think any adult person could answer this 

question”. The statement “I would like to have a conversation on this topic” was also included to 

assess interest, as this could support more natural usage patterns in future research (Fang et al.,  

2025). Both were answered using a 7-point Likert scale (1-strongly disagree to 7-strongly agree). 

Participants were then asked to categorise the prompts through the instruction: “Considering that 

‘task-oriented’ refers to interactions asking for analysis, explanations, or customised task-assistance 

requests, and ‘reflexive’ involves asking for advice, guidance, or personal development assistance, 

select the category that best describes each prompt”. They could choose among the previously 

identified 4 categories: “task-oriented”, “reflexive”, “none”, and “both”. Some prompts were included 

as controls, specifically those expected to fall into the “none” category (e.g., “Should freedom of 

speech be limited to prevent hate speech and misinformation on social media platforms?”, classified 

as “opinion-based” category), and the “both” category (e.g., “Share how behavioural change 

techniques could promote healthy habits and sustaining long-term lifestyle changes in my life", 

combining elements from “task-oriented” and “reflexive” categories). Finally, participants evaluated 

the complexity level of each prompt: “I consider that the level of complexity to answer this prompt 

is…” on a 7-point likert scale (1-extremely easy to 7-extremely difficult). Prompts were presented in a 

randomised order across all questions. 

3) Demographics included gender; years, level, and area of study; occupation; nationality, and 

country of residence. 
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4.1.4. Results 

Participants generally reported being familiar with ChatGPT or similar systems (n = 24) and having 

used them before (n = 22). Most participants (n = 20) use it for both personal and professional 

reasons. Participants’ average ChatGPT usage was 2.46 hours per week (SD = 3.31), with 18 

participants using it for one hour or less, while 2 participants reported using it between 10 and 12 

hours weekly. On AI Literacy, participants reported the highest scores on both Critical Appraisal (M = 

5.41, SD = 1.02, range = 3.4 – 7, α = 0.89) and Practical Application (M = 5.08, SD = 1.14, range = 3 - 7, 

α =  0.86). The lowest reported AI Literacy was on Technical Understanding (M = 3.5, SD = 1.54, range 

= 1.64 - 6.79, α = 0.954), aligned with their non-technical profiles.  

Responses on prompts showed mean scores clustering around the midpoint of the scale, 

suggesting moderate perceptions across all dimensions. Prompts were generally seen as accessible to 

a lay population  (M = 4.20; SD = 1.04, range = 1.91 - 6), moderately interesting (M = 4.67, SD = 1.10, 

range = 1.76 - 6.26), and of average complexity (M = 4.10, SD = 0.81, range = 2.35 - 5.82). Prompts 

originally labelled as “task-oriented” had a 62% confirmation rate (i.e., participants assigned them to 

the same category previously identified through qualitative analysis) while “reflexive” prompts 

showed a lower confirmation rate of 52%.  

The task-oriented prompts with the highest confirmation rates were "Design a weekly meal plan 

for a busy individual, incorporating grocery shopping lists" and “Create a detailed itinerary for a two-

week vacation in Europe” (82%), followed by “Explore practical ways to reduce plastic waste and 

carbon footprint in my daily life” (75%). Among the reflexive prompts, the highest confirmation rate 

was observed for the prompt  “Help me find inspiration to pursue a new hobby/interest” (71%), 

followed by "Thinking about a challenge in my life, give me your feedback on how I handled it” (68%), 

and “Help me reflect on the effectiveness of my current behavior and habits for my personal 

development” (64%). Table 2.1 shows results on all assessments for the prompts with highest 

confirmation rates for both categories.  

Interestingly, prompts previously labelled as “both” were assigned by participants to the “task-

oriented”, “reflexive”, and “both” categories in comparable proportions (M = 31%), supporting their 

classification as mixed-category prompts. An unexpected result emerged in the “none” category of 

prompts, which showed a low confirmation rate of 16%. The majority of participants assigned these 

prompts to the “reflexive” category (M = 46%).  

Prompts labeled as “task-oriented” generally showed lower complexity levels (M = 3.57) when 

compared to “reflexive” prompts (M = 4.59). The “task-oriented” prompts with the highest 

complexity levels were “Develop a personalised stress management toolkit for dealing with common 

stressors in daily life” (M = 4.39) and "Analyse the impact of stress on physical health, discussing 
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common stress-related symptoms such as headaches and digestive issues" (M = 4.36), while reflexive 

prompts with highest complexities were “Advise me on how I can overcome the imposter syndrome 

in my professional life” (M = 5.43) and “How should I approach resolving a long-standing conflict with 

a family member?”(M = 5.25). Similarly, prompts from “task-oriented” intents were perceived as 

more accessible for lay population by showing lower mean rates on general domain (M = 3.87) (any 

adult person could answer this question) when compared to reflexive prompts (M = 4.35). 

Following user testing, a final set of 12 prompts was selected, each assessed with comparable 

complexity levels and category assignment (“task-oriented” or “reflexive”) confirmed by at least 60% 

user agreement.  Detailed response distribution for all prompts assessed can be found in Appendix F. 

 

Table 2.1. Results for prompts with high confirmation rate. 

 

Note. Prompts included in this table obtained confirmation rates above 60% during the category 
assessment. 
 

5.1. Discussion Study One 

This study aimed to investigate how prompts can be designed and then methodologically grouped by 

interaction intent and complexity levels, while also considering users’ perceptions of prompt 

interestingness and general domain familiarity.  Our exploration of prompts with ChatGPT revealed 

differences in categorisation and complexity from both versions of GPT. Variations were expected, as 
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these models generate responses by sampling from probability distributions rather than following 

fixed rules, which rarely results in identical outputs. While parameters like temperature can be 

configured via paid API to reduce output variability, reproducibility is still not guaranteed 

(Abdurahman et al., 2025) as additional factors may contribute to variation such as personalisation 

algorithms (Ronge et al., 2025; Sohail et al., 2023). In any case, our aim was to use the free version of 

ChatGPT, as it reflects the access typically available to most users. As variability may limit strict 

replicability, we interacted with different versions to validate GPT’s responses. Although the outputs 

were not identical, they resulted in similar categorisations and complexity assessments.  

Despite lacking technical backgrounds, most participants reported being familiar with ChatGPT 

and notably, using it for both personal and professional purposes. This reinforces the relevance of 

analysing prompt-based interactions with ChatGPT in various contexts to better understand the 

dynamics of different intents that extend a transactional-specific interaction. The prompts selected 

with at least 60% of confirmation rate for their assigned category are grounded in user-oriented 

goals (task-oriented category) and introspection (reflexive category). They are framed around 

everyday topics that a lay user can relate to and were designed to go beyond overly simplistic tasks, 

to enable substantive studies.  

While task-oriented prompts were recognised by participants, the reflexive category did not 

reach a strong consensus. Generative models tend to be supportive without critical inspection and 

lack personal narratives (Saha et al., 2025), which are required for reflexive processes. This might 

have limited participants’ perception of the system's capacity to foster reflection and, as a result,  led 

to prompts not being classified as reflexive. Nevertheless, in previous research (Skjuve et al., 2021), 

participants reported that social chatbots were supportive for introspection and reflection in the 

same ways as in our prompts list. Additionally, it would be valuable to validate the prompts with 

participants from different profiles (e.g. heavy users, users of social companion chatbots, or who 

already use ChatGPT for these purposes) to assess the consistency of interpretations across different 

groups, as the reflexive category might not be easily inferred from a single prompt. Furthermore, 

prompts with “advise me, reflect with me, help me reflect” were not selected by many participants 

as reflexive. This might be explained as prompts containing any topic related to professional life not 

as strong in the reflexive category for participants (e.g., “Advise me on how I could overcome 

imposter syndrome in professional life”), even though we included them as they potentially elicited 

reflexive conversations in a very important aspect of an adult life. One might think that prompts 

were then segregated by participants in a professional vs. personal (as leisure) logic, nevertheless, 

the prompt with the biggest confirmation rate in “task-oriented” included a cue for a vacation trip. In 

any case, participants might have perceived prompts containing words as “professional life, career 

opportunities” not as reflexive. This could be supported by previous research (Subramonyam et al., 
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2024) indicating that users often have difficulties creating a verbal cue for an abstract goal. Future 

studies could explore how users perceive these reflexive conversations with generalist LLMs, 

whether they feel supported, emotionally engaged, or cognitively challenged, and if they trust the AI 

in any type of personal growth interactions.  

Perceived complexity levels of prompts were assessed from a user’s perspective, an approach 

which, to the best of our knowledge, remains underexplored within the LLM context. General results 

indicate that complexities were from an intermediate level across all prompts. Although, when 

looking closely by type of prompts, reflexive prompts were perceived as being more complex than 

task-oriented, probably due to an intrinsically more difficult task, not only for an LLM/AI agent but 

also for the general population, as mean rates of general domain showed a parallel behaviour. We 

must not overlook the importance of measuring complexity, as its understanding will allow 

comparisons between types of interactions, diminishing the possibility of misinterpretations (e.g., 

analysing the level of trust in task-oriented interaction vs. reflexive, not because of its simplicity but 

because of the type of interaction).  

We identified, refined and assessed prompt categories as well as complexity levels through a 

mixed-methods approach. Our main contributions for human-AI interaction research are the novel 

classification of prompts through qualitative analysis into “task-oriented” and “reflexive” categories 

and an understanding of prompt complexity as a potential variable for HCI, supported by findings 

from a quantitative study with lay users.  

 

5.1.1.  Limitations 

This mixed-methods study does not come without limitations. The sample size and set of prompts 

were small, resulting in a smaller set of prompts with high user agreement, which also constrains the 

range of application scenarios available for future research. Additionally, confirmation levels on 

categories were generally low, indicating that this area requires further exploration, as the 

boundaries between prompt categories can be blurred, context-dependent, and difficult to infer 

from a single prompt. These limitations could be improved by expanding the set of prompts, 

exploring linguistic cues within them, testing across larger populations with different profiles, as well 

as providing examples or framing context. Moreover, the reflexive category remains underexplored, 

and its operationalisation could foster further theoretical and empirical research.  

 

5.1.2. Implications for Future Research 

Recent studies are exploring the intersection of HCI with ChatGPT and other conversational AI 

agents, from a user’s perspective. Nevertheless, limited research has been done to assess the impact 
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of prompts on users’ trust, behaviours, and emotional responses. Also, to the best of our knowledge, 

very few studies in HCI include interactions between end users and ChatGPT as part of the 

experimental design; the challenge of controlling and monitoring interactions might partially explain 

this.  

Still, as task-agnostic, LLMs demand new approaches for studying human interactions with AI 

chatbots. Future research could use this set of prompts to systematically compare users’ responses 

across levels of complexity or to contrast their reactions based on prompt categories. Specifically, the 

reflexive prompts could be used to explore well-being, emotional, and interpersonal engagement. It 

is important to note that, although this research differentiated prompts by type of interaction and 

comparable complexity levels, the list of prompts alone is insufficient. Future research should use 

this list of prompts while considering prompting strategies (Schulhoff, 2025) for comparable results. 

It is recommended that, as part of the future study design, researchers create a template that users 

can complete to enable personalisation, and set a frame for the output response, such as  the 

expected length of response, or follow-up steps from the LLM, to avoid confounding aspects in the 

interaction. A specific prompt template should be designed in accordance with the aims of the 

research. Additionally, future research could replicate this approach with a larger and more diverse 

sample to amplify the insights from this exploratory study and to examine how categories change 

among different populations.  

By the time this research took place, the free-version ChatGPT outputs were restricted to text 

outputs. However, other versions now offer multimodal capabilities, such as interpreting and 

generating images, processing audio inputs, and delivering voice responses. These extended 

functionalities open new research questions on user interaction, trust, anthropomorphisation, and 

the potential use of co-creative AI tools. Creative prompts involving image, narrative, and music 

generation could be further explored, as this represents a growing trend in GenAI usage. 

 

6.1. ChatGPT Exploration Update 

Considering that GenAI models are always changing, through self and human-on-the-loop 

optimisation, we conducted an extra interaction process to explore how much the model’s response 

regarding prompt categorisation and complexity levels had changed. This was conducted after 

running the study with participants (May 6th, 2025). The free GPT-4.o model kept “informative”, 

“creative”, “problem-solving”, and “analytical” categories; while sharing a new “interrogative”, 

merging “educational” and “reflective” categories. Regarding complexity levels, ChatGPT kept the 

same three, but emphasised on style and structure. While the essential categorisation and 

complexity patterns remained largely unchanged, the observed differences may reflect updates in 
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training data and, potentially, algorithmic personalisation. For example, ChatGPT mentioned an 

“iterative” complexity for the first time in our interactions. This update could be explained by new 

state-of-the-art knowledge and evolving user behavior through iterative engagement. For more 

consistent analyses on GPT’s dynamic capabilities (Bubeck et al., 2023), future studies might consider 

using the OpenAI API, which allows greater control over model parameters and versions, providing a 

more stable basis for tracking changes over time. Such longitudinal tracking could help not only to 

evaluate the model’s capabilities for flexible, cross-domain reasoning, but to  support research that 

anticipates critical questions regarding trust in AI and its implications for societal discourse. 

 

7.1.  Conclusion Study One 

This work provides an empirical resource for understanding user-centered prompt categories in LLM-

powered conversational agents. By systematically generating, categorising, refining and assessing 

prompts according to intent, complexity, appeal, and accessibility for non-experts, we offer a 

structured resource for future research and practical applications in human–AI interaction. The study 

assessed a set of prompts with consistent category agreement and comparable complexity levels. 

Complexity, interestingness and general domain ratings were balanced, reflecting prompts that are 

engaging, accessible, and appropriately challenging for a general population, while also enriching 

future research. Researchers could, for example, compare trust levels in users when engaging with 

LLMs on task-oriented vs. reflexive interactions; additionally, identifying differences in emotional 

responses between groups that engage with LLMs across these types of interaction, as the Main 

Study in this body of research explored.  

The final set of prompts can support future studies on trust, affective responses, and other HCI 

constructs, enabling researchers and practitioners to design interactions that are more inclusive and 

effective. Importantly, the typology highlights the value of analysing interaction types that are similar 

in complexity and cognitive demand, allowing for a clearer understanding of the dynamics both 

within and between categories. Overall, this work demonstrates the importance of a user-centered 

approach in advancing human–AI interaction research, particularly for populations without 

specialised technical expertise, and provides a reproducible framework for exploring prompt design 

across diverse contexts. 
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CHAPTER THREE 

Main Study 

End users’ interactions with ChatGPT 

With the previously assessed prompts from Study One, the research advanced to the Main Study: 

end users’ interactions with ChatGPT. The general objective was to evaluate if the type of interaction 

with ChatGPT had an impact on trust and if prediction accuracy was related to emotional responses. 

As the active inference framework suggests that trust in others depends on whether one can predict 

their behaviours/actions and if our predictions are accurate, a positive-valence emotion will be 

experienced  (Hesp et al., 2021;  Schoeller et al., 2021), we determined the general research 

questions to explore whether predictability explains the effect of type of interaction in trust when 

engaging with ChatGPT and if accuracy of prediction is related to emotional responses. 

The specific research questions and hypotheses were:  

RQ1 - Does type of interaction have an effect on trust?  

H0: Type of interaction does not have an effect on trust 

Ha: Type of interaction has an effect on trust 

RQ2.1 - Does the number of interactions have an effect on trust? (exploratory) 

RQ2.2 - Does the number of interactions have an effect on predictability? (exploratory)  

RQ3 - Is the relationship between type of interaction and trust explained by predictability?  

H0: Predictability does not explain the relationship between type of interaction and trust 

Ha: Predictability explains the relationship between type of interaction and trust 

RQ4 - Does prior knowledge moderate the relationship between type of interaction and 

predictability? (exploratory)  

RQ5 - Do attitudes towards AI moderate the relationship between type of interaction and trust? 

(exploratory)  

RQ6 - Is the accuracy of prediction related to emotional valence?  

H0: Accuracy of prediction is not related to emotional valence  

Ha: Accuracy of prediction is related to emotional valence  

RQ7 - Is the accuracy of prediction related to epistemic emotions such as boredom, curiosity, 

surprise, anxiety, excitement, confusion, or frustration?  

H0: Accuracy of prediction is not related to epistemic emotions  

Ha: Accuracy of prediction is related to epistemic emotions  

See figures 3.1-3.3 for visual models.  
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1.1. Method 

This experimental study with a quantitative pre-post methodology was framed within the active 

inference theory, including within and between groups comparisons. This study examines how 

different types of interaction (task-oriented vs. reflexive) affect user trust in AI, while taking into 

account their AI prior knowledge and attitudes towards AI. Participants engaged with ChatGPT 

through prompts that had been pilot-tested in a previous research. For each interaction type, 

assessments were administered at two phases (pre, post). The study employed a 2 (Interaction type) 

× 2 (Phase) within-subjects design. The study intercalated interactions with ChatGPT and self-

assessment questionnaires. Data collection took place between November 24th, 2024 and May 29th, 

2025.  

 

 

 

 

Figure 3.1. Model 1: Model for mediation and moderation (RQ1, RQ3 - RQ5) 
Dotted lines show exploratory questions. 
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Figure 3.2. Model 2: Model for RQ2.1 and RQ.2.2 

Dotted lines show exploratory questions. 
 

 

 
Figure 3.3. Model 3: Model for RQ6 & RQ7 

 

1.1.1. Ethics 

The subject research was approved by the Specialised Committee on Ethics in Psychology of ISCTE-

IUL (PSI_24/2024, September 2024) and can be consulted in Appendix C (same as Study One). 

Informed consent established that participants could decide to participate or not, abandon the study 

at any time, and decide to or not to answer questions. It also referred participants to OpenAI privacy 

policy for the interactions with ChatGPT. More details can be found in Appendix G. Only the 

individuals who accepted voluntarily to participate through the informed consent took part in the 

research; otherwise, they were redirected to a thank you page. Participants were redirected to the 

debriefing (Appendix H) after finishing the study. No costs or risks were associated with participating 

in the study, while participants could contribute to the human-AI interaction research. Participants 

could interrupt the study or choose not to respond to questions whenever they wanted.  
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1.1.2. Participants 

1.1.2.1. Recruitment methods 

In line with Study One, inclusion criteria for participating in the Main Study was also being older than 

18 years and having at least an intermediate domain in written English. Participants that did not 

meet the inclusion criteria did not take part in the research and were redirected to a thank you page. 

No specific requirements on AI knowledge, technical abilities or other technology-related expertise 

were necessary to participate. However, participants were required to have an email address in 

order to register an account on the OpenAI page to interact with ChatGPT.  

Participants were recruited using convenience sampling, the snowball technique, and 

institutional outreach through: 

a) Social Media, publications (Instagram, LinkedIn and Facebook)  

b) LAPSO partnership to grant a pool of Psychology and Social Sciences students 

c) Social Media, personalized invitations to participate (Instagram & LinkedIn)  

d) Research units, Labs, and schools in Portugal and Mexico, personalized invitations to share 

with their community  

e) Partnership with Nativa, a Mexican technology company focused on Conversational AI 

solutions 

The invitations and publications included a general description of the study and inclusion 

criteria. Based on the feedback from the pilot study, we also shared the approximate duration of the 

one-time intervention (35 minutes) and recommendation to participate using a computer (as 

questionnaires and interactions with ChatGPT were intercalated). 

For a), 22 different publications were made from the researcher’s and mentor ‘s personal 

accounts. For b), two requests were made for LAPSO partnership, one was accepted and a pool of 50 

participant students were granted. For c), 125 personalized invitations were sent  to the researcher’s 

network on LinkedIn; and 93 through Instagram. On d), 26 different schools and organizations were 

reached, including all ISCTE labs; research groups and labs from Universidade Lusofona in Lisbon and 

Porto; different research groups from Universidad Autónoma Metropolitana and Tecnologico de 

Estudios Superiores de Monterrey in Mexico. A total of 218 personalized e-mails for directors, 

coordinators, secretarial staff, researchers, and professors were sent asking for approval and support 

in disseminating the study with their communities. Researchers and coordinators from both 

academic institutions in Mexico, the CIES and ISTAR lab units from ISCTE, Institudo das 

Telecomunicações in Lisbon, Nursing School of Coimbra, and the Universidade de Coimbra confirmed 

their support in disseminating our study with their network and community. For e), Nativa shared 5 

publications from the organizational account on LinkedIn for clients and partners, 1 section in the 
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internal newsletter was published, and 3 corporate internal invitations were made for the employees 

to participate. Prospective participants were provided with an email address for any inquiries about 

the study. Written and graphic examples of the invitations sent can be found in Appendix I.  

 

1.1.2.2. Sample description 

A total of 214 participants were recruited; of these, 2 did not consent to participate in the study, 32 

did not meet the inclusion criteria (8 were under 18 years old and 24 reported basic English level), 

and 61 participants did not finish the study. This resulted in 119 participants who finished the study, 

from those, 9 participants were not considered in data analyses as their responses did not comply 

with quality standards. Details on response quality can be found in the data analysis section.  

The final sample comprised 110 participants (Mage = 28.24, SDage = 10.43, Min = 18, Max = 69); 

61.8% were female while 35.5% were male and 2.7% identified as non binary or third gender. The 

majority had an intermediate English level (57.3%), while the remainder reported an advanced level. 

Participants held higher education (32.7%), masters’ degree (22.7%), and post-secondary (22.7%) 

fulfilled studies. Participants were mainly residents in Portugal (60.9%) and Mexico (20.9%), although 

they reported other nationalities such as Spanish, Brazilian and German. Occupations varied, with 

37.3% being full time students, 57.1% professionals from widely diverse areas such as business 

(17.3%), STEM (10%), or creative industry (5.5%), and 5.6% working students. Participants were 

distributed into 2 different groups (Group 1 n = 53; Group 2 n = 57), through true randomisation 

managed automatically by Qualtrics Software.  

1.1.3. Materials and Measures  

A subset of 6 prompts were selected from Study One to guide the interactions with ChatGPT. These 

prompts shared complexities as closely as possible across both categories, which allowed us to 

compare how participants engaged with different interaction types while still controlling for level of 

complexity. Prompts were displayed according to the type of interaction to which participants were 

exposed to (three at a time). One prompt was presented as an example, and participants were 

instructed to select one of the remaining two prompt options for their interaction with ChatGPT. A 

list of the selected prompts for the Main Study and their summarised results from Study One can be 

found in Table 3.1.  

The following constructs were assessed: 1) Attitudes towards AI (Appendix J), 2) AI Prior 

Knowledge (Appendix K), 3) Predictability for AI Interactions (Appendix L), 4) Trust (Appendix M), 5) 

Emotional Valence, and 6) Epistemic-Related Emotions (both emotional responses can be found on 

Appendix N). Demographic questions were asked at the end of the study. All information on scales 
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can be found in the appendices previously indicated to support transparency, replicability, and open 

science collaboration.  

 

Table 3.1. Prompts from Study One selected for the Main Study, with their respective complexity 
levels and category confirmation rates. 

 
Note. The table presents the actual prompt cues participants could select for their interactions and 
the example prompts, provided for reference. 

 

1) Attitudes towards AI were assessed using the AI Attitude Scale (AIAS-4; Grassini, 2023), which 

comprises four items (e.g., I think AI technology is positive for humanity). Responses were recorded 

on a 10-point scale ranging from 1 (do not agree at all) to 10 (completely agree); higher scales 

account for more positive attitudes. This scale was specifically developed for modern consumer-

oriented and conversational AI systems, such as ChatGPT. It was selected as it is brief while 

maintaining good psychometric properties. Items were integrated as a composite variable. 

2) AI prior knowledge included different assessments: 

2.1) AI familiarity was assessed using two adapted items from the familiarity factor of Körber 

(2019) e.g. I already know ChatGPT or similar systems as Co-pilot, Dall-E or other intelligent chatbots, 

on a 5-point Likert scale (1-strongly disagree to 5-strongly agree). Items were integrated as a 

composite variable. 

2.2) Nature of previous interactions, by inquiring participants about the category of their 

previous interactions with LLMs (personal, professional, none, both) 

2.3) Frequency of use based on Vizcaino et al. (2019), where participants directly reported their 

estimated usage of LLMs in hours by week. This method was selected over a categorical Likert-type 

scale present in previous ChatGPT usage research (Fang et al., 2025; Phang et al., 2025) to obtain 

precise continuous data, thus avoiding the methodological limitations of unequal intervals inherent 

in ordinal scales.  



 

 49 

2.4) AI Literacy using the 31-item scale for non-experts by Laupichler et al. (2023a), which uses a 

7-point Likert format (1-strongly disagree to 7-strongly agree), and comprises 3 factors: technical 

understanding (14 items; e.g. i can describe how machine learning models are trained, validated, and 

tested), critical appraisal (10 items; e.g. I can explain why data privacy must be considered when 

developing and using artificial intelligence applications), and practical application (7 items; e.g. I can 

give examples from my daily life (personal or professional) where I might be in contact with artificial 

intelligence). Each factor was then analysed as composite variables and overall AI Literacy 

considering the three factors together was also analysed as one composite. This specific scale was 

analysed by factors as it measured separate aspects of literacy; we also wanted to analyse the 

sample from different perspectives of literacy as participants were non-experts but potentially tech 

savvy, finally because the scale retained good reliability considering factors separately.  

Criteria for detecting careless responses were included, using an attention check item (please 

check somewhat disagree for this item) and a bogus item (I consider myself among the top 10 AI 

researchers in the world). Questions appeared in random order. 

3) Predictability refers to the perceived capacity to anticipate events and verifying that 

anticipation against the actual outcome; accordingly, participants evaluated it before and after each 

interaction through prediction (before the interaction) and prediction verification (after the 

interaction) scales. It was assessed with a custom-report with three factors, all with three items 

evaluated on a 5-point likert scale: 3.1) Perceived Value Similarity AI (adapted from Yokoi et al., 2021; 

Yokoi & Nakayachi, 2021), from 1 (do not agree at all) to 5 (strongly agree). 3.2) Understanding and 

predictability (adapted from Körber, 2019), from 1 (strongly disagree) to 5 (strongly agree), and 3.3) 

Uncertainty and expectation with custom-questions based on the theoretical construct of 

Predictability, from 1 (do not agree at all) to 5 (strongly agree). Example items for each factor and 

moment of assessment are shown in Table 3.2 for clarity. Questions for each moment of prediction 

appeared in random order and the nine items were analysed as a composite variable. 

4) Trust was assessed using the Human Computer Trust Scale (HCTS; Gulati et al., 2019), 

comprising 12-items distributed across four factors: Perceived risk, benevolence, competence, 

reciprocity (e.g. I think that ChatGPT performs its role as conversational AI very well or I can trust the 

information presented to me by ChatGPT). Responses were recorded on a 5-point likert scale from 1 

(strongly disagree) to 5 (strongly agree). This specific scale was selected as it was developed for 

consumer-oriented AI systems, included the possibility to adapt wording for specific AI agents, and, 

as the questions appeared before and after each of the two types of interactions, because it accounts 

for future scenarios of trust. Also, this scale included key components from the active inference 

framework such as reciprocity and perceived risk. Questions for each time of measure (pre/post 

interaction) appeared in random order and were analysed as a composite variable. Criteria for 
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detecting careless responses were included, using the attention check item: please check somewhat 

disagree for this item. 

 
 
Table 3.2. Example items for predictability, by factor and time of measure (before and after 
interaction) 

 
Note. Participants saw either “task-oriented” or “reflexive” depending on which type of interaction 
was taking place.  
 
 

5) Emotional valence was assessed as a two-dimensional construct (Briesemeister et al., 2012) 

by measuring the intensity of positive and negative emotions, each valence rated independently on a 

Likert-scale from 1 (low) to 7 (high). 

6) Epistemic emotions were assessed using the Epistemically-Related Emotion Scale  (Pekrun et 

al., 2017) through a 5-points Likert scale from 1 (not at all) to 5 (very strong), with 7 different 

emotions: boredom, curiosity, surprise, anxiety, excitement, confusion, and frustration. Emotions 

appeared in random order. This scale was selected as it includes key emotions considered in the 

active inference framework and also as users confront an epistemic challenge with ChatGPT not 

being detailedly understandable as previous research has stated (Schoeller et al., 2021).  

Table 3.3 shows a visual summary of the scales assessed, the respective variables they account 

for, and each variable statutes. 

1.1.4. Procedure  

From the 12 confirmed prompts in Study One, we selected a subset of 6 prompts for the Main Study, 

prioritizing those with the highest confirmation rates while keeping comparable levels of complexity 

across interaction types. Since prompts in the reflexive category showed lower confirmation rates, 

we first identified those with the highest confirmation and then examined their range of 

complexities. Next, we considered the prompts recognized as task-oriented that had complexities 

similar to the reflexive ones, while keeping good confirmation rates on their category. Finally, we 

included as 'example' the prompt that represented an outlier in complexity level compared to the 

other selected prompts, being the most complex in the case of the reflexive prompts and the least 

complex in the case of task-oriented ones. 
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Table 3.3. Scales, variables, statutes by model 

 

 

With the prompts previously selected, two types of interactions took place: (a) Task-oriented 

and (b) Reflexive. All participants took part in both types of interactions but were assigned to either 

condition (a) or (b) for their first interaction with ChatGPT through randomization handled 

automatically within Qualtrics for evenly distribution. For their second interaction, they engaged in 

the opposite condition. This counterbalanced exposure to either of the conditions as a first 

interaction allowed us to prevent and test for order effects. Each interaction with ChatGPT should 

have lasted approximately 5 minutes, nevertheless this was not monitored. 

At the very beginning of the study, participants answered the attitudes towards AI and AI prior 

knowledge scales as a baseline assessment to avoid biased responses. Secondly, they were instructed 

to either create an account in the OpenAI page using their email address or simply login into their 

existing account; afterwards, they received general instructions on how to interact with ChatGPT for 

this study (Appendices O & P). Before interacting, participants responded to questions on prediction 

and trust with regards to the interaction that would be about to happen. Then, they had to actually 

interact with ChatGPT in a semi-structured way by choosing one of the two available prompts while 

personalising a prompting template (Schulhoff, 2025) using it. They were provided with detailed 

explanations on how to fill it and an example as reference (Appendix Q).  After they finished this first 



 52 

interaction, they answered questions on prediction verification and trust with regards to the 

interaction that had just taken place. Additionally, they responded to scales for emotional valence 

and epistemic-related emotions. Participants were asked to confirm and select the prompt sent to 

ChatGPT (Appendix R) for validation and future analysis. After this, they received instructions to 

interact with the remaining type of interaction, either (a) or (b), and repeated the previous steps: 

answer the scales of prediction and trust (before interaction & after interaction), rate the intensity 

experienced for emotional valence and epistemic-related emotions (after interaction), and select the 

prompt used. Lastly, they answered the demographics questionnaire and were redirected to the 

debriefing document. A descriptive flowchart can be found in figure 3.4. 

Scales and instructions were presented in English. All data was collected online through 

Qualtrics software (license provided by ISCTE-IUL) and interactions happened directly through the 

ChatGPT platform, with no visualisation from the researcher.  

Due to the potential complexity of the study, we decided to run a pilot study. PhD students from 

ISCTE were invited to participate, but none agreed to take part. Consequently, we proceeded to run 

the pilot study with five people from a convenience sample from different backgrounds. In this pilot 

study, we measured approximate time of completion, clarity upon indications, and general 

navigation upon the survey platform and ChatGPT interactions. Participants shared their feedback 

either orally or through a brief survey (questions can be found in Appendix S). Considering this 

feedback, minor adjustments were made into the survey and recruitment information, e.g. we 

improved the navigation in the Qualtrics survey to keep visible the response options for scales with 

many items and updated the estimated time of completion in the invitations and informed consent. 

The results of these 5 participants were considered in the overall analysis of the sample. 

1.1.5. Data Analysis 

The data analysis was conducted in IBM SPSS Statistics (Version 28) and jamovi (Cloud and Desktop) 

(Gallucci, 2019, 2020; Ludecke et al., 2020; R Core Team, 2024; The jamovi project, 2024). 

Prior to the analysis, several data preparation steps were performed. Response quality using 

items from Laupichler et al., (2023a) was monitored through five attention checks distributed across 

the questionnaires (check somewhat disagree for this item), one bogus item (I consider myself among 

the top 10 AI researchers in the world), and explicit confirmation of having interacted with ChatGPT 

(did you interact with ChatGPT on a task/reflexive conversation?). Based on these criteria, the 

response quality was identified and categorised into different groups (excellent, high, substandard, 

and low). Nine participants were excluded from data analysis (2 as “low quality” since they neither 

passed the bogus item nor any of the attention checks; 4 from "substandard quality” by passing 

attention checks but failing bogus item; and 3 for answering ‘no’ on the task-oriented and reflexive  
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 Figure 3.4. Descriptive flowchart of Main Study procedure 
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conditions when inquired if they had had an interaction with ChatGPT).  

The dataset was checked upon consistency between variable labels and their corresponding 

values to confirm accurate coding. Reversed items on scales were re-scored when required. After 

confirming internal reliability using either Cronbach's alpha or Spearman-Brown coefficient, 

composite variables (attitudes towards AI, AI familiarity, AI literacy, trust before and after 

interaction, prediction, and prediction verification) were constructed by averaging the corresponding 

responses, following the methodology of the original scales authors (Grassini, 2023; Gulati et al., 

2019;  Körber, 2019; Laupichler et al., 2023a).  

Demographics and baseline comparisons between groups were conducted to ensure they did 

not differ significantly. Chi-square tests were performed on categorical variables, whereas for 

quantitative measures, like AI literacy, AI familiarity, age, or attitudes towards AI, means were 

compared through independent-sample t-tests or Mann-Whitney when normality was not assumed.  

Data was prepared in both wide and long formats, depending on the required analysis. Wide 

format was used for initial validation checks, descriptive analyses, one time measures, and emotional 

responses, preserving one row per participant, whereas long format was employed for repeated 

measures and mixed-effects models, in which each participant was represented in multiple rows for 

each condition and time of measure. Data consistency was verified in both formats as a quality 

check. 

Specifically, predictability underwent different analytical treatments depending on the research 

question. For analyses that included all measurement moments, prediction and prediction 

verification scores from both interactions were entered as repeated measures in mixed-effects 

models. For mediation analyses, the mathematical difference between prediction verification and 

prediction (post - pre) was calculated separately for each moment (first and second interaction), and 

these difference scores were then used in distinct mediation models. Finally, prediction accuracy was 

calculated from the absolute difference between prediction verification and prediction scores, 

disregarding directionality (positive or negative numbers), as the magnitude of deviation was the 

relevant indicator for these analyses, as shown previously in Table 3.3. 

To answer RQ1 - Does type of interaction have an effect on trust?, RQ2.1 (exploratory) - Does the 

number of interactions have an effect on trust? & RQ2.2 (exploratory) - Does the number of 

interactions have an effect on predictability?: we decided to use Linear Mixed Models (LMMs) as this 

statistical approach is ideal for the design of our study since it handles for non-independent collected 

measures from the same participant at different moments (Argentzell, 2020; Brown, 2021) while 

traditional repeated-measures (as ANOVA or t-test) do not account for data nested within 

participants (Yu et al., 2022). Variables of type of interaction with ChatGPT, time of measure 

(pre/post), or interaction number (first/second) were included as fixed effects according to the 
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model tested, and we analysed their main effects as well as their interaction. Participant’s ID was 

modeled as a random effect, specifically allowing the intercept to vary across participants.  

To analyse RQ3 - Is the relationship between type of interaction and trust explained by 

predictability?: We ran an LMM to analyse if predictability had a significant effect in the main model 

by examining the main effect of type of interaction and predictability as well as the interaction 

between them on trust. We also verified if type of interaction had effects on predictability. Then we 

ran another LMM also with trust as dependent variable to analyse main effects of type of interaction 

with ChatGPT, predictability and order (first/second); also interactions between type of interaction 

with ChatGPT x predictability and order x predictability to see if predictability remained relevant in 

the complex model.  

After that, we executed two simple mediation analyses using the PROCESS MACRO (Hayes, 

2022) with type of interaction with ChatGPT as independent variable, predictability as mediator, and 

trust as dependent variable. Since we could not run a multivariate mediation accounting for all 

pre/post measures, in these simple mediation models the mediator and dependent variables were 

calculated with the mathematical difference of post (-) pre. The first mediation was with the data 

from the first moment of interaction with ChatGPT, while the second considered the interaction 

number two that participants had with ChatGPT.  

To answer RQ4 (exploratory) - Does prior knowledge moderate the relation between type of 

interaction and predictability? and RQ5 (exploratory) - Do attitudes towards AI moderate the relation 

between type of interaction and trust?: LMMs were used to test for moderation effects, keeping the 

models specifications consistent with the previously described for the analyses of RQ1 and RQ2. 

Since a moderated mediation showed convergence issues, likely because of the model's complexity 

and sample size, they were assessed on individual paths to specifically address the moderation (path 

a for RQ4 and path c for RQ5), acknowledging that the results may be less optimal but still 

informative for the research questions. See figure 3.5 for a visual reference. 

For RQ6 - Is the accuracy of prediction related to emotional valence? and RQ7 - Is the accuracy of 

prediction related to epistemic emotions such as boredom, curiosity, surprise, anxiety, excitement, 

confusion, or frustration?, we analysed the correlations between prediction accuracy and emotional 

responses using the Spearman correlation test (Bryman & Cramer, 1993) as distribution was not 

normal and each emotional response was assessed individually with a likert-scale item.  

This research addressed unexplored areas of human-AI interaction. Given the scarcity of prior 

empirical work on lay users’ trust and predictability when interacting with LLMs, some research 

questions were designed to explore patterns to further help generate hypotheses rather than test 

pre-established predictions. Although these questions were exploratory, analyses followed a 

rigorous, pre-specified methodology, including structured pre-post assessments and carefully 
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selected prompts. Our exploratory analyses were guided by the active inference framework, allowing 

for examination of how AI prior knowledge might have moderator effects on predictability, how 

attitudes towards AI may moderate trust when eliciting different types of interactions, and if number 

of interactions might have an effect on trust and predictability. 

 

 

Figure 3.5. Paths for mediation (RQ3) and exploratory moderations (RQ4 & RQ5) 

2.1.  Results  

Baseline and demographic comparisons indicated no significant differences between the two groups 

across measured variables. Table 3.4 presents descriptive percentages for sociodemographic data by 

group and total sample, as well as group comparisons. Table 3.5 shows descriptive statistics for 

continuous scales (mean and standard deviation) by group and the total sample, internal reliability 

for composites, and the results of group comparison tests. Exploratory moderators (AI prior 

knowledge and attitudes towards AI)  were measured at baseline and are included in this table for 

clarity. Missing data was not an issue as all participants completed the full set of measures, probably 

because only high data quality was retained after screening. For the variable of frequency of use, 12 

participants did not provide responses. The descriptive statistics for the composite variables of 

prediction and trust by group and total sample with their internal reliabilities can be found in Table 

3.6. 

Table 3.7 presents descriptive statistics for the emotional response ratings across groups and 

types of interaction. Figure 3.6 presents the mean scores for each emotion across interaction types, 

to illustrate the overall emotional profile elicited by each scenario type, highlighting relative 

differences in affective responses. These descriptive results provide an overview of the emotional 

responses elicited by the scenarios prior to hypothesis testing.  
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Table 3.4. Sociodemographic characteristics for all participants, distributed by group, including comparisons 

between groups.  
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Table 3.4. (Continues) 

 

 

Table 3.5. Baseline measures for all participants, distributed by group, including comparisons 

between groups and internal reliability for composite scales. 

 

Note. All participants completed the study measures. Missing data (n = 12) occurred only for frequency of use 

* Spearman Brown reliability test was used for two item scales; Cronbach Alpha was used for all other scales 

** Mann Whitney was used for not normal distributed variables; t-test for normally distributed ones. 
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Table 3.6. Descriptive statistics for composite variables of predictability (mediator) and trust 

(dependent), by group and total sample with their internal reliabilities. 

 

All variables were measured on a 1-5 points Likert scale 

 

Table 3.7. Descriptive statistics for epistemic emotion and valence ratings across groups and 

interaction types 

 

Variables were measured in Likert scale (1–7 for valence, 1-5 for epistemic emotions) 
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Figure 3.6. Radar chart displaying mean ratings for epistemic emotions by interaction type.  

Likert scale from 1 (not at all) to 5 (very strong) 

 

 

Although all instructions were given in English, including the specific prompt and personalization 

prompting template, participants were “free” to interact in the language that they preferred as this 

was neither specified nor forbidden. Table 3.8 shows distributions by group and language. 

 

 Table 3.8. Language of interaction by group 

 

 

2.1.1. Results for Research Questions 

RQ1 examined if type of interaction with ChatGPT has an effect on trust. The model showed 

statistical relevance (conditional R2 = .707, marginal R2 = .041, p = < .001 for both). Results indicated a 

significant main effect of the type of interaction with ChatGPT in trust (F(1, 329) = 59.0, p = < .001) 

with task-oriented interactions presenting  mildly higher estimated means in trust. Even more, when 

adding time of measure (pre/post) the model was significant (conditional R2 = .712, marginal R2 = 

.059, p = < .001 for both) and results indicated a significant main effect of type of interaction with 
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ChatGPT (F(1, 327) = 61.33, p = < .001) in trust. In addition, type of interaction with ChatGPT x time of 

measure (pre/post) was significant (F(1, 327) = 8.81, p = .003), with both types of interactions with 

ChatGPT showing an increase in trust after the interaction took place. Time of measure (pre/post) did 

not reach significant results (F(1,327) = 1.98, p = .160). Therefore, results shown by the model 

supported the alternative hypothesis: type of interaction with ChatGPT does have an effect on trust.  

RQ2.1 (exploratory) examined whether the interaction number has an effect on trust. When 

examining solely, the interaction number did not reach significance (F(1, 328) = 0.142, p = .706), and 

the LMM did not actually explain the variance as it appeared to be driven by random effects 

(conditional R2 = 0.607, p = < .001; marginal R2 = .000, p = 1.000). Then we integrated the type of 

interaction with ChatGPT and the model proved to be significant (conditional R2 = 0.708, p = < .001; 

marginal R2 = .075, p = < .001). Results revealed a robust main effect of type of interaction with 

ChatGPT (F(1, 327) = 58.85, p = < .001), number alone became significant (F(1, 327) = 4.26, p = .040), 

and a significant interaction between type of interaction with ChatGPT and number of interactions 

(F(1, 327) = 5.20, p = .023), showed that the impact of interaction type also differed depending on 

whether it was encountered as first or second. While second interactions showed marginally higher 

estimated means for trust independently of their type, the changes differed by type of interaction. 

Task-oriented interactions scored slightly lower for trust when being the second interaction for 

participants, whereas reflexive interactions increased their score in trust when being the second. 

Results indicate that the number of interactions have a mild effect on trust, increasing slightly for the 

second interaction, even though it is important to note that the biggest effects were explained 

through type of interaction with ChatGPT. Figure 3.7 illustrates this behaviour.  

 

 

Figure 3.7. Trust responses for first and second interactions by group 
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RQ2.2 (exploratory) examined whether the interaction number (first/second) has an effect on 

predictability. Similarly, when examining solely, the LMM did not actually explain the variance 

(conditional R2 = 0.370, p = < .001; marginal R2 = .009, p = .130), even though the number of 

interactions reached significance (F(1, 328) = 6.79, p = .010). When integrating type of interaction 

with ChatGPT, the mixed model indicated significant main effects only for type of interaction with 

ChatGPT (F(1, 327) = 52.180, p < .001) on predictability. No significant evidence was found for 

number of interactions (F(1, 327) = 0.222, p = .638) nor interaction between number and type of 

interaction with ChatGPT (F(1, 327) = 0.358, p = .550). This suggests that type of interaction with 

ChatGPT influenced participants’ perceived predictability but the interaction number was indifferent. 

Model fit showed statistical relevance as marginal (R2 = .063) and conditional (R2 = .473) were both 

significant (p = <.001).  

RQ3 examined if the relationship between type of interaction with ChatGPT and trust was 

explained by predictability. We first verified that type of interaction had effects on predictability (F(1, 

328) = 53.6, p = < .001) through a simple model (conditional R2 = .465, marginal R2 = .056, p = < .001) 

to validate path a from the mediation (see model from previous figure 3.5 for clarity on paths).  

The LMM applied to analyse if predictability had a significant effect on trust (path b and c’) 

showed to be relevant (conditional R2 = .750, marginal R2 = .153, p = < .001). Main effects of type of 

interaction with ChatGPT (F(1, 326) = 24.02, p = < .001) and predictability (F(1, 326) = 41.45, p = < 

.001) as well as the interaction between them (F(1, 326) = 6.43, p = .012), proved that predictability 

was relevant  in this model and had significant effects on trust. Figure 3.8 illustrates this effect. Even 

more, through the integration of predictability into the model tested on RQ1 the explained variance 

(R2) of the model increases, showing that predictability plays an important role for better explaining 

the relationship between type of interaction and trust.  

Then we ran a more complex LMM by integrating order (first and second interaction) into the 

model (conditional R2 = .746, marginal R2 = .187, p = < .001) that showed significant main effects of 

type of interaction with ChatGPT (F(1, 325) = 22.997, p = < .001), predictability (F(1, 325) = 35.145, p 

= < .001) and order (F(1, 109) = 6.925, p = .010). While the interaction between type of interaction 

with ChatGPT x predictability reached significant effects (F(1, 325) = 6.684, p = .010), it was not the 

case for the interaction of order x predictability (F(1, 325) = 0.127, p = .721). Seeing an increased 

variance by integrating predictability into the models, as well as order of interaction showing 

significant effects, we proceeded to test for mediation effects. The simple mediation analyses were 

conducted with type of interaction with ChatGPT as the independent variable, predictability9 as the 

mediator, and trust as the dependent variable through separate analyses for the first interactions 

 
9

 Note that in these mediation analyses, predictability specifically refers to the mathematical difference of 

prediction verification minus prediction scores. 
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across groups and, subsequently, their second interactions. Interestingly, results from mediation 

were different for each moment.  

 

 

Figure 3.8.  Interaction between predictability and type of interaction on trust 

 

Path a from the first interaction did not reach significant results (β = .049, t = 0.449, p = .654) as 

the variance of predictability was poorly explained by type of interaction with ChatGPT (R2 = .001);  

whereas path b resulted significant (β = .281, t = 4.409, p =  < .001), indicating that higher scores 

were associated with higher trust. Path c was also non significant (β = .103, t = 1.404, p = .163). Direct 

effect (path c’) showed no significant results (β = .1033, SE = 0.0736, t = 1.4041, p = .1632, 95% CI [-

.0425, .2492]) as well as total effect (β = .1173, SE = 0.0795, t = 1.4750, p = .1431, 95% CI [-.0403, 

.2750]), and indirect effect (β = .0140, SE = 0.0315, 95% CI [-.0511, .0783], bootstrapped), meaning 

that for the first interaction there was no significant effect of type of interaction in trust through 

predictability. For the first interaction, the alternative hypothesis is not supported: predictability 

does not explain the effect of type of interaction in trust; the null hypothesis is accepted. 

This was not the case for the second interaction where the mediation analysing data showed 

significant effects. Path a (R2 = .104) showed significant effect of type of interaction in predictability 

(β = -.357, t = -3.538,   p =  < .001); as well as path b (β = .300, t = 4.913,   p =  < .001), while path c did 

not reach significant effects (β = -.107, t = -1.582, p = .117). The entire model (R2 = .079) showed a 
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significant total effect (β = -.21437, SE = 0.0704, t = -3.0342, p = .003, 95% CI [-.3533, -.0741]) 

revealing that the reflexive interaction tends to elicit more trust than the task-oriented interaction. 

Finally, a significant indirect effect size (β = -.1079, SE = .0455, 95% CI [-.2106, -.0353], bootstrapped) 

and a non-significant direct effect (path c’) obtained (β = -.1068, SE = 0.0675, t = -1.5817, p = .1167, 

95% CI [-.2406, .0270]), suggest a full mediation through predictability. Table 3.9 shows results for 

the significant mediation of the second interaction. For the second interaction, the alternative 

hypothesis is supported: predictability explains the effect of type of interaction in trust. 

 

Table 3.9. Mediation results for second interaction 

 

Note. Type of interaction (IV), Predictability (Mediator), Trust (DV) 

 

RQ4 (exploratory) inquired if prior knowledge moderated the relation between type of 

interaction with ChatGPT and predictability. The model failed to converge for a moderated 

mediation, therefore we proceeded to test type of interaction as independent variable, predictability 

as the dependent variable, and the moderators as covariates. The full LMM showed significance 

(conditional R2 = .457, marginal R2 = .206, p = < .001). All main effects of covariates were significant: 

AI familiarity (F(1, 94) = 12.05, p = < .001), frequency of use (F(1, 94) = 4.65, p = .034), and AI literacy 

(F(1, 94) = 13.49, p = < .001); as well as the main effect of type of interaction with ChatGPT (F(1, 293) 

= 54.42, p = < .001). When adding their interactions with type of interaction with ChatGPT to explore 

moderation, main effects of frequency of use showed no significant results on predictability (F(1, 94) 

= 1.60,p = .210), as well as its interaction with type of interaction with ChatGPT (F(1, 290) = 1.58 ,p = 

.210). We then ran a new model without frequency of use (conditional R2 = .465, marginal R2 = .198, 

p = < .001) where the main effect of AI literacy showed significant results on predictability (F(1,95) = 

5.35, p = .023), nevertheless results did not reach significant levels for interaction of AI literacy x type 

of interaction with ChatGPT on predictability (F(1, 291) = 1.68, p = .195). The main effect of familiarity 

(F(1,95) = 14.29, p = < .001), as well as the interaction of familiarity x type of interaction with 

ChatGPT (F(1,291) = 6.54, p = .011) were significant.  

As AI literacy was composed of three different factors, we tested them in a single independent 

model (conditional R2 = .471, marginal R2 = .174, p = < .001) besides type of interaction. Practical 

application was the only covariate that achieved significant main effects (F(1,107) = 5.862, p = .017). 

Interestingly, when testing their moderation effects on predictability in a new model (conditional R2 = 
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.491, marginal R2 = .188, p = < .001), the interaction between technical understanding x type of 

interaction with ChatGPT reached significant effects, suggesting that technical understanding 

moderates the relation between type of interaction with ChatGPT and predictability. Main effects of 

type of interaction with ChatGPT (F(1,325) = 57.108), practical application (F(1,107) = 13.722), as well 

as the interaction between practical application and type of interaction with ChatGPT (F(1,325) = 

11.406 were significant (p = < .001) in this model. AI literacy as an entire construct did not moderate 

the relationship between type of interaction with ChatGPT and predictability; whereas the practical 

application factor played a role in moderating, as well as technical understanding.  

RQ5 (exploratory) examined if attitudes towards AI moderated the relation between type of 

interaction and trust. Similarly to RQ4, a full moderated mediation failed to converge even after 

simplifying the model structure, likely because the model was too complex for the given sample size. 

We tested for a simple moderation between type of interaction and trust (conditional R2 = .703, 

marginal R2 = .284, p = < .001). Attitudes towards AI showed significant main effects in the model 

F(1,109) = 45.797, p = < .001); however, as moderator it did not reach significant results F(1,327) = 

0.037, p = .847). This suggests that while attitudes towards AI might predict trust in AI, even when 

controlling for type of interaction, it does not seem to play a role as moderating this relation.  

RQ6 examined whether the accuracy of prediction was related to emotional valence through 

correlation tests using Spearman coefficient. For task-oriented interactions, neither positive nor 

negative emotional valence correlated significantly with accuracy of prediction (p = > .05), while for 

reflexive interactions results showed a significant positive correlation with weak magnitude for 

positive emotional valence (rs = 0.264, n = 110, p = .005), but not for negative emotional valence. 

Positive and negative valence in task-oriented and reflexive interactions were significantly and 

weakly associated with each other. The null hypothesis is accepted for task-oriented interactions, 

while the alternative hypothesis is supported for reflexive ones. 

RQ7 tested whether accuracy of prediction was related to the epistemic emotions of boredom, 

curiosity, surprise, anxiety, excitement, confusion, and frustration. For task-oriented interactions, 

accuracy of prediction did not show significant correlations with any of the emotions. Table 3.10 

shows detailed correlation results for all emotional responses on task-oriented interactions. 

Accuracy of prediction in reflexive interactions showed weak significant correlations with 

boredom and excitement. Table 3.11 shows detailed correlation results for all emotional responses 

on reflexive interactions. The null hypothesis is accepted for task-oriented interactions, while the 

alternative hypothesis is supported for reflexive ones. 
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Table 3.10. Correlations on emotional responses and task-oriented interactions  

 

*Correlation is significant at the p <.05 level (2-tailed) 

** Correlation is significant at the p <.01 level (2-tailed) 

The sample size (N) for the correlations is 110 

 

 

Table 3.11. Correlations on emotional responses and reflexive interactions  

 

*Correlation is significant at the p<.05 level (2-tailed).  

** Correlation is significant at the p<.01 level (2-tailed).  

The sample size (N) for the correlations is 110. 

3.1. Discussion Main Study 

This study aimed to investigate if type of interaction with ChatGPT had an impact on trust, whether 

this effect was explained by predictability, and if prediction accuracy was related to emotional 

responses. To evaluate this, participants conversed with ChatGPT across two types of interaction 

using the prompts that were categorised by intent and assessed by complexity in Study One. For each 

interaction type, assessments on predictability and trust were made prior and after the interaction, 

whereas emotional responses were assessed only after each conversation. As empirical research on 

users’ interactions with LLMs is still in its developing phase, a subset of exploratory questions was 

included to uncover preliminary effect patterns of AI prior knowledge, attitudes towards AI, as well 
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as numbers of interaction in trust and predictability.  

In the results of RQ1, task-oriented interactions showed slightly higher scores in trust when 

compared to reflexive ones, thus corroborating the hypothesis that the type of interaction has an 

effect of trust with statistical significance. This might be explained by participants’ familiarity and 

reliability in the task-oriented conversations, as they reported using ChatGPT for both personal and 

professional reasons. Previous research (Phang et al., 2025) has categorised conversations as 

personal and non-personal; however, a personal conversation might still be of a task-oriented type of 

interaction, as analysed qualitatively in our Study One. For example, participants might have had 

previous conversations with ChatGPT of a personal, or non-work related, context that were task-

oriented (e.g. “Design a weekly meal plan for a busy individual, incorporating grocery shopping 

lists”); thus, being more confident about these types of interactions, which resulted in higher trust 

levels, even before the actual interaction during the experimental study. On the other side, reflexive 

conversations that include affective cues and deep introspection might not be common to all 

participants, but rather, more specific to users that converse intensively withChatGPT or companion 

chatbots such as Replika (Fang et al., 2025; Skjuve et al., 2021). 

In addition, both types of interactions showed an increase in trust after the interaction took 

place, in line with research which proposes that interaction might drive trust (Glikson & Woolley, 

2020). Potentially, the increase in trust might be explained by a plausibly competent response given 

by ChatGPT through coherent and human-like responses (Skjuve et al., 2023) combined with the 

active inference proposal of users’ refinement of their mental models about limitations and 

capabilities of the system, as we will further review in RQ3.  

With regards to changes in trust for first and second interaction (RQ2.1), our findings showed 

that the number of interactions was just significant if adding type of interaction to the model. Results 

indicated that the number of interactions have a statistically significant mild effect on trust and this is 

different by type of interaction, aligning with recent work on the interactive operation of cognitive 

and affective trust (Shang et al., 2024). Even though reflexive interactions showed lower levels of 

trust on a first conversation, for the second interaction they promoted an increase in trust, probably 

as participants pondered for the system's benevolence. Shang and colleagues (2024)  studied 

cognitive and affective components of trust and suggest they may differ through the framing of 

conversations. They pointed out that when cognitive trust is high, increases in affective trust 

contribute little to overall trust, whereas under low cognitive trust, affective cues exert a stronger 

influence. This distinction may help explain the differences seen between task-oriented and reflexive 

interactions. Task-oriented interactions might have elicited cognitive forms of trust, while reflexive 

interactions, through their introspection topics, might have elicited affective trust. Shang and 

colleagues’ results (2024) also suggest that LLM-generated dialogues can be designed to induce 
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varying levels of affective trust through differences in tone and empathy. In the reflexive interactions 

from our study, ChatGPT might have used more affective language, as previous research (Phang et 

al., 2025) have pointed that ChatGPT might apply mirroring or sycophantic behaviour to drive users’ 

preference. In sum, these results reinforce the importance of conversational framing as a potential 

lever for shaping trust.  

For RQ2.2, we did not find evidence that supported that interaction number had an effect on 

predictability. We only found evidence of type of interaction having an effect on predictability with 

reflexive interactions showing lower levels of predictability, reinforcing our previous interpretation in 

RQ1 that users might have had more uncertainty, hence less predictability, about reflexive 

interactions with ChatGPT, regardless if they were encountered as first or second. As this exploratory 

RQ addressed a largely unexplored area of human–AI interaction, even these non-significant results 

might offer initial insights and promote further investigation.  

Regarding RQ3, which tested if predictability explained the relationship between type of 

interaction and trust, an increase in the explained variance was achieved when integrating 

predictability into the models. This supports the theory that predictability has a key role in trust 

dynamics (Christov-Moore et al., 2024; Schoeller et al., 2021). On the mediation paths analyses, the 

LMM showed that type of interaction with ChatGPT significantly predicted both predictability and 

trust, and also that predictability strongly predicted trust. The increase observed in both 

predictability and trust specifically for reflexive interactions after only one exposure, and 

independently of order, suggests that participants experienced changes likely due to being presented 

with novel content. As trust depends on trial-and-error experience (Schoeller et al., 2021) but might 

increase after an initial direct encounter (Glikson & Woolley, 2020). Considering that participants 

were not novices in the use of ChatGPT nor AI, according to their responses on AI prior knowledge, it 

is plausible that they were already familiar with the capabilities of task-oriented conversations and 

therefore did not exhibit changes in trust and predictability before and after that interaction as 

notable as in the reflexive interactions.  

When testing separately the first and second interactions in a simplified full mediation model10, 

the results were not significant for the first interaction. Even though the mediation model for the 

first interaction showed that predictability had a significant effect on trust, the data did not support a 

full mediation. The significant statistical effects of path b, where predictability has a strong and 

positive effect on trust, are consistent with active inference framework where theory proposes 

(Christov-Moore et al., 2024) that we tend to trust other agents as long as we are able to integrate 

them in our predictive models. As our prediction scales accounted for value similarity, understanding, 

 
10 The simplified full mediation model collapsed predictability and trust into mathematical difference scores 

without considering repeated measures, nor random effects, as explained in the previous sections. 
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and expectation besides direct predictability, the composite variable assessed different aspects that, 

according to literature (Christov-Moore et al., 2024; Hommel & Colzato, 2015; Körber, 2019; 

Schoeller et al., 2021; Yokoi et al., 2021; Yokoi & Nakayachi, 2021), are key to increasing the 

predictability upon someone’s action such as  superposition of the own’s model and the other 

agent’s model. In juxtaposition, a full mediation hypothesis was supported considering the data of 

the second  interaction. This difference in results might be explained due to previous significant 

results from the LMM with moment of interaction being significantly different. Results should be 

interpreted carefully as this discrepancy might also reflect the loss of variance and robustness from 

simplifying the design and testing the mediation in separate models for first and second interactions, 

as well as the limited sample size.  

For the moderation research question on prior knowledge (RQ4), frequency of use did not reach 

significant effects on predictability, whereas AI literacy showed significant main effects. AI familiarity 

achieved significant main effects as well as moderation effects on predictability, in line with the 

theoretical suggestion of Körber (2019) of its moderation role. On AI literacy factors, practical 

application was a significant predictor and moderator of predictability, while technical understanding 

only showed moderation results. In a research from Cotter and Reisdorf (2020), their empirical 

findings show that understanding a system might not be solely explained by frequency of use but 

requires a breadth of varied experiences. The mere act of engaging with an AI system seems to 

moderate the refinement of users’ mental models. As having used a system for different reasons 

might increase our rendering of its behaviour as more predictable (Cotter & Reisdorf, 2020; Schoeller 

et al., 2021), this might explain why familiarity achieved significant results. The result of AI literacy as 

a significant predictor of predictability is in line with the theoretical approach of active inference as 

knowledge might drive understanding and the modelling of a technology (Laupichler et al., 2023a; 

Schoeller et al., 2021). As this was an exploratory question, empirical examinations need to be 

further investigated. Still, our results show that different forms of prior knowledge might play a role 

to promote the refinement of users’ mental models.  

On RQ5, our results on attitudes towards AI as a predictor of AI trust is in line with prior research 

(Daly et al., 2025). However, results did not reach significance when testing for our exploratory 

question on moderation. Also, as ChatGPT or other AI systems are opaque and complex to 

understand, attitudes might not just be towards the system itself but the corporations who rule them 

(Schepman & Rodway, 2023) and further exploration in this matter is required. Exploratory RQ4 and 

RQ5 might serve to identify initial patterns through our empirical results that can inform subsequent 

hypotheses and investigation. 

For our tests on emotional responses based on accuracy of prediction (RQ6 & RQ7), significant 

values were reached solely for reflexive interactions, highlighting once again that these types of 
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interactions with ChatGPT should be further explored. As we calculated prediction accuracy by 

subtraction of prediction verification minus prediction in absolute numbers, we should carefully 

interpret results as bigger numbers imply farther points between prediction and prediction 

verification, and thus, less accuracy. Prediction accuracy showed a significant, negative and weak 

correlation with boredom in reflexive interactions. This means that the narrower the difference 

between prediction and prediction verification, hence more accuracy of prediction, the more 

intensively boredom was reported by participants. This comes in line with theoretical frameworks 

which state that boredom might be experienced in exploitative situations rather than explorative 

ones (Darling, 2023; Yu et al., 2019). On the contrary, excitement showed a positive correlation with 

prediction accuracy: the more inaccurate the prediction, hence wider differences between prediction 

and prediction verification, the more intense the excitement reported. This suggests that participants 

encountered unexpected stimuli, and in line with previous research on adaptive responses (Ketonen 

et al., 2023), their mental models were probably attempting to adjust to the situation while showing 

opposite directions of boredom and excitement. As excitement implies high arousal and high 

pleasure (Russell, 1980), participants might have been alert, engaged in a more explorative situation, 

similar to what happens in play scenarios.  In such scenarios, individuals deliberately seek to gravitate 

around the “sweet spot” and create situations of moderate complexity, aiming to resolve uncertainty 

(Andersen et al., 2023). Complementarily, a significant positive correlation between positive valence 

and accuracy of prediction in reflexive interactions suggest that as prediction is less accurate, 

participants experienced higher intensity of positive valence; counterintuitively with theory (e.g. 

Kiverstein & Miller, 2015; Schoeller et al., 2021) that proposes we tend to feel good when our 

prediction is accurate. This might be explained as participants being positively surprised due to 

ChatGPT’s human-like responses, interactiveness, or performance (Skjuve et al., 2023). This novel 

experience potentially allowed for an update of participants’ mental model, again resembling play 

scenarios, where a positive affect is elicited precisely because prediction errors are reduced faster 

than anticipated, aligning with the pleasurable quality associated with exploration and discovery 

(Andersen et al., 2023). Even though statistically significant, the magnitudes seen in emotional 

responses from reflexive interactions showed weak correlations. On the contrary, in the task-

oriented interactions, prediction accuracy did not reach any significant correlations with any 

emotional response, probably because the experience did not elicit an emotional experience 

intensive enough to be captured by the assessment. Also, a ceiling effect might have happened since 

participants began with relatively neutral or positive predictability scores, when compared to 

reflexive ones, leaving little variance in predictability of expectation (prediction) vs. actual experience 

(prediction verification).  

In sum, these findings are especially noteworthy since they potentially wrap up the dynamics 

https://bpspsychub.onlinelibrary.wiley.com/doi/full/10.1111/bjep.12534#bjep12534-bib-0043
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that participants might have experienced on reflexive emotions. We interpret that, even though 

familiar with ChatGPT, they were presented with relatively new content of interaction (reflexive 

topics), to which they perceived as less predictable when compared to task-oriented before the 

conversation took place. Despite the 69% of participants reporting that their use of ChatGPT includes 

personal reasons, these personal topics may include categories such as small talk, entertainment, 

personal-assistance, or even simple-reflexive topics, as all these might fit in the personal reasons for 

using it. Nonetheless, our reflexive prompts included cues of deeper introspection, were ranked in 

Study One as intermediate/somewhat difficult, and might not have been perceived as predictable. 

After the conversation, participants integrated this new experience into their mental model, and, as a 

plausible consequence, an increase in predictability was reported, explaining the increase in trust 

shown in the mixed model results, where emotional responses might have served as conscious cues 

of this process.  

3.1.1. Limitations 

To better mimic natural usage patterns, this study’s design was intentionally open-ended, although 

this enhances the ecological validity of our findings, some of its innovations also present limitations. 

As users’ accessed directly to their own ChatGPT account (either new or existent), the precise 

ChatGPT version used was not controlled for. Additionally, filter bubbles (Sohail et al., 2023), that is, 

when the algorithm selectively implies and shares the most relevant information for a specific user 

based on their past behaviours, might have contributed to possible different outcomes by 

participant’s archetype and hinder the generalisation of experiences and effects. Nevertheless, this is 

not exclusively a concern for our study but for the research on GenAI as a whole in the era of 

hyperpersonalisation. To address this, conversations in the present study were guided using 

recommended prompting techniques (Schulhoff, 2025). Participants were given a prompt template 

including the objective (task-oriented/reflexive), output format (length, response style) and details 

(preferences, context) where they embedded their selected cue to promote their active involvement 

while seeking to keep comparable outcomes as much as possible. As participants could interact freely 

with ChatGPT, we could not verify nor control the prompts that were specifically sent, as well as for 

the time of interaction. While this could have been limited or monitored by developing an interface 

and connecting ChatGPT through an API, we were trying to measure the interactions with this system 

through the native interface, as the lay population would normally do to mirror real world 

interactions. 

In addition, the researchers from this study had no access to the conversations, which is 

especially relevant for reflexive interactions about participant’s personal life. Whilst people interact 
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more freely with chatbots as they do not feel judged  (Skjuve et al., 2021), having no access to the 

conversations limits the possibility of deeper qualitative analysis, more nuanced results, or better 

control and transparency. This should be further explored in future research with ethics, care, and 

transparency. Informed consent ought to be clear and anonymization methods should be strictly 

applied. Even so, participants might interact differently knowing that a person will review their 

conversation and this should also be accounted for and monitored parallelly with quantitative tools.  

Although participants were instructed to use and personalise one of the provided prompts, 15 of 

them did not comply with this protocol reporting “other, not listed” as their interaction prompt. As 

this 13,63% of the sample showed high quality responses, confirmed their interaction type, and 

finally were not outliers in main variables such as predictability or trust scales, we decided to retain 

these participants to maintain statistical power. We have, however, accounted for this as a 

limitation, given that the prompts employed by these individuals could not be verified. Parallely, 

40.65% of participants interacted using the example prompts, even though these were not intended 

for use, as they represented slight outliers in terms of complexity and as our aim was for participants 

to engage more actively by personalising their template from the provided cues rather than copying 

examples. Nevertheless, we retained these cases in the analyses to preserve statistical power. 

Another limitation was the intended method to validate the interaction type. The question's 

phrasing (Did you interact with ChatGPT in a reflexive/task-oriented conversation?) may have 

prompted a qualitative judgement of the interaction rather than a simple categorical confirmation. 

Their exclusion was required for this reason alone, highlighting the impact of the flawed validation 

method. Although this issue only affected three participants, this limitation is noteworthy as these 

individuals had submitted responses of excellent quality. Future studies could find better ways of 

confirming that users actually conversed in the indicated type of interaction to avoid losing valuable 

data. While this could be addressed by using an API integration, it means that researchers would 

have access to participants’ conversations in order to verify their interaction types, which at the 

same time could potentially impact participants’ self-disclosure and general responses by the sheer 

fact of knowing their conversations would be monitored.  

Our assessment of trust was exclusively self-reported, meaning we did not include any observed 

behavioural trust measurement. This contrasts with other studies that monitor whether participants 

act on recommendations from an AI agent in collaborative settings. Behavioural trust is a key 

component of the trusting process, as it accounts for the perceived risks associated with an action. 

We did not monitor if the responses obtained from ChatGPT were subsequently integrated and used 

by the participants. Nevertheless, we attempted to address this behavioural aspect by allowing users 

to select from different prompts they felt would be more relevant to their current realities. Future 

studies could then monitor longitudinal interactions from participants with ChatGPT or other LLMs to 
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follow trust and predictability changes over time as well as further applications in the participants’ 

life (e.g. application of recommendations given by the LLM, monitorisation rate of information 

received from the LLM, etc).  

On the mediation data analyses, a major pitfall was the mismatch between the available tools 

and our study design. The 2 x 2 full design with repeated measures and random effects could not be 

tested integrally on the whole with the tools at hand. This limitation constrained our findings and 

even led to divergent results, since we had to run tests separately: using the LMM without mediation 

but with full moment to moment data, versus the mediation model that did not consider the study’s 

design entirely, but separate mediations for interaction one and two. 

3.1.2. Implications for Future Research 

Participants came from a variety of different contexts, fulfilling our objective of recruiting a diverse 

sample, spread across a range of different ages, nationalities, and education levels; even though 

groups were homogeneous in background pertaining to their field of study, with social sciences 

representing half of the total sample, they were quite heterogeneous regarding occupation, with 

representation of students and workers from diverse areas. These demographic characteristics and 

their baseline measures in prior knowledge makes us consider that results can be generalised to the 

lay population. Even so, future research could test if results remain similar for other populations. 

Moreover, future studies could look for nuanced sociodemographic differences, as reports on AI 

adoption (Appel et al., 2025) show that usage, intent patterns, and adoption vary among such 

sociodemographic contexts. 

Even though participants were neither tech experts nor from a technology context, they were 

mostly familiar with ChatGPT and similar systems. Also, they reported high scores in critical appraisal 

while scoring lower for technical understanding, in line with their non expert background. Although 

participants comprised different nationalities, countries of residence, academic, and professional 

backgrounds, it is possible that, because of the type of study, recruiting method, and time 

commitment in a digital task, participants were in general tech savvy. The latter could have 

influenced the results obtained for prior knowledge variables; also, participants’ score in attitudes 

towards AI was high (Schepman & Rodway, 2023; Yilmaz et al., 2023). This possible trend of interest 

in tandem with generally positive attitudes towards AI needs to be considered when interpreting the 

results; future research could examine if results remain in a population that might be not as tech 

savvy as participants in this study. Moreover, as technological prior knowledge may be unequally 

distributed (Cotter & Reisdorf, 2020), future studies could explore in detail relationships between 

age, AI prior knowledge and attitudes towards AI, while ensuring that people on different levels of 
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adoption, varying degrees of interest in technology, and sociodemographic backgrounds participate 

in the study.  

Regarding our quality assurance process, three participants passed attention checks and the 

bogus item but failed to confirm if they had had the specified type of interaction with ChatGPT. The 

wording of “did you interact in a (task-oriented / reflexive) conversation?” might have been confusing 

for participants, as evaluating if, for example, the conversation had really been the reflexion they 

were expecting vs. simply confirming that they engaged in the practical exercise of interacting with 

ChatGPT following the instructions given. Although three participants might not be a representative 

number, they were participants from excellent data quality that could not be considered in the 

analyses for this given reason.  

As predictability seems to theoretically and empirically be a key element to explain trust 

dynamics; future research could continue to explore trust in AI interactions by considering 

predictability as the mediator that explains the effects of interaction in trust. In future studies a full 

multi level mediation will indeed be valuable to account for the particularities of the study design 

and ground on the theoretical framework of active inference. Even so, predictability as a self-

assessed measure might be a simple approximation of the complex mechanisms of the predictive 

mental models of participants. Besides psychological aspects, future research integrating 

neuroscientific approaches would add further understanding of these dynamics.  

Although structured AI literacy efforts can enhance users’ predictability of AI, it appears that the 

practical application and familiarity through direct interaction with these systems may prove even 

more influential. Researchers could focus on developing a robust scale that accounts for AI prior 

knowledge as a whole (knowing, using, time of usage, literacy, appraisal, etc), as this could help 

future studies, industry, and society for a holistic assessment of individuals’ prior AI knowledge. 

Future studies could expand on our exploratory questions through other scales, analysing the 

different constructs of prior knowledge all together, or examining if knowing and having used these 

systems before remain as key for predictability. 

Regarding emotional responses correlation with prediction accuracy after interacting with 

ChatGPT, future studies could research if interactions with AI in participants’ mother language 

systematically elicit more intense emotions when compared to second languages, as many of our 

participants interacted with ChatGPT in English but were nationals from a non-English speaking 

country. In addition, such research could explore cultural differences on emotional responses after 

interacting with AI in their mother language.  

Overall, the effects for reflexive interactions were generally the most significant and, as 

proposed before, users might have experienced novel content in these type of interactions, 

potentially explaining why overall effects were stronger. While recurring users from Replika and 
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other types of chatbots might seek companionship or have engaged in introspective conversations, 

this might not be the case for the participants in this study, who reported to have engaged with 

ChatGPT before, even in personal conversations, probably because ChatGPT is a more generalistic 

LLM. To compare results, future studies could explore the dynamics of reflexive interactions with 

populations that already use chatbots for introspection. In addition, as studying reflexive interactions 

with generalistic LLMs is still developing, qualitative methods studies might offer valuable insights to 

better understand such dynamics.   

Even so, trust dynamics for broader types of interactions, besides reflexive ones, should not be 

overestimated. As AI continues to develop connections and applications, such as RAG (recently used 

to philosophically showcase how these type of technology might extend one’s mind; Smart et al., 

2025) or agentic AI (with multi-agent collaborative autonomy for complex goals; Sapkota et al., 

2025), there is a high possibility that we will keep interacting with AI, specially LLMs, as the user-

oriented interactive system, for more and more intents.  

4.1.  Conclusion Main Study 

This study aimed to examine the effect of interaction type (task-oriented/reflexive) on user trust in 

ChatGPT, exploring predictability as the core mediating mechanism to explain this effect and to test 

the correlation between prediction accuracy and emotional responses. The findings confirm that 

trust is dynamically constructed and significantly influenced by the nature of the interaction. Whilst 

task-oriented interactions yielded higher initial trust, consistent with user familiarity, reflexive 

interactions elicited a more pronounced increase in both trust and predictability post-interaction. 

This suggests that, when users were exposed to novel and introspective conversations, they actively 

refined their mental models of the AI's capabilities. The empirical support for predictability as a 

strong predictor of trust, and its mediation of the relationship between type of interaction and trust 

(the latter specifically in the second interaction), aligns robustly with the active inference framework. 

Results suggest that trust evolves as users integrate the system’s behaviour into their own predictive 

models and that this integration takes place specially through interaction.  

Users’ mental model refinement through novel reflexive conversations was further evidenced by 

the correlation results on emotional responses with prediction accuracy exclusively within such 

reflexive interactions. Counter-intuitively, prediction inaccuracy in these conversations correlated 

with positive valence, accompanied with excitement, suggesting that users experienced a “positive 

surprise” of the system's performance on reflexive engagements, probably due to human-like 

responses. This, in turn, facilitated the updating of their mental models.  

This research contributes to current knowledge by examining trust through predictability 
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dynamics, distinguishing effects elicited by interaction type, and exploring emotional responses 

through the lens of prediction accuracy. Despite its limitations, our Main Study underscores the 

critical role of conversational framing and predictability in the development of human-AI trust; it also 

opens new research directions for exploring how prior knowledge and beliefs might have an effect in 

predictability and trust. Future research should further dissect these dynamics and employ multi-

level mediation models to validate the proposed mechanisms. 
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CHAPTER FOUR 

What we (infer to) know 

1.1.  Final General Discussion 

This thesis’ research project sought to systematically explore human interaction with ChatGPT by first 

establishing a user-centred framework for prompt classification based on type of interaction, 

complexity, and user fit (Study One). Subsequently it tested the effects of these interactions in users’ 

prediction, trust and emotion (Main Study). The sample of the Main Study shared similar 

sociodemographic characteristics with Study One, which enhances comparability and promotes 

continuity across studies. 

The initial study identified common elements in prompts and constructed the 'task-oriented' 

and 'reflexive' categories; while users clearly recognised the former, the reflexive category lacked a 

strong consensus with less levels of confirmation rate in their categorisations as “reflexive” prompts. 

This might probably be explained due to participants evaluating the systems' intrinsic capacity to 

help reflect upon a situation. As AI systems lack own narratives and introspection, participants might 

have judged not the potential conversation that could be elicited through a reflexive prompt but the 

system’s capacity to maintain that type of conversation. Also, Study One’s results suggest that 

reflexive prompts were perceived as intrinsically more complex when compared to task-oriented 

ones. In the last phase of this study, a smaller set of prompts was selected considering prompts from 

both types of interactions that shared a comparable level of complexity. The apparent lack of 

consensus in reflexive prompts might gain explanatory power when juxtaposed with the findings 

from the Main Study, where these same reflexive interactions elicited the most significant effects in 

user trust, their predictability on ChatGPT, and emotional responses. This suggests that while users 

may not have a pre-existing mental framework for reflexive interactions with ChatGPT (that are less 

familiar and therefore less predictable prompts), the novel experience, might have elicited a 

substantial update to their mental models of the system's capabilities as results led to the largest 

post-interaction gains in trust and predictability. At the same time, it might reflect participants’ 

perception of a shared world understanding with ChatGPT, given the plausible human-like responses 

they received, even if such a shared world was, to some extent, projected. The sense of mutual 

understanding is so fundamental to human communication that we often take it for granted; when it 

is absent, as may occur with AI systems, trust and coordination break down. The fluency with which 

current generative AIs converse may create an illusion of shared world models; however, linguistic 

fluency does not necessarily entail a genuine common ground (Pezzulo et al., 2025). 
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Furthermore, while both studies confirmed that lay participants were generally familiar with 

ChatGPT, results from the Main Study showed that AI prior knowledge variables (AI familiarity,  

frequency of use, and AI literacy), were significant predictors of a participant's perceived 

predictability of the system's behaviour. Nevertheless, neither frequency of use nor the whole 

construct of AI literacy  showed moderation effects between type of interaction with ChatGPT and 

predictability. This potentially refines our understanding of practical knowledge’s importance, as AI 

familiarity reached both main and moderation effects, as well as practical application11. This means 

that participants who already knew, had used ChatGPT, and were aware of how AI systems could be 

applied in everyday life, reported higher predictability rates. By contrast, it is interesting to note that 

frequency of use did not statistically promote higher levels of predictability; probably due to previous 

research pointing that understandability of a system might not depend on frequency but on the 

breadth of experiences (Cotter & Reisdorf, 2020).  

Notably, the emotional responses of the interactions were significant only within the reflexive 

interactions. The finding that prediction inaccuracy for reflexive prompts correlated with lower 

boredom, higher excitement, and higher positive valence, reinforces the idea that these interactions 

were more explorative and cognitively engaging for participants (Darling, 2023; Pekrun et al., 2017). 

These emotional responses seem to serve as conscious indicators of the users’ mental model 

updating process, where unexpected AI behaviour in a personal context is met with heightened 

attention (Barrett, 2017; Hesp et al., 2021; Kiverstein & Miller, 2015; di Paolo et al., 2024). 

Limitations of Study One were related to size: a small sample, and a relatively small number of 

prompts to be validated with lay users. As a consequence, this limited the number of final prompts 

with category agreement, restricting the breadth of insights and future choice. Limitations of the 

Main Study concern the challenge of balancing experimental control against ecological validity, 

including the inability to control the precise prompts used or access the conversation logs, as this was 

a trade-off made to mirror real-world usage. This highlights a critical methodological challenge for 

future human-AI interaction research. Future work could use LLM APIs to enhance repeatability, 

transparency, and robustness, sharing all model settings (parameters, weights, prompts, etc) via 

supplementary materials, adopting strategies proposed in Study One to enhance comparability; and 

considering prompting templates used in the Main Study, while also developing ethical protocols for 

analysing conversation content, as also proposed in the Main Study.  

Some statistical models used (in the Main Study) were not fully able to capture the design's 

complexity, indicating a need for using more advanced analytical approaches. A limitation where 

 
11 One of the three subfactors of the AI Literacy construct 
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both studies converge is that some of the scales used were not validated for the specific population 

as they are (a) part of recently growing research efforts or (b) custom created for the studies. 

Although all scales were in English (their original language) and inclusion criteria on both studies 

included intermediate level, it is plausible that participants’ responses may have been influenced by 

their cultural context. Future research could further develop and validate scales for other languages 

than English and different cultural contexts.  

Despite the previously acknowledged limitations, this body of research presents several strong 

aspects and makes novel contributions to research, knowledge, and society. The strength of this 

research is amplified by its mixed-methods approach and sequential development: the framework 

established in the first study provided the foundation of the pilot-tested prompts used in the Main 

Study for analyses in a counterbalanced design. The primary innovation lies in the development and 

methodological validation of a novel prompt classification, distinguishing between “task-oriented” 

and ‘“reflexive” interactions, and for the first time, introducing perceived prompt complexity as a 

critical variable from a user's perspective (Velázquez et al., 2025). Also, it showed how reflexive 

interactions can significantly increase user trust by updating their predictability about the AI agent. 

This provides robust, theory-driven evidence for the active inference framework within HCI. By 

intentionally focusing on lay users and a widely accessible tool, the findings propose high potential 

application and contribute directly to a broader understanding of how humans can engage with AI, 

suggesting that even a brief exposure to novel, reflexive conversation can increase predictability and 

trust.  

For society at large, this body of research moves the focus of interest beyond the purely 

transactional capabilities of LLMs to explore their effects on users regarding reflexion. In recent 

weeks, OpenAI (Chatterji et al., 2025) and Anthropic (Appel et al., 2025) published independent 

reports on how people use their LLM solutions (ChatGPT and Claude, respectively). Even though 

intents vary upon sociodemographic characteristics of the user, both studies show an increasing 

trend for personal advice, life guidance and related topics. OpenAI also reports that even though 

general usage of ChatGPT in both work-related and non-work-related conversations has been 

growing, the non-work-related conversations are growing significantly faster. Both corporations also 

report an increase in so-called doing or directive conversations, that is, users not only asking specific 

things but delegating more and more autonomous tasks to LLMs. As users increasingly engage with 

and delegate to LLMs and other AI systems for personal matters, such as seeking advice, facilitating 

self-reflection, and navigating complex interpersonal problems, critical societal questions arise, 

necessitating advanced research, a proactive focus on AI literacy, robust ethical guidelines, and 

transparent privacy controls. 

Growth in usage of LLMs for reflexive conversations, and afterwards, the increase of trust in 
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both the LLM and the conversation itself, might become paradoxical on many different levels:  

(1) Trust is created among different living systems that need to coordinate to survive as they 

face an uncertain world they cannot control. (2) We assume others share our basic core assumptions 

and understanding about the physical, social and moral world. (3) We might trust more someone 

who shares our priors (beliefs, values, views, narratives), which is to say, we tend to trust others 

whose mental model overlaps with ours. (4) Trust is a virtual minimizer of uncertainty: by having high 

certainty on our assumptions of others (trusting them), our mental model of the world expands 

through what they know, do and say to us. We integrate the information they give us about the 

world in the form of beliefs; not only about the world itself but even about ourselves. (5) Eventually, 

trust leads to empathy (Christov-Moore et al., 2024; Pezzulo et al., 2025). If we are supposed to trust 

living, predictable, benevolent, compatible agents that drive our empathy and expand our mental 

model of our shared world, how then might we be trusting non living agents that exhibit erratic 

behaviour (e.g. hallucinations12), answer to profit-driven corporate interests (e.g. ads and content 

based on our previous interactions; Meta, 2025a), with whom we do not seem to share narratives of 

our world? Our constant energetic efficiency seeking might be the answer (Christov-Moore et al., 

2024; Schoeller et al., 2021).  We will plausibly continue to expand our capabilities through 

technology; what makes AI different from previous technological advances might be that it starts 

behaving less like a tool and more like an agent. The way GenAI systems interact creates the illusion 

of a shared understanding of the world; yet, this illusion does not mean that our core assumptions 

are actually shared with AI. We might be overestimating an alignment where it might not exist 

(Pezzulo et al., 2025). Nonetheless, the possibility of expanding our mental model and agency 

through AI seems to only be accomplished by trusting these systems at any given level. How may our 

society find equilibrium?  

It is a short yet highly complex question that we just might fail to answer. Nevertheless, we 

suggest that, as corporate efforts to improve AI development may not stop any time soon, we as 

academics, researchers, entrepreneurs, workers, individuals, should seek to increase the 

understanding of these systems, for ourselves and others, while demanding corporations our right 

for privacy. In European countries, for example, conversations’ content on Meta (2025a; 2025b) will 

not be used for publicity purposes due to the General Data Protection Regulation of the European 

Union, contrary to other regions. Continuing current efforts and promoting new advances in AI and 

privacy regulation prove beneficial for individuals and societies. 

Future research could explore the presence of AI in our daily lives; how are these systems being 

 
12

 Hallucination is a generated response by an IA system that is either nonsensical, factually incorrect, or not 

grounded in reality (di Paolo et al., 2024). 
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embedded in our environment?; what are the effects of our direct interactions with AI, besides chat 

conversations?; while exploring its representations in daily common scenarios, including 

entertainment, how are these AI agents being depicted in movies or series? The characterisation of 

AI in mainstream media might serve as the primary source of information for the general public, and 

thus, one’s perception of AI might be influenced by its representation in mass media (Nader et al., 

2024), which in turn might guide attitudes, general discourse, and future actions (Cave & Dihal, 

2020). Trust might be co-produced by social practices and social imaginaries13, not only by system 

performance; for example, everyday embedding of AI systems in our daily lives might shape user 

expectations and the cultural preconditions for trust (Sheridan, 2019; Viaene et al., 2021). Even our 

emotions and other subjective experiences are shaped by social sharing and public interpretation 

beside private signals (Pezzulo et al., 2025). 

Collaboration is built on trust, alignment and communication rather than blind delegation 

(Pezzulo et al., 2025). Ultimately, as individuals, we should both question and trust the responses 

given by AI just as we might do for ideas that “suddenly bubble up from our own biological 

unconscious” (Clark, 2025, p. 2), acknowledging this critical thinking may not be universal, but rather 

a function of educational and socioeconomic privilege. Crucially, as these systems become more 

integrated into users' personal lives, a parallel effort must be made to reinforce the value of human 

support networks and interpersonal engagement. This is particularly salient, given the potential for 

problematic usage patterns emerging, as shown by research (Fang et al., 2025). 

While industry reports are just recently showing a growing trend towards users employing AI for 

these more personal, reflexive purposes, rigorous academic investigation is required to examine and 

interpret these phenomena. Such research would be invaluable for understanding the long-term 

effects of these systems on individual well-being and social dynamics, ensuring the discourse is led by 

an empirical and pro-societal approach. Building on this research, the next steps could focus on 

deeper explorations of the reflexive interactions, developing a holistic scale for AI prior knowledge, 

and exploring the impact of different modalities and languages on user engagement, trust, and 

emotional responses, specifically for reflexive interactions. Consequently, research, government, and 

society could, in what would be an almost utopical effort, coordinate programmes to provide tools 

and environments for individuals to integrate AI solutions in ways that benefit themselves and our 

community.   

 
13 Social imaginaries, term developed  by Charles Taylor that refers to how ordinary people imagine their 

collective social life. Rather than abstract theories of elites, it pertains to the popular understanding, norms 

and practices that shape daily interactions, maintain and transform societies (O’ Neill, 2016). 
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1.2. General Conclusion 

Our world-revealing perception depends heavily on our prediction models, which are based on the 

very structure of our brain, our past experiences and our imagination. As our lives become 

increasingly intertwined with technology, we will also be shaped to the bone by these systems since 

our perception is built with the world. Organic-artificial perception will increasingly be made visible  

with AI’s rapid development and adoption. Plausibly our future will be more and more conversational 

with these systems including wider topics, from professional non-personal goal oriented 

conversations, to personal introspective reflexive ones: we must both trust and question all these 

interactions. As our society and ways of communication are being transformed, studying trust, 

predictability, emotional responses and their influencers of attitudes, prior knowledge and usage is 

key.  

This research contributes to addressing this challenge by empirically examining how different 

types of human–AI interactions shape trust and emotional responses among lay users. By analysing 

predictability as a key mechanism to explaining trust, and exploring the relationship between 

prediction accuracy and emotion, this work offers insights into how users build and calibrate their 

reliance on conversational AI. Through the development and assessment of prompts by their 

characteristics and the interaction types they may elicit, this body of research also provides 

methodological foundations for future studies aiming to investigate human–AI collaboration in real-

world contexts. 
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Epilogue 

Mudam-se os tempos, mudam-se as vontades,  

muda-se o ser, muda-se a confiança;  

todo o mundo é composto de mudança,  

tomando sempre novas qualidades. 

Continuamente vemos novidades, 

diferentes em tudo da esperança; 

do mal ficam as mágoas na lembrança, 

e do bem — se algum houve —, as saüdades. 

O tempo cobre o chão de verde manto, 

que já coberto foi de neve fria, 

e enfim converte em choro o doce canto.  

E, afora este mudar-se cada dia, 

outra mudança faz de mór espanto: 

que não se muda já como soía.  

 

[Times change, and so do wills, 

 our very being shifts, trust transforms; 

 the whole world is made of change, 

 forever taking on new qualities. 

We constantly behold what’s new, 

 all so different from our hopes; 

 from evil remain sorrows in memory, 

 and from good — if any there was —, longing. 

Time covers the ground with a green mantle, 

 once wrapped in cold white snow, 

 and turns, at last, the sweet song into weeping. 

And, beyond this daily turning of things, 

 there’s yet another change, most strange of all: 

 that change itself no longer changes as it used to.] 

de Camões (1980, p. 257) 
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Appendix A 

List of prompts sent to GPT 

Prompts sent to GPT-3.5 free version (May 3, 2024) and GPT4.o free version (July 9, 2024) 

Initial exploration and examples  

1. What are your categorizations on prompts? 

2. Explain the main characteristics of each prompt category 

3. Share the key differences between each 

4. What are the different levels of prompt difficulty? 

5. Give me an example of a prompt that has a context dependent level of difficulty (Just for 

GPT-3.5) 

6. Use the topic “common life” and share an example for each category 

 

Re-framing topic for prompts to be used in qualitative analysis  

7. Create prompts of all difficulties (basic, intermediate, advanced) for each category framed 

into wellbeing and personal human development 

8. Now, we’ll create new prompts with a new framing topic. Create 3 prompts for each level of 

difficulty for each of categories framed in day-to-day activities of lay people. 

9. Create new prompts for all difficulty levels and categories  

10. Create new prompts for all difficulty levels, framed in day-to-day activities 
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Appendix B 

List of prompts from phase two and assessed during phase three of Study One 

(Task-oriented) 

1. "Analyse the impact of stress on physical health, discussing common stress-related 

symptoms such as headaches and digestive issues." 

2. "Design a weekly meal plan for a busy individual, incorporating grocery shopping lists" 

3. "Propose a customised strategy to improve sleep quality, contributing to overall well-being" 

4. "Explain the importance of regular breaks throughout the day for maintaining focus and 

productivity." 

5. "Create a personalized self-care ritual that helps unwind and recharge after a long day" 

6. "Propose strategies for reducing sedentary behaviour during a typical workday." 

7. “Explore practical ways to reduce plastic waste and carbon footprint in my daily life” 

8. "Explore the benefits of establishing morning routines for enhancing productivity and well-

being, discussing strategies for creating and maintaining effective rituals." 

9. “Propose strategies to reduce my household expenses” 

10. "Analyse how food traditions of different cultures shape social interactions in common life" 

11. “Develop a personalised stress management toolkit for dealing with common stressors in 

daily life” 

12. "Design a personalised time management system to optimize daily productivity and minimize 

stress." 

13. “Create a detailed itinerary for a two-week vacation in Europe” 

(Reflective) 

1. “Advice me on how could I create a family tradition that makes us feel connected to each 

other” 

2. “Walk me through the process of finding inspiration and motivation in my life to pursue a 

goal.” 

3. “Help me find inspiration to pursue a new hobby / interest” 

4. “Help me reflect on the effectiveness of my current behavior and habbits for my personal 

development” 

5. “Reflect with me on how to create a self-care ritual that helps me unwind and recharge after 

a long day” 

6. “How could I broaden my career opportunities and personal growth?” 

7. “Advice me on how to foster authentic connections and emotional resilience” 

8. "(Thinking about a challenge in my life) give me your feedback on how I handled it.” 

9. “Advice me on how could I improve my mental health while dealing with chronic stress” 



 102 

10. “How should I approach resolving a long-standing conflict with a family member?” 

11. “How should I convince my boss to implement a four-day workweek as a means of improving 

my own work-life balance?” 

12. “Advice me on how I can overcome the imposter syndrome in my professional life” 

13. "Help me improve my self-care practices and overall well-being" 

(Both) 

1. "Explain to me how I could apply conflict resolution and negotiation principles to resolve 

disputes in common life." 

2. “Share how behaviour change techniques could promote healthy habits and sustaining long-

term lifestyle changes in my life" 

3. "Brainstorm ideas for fostering intergenerational connections in the neighborhood" 

(None) 

1. “Imagine you can travel through time—where and when would you go, and why?” 

2. "Do you believe that gratitude practices can improve mental well-being? Share your 

perspective." 

3. "Reflect on a recent meal that made you feel energized and satisfied, and consider the 

factors that contributed to its healthfulness." 

4. “Imagine you could invent a device to solve any global issue—what would it be and how 

would it work?” 

5. “Should freedom of speech be limited to prevent hate speech and misinformation on social 

media platforms?” 

 

Note. Texts between (...) are just for organisational purposes and did not appear to participants. 

Prompts appeared in random order for each participant 
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Appendix C 

Final assent from Specialised Committee on Ethics in Psychology of ISCTE-IUL 

COMISSÃO ESPECIALIZADA DE ÉTICA DE PSICOLOGIA   

PARECER [Final] 24/2024  

I – Identificação  

Projeto nº: 24/2024  

Identificação do(a) proponente: Marijose Páez Velázquez  

Curso: Mestrado em Ciências das Emoções  

Título do Projeto: End users’ interactions with chat GPT, its impact on trust and emotion. Data de 

submissão do pedido:  

Data do parecer: 23 de setembro de 2024  

II – Análise   

A informação disponibilizada no Formulário de Submissão para Apreciação da Comissão  de Ética 

Especializada de Psicologia e respetivos anexos, satisfaz os requisitos éticos exigíveis neste tipo de 

projetos de investigação, contemplando, nomeadamente: o O problema de investigação e relevância do 

estudo;  

o O(s) objetivo(s) e perguntas de investigação;  

o O método, incluindo a caracterização dos participantes e o procedimento de recrutamento;  

o Identificação de populações vulneráveis, caso se aplique, e riscos associados à participação e 

correspondentes medidas de mitigação;  

o Os elementos do consentimento informado e debriefing;  

o A entrega do consentimento informado, do protocolo de investigação (guião de entrevista, 

questionários, etc.) e do debriefing.  

o A Declaração de Responsabilidade e de Conduta Ética devidamente preenchida.  

No entanto, emite as seguintes CEEP recomendações:   

1. No consentimento informado (Appendix A) é mencionado “The personal data you  share is 

anonymous, and will only be used for statistical, educational, or scientific  purposes.” A utilização 

do termo “personal data” afirmação parece-nos desnecessária dado que, de acordo com o 

mencionado no formulário de submissão, não serão recolhidos dados pessoais. 
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2. Menção ao período de conservação dos dados (e.g., Os dados anónimos serão  armazenados de 

forma segura por um período de pelo menos cinco anos, desde  o final da dissertação ou, se os 

investigadores planearem reportar os resultados em  publicações científicas, desde a data da 

publicação original).  

3. A CE recomenda que os investigadores se certifiquem de que a anonimização é  ativada no 

Qualtrics, de modo a não incluir informação de localização e endereço de IP.  

III – Parecer  

Em suma, assegurados que se encontram a natureza voluntária da participação, o consentimento livre e 

informado e o debriefing, o adequado tratamento dos dados  pessoais, entende a Comissão de Ética 

Especializada de Psicologia emitir parecer final  favorável à realização da investigação.   

A relatora  

 
………………………………………………………..  

A relatora  

 
………………………………………………………..  
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Appendix D 

Informed consent for Study One 

 

The present study arises within the scope of a thesis project for a Masters’ of Science of Emotions, 

taking place at ISCTE - Instituto Universitário de Lisboa. It is conducted by Marijose Páez Velázquez 

(majoo.pv@gmail.com), whom you may contact if you have any questions, comments, or want to 

exercise your rights regarding the processing of your data.  

 

The study aims to categorise and evaluate prompts for starting conversations based on their intent 

and complexity level, respectively. Your participation in the study, which will be highly valued, will 

contribute to the selection of prompts that can be used in the human-AI interactions, and will be part 

of a subsequent research. There are no foreseeable risks, damages nor costs associated with 

participating in the study. Your participation will involve reading a group of sentences (prompts) and 

evaluating characteristics of each one. It will take around 30 minutes. Eventually, participating could 

benefit you by providing examples and ideas for future human-AI interactions or human-to-human 

conversations you might have. 

 

You may participate no matter your professional or academic background in technology, but you 

need to be 18 years or older and have at least an intermediate English reading level. If you don’t 

meet these criteria, unfortunately your responses won’t be taken into account. 

 

All the answers that you provide are collected and processed exclusively for the study’s purposes. 

None of your answers will be evaluated individually. There are no correct or incorrect answers. 

ISCTE is responsible for processing your personal data, based on your consent [Article 6(1)(a) and/or 

Article 9(2)(a) of the General Data Protection Regulation]. The data you share is anonymous, and will 

only be used for statistical, educational, or scientific purposes. Your participation in this study is 

confidential. Your data will always be handled by authorised personnel bound by confidentiality 

obligations. ISCTE ensures the use of appropriate techniques, organisational measures, and security 

to protect information. All researchers are required to maintain the confidentiality of data.  

 

Participation in the study is strictly voluntary—you can freely choose to participate or not. If you 

decide to participate, you can interrupt your participation at any time without further explanation or 

consequences to yourself. You can choose to not respond partially or totally to the questions in this 

online form.  

ISCTE has a Data Protection Officer, reachable via email at dpo@iscte-iul.pt. If necessary, you also 
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have the right to lodge a complaint with the competent supervisory authority—the National Data 

Protection Commission. 

 

I declare that I have understood all the information presented above.  

I accept participating in the study and consent to the use of my data according to the provided 

information.
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Appendix E 

Debriefing for Study One 

 

Thank you very much for participating in this study.  

 

Your participation will help shape the selection of prompts and support a subsequent research on 

human-AI interactions, adding an emotional perspective and human focus. We look forward to 

creating common ground for ethical and responsible interactions with conversational AIs that 

contribute to our society.  

 

As mentioned at the beginning of your participation, the study aims to categorise and evaluate 

prompts for starting conversations based on their intent and complexity level, respectively. 

 

We reiterate the contact information you can use if you have any questions, wish to share 

comments, or express your interest in receiving information about the study’s main results and 

conclusions:  

Marijose Páez Velázquez (majoo.pv@gmail.com).  

  

Once again, thank you for your participation. 
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Appendix F 

Detailed response distribution for all prompts assessed in Study One 
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Appendix F (continued) 
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Appendix G 

Informed consent for Main Study 

 

The present study arises within the scope of a thesis project for a Masters’ of Science of Emotions, 

taking place at ISCTE - Instituto Universitario de Lisboa. It is conducted by Marijose Páez Velázquez 

(majoo.pv@gmail.com), whom you may contact if you have any questions, comments, or want to 

exercise your rights regarding the processing of your data. 

 

The study aims to elicit end users’ interactions with ChatGPT, and explore their impact on trust 

and emotion. Your participation in the study, which will be highly valued, will contribute to the 

human-AI interaction research. There are no foreseeable risks, damages nor costs associated with 

participating in the study. 

 

Your participation will entail only one session and requires creating a ChatGPT account. In this 

session, you will interact twice with this conversational technology, answer different surveys on 

your feelings and thoughts, and will take about 35 minutes. We highly recommend using a 

computer for this study. 

 

You may participate no matter your professional or academic background in technology, but you 

need to be 18 years or older and have at least an intermediate English reading level. If you don’t 

meet these criteria, unfortunately your responses won’t be taken into account. 

 

All the answers that you provide within this online form are collected and processed exclusively for 

the study’s purposes. None of your answers will be evaluated individually. There are no correct or 

incorrect answers. ISCTE is responsible for processing your data, based on your consent [Article 

6(1)(a) and/or Article 9(2)(a) of the General Data Protection Regulation, as applicable]. The data you 

share in this form is anonymous, and will only be used for statistical, educational, or scientific 

purposes. It will be stored securely and eventually deleted in accordance with the Guidelines for 

Researchers on the Protection of Personal Data in Scientific Research Activities of ISCTE. 

  

Your participation in this study is confidential. Your data will always be handled by authorised 

personnel bound by confidentiality obligations. ISCTE ensures the use of appropriate techniques, 

organisational measures, and security to protect information. All researchers are required to 

maintain the confidentiality of data. 
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Please consider that all the information you share in the ChatGPT page (such as sign up info) and 

within your conversations there, will be handled by OpenAI according to their own privacy policy 

(https://openai.com/policies/privacy-policy) and terms of use (https://openai.com/policies/terms-

of-use/). Neither the researcher nor ISCTE will have access to your email address, your conversations 

with ChatGPT or any other information you share in the ChatGPT page. 

 

Participation in the study is strictly voluntary—you can freely choose to participate or not. If you 

decide to participate, you can interrupt your participation at any time without further explanation or 

consequences to yourself. You can choose to not respond partially or totally to the questions in this 

online form. 

 

ISCTE has a Data Protection Officer, reachable via email at dpo@iscte-iul.pt. If necessary, you also 

have the right to lodge a complaint with the competent supervisory authority—the National Data 

Protection Commission. 

 

I declare that I have understood all the information presented above. 

I accept participating in the study and consent to the use of my data according to the provided 

information. 
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Appendix H 

Debriefing for Main Study 

 

Thank you very much for participating in this study.  

  

Your participation will contribute to the human-AI interaction research, integrating an emotional 

perspective and human focus. We look forward to creating common ground for ethical and 

responsible interactions with conversational AIs that contribute to our society.  

 

  

Specific details were initially withheld as part of the study design to ensure unbiased results, but rest 

assured that none of this information had any harm or risk potential. Now we can provide more 

information as follows: 

As mentioned at the beginning of your participation, the study focuses on end users’ interactions 

with ChatGPT, and their impact on trust and emotion. More specifically, to analyse how predictability 

explains the effect of type of interaction in trust when engaging with ChatGPT and if accuracy of 

prediction has an effect on emotional responses. Also, to explore if previous knowledge moderates 

the relationship between type of interaction and predictability, and if attitudes towards AI moderate 

the relationship between type of interaction and trust.  

 

  

We reiterate the contact information you can use if you have any questions, wish to share 

comments, or express your interest in receiving information about the study’s main results and 

conclusions: Marijose Páez Velázquez (majoo.pv@gmail.com).  

 

Once again, thank you for your participation. 
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Appendix I 

Invitations to prospective participants (examples) 

 

Example on personalised request for dissemination of the study. 

Subject: Request for Authorization in sharing Research Study with your community 

 

Distinguished Professor [Name] and [Role e.g. Director] of [Department/Organization], 

 

I hope this message finds you well. My name is Marijose Páez, I am conducting a research study titled 

"End users’ interactions with ChatGPT, its impact on trust and emotion", framed on a masters’ 

thesis project from ISCTE-IUL and supervised by professor Elzbieta Bobrowicz-Campos. I am reaching 

out to request your authorization and support in sharing this study with the [research/academic] 

community (students and/or colleagues) of the institution that you [take part, direct, manage, etc] 

The general objective is to understand trust and emotion dynamics when interacting with ChatGPT, 

with users from different levels of expertise in Artificial Intelligence (AI) and a varied set of contexts.  

 

Why it matters 

Interactions with AI agents will continue to grow, transforming our daily lives in unprecedented ways. 

Large Language Models, such as ChatGPT, enable broader access for end users with diverse 

backgrounds and many levels of expertise. Systems will likely become more and more complex, so 

will the users' mental models. To expand our capabilities through technology, trust and emotion are 

key as they will allow safer and more productive interactions. 

Currently no trust-related studies include interactions with end users and ChatGPT as part of the 

experimental design. This study will contribute to the human-AI interaction research. 

 

What we are looking for 

Participants of 18 years and older with intermediate or higher English level. No specific technical 

background is required, as the study is intentionally designed to include end users with diverse levels 

of AI knowledge. 

This is a one-time intervention. Participants will be asked to complete an online questionnaire, which 

takes approximately 60 minutes and must be done on a computer.  

 

How your valued contribution will impact our research  

Your distinguished efforts play a crucial role in reaching a diverse audience for the study, enriching its 
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scope and impact.  

We kindly request your authorization and support to share the invitation to participate in this study 

with your institution's community, in the terms that work best for you and your organization. We aim 

to reach an audience consisting of students, professors, and other research colleagues. 

In the attached document, you will find the information targeted to potential participants (invitation, 

general description, and link to participate), which can be shared upon your approval. 

We sincerely thank you for your invaluable support in disseminating the invitation to participate in 

our study within the academic community of your [institution/organization].  

 

Information on ethics 

The study is approved by the Ethics Committee of the ISCTE-IUL Psychology Department 

(PSI_24/2024). Voluntariness, confidentiality and data protection will be strictly maintained 

according to ISCTE guidelines and General Data Protection Regulation.  

There are no foreseeable risks, damages nor costs associated with participating in the study. 

Additionally, we will be happy to provide further details or address any questions you may have 

regarding the research. 

We deeply appreciate your invaluable collaboration in advancing this initiative, and we eagerly look 

forward to your favourable response.  

 

 

 
Figure 1. Graphic example for dissemination the study 
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Figure 2. Graphic example for dissemination the study 

 

 

Figure 3. Graphic example for dissemination the study  
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Figure 4. Graphic example for dissemination the study  

 

 
Figure 5. Graphic example for dissemination the study  
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Appendix J 

Attitudes towards AI 

AI attitude scale (AIAS-4) from Grassini (2023). 

 

Please select the option that best describes yourself:  

from 1 (not at all) to 10 (completely agree) 

 

1. I believe that AI will improve my life 

2. I believe that AI will improve my work 

3. I think I will use AI technology in the future 

4. I think AI technology is positive for humanity 
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Appendix K 

AI prior knowledge 

Familiarity, adapted from Körber (2019), interaction nature (custom-created), and frequency of use, 

adapted from Viszcaino et al., (2019). 

 

Please select the option that best describes yourself: 

 

1. I already know Chat GPT or similar systems as Co-pilot, Dall-E or other 

intelligent chatbots (1 strongly disagree - 5 strongly agree) 

2. I have already used Chat GPT or similar systems as Co-pilot, Dall-E or other 

intelligent chatbots (1 strongly disagree - 5 strongly agree) 

 

3. When using GPT or similar systems of AI chatbots, I use it for (Personal 

reasons/Professional reasons/Both reasons/None) 

 

Please write the number that best describes yourself: 

 

4. Thinking of an average, how many hours do you typically interact with a 

Large Language Model (LLM) or Generative Artificial Intelligence (GenAi) 

such as ChatGPT, Co-pilot, or Dall-E on a typical week? 

Write the number that best describes yourself. If zero, please type “0” in the 

box. 

 

 

AI literacy scale (Laupichler et al., 2023a) 

 

 Please select the option that best describes yourself:  

from 1 (strongly disagree) to 7 (strongly agree) 

 

(Technical understanding)  

I can… 

1. describe how machine learning models are trained, validated, and tested. 

2. explain how deep learning relates to machine learning.  

3. explain how rule-based systems differ from machine learning systems 

4. explain how AI applications make decisions. 
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5. explain how ’reinforcement learning’ works on a basic level (in the context of machine 

learning).  

6. explain the difference between general (or strong) and narrow (or weak) artificial intelligence 

7. explain how sensors are used by computers to collect data that can be used for AI purposes.  

8. explain what the term ’artificial neural network’ means. 

9. explain how machine learning works at a general level.  

10. explain the difference between ’supervised learning’ and ’unsupervised learning’ (in the 

context of machine learning).  

11. describe the concept of explainable AI.  

12. describe how some artificial intelligence systems can act in their environment and react to 

their environment.  

13. describe the concept of big data.  

14. evaluate whether media representations of AI (e.g., in movies or video games) go beyond the 

current capabilities of AI technologies. 

(Critical appraisal)  

I can… 

15. explain why data privacy must be considered when developing and using artificial 

intelligence applications. 

16. explain why data security must be considered when developing and using artificial 

intelligence applications 

17. identify ethical issues surrounding artificial intelligence. 

18. describe risks that may arise when using artificial intelligence systems. 

19. name weaknesses of artificial intelligence.  

20. describe potential legal problems that may arise when using artificial intelligence.  

21. critically reflect on the potential impact of artificial intelligence on individuals and society 

22. describe why humans play an important role in the development of artificial intelligence 

systems.  

23. explain why data plays an important role in the development and application of artificial 

intelligence.  

24. describe what artificial intelligence is.  

(Practical application)  

I can… 

25. give examples from my daily life (personal or professional) where I might be in contact with 

artificial intelligence. 

26. name examples of technical applications that are supported by artificial intelligence.  
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27. tell if the technologies I use are supported by artificial intelligence 

28. assess if a problem in my field can and should be solved with artificial intelligence methods.  

29. name applications in which AI-assisted natural language processing/ understanding is used 

30. explain why AI has recently become increasingly important. 

31. critically evaluate the implications of artificial intelligence applications in at least one subject 

area 

 

 

Note. Titles of factors are just for organisational purposes and did not appear to participants.  
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Appendix L 

Predictability 

Predictability is formed by prediction (before interaction) and prediction verification (after 

interaction) with ChatGPT. Custom-created scale adapted from Körber (2019), Yokoi et al. (2021), and 

Yokoi & Nakayachi (2021) 

 

Prediction scale (before interaction): 

 

The next questions are about the interaction that will take place with ChatGPT about (task-

oriented/reflective) topics. Please select the option that best describes your belief about the future 

interaction.   

1. ChatGPT’s thoughts on  topics concerning (task-oriented/reflective) interactions will match 

my thinking 

2.  ChatGPT will have similar beliefs on topics concerning (task-oriented/reflective) interactions 

as I do  

3. ChatGPT will answer my (task-oriented/reflective) questions in a way that I desire 

 

4.  Chat GPT will respond unpredictably R 

5.  I will be able to understand why things happened  

6. I find it difficult to predict what Chat GPT will do next R 

 

7. I am uncertain about the outcome of this (task-oriented/reflective) interactionR. 

8. I can imagine the responses that ChatGPT will deliver on (task-oriented/reflective) topics 

9. I have a clear expectation on how ChatGPT will perform in this task  

 

 

Prediction Verification scale (after interaction): 

 

The next questions are about the interaction that just took place with ChatGPT on (task-

oriented/reflective) topics. Please select the option that best describes your perception about the 

past interaction.   

1. The way ChatGPT thinks about (task-oriented/reflective) topics matches my thinking 

2. ChatGPT has similar beliefs on topics concerning (task-oriented/reflective) interactions as I 

do  

3. ChatGPT answers my (task-oriented/reflective) questions in a way that I desire 
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4. ChatGPT responded unpredictably R 

5. I was able to understand why things happened  

6. It’s difficult to identify what ChatGPT will do next R 

 

7. I am still uncertain about the outcome of this interaction 

8. My predictions about ChatGPT responses on (task-oriented/reflective) interactions were 

accurate 

9. My expectation on how ChatGPT would perform this task was met 

 

 

Note. R Questions with reversed answer to validate congruence 
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Appendix M 

Trust 

Trust scale assessed before and after interactions (Gulati et al., 2019) 

 

Please select the option that best describes yourself 

from 1 (strongly disagree) to 5 (strongly agree) 

 

 

1. I believe that there could be negative consequences when using ChatGPT 

2. I feel I must be cautious when using ChatGPT 

3. It is risky to interact with ChatGPT 

4. I believe that ChatGPT will act in my best interest 

5. I believe that ChatGPT will do its best to help me if I need help 

6. I believe that Chat GPT is interested in understanding my needs and preferences 

7. I think that ChatGPT is competent and effective in answering (task-oriented / reflective) 

questions 

8. I think that ChatGPT performs its role as conversational AI very well 

9. I believe that ChatGPT has all the functionalities I would expect to answer my (task-

oriented/reflective) questions 

10. If I use ChatGPT, I think I would be able to depend on it completely 

11. I can always rely on Chat GPT for answering my (task-oriented/reflective) questions 

12. I can trust the information presented to me by ChatGPT 
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Appendix N 

Emotional responses 

Scales on emotional valence (Briesemeister et al., 2012) and epistemic emotions (Pekrun et al., 

2017). 

 

We are interested in the emotions you experienced after interacting with ChatGPT in a 

(reflexive/task-oriented) conversation. Please rate the intensity of positive and negative emotions 

that you feel. 

From 1 (low) to 7 (high) 

 

1. Positive emotion 

2. Negative emotion 

 

 

We are interested in the emotions you experienced when interacting with ChatGPT in a (task-

oriented/reflective) conversation.  

For each emotion, please indicate the strength of that emotion by selecting the number (1 - not at all 

to 5 - very strong) that best describes the intensity of your emotional response during interacting 

with ChatGPT.  

 

 

1. Surprised 

2. Curious 

3. Excited 

4. Confused 

5. Anxious 

6. Frustrated 

7. Bored 
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Appendix O 

Instructions for ChatGPT account creation 

 

You have already completed more than 30% of the study! 

Your complete fulfilment of this survey will help us understand the dynamics of human-AI 

interactions. Please keep going. 

 

You will now create an OpenAI account and interact with ChatGPT.  If you already have an account, 

you can use your existing one. 

Access https://chatgpt.com/auth/login and create your account. Please avoid sending any messages 

or start an interaction at this moment and come back to this page when you finish. 

When you have a created account, click “Next”.  
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Appendix P 

General instructions for the interaction with ChatGPT 

For task-oriented interactions, the next instructions appeared to participants: 

Next, you will interact with ChatGPT in a task-oriented conversation that involves asking for 

analysis, explanations, or customised requests. An example of this type of cue is: “Create a detailed 

itinerary for a week vacation in Europe” 

You can interact freely and will be able to customise your questions within these framing scenarios.  

Before interacting, please respond to the next questions… 

 

For reflexive interactions, the next instructions appeared to participants: 

Next, you will interact with ChatGPT in a reflective conversation that involves asking for advice, 

guidance, or personal development assistance. An example of this type of cue is: “Help me find 

inspiration to pursue a new hobby / interest” 

You are free to interact and will be able to customise your questions within these framing scenarios.  

Before interacting, please respond to the next questions… 
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Appendix Q 

Detailed instructions for the interaction with ChatGPT 

For task-oriented interactions, the next detailed instructions appeared to participants: 

Now, you will actually interact with ChatGPT in a task-oriented conversation that involves asking 

for analysis, explanations, or customised task-assistance requests. Example: “Create a detailed 

itinerary for a week vacation in Europe”. 

This interaction will take around 5-10 minutes. 

You can interact freely and honestly, but please keep your interaction within the scope of a task-

oriented conversation. Avoid asking unrelated questions. 

Please read and follow the instructions carefully: 

Choose one of the following cues to interact with ChatGPT: 

a) Propose strategies to reduce my household expenses 

b) Propose a customised strategy to improve sleep quality, contributing to overall well-being 

If you fail to use one of these cues, your answers will not be considered.  

Follow this format adjusting it to one of the cues above (a OR b): 

 Greeting: Say hi 

Example: Hello Chat! 

 Objective of interaction: task-oriented 

Example: I want to have a task-oriented conversation with you. 

 Main question, chosen from the previous cues (a OR b). 

Example: Create a detailed itinerary for a week vacation in Europe. 

 Additional Details: Share why you want to know this, or add personal preferences for 

customisation. 

Example: I'm travelling with my sister. 

 Desired Response: Emphasise information you are interested in. 

Example: Include valuable information on the best spots for taking pictures 

 Open-Ended Mandatory Format: This will control the answer you get by ChatGPT 

“One step at a time, between 200 to 300 words-length”. 

Example: Send one day at a time. Each answer should be between 200 to 300 words. 
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 Ending: Polite closure 

Example: Thanks for your insights! 

 

Example: 

Hello Chat! 

… (ChatGPT’s response) … 

I want to have a task-oriented conversation with you. 

… (ChatGPT’s response) … 

Create a detailed itinerary for a week vacation in Europe. I'm travelling with my sister. Include 

valuable information on the best spots for taking pictures. Send one day at a time. Each answer 

should be between 200 to 300 words. Thanks for your insights! 

… (ChatGPT’s response) … 

(Interaction continues) 

Recommendations: 

 Avoid using the same cue as in the example, use one of the list of cues and personalise it as 

explained before 

 Be clear & specific 

 Keep respectful and polite conversations 

 Ask for the mandatory format ("send one step or message at a time, between 200-300 

words-length") 

 Share details for customisation 

 Avoid overwhelming requirements, mixing varied topics. 

Please come back to this page when you finish the interaction. 

 

I finished the interaction. 

 

For reflexive interactions, the next detailed instructions appeared to participants: 

Now, you will actually interact with ChatGPT in a reflexive conversation that involves asking for 

advice, guidance, or personal development assistance. Example: "Help me reflect on the 
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effectiveness of my current behaviour and habits for my personal development." 

This interaction will take around 5-10 minutes. 

You can interact freely and honestly, but please keep your interaction within the scope of a reflexive 

conversation. Avoid asking unrelated questions. 

Please read and follow the instructions carefully: 

Choose one of the following cues to interact with ChatGPT: 

 a) Help me find inspiration to pursue a new hobby / interest 

 b) Thinking about a challenge in my life, give me your feedback on how I handled it 

If you fail to use one of these cues, your answers will not be considered.  

Follow this format adjusting it to one of the cues above (a OR b): 

 Greeting: Say hi 

Example: Hello Chat! 

 Objective of interaction: reflexive 

Example: I want to have a reflexive conversation with you. 

 Main question, chosen from the previous cues (a OR b). 

Example: Help me reflect on the effectiveness of my current behaviour and habits for my 

personal development 

 Additional Details: Share why you want to know this, or add personal preferences for 

customisation. 

Example: I've struggled to create a routine that helps me achieve my goals.  

 Desired Response: Emphasise information you are interested in. 

Example: I'm interested in your advice.  

 Open-Ended Mandatory Format: This will control the answer you get by ChatGPT 

“One step at a time, between 200 to 300 words-length”. 

Example: Send one step at a time. Each answer should be between 200 to 300 words. 

 Ending: Polite closure 

Example: Your perspective will be much appreciated! 

 

Example: 
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Hello Chat! 

… (ChatGPT’s response) … 

I want to have a reflexive conversation with you. 

… (ChatGPT’s response) … 

Help me reflect on the effectiveness of my current behaviour and habits for my personal 

development. I’ve struggled to create a routine that helps me achieve my goals. I’m interested in 

your advice. Send one step at a time. Each answer should be between 200 to 300 words. Your 

perspective will be much appreciated! 

… (ChatGPT’s response) … 

(Interaction continues) 

Recommendations: 

 Avoid using the same cue as in the example, use one of the list of cues and personalise it as 

explained before 

 Be clear & specific 

 Keep respectful and polite conversations 

 Ask for the mandatory format ("send one message at a time, between 200-300 words-

length") 

 Share details for customisation 

 Avoid overwhelming requirements, mixing varied topics. 

Please come back to this page when you finish the interaction. 

I finished the interaction. 
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Appendix R 

Prompt used for interacting with ChatGPT 

1. Did you interact with ChatGPT in a (reflexive/task-oriented) conversation?  

(Yes/no) 

2. Please select the prompt that you used: 

(list of four options: three prompts pre-selected from Study 1, including the example and 

“other not listed” option) 

 

You've already completed more than 50% of the study! 

If a notice from ChatGPT regarding a limit on the free plan appears, please ignore it and continue 

interacting with the free plan (you won't be charged). 
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Appendix S 

Questions for the pilot study 

 

Level of agreement for: 

The questions of the questionnaire were clear 

The instructions for interacting with ChatGPT were clear 

The navigation through the questionnaire was straightforward 

The response options were always visible and easy to select 

 

How often did you… 

Needed to go back to check previous instructions 

Went back to change some of your answers 

Changed your answers from a previous page 

 

How long did it take you to complete the questionnaire/study? 

 

Please share your feedback. 

General comments, specific unclear questions, etc. 
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