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Abstract

This dissertation investigates the role of Al, particularly Large Language Models, in
influencing risk-taking behaviours in a decision-making context, hypothesizing a diffusion
of responsibility in human-Al interactions. A Randomized-Control Trial was employed, with
participants completing a risk elicitation task — the Bomb Risk Elicitation Task — across two
sequential rounds. Participants were either assisted by an Al-powered chatbot during the task
or placed in a control group without Al assistance. Measures such as Trust and Attitudes
towards Al, and general risk aversion were collected, to serve as control variables.
Participant’s locus of control was also measured to test the diffusion of responsibility
hypothesis.

A total of 138 participants completed an online experiment. Results indicate that Al
assistance had a significant effect on participants’ risk preferences, particularly in the second
round of the task. Notably, the outcome of the first round showed to be an important factor
in this dynamic. Among those who did not have a successful outcome in the first round,
participants in the control group exhibited greater risk aversion in the subsequent round, a
pattern that was not observed in the Al-assisted group. Further analyses indicated that trust
in Al and an external locus of control marginally moderated this effect, pointing to a
diffusion of responsibility with the Al.

Additional findings suggest the rational effect Al assistance had on participants.
Particularly, the proportion of risk-neutral participants increased from 6% in the control
group to 28% in the treatment group, indicating an approximation of rational decision-
making with Al assistance. The findings suggest that Al assistance can alter risk preferences,
potentially through mechanisms of increased confidence or diffusion of responsibility.

This dissertation contributes to our understanding of human-Al interaction and
highlights the need for further studies to disentangle these effects and explore their

implications for decision-making in high-stakes environments.

Keywords: Artificial Intelligence, Human-Al Interaction, Risk-Taking Behaviour,
Diffusion of Responsibility, Al-Assisted Decision-Making



Resumo

A presente dissertacdo investiga o papel da IA, em particular dos Large Language
Models, na influéncia de comportamentos de risco num contexto de tomada de deciséo,
colocando a hipdtese de uma difusdo de responsabilidade nas interagdes humano-IA. Foi
utilizado um ensaio aleatério-controlado, em que os participantes completaram uma tarefa
de elicitacdo de risco - a Bomb Risk Elicitation Task —ao longo de duas rondas sequenciais.
Os participantes foram assistidos por um chatbot de IA durante a tarefa ou colocados num
grupo de controlo sem assisténcia de IA. Foram recolhidas medidas como a Confianca e as
Atitudes em relacdo a IA, bem como a aversao geral ao risco, para servirem de variaveis de
controlo. O Locus de Controlo dos participantes também foi medido para testar diretamente
a hipotese da difusdo da responsabilidade.

Um total de 138 participantes completou a experiéncia online. Os resultados indicam
que a assisténcia da IA teve um efeito significativo nas preferéncias de risco dos
participantes, particularmente na segunda ronda da tarefa. Em particular, o resultado da
primeira ronda mostrou ser um fator importante nesta dindmica. Entre os que ndo tiveram
sucesso na primeira ronda, os participantes do grupo de controlo apresentaram uma maior
aversdo ao risco na ronda subsequente, um padrdo que nao foi observado no grupo assistido
pela 1A. Analises indicaram que a confianga na IA e um locus externo de controlo
moderaram marginalmente este efeito, sugerindo uma difusdo da responsabilidade com a IA.

Resultados adicionais sugerem o efeito racional que a assisténcia da IA teve nos
participantes. Em particular, a proporcao de participantes com preferéncia neutra ao risco
aumentou de 6% no grupo de controlo para 28% no grupo de tratamento, indicando uma
aproximacao a tomada de decisdo racional com a assisténcia da IA. Os resultados sugerem
que a assisténcia da IA pode alterar as preferéncias de risco, potencialmente através de
mecanismos de aumento de confianca ou difusdo de responsabilidade.

Esta dissertagdo contribui para a compreensao da integracdo humano-IA e sublinha
a necessidade de mais estudos para esclarecer estes efeitos e explorar as suas implicacdes na

tomada de decisfes em situagdes envolvente risco.

Palavras-chave: Inteligéncia Artificial, Interacdo Humano-1A, Comportamento de tomada

de risco, Difuséo de Responsabilidade, Tomada de Decisdo assistida pela IA
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1. Introduction

Up until recently, the depiction of interactions between humans and Atrtificial
Intelligence (Al) was only limited to science fiction. Stories featuring characters like
replicants, drones, R2-D2 and C-3PO, Agent Smith, T-800, and HAL 9000, have all been
prompting audiences, for decades now, to reflect on the consequences and implications that
would arise with humans engaging with highly advanced machines capable of human-like

intelligence.

How would we interact with them? How would they interact with us? And how

could these machines alter our behaviours and interactions with one another?

As a matter of fact, Al has now fully transcended fiction and started its ascent to
ubiquity, allowing for more palpable answers to these long-asked questions (Pal, 2023). For
instance, virtual assistants are now commonplace instruments, and our attention is influenced
by recommendation systems built with Al (Bonnefon et al., 2024). Moreover, online bots,
Al-assisted medical diagnosis, and prediction algorithms in law enforcement and prisons are
all starting to become real-life applications of the recent advancements in this field of
computer science (Bonnefon et al., 2024).

Nonetheless, one gets the impression that the much-anticipated Al revolution is only
getting started, as the rate of advancements in the field is now measured in months rather
than years (Bonnefon et al., 2024).

A number of these current applications derive from the emergence of Large
Language Models (LLMs) — “colossal lexical constructs powered by intricate neural
networks and capable of generating human-like text” (Pal, 2023, p.1). This is a highlighted
advancement in Al, which has been growing in the public interest. Indeed, the broad
acceptance of these technologies is evident in the staggering user engagement statistics. For
instance, ChatGPT, which is by far the most popular LLM available to the general public,
recorded 2.4 billion website visitors in July 2024 alone, according to Similarweb (2024).
This rapid proliferation has seen likewise its integration into the professional business

domain: from marketing and sales to IT and support, HR, and many more (McKinsey, 2024).



Furthermore, the remarkable abilities of LLMs, like OpenAl's GPT-4, to comprehend
and produce human language have significant ramifications for the dynamics of human-Al
interaction (Brown et al., 2020).

As far as the field of Psychology is concerned, there has been an increasing focus on
these dynamics, particularly on the range of consequences these new technologies,
specifically LLMs, have on human behaviour (Xu et al., 2021). Since these machines can
replicate human-like language and intelligence (Ray, 2023), one goes back to the questions
asked at the beginning of this section, wondering in which manner it can affect the way we
interact with computers, with others, and ultimately, face decisions in our daily lives.
Consequently, a subfield of human-computer interactions has emerged to tackle and address
these issues — Human-Al Interaction.

First, integrating Al into humans’ daily lives can reduce human labour, prevent blind
spots in human decisions, and even save lives (Steyvers & Kumar, 2023). Nonetheless, some
obstacles impede human-Al collaboration (Steyvers & Kumar, 2023).

More concretely, in what pertains to human decision, the introduction of Al into
previously human-only situations is motivated by improved decision accuracy (Steyvers &
Kumar, 2023). This can be seen for example in clinical diagnosis (Rajpurkar et al., 2020;
Sayres et al., 2019), the military (Li et al., 2015), financial (Bussmann et al., 2021), and
judicial (Grgic-Hlaca et al., 2019) decision-making, among others. Ultimately, research has
proven that human-Al teams can lead to greater decision-making accuracy, compared to
humans or Al systems working independently (Vodrahalli et al., 2022; Zhang et al., 2020).

However, the dynamics of human-Al interaction in decision-making scenarios are
complex and multifaceted, particularly in contexts characterized by ambiguity, uncertainty,
or risk (Bao et al., 2023). Several factors have been identified as influencing the effectiveness
and outcomes of Al-assisted decision-making. Some include trust in Al and attitudes towards
Al (Chancey et al., 2017; Kaplan et al., 2023), the stakes involved in the economic decision
(Wang et al., 2022), automation bias (Goddard et al., 2012; Lyell & Coiera, 2017), time
pressure (Rice & Keller, 2009), and algorithm aversion (Dietvorst et al., 2014), among many
others, with some still to discover — given the recency of the field. These factors can
sometimes lead to suboptimal or even undesirable decision-making outcomes, even when

the Al system is assumed to be highly accurate (Bartlett & McCarley, 2017).



Additionally, one area of inquiry concerns the potential influence of LLMs on risk-
taking behaviour. A study by Beretta et al. (2019) observed that individuals exhibited a
decreased sense of responsibility and self-blame when following incorrect suggestions from
an intelligent machine, compared to suggestions from a human. This finding raises the
intriguing possibility that the perceived reduction in personal responsibility when receiving
advice from Al systems could lead to riskier decision-making behaviours.

This hypothesis draws parallels with the well-established concept of diffusion of
responsibility from social psychology (Liu et al., 2022; Mynatt & Sherman, 1975; Wallach
et al., 1964). This phenomenon, also known as the risky shift effect, states that group
decisions tend to be riskier than individual decisions. It suggests that when responsibility is
shared among group members, each person feels less accountable for the potential negative
outcomes of a risky decision. This reduction in perceived individual responsibility can lead
to a greater willingness to take risks.

Thus, the present thesis aims to empirically investigate this hypothesis, by examining
whether the use of LLMs in a risk decision-making context leads individuals to engage in
riskier behaviour when compared to a control group without Al assistance. Specifically, this
study will explore the role of factors such as trust in Al and individual locus of control in
shaping the relationship between LLM use and risk-taking behaviour. By examining these
dynamics, this research contributes to our understanding of the behavioural implications of
human-Al interaction in decision-making.

The central research question guiding this investigation is: “Do individuals become
more similar to a homo economicus model of rational decision-making when using LLMs to
assist in their decision-making processes, particularly in risky situations, or do they deviate
from rational theory, by engaging in riskier decisions? While the intuitive assumption might
be that Al assistance leads to more rational decision-making, this study hypothesizes that
social and cognitive effects unique to human-Al interactions may lead to unexpected
outcomes, potentially including increased risk-taking behaviour, due to an effect of diffusion
of responsibility.

To address this question, the study employs a Randomized-Control Trial (RCT) method,
using quantitative risk elicitation tasks and assessments of participants' individual
characteristics. The experimental design randomly assigns participants into a control and an

experimental group, with the latter receiving Al assistance during the risk elicitation task.



Additional measures include scales assessing trust in Al and a generalized risk-taking
propensity to control for individual differences. Locus of control was also measured, to test
the hypothesis of the diffusion of responsibility.

This thesis is structured as follows: following this Chapter that introduces the thesis,
Chapter 2 will provide a comprehensive literature overview of the relevant theoretical
frameworks and empirical research. Chapter 3 will detail the methodology employed in this
study, whereas Chapter 4 will present the results of the empirical investigation. Chapter 5
will discuss these findings in the context of existing literature and their implications for both
theory and practice, in addition to acknowledging limitations, and proposing directions for

future research. Finally, Chapter 6 will conclude the thesis by summarizing key insights.



2. Literature Review

The present chapter will delve into a comprehensive review and critical analysis of
the relevant literature pertaining to the research project. The chapter is organized into four
main sections, each focusing on an aspect of the research topic.

The field of Al, LLMs, and generative Al will first be discussed. Secondly, a review
of the field of Human-Al Interaction will be presented. Thirdly, the concept of the diffusion
of responsibility will be addressed, and its relevance to human-Al interaction. Fourthly, the
literature on risk and risk-taking behaviour from psychological and behavioural economics
perspectives, and the different existing experimental paradigms for measuring risk behaviour
will be reviewed. Lastly, a deep dive into studies that specifically investigated the interaction
between Al and risk-taking behaviour will be presented.

The chapter will conclude with a formulation of the main research hypothesis.

2.1. Artificial Intelligence and Large Language Models

Before delving into the intricacies of human-Al interaction, a brief historical
description will be given for context, as well as a short discussion on how these models
operate and generate their outputs.

The concept of Al can be traced back to the mid-20™ century, with the work of Alan
Turing, who proposed the idea of a “universal machine”, capable of simulating human
intelligence (Turing et al., 2009). Formally, the inception of Al as a field of study is often
attributed to the Dartmouth Conference in 1959, where researchers working on these types
of machines gathered to discuss the potential of machines to exhibit intelligent behaviour
and solve kinds of problems reserved for humans (McCarthy et al., 2006). It has since then
seen numerous rises and falls in interest by researchers and the general public. For example,
by the late 1980s, Al had gained a bad reputation, used as a term for overpromising and
underdelivering (The Economist, 2024b).

The three factors that paved the way for the recent advancements in the field were
the implementation of neural networks and deep learning, the increase in computational
power, and the development of the transformer architecture (Chakraborty et al., 2024).

Neural networks, which were inspired by the structure and functioning of the human
brain, began to start being implemented as methods to enable machines to learn from data

and provide an output based on patterns and relationships rather than explicit programming



rules (Ali et al., 2023). By adjusting the strength of connections between the “neurons” — a
process called training — these artificial neural networks could learn to recognize patterns
(Han et al., 2018).

By the early 1990s, these networks were being successfully used in tasks such as
sorting handwritten postal codes (The Economist, 2024b). However, adding more layers of
neurons initially slowed these systems down significantly.

A breakthrough occurred in 2009 when researchers saw the potential of using the
power of graphics processing units (GPUs), which were well-suited for the parallel
processing demands of neural networks (Anantrasirichai & Bull, 2021). This innovation led
to the creation of deeper networks with millions of connections, giving rise to deep learning
(Ali et al., 2023), becoming the dominant method in the field, with applications expanding
from image, speech, and face recognition, and translation (Ali et al., 2023; Huang, 2023).
The access to vast amounts of internet data facilitated the training of these networks, which
continued to improve in terms of performance (Ali et al., 2023).

Fast forward to 2017, another breakthrough occurred, with the introduction of the
transformer architecture by Vaswani et al. (2017). Transformers gave neural networks the
ability to keep track of patterns in their input, even when the pattern's components were
dispersed, allowing them to allocate "attention” to specific data aspects (Vaswani et al.,
2017).

This helped networks understand the context better, making them suitable for a
method known as "self-supervised learning" (Kotei & Thirunavukarasu, 2023). Essentially,
the model trained itself to fill in the most likely candidate by randomly leaving some words
blank. Since the training data did not need to be categorized beforehand, such models could
be trained with billions of words of unlabelled raw text directly from the internet, launching
these models into a new level of performance (Kotei & Thirunavukarasu, 2023).

Transformer-based LLMs gained significant attention in 2019 with the release of
GPT-2 by OpenAl (with GPT standing for Generative Pre-trained Transformer). These
models demonstrated a capacity for "emergent" behaviours, meaning they performed tasks
they hadn't been specifically trained for, thanks to their exposure to extensive language data
(Wu et al., 2023). This exposure enabled them to excel in tasks such as summarizing text
and translating languages, as well as in areas like basic arithmetic and code generation, which

were implicitly included in their training datasets (Usman Hadi et al., 2023). However, this



broad learning also led to models replicating biases present in the data, resulting in outputs
that mirrored existing societal prejudices (Tavares & Ferrara, 2023).

With an increase in computational power and financial resources, these models have
grown significantly in size and capability (Bengio et al., 2024; Erdil et al., 2022; Sastry et
al., 2024). For instance, the most recent model by OpenAl, GPT-4, contains 1.7 trillion
parameters and was trained on 45 GBs of high-quality data (OpenAl, 2024). As an example
of its emergent capabilities, GPT-4 passed the American Uniform Bar Examination in the
90th percentile (The Economist, 2024a).

Given this, LLMs have started being used in plenty of fields with practical
applications such as in healthcare and medicine, business and finance, law and legal services,
creative writing and content generation, education and training, programming and code-
debugging, media and entertainment, sales and marketing, banking, as well as in scientific
research (Ray, 2023).

With the high adoption within society and the fast progress it is seeing, a need to
understand and manage their implications has driven a surge of research across various
disciplines. One of these topics of interest is human-Al interaction, aiming to understand and
optimize the dynamics between humans and Al systems, including decision-making, which
pertains to the topic of this dissertation. As such, the next section will address this subject in
detail.

2.2. Human-Al interaction in decision-making

The potential to employ Al technologies and LLMs in everyday life has been
showecased in the previous section. Nevertheless, these new technologies also give rise to
multiple concerns for individuals using them, and for society in general, from ethical, legal,
and moral issues. In particular, within the realm of decision-making, issues such as
algorithmic bias, over-reliance on Al systems, hallucinations, and lack of explainability have
been identified, among others (Fui-Hoon Nah et al., 2023).

Firstly, algorithmic bias arises from the training data used to develop the Al models,
which may inherently reflect stereotypes or biases. For example, recommendations provided
by generative Al in employment decisions have been found to perpetuate stereotypes about

particular genders, sexual orientations, races, or occupations (Chan, 2024).



On the other hand, hallucinations denote occurrences where Al models generate
outputs that are nonsensical or unfaithful. It has been observed that LLMs provided results
that seemed right but lacked any factual proof or sense (Fui-Hoon Nah et al., 2023). This
issue is compounded by the lack of explainability in Al models, where users have insufficient
information about how the Al arrives at its conclusions. This opacity of Al makes it difficult
for users to identify possible errors in the output and reasoning, as it might seem that the

provided output has a logical basis (Fui-Hoon Nah et al., 2023).

2.2.1. Reliance on Al in decision-making

Of particular interest to this dissertation is the phenomenon of over-reliance on Al
systems, also known as automation bias (Goddard et al., 2012). The apparent convenience
and power of LLMs might lead to users becoming overly dependent on these tools, causing
them to trust their answers without question (Lyell & Coiera, 2017). Unlike traditional search
engines that offer multiple sources of information for users to evaluate and choose from,
LLMs provide specific answers to each query, which may discourage users from engaging
in independent analysis (Fui-Hoon Nah et al., 2023). While using LLMs can save time and
effort, boosting efficiency, it might also lead users to accept its answers without rational
thought or verification (Fui-Hoon Nah et al., 2023). Such dependence on generative Al could
undermine skills like critical thinking and problem-solving, as users may default to the Al's
suggestions even when they are incorrect.

Automation bias has been observed in various fields. For example, clinicians may
over-rely on Al diagnostic tools, in healthcare settings, leading to misdiagnoses if the Al errs
(Cabitza et al., 2017). Factors contributing to automation bias include task complexity, user
inexperience in the task, trust in the Al system, time pressure, and the perceived reliability
of the Al (Goddard et al., 2012; Rice & Keller, 2009). Complex tasks with high workloads
can increase reliance on Al, as users may seek to offload cognitive demands onto the system
(Goddard et al., 2012).

In addition to automation bias, the opposite phenomenon has also been reported —
algorithm aversion — which pertains to the under-utilization of Al systems, in situations
where it would be useful and efficient to do so. A systematic review by Mahmud et al. (2022)
has investigated the major factors influencing algorithm aversion. The authors found four

main themes: algorithm factors, individual factors, task factors, and high-level factors.



Algorithm factors include accuracy and reliability, as well as the delivery of the
information, such as the explanation length, and the information quality.

Individual factors encompass trust in Al and attitudes towards Al, the perceived
expectation from the algorithm, familiarity with the task and the algorithm, and personality
traits such as self-efficacy and self-esteem, to name just a few. Ultimately, demographic
factors such as age, gender, and level of education, were also found to vary the degree of
algorithm acceptance. Furthermore, task factors involve uncertainty and complexity.

These two phenomena — algorithm aversion and automation bias — share similar
causing factors. When in ideal conditions, these factors also pertain to the optimal and
effective usage and reliance of Al systems in decision-making.

Diving deeper into these factors, trust in Al has been shown to be the most important
predictor (Sutherland et al., 2016), as mentioned earlier. Ultimately, trust is a complex
concept that depends on a variety of elements, including individual traits like risk aversion
and expertise in the task, Al system properties like reliability, and decision-task aspects like
riskiness, ambiguity, and difficulty (Kaplan et al., 2023). Similarly, Lee and See (2004)
proposed a closed-loop model where trust affected usage, and usage affected trust.

In addition, according to Chancey et al. (2017), the Al system proprieties such as
reliability and accuracy are other very important predictors for the usage of an Al in risky
decision-making scenarios. Before, during, and after contact with an Al, users adjust their
level of trust according to the perceived reliability of the Al. Users may also already have
preconceived beliefs about the expected reliability of Al task performance prior to
engagement (Elder et al., 2024). During the interaction, users are impacted by the quantity
and quality of the mistakes the Al makes, further adjusting their trust and their reliance on
these systems. Additionally, as seen in Castelo et al. (2019), when performance statistics
about the Al were made available, users’ preference for using it became stronger.

A number of these factors were considered when designing the present study. A
straightforward task was chosen, reducing complexity-induced over-reliance. The LLM used
in the study was programmed to provide reliable and rational advice, tailored to individual
risk preferences, aiming to maintain high perceived reliability. Participants were given trial
rounds to familiarize themselves with the task, and monetary incentives were included to
enhance engagement and motivation. Additionally, trust and attitudes towards Al were also

measured to account for individual differences.



Furthermore, several studies have been trying to analyse and investigate the cognitive
features that describe an interaction between a human and an Al in a decision-making
context, and what possible consequences can arise from these situations, differentiating them
from human-to-human situations. For example, Rastogi et al. (2022) have investigated how
cognitive biases can impact Al-assisted decision-making. The authors focused specifically
on the anchoring bias, where the decision-maker was “anchored” to the Al-generated

decision.

2.2.2. Responsibility in Human-Al decision-making

Of interest to the present dissertation is the perceived responsibility of the user when
engaging in a decision that was recommended, advised, or discussed with the Al system.
Despite the fact that Al is far from having legal responsibilities, its highly autonomous and
frequently non-transparent decision-making may cause a change in perceived responsibility
(Coeckelbergh, 2020).

Several authors have been reporting and debating the appearance of a responsibility
gap in Al-enhanced decision-making (Bleher & Braun, 2022; Gunkel, 2020; Santoni de Sio
& Mecacci, 2021; Zeiser, 2024). These authors debate that attribution of responsibility,
regarding ethical, moral, and legal terms, in Al-automated decision-making may reach a
point in which no agent will have enough control to take responsibility or be held responsible
for outcomes (Bleher & Braun, 2022).

In light of this, some studies have investigated the impact of AI on the users’
perceived responsibility. Rieger et al. (2022) found that users did not attribute the same
responsibility to Al compared to humans. Specifically, less responsibility was attributed to
an Al compared to a human in decision-making tasks. However, the study didn’t measure
the differences in the users’ individual perceived responsibility, but rather if they thought
the agent took responsibility for its actions. Similarly, Fahnenstich et al. (2024) also found
that the human support agent was perceived as more responsible than the Al agent. This
finding is particularly interesting given that the authors specifically researched this
phenomenon in high-risk decision-making scenarios, which relate to the topic of this
dissertation.

In contrast, Kriigel et al. (2024) found that laypeople attributed moral responsibility

to an Al agent in a hybrid (human-Al) medical diagnostic team. Even if the study found this
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effect on laypeople and not the users in the decision-making context itself, it still raises
questions regarding the individual perceived responsibility that this dynamic can alter.
Furthermore, Lima et al. (2021) found that in the context of bail decision-making, Al agents
were held causally responsible and blamed to the same extent as human agents for an
identical task. This study once again focused on external subjects to the decision-making
context, but still gives hints towards the direction implied. Similarly, human car drivers were
judged to be less responsible when receiving information from an Al assistant (Longin et al.,
2023). The authors found that this shift in responsibility did not happen when the drivers
gained the same information from a non-Al-driven system.

In this sense, besides the lack of research on this topic, the findings are conflicting
and inconclusive, meaning that more research is needed to confirm these effects.

Additionally, initial results from Passlack et al. (2023) suggested that participants
were less likely to attribute responsibility to themselves when receiving advice from an
algorithm, compared to those receiving it from a human, particularly when they failed the
experiment’s task. Similarly, an experiment by Beretta et al. (2019) found a decrease in the
perceived responsibility by the experiment’s subjects in a decision-making task, when the
algorithm offered the suggestion. As the authors also suggested, this apparent decrease in
the perceived responsibility when receiving suggestions from an algorithm in decision-
making tasks may induce riskier choices.

These findings lead us to the next section of this chapter, namely the concept of
diffusion of responsibility, and the main consequences it can have in contexts where

decision-makers are influenced by Al recommendations, suggestions, or interactions.

2.3. Diffusion of Responsibility

The concept of diffusion of responsibility was thoroughly investigated by Wallach,
along with other social psychologists, in the 1960s and “70s (Liu et al., 2022). It refers to the
phenomenon where individuals feel less personally responsible for their actions or decisions
when they are part of a group (Wallach et al., 1964). This idea has been extensively studied
and tested in various contexts, including decision-making scenarios and risk-taking

behaviours.
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The concept gained popularity for the explanation of the bystander effect, where due
to the diffusion of responsibility, individuals were less likely to help in an emergency
situation when others were present (Darley & Latané, 1968).

The seminal work by Wallach et al. (1962) focused on group influence on individual
risk-taking. The study revealed that groups tended to make riskier decisions than individuals,
which they baptized as a risky shift. The finding challenged the prevailing notion, during
those years, that groups inherently made more conservative choices. Building upon this
work, the authors conducted subsequent studies to individuate what were the factors and
causes of this risky shift in group decision-making.

Furthermore, Wallach et al. (1964) demonstrated that when individuals made
decisions as part of a group, they tended to often feel less personally responsible for the
outcomes of the decision. They argued that this reduced sense of responsibility could lead to
an increase in risk-taking behaviours, as the potential negative consequences of the decision
were perceived to be shared among each member of the group rather than being borne solely
by the individual. Additionally, the authors argued and emphasized the role of group
discussion in mediating this effect. Even though the consequences of the group decision were
going to affect the members individually, the element of group discussion still encouraged
an increase in risk-taking. Kogan and Wallach (1967) confirmed this hypothesis in small
groups, by showing that group interaction and discussion was an essential factor in the risky
shift effect.

Years later, Mynatt and Sherman (1975) further directly tested this hypothesis in an
empirical experiment. They concluded and supported once again the idea that individuals in
group settings indeed attributed less personal responsibility for risky decisions, compared to
the individuals who were making decisions alone, especially when the decisions’
consequences were negative.

Additionally, Phares and Wilson (1972) explored variables that could serve as
moderating factors in the attribution of responsibility. Specifically, the authors were
interested in the role of outcome severity, situational ambiguity, and internal-external locus
of control in responsibility attribution. The authors found that only the locus of control was
a significant moderator of the effect.

Locus of control, a construct originally developed by Rotter (1966), measures the

extent to which individuals believe they have control over the events in their lives.
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Individuals with an internal locus of control perceive themselves as primarily responsible
for the outcomes of their actions, believing that their efforts and decisions directly influence
results (Rotter, 1966). Conversely, those with an external locus of control attribute outcomes
to external factors such as luck, fate, or the influence of others, perceiving themselves as less
in control (Rotter, 1966). In their study, Phares and Wilson (1972) found that individuals
with an internal locus of control were less susceptible to the diffusion of responsibility, even
in group settings, compared to those with an external locus of control, who were more likely
to engage in riskier behaviours when responsibility was perceived to be shared.

As can be seen, the concept of diffusion of responsibility has been extensively
researched. This finding has even been reported in an EEG (electroencephalogram) study,
where the authors documented a weakening neural linkage between one’s action and their
outcomes, in a situation where another agent is present, describing this phenomenon (Beyer
etal., 2017).

Summarizing, working in a team has several benefits and disadvantages. The two
disadvantages of teamwork discussed here are the potential diffusion of responsibility among
team members, and the reduced sense of individual accountability for the task’s outcome,
compared to when tasks are performed independently.

According to some authors, such as Bowers et al. (2018), the human-computer
system can also be viewed as a team, where one of the members is not human. In this case,
the question arises as to whether the phenomenon of diffusion of responsibility observed in
human groups also pertains to human-Al dynamics, as was already questioned and posited
in the earlier section.

As Al systems become more sophisticated and have gained the capabilities of natural
language such as LLMs, there is a potential for users to experience a sense of shared
responsibility with the Al, similar to what occurs in human groups, especially since there is
now the possibility of natural language interaction and discussion with these systems. Given
that the literature describes the role of group interaction in this phenomenon, it is of great
interest to explore whether it still prevails in human-Al (specifically, LLMS) interaction,

accounting for potential moderating variables such as the locus of control.
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2.4. Risk Preferences

Before delving into studies and previous papers that tried to investigate the impact of
Al on risk-taking, or similar effects, it is of great importance to first introduce the
fundamental concepts of risk, risk aversion and risk-taking, as well as decision-making under
uncertainty and risk. Additionally, a discussion of the various paradigms used to measure
these constructs will be presented.

Slovic (1987), who is one of the first authors to explore the concept of risk in
psychological terms, argued that the perception of risk is derived from the probability of an
outcome and the severity of its impact. Slovic's research revealed that individuals’ views on
risk are not only influenced by factual information but also by emotional, cultural, and
personal factors, causing a disparity between perceived and real risk.

The theoretical foundations for understanding decision-making under risk and
uncertainty can be traced back to the Expected Utility Theory proposed by Daniel Bernoulli
in 1738, and later further developed by VVon Neumann and Morgenstern (1944). The roots
of this theory lie in the St Petersburg Paradox, which highlighted inconsistencies in how
individuals valued uncertain prospects. It described a gambling game which consisted of
counting the tosses of a coin before a head appeared and paying the sum of 2", where n is
the number of the toss on which the first head appeared. Theoretically, this gamble had an
infinite expected value, but nobody was prepared to pay very much at all to play (Thomas,
2016).

The explanation for this paradox laid in incorporating the concept of utility, instead
of simple quantities of money, suggesting that humans derived satisfaction (utility) from
wealth in a way that was not linear. The model suggested that individuals made decisions by
evaluating the expected utility of potential outcomes (and not expected value), weighted by
their respective probabilities. Additionally, the authors argued that the subjective value
(utility) of money increased at a decreasing rate as the amount of money increased — known
as the concept of diminishing marginal utility. The authors argued that it was this principle
of diminishing marginal utility that explained the risk aversion seen in the St Petersburg
Paradox — people were less willing to take on the gamble as the perceived additional utility
from higher winnings decreased. The shape of the utility function took on a concave shape,
implying risk aversion: an individual with a concave utility function would always prefer a

certain amount of x to any risky prospect with an expected value equal to x (Starmer, 2000).
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To model this, Bernoulli proposed to use a logarithmic utility function to describe
the subjective value derived from wealth. Specifically, he suggested that the utility function
U(w) = In(w) could be used, where w represented the individual’s wealth, capturing the
diminishing sensitivity to increases in wealth (Mongin, 1997).

Using this approach, the expected value — which was limitless when computed
without taking utility into account — became finite, reflecting the diminishing utility of
additional wealth.

Despite the simplicity and elegance of Expected Utility Theory, empirical research
consistently showed that individual’s decisions under risk often deviated from the
predictions of the theory. Recognizing these deviations, Kahneman and Tversky (1979)
introduced Prospect Theory, which provided a more descriptive account for these observed
deviations. According to their theory, people assessed possible gains and losses with relation
to a reference point, usually the status quos, as opposed to in absolute terms — “the carriers
of value are changes in wealth or welfare, rather than final states” (Kahneman & Tversky,
1979).

Additionally, the theory took into account psychological elements like diminishing
sensitivity (which is related to the concept of diminishing marginal utility already present in
the expected utility theory), stating that the subjective worth of wealth changes diminished
as one got farther from the reference point. Moreover, the theory highlighted loss aversion,
which suggested that losses loomed larger than equivalent gains. This asymmetry created a
utility function that was steeper for losses compared to gains, reflecting individuals’ stronger
aversion to losses than their desire for equivalent gains.

Lastly, the theory also accounted for how humans perceived probabilities,
considering psychological probability weighting. The authors showed that individuals
tended to overweight small probabilities and underweight high probabilities.

Together, these elements led to the characteristic S-shaped utility function and
inverse S-shaped probability weighting function of Prospect Theory. The utility function
was concave for gains and convex for losses, with a steeper slope in the loss domain than in
the gain domain, reflecting the loss aversion observed in individuals.

Building upon their original findings, Tversky and Kahneman (1992) later introduced
the concept of the fourfold pattern of risk attitudes: they demonstrated that individuals were

risk averse for gains and risk seeking for losses when probabilities were high; and risk
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seeking for gains and risk averse for losses when probabilities were low. This pattern
explained why individuals might simultaneously engage in both risk-averse behaviour, such
as buying insurance, and risk-seeking behaviour, such as buying lottery tickets.

This theory remains relevant today and continues to serve as a descriptive basis to
explain and describe human decision-making under risky situations (Barberis, 2013).

Nevertheless, a distinction between these theoretical frameworks is to be made.
While Prospect Theory proposed by Tversky and Kahneman serves as a descriptive model
of how people make decisions in the real world under risk and uncertainty, Von Neumann’s
Theory of Expected Utility remains a normative model that prescribes how individuals
should make decisions to be considered rational, by maximizing their utility (Mongin, 1997).
Economists and researchers in decision-making sciences often refer to Expected Utility
Theory as the standard for rational decision-making under risk (Mongin, 1997).

This distinction ties directly back once again to the main research question of this
dissertation, adding an additional layer of complexity to the matter. Assuming that Al
systems and algorithms are programmed to offer recommendations that align with rational
decision-making of maximization of expected utility, the question may arise as to whether
humans interacting with these systems will exhibit behaviours that more closely resemble
that of an economically rational decision-maker, as defined by expected utility theory. Does
the interaction with Al lead individuals to make more rational choices? Does the effect of
loss aversion still prevail? Or do other phenomena, such as the diffusion of responsibility
discussed earlier, play a role in this dynamic, leading to more risk-seeking behaviours?

Next, will follow a brief presentation and discussion of the main experimental
paradigms and tasks commonly used in the literature to measure individuals’ risk

preferences.

2.4.1. Risk Elicitation Methods

Numerous methodologies for eliciting risk preferences have been developed and
widely used across various fields of research. Given that risk is a crucial component of many
economic decisions, it has been seen as an essential component of economic theory (Arrow,
1965), thus the existence of several tasks to measure it.

These methods range from straightforward, self-assessment techniques, commonly

employed by financial institutions, where clients are asked to directly indicate their general

16



risk tolerance, to more sophisticated and dynamic approaches used by psychologists and
economists in controlled laboratories (Charness et al., 2013). In these experimental settings,
risk preferences are often elicited through incentivized tasks that enable the observation of
actual behaviour. For example, a commonly used approach is to present participants with a
series of choices between different monetary lotteries, allowing researchers to measure risk
preferences based on the choices made (Pedroni et al., 2017).

More broadly, each elicitation method possesses unique characteristics, yet also
shares common features. The two most significant shared attributes are that subjects
consistently make repeated choices between two alternatives that vary in terms of risk, which
are quantified as the variability of potential outcomes (the standard metric for assessing risk).
Additionally, all experimental methods involve substantial monetary stakes to ensure that
the decisions carry meaningful consequences for the participants (Pedroni et al., 2017).

The most widely used ones found in the literature were: the multiple price list method
of Holt and Laury (2002); the single ordered lottery choice task by Eckel and Grossman
(2008); the investment game by Gneezy and Potters (1997); the Columbia Card Task by
Figner et al. (2009); the Baloon Analogue Risk Task (BART) by Lejuez et al. (2002); and
finally, the Bomb Risk Elicitation Task (BRET) by Crosetto and Filippin (2013).

A comparative review of the different tasks presented goes beyond the scope of this
dissertation. However, it is important to acknowledge the different aspects of risk
preferences that each of these methods capture. As mentioned above, all these tasks share
the two common features presented earlier: a situation where the participant needs to choose
between different options that contain uncertainty represented by probabilities (a trade-off
between risk and reward); and a monetary incentive.

The multiple price list by Holt and Laury (2002) consists of 10 lotteries with two
choices each. The problem with this approach is the complexity of the decision-making
situation (Filiz et al., 2020). Additionally, the results of the task don’t allow for a clear
differentiation of participants between risk-neutral, risk-averse, and risk-seeking, which is
one of the requirements for an effective measure of risk preference.

The single ordered lottery choice task by Eckel and Grossman (2008) is significantly
simpler than the previous task, given that participants must only choose one between five
different lotteries. However, once again, this method doesn’t explicitly differentiate

participants into risk-averse, risk-neutral, and risk-seeking.
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All the other tasks reviewed have their strengths and limitations — for an extensive
review of the pros and cons of different risk elicitation estimation techniques see Harrison
and Rutstrom (2008) and/or Crosetto and Filippin (2016) —, but the task that seemed the most
appropriate for the current experimental design, due to its simplicity and ability to
differentiate participants between risk-averse and risk-seekers, was the Bomb Risk
Elicitation Task by Crosetto and Filippin (2013).

The original BRET is a visual, dynamic, and real-time task. It presents participants
with a field of 100 boxes, one of which contains a “bomb”. Participants decide how many
boxes to collect, with each collected box yielding a 20 eurocents reward. However, if the
bomb is among the collected boxes, all earnings are lost. This design creates a clear trade-
off between potential gains and the risk of losing everything, allowing for a nuanced
measurement of risk preferences.

One of the key advantages of the BRET is its intuitive nature, which minimizes
potential confusion among participants (Crosetto & Filippin, 2013). Unlike more complex
elicitation methods, the BRET doesn't require participants to understand probabilities
explicitly or compare multiple lotteries (Holzmeister & Pfurtscheller, 2016). This simplicity
reduces the cognitive load on participants, potentially leading to more accurate
measurements of inherent risk preferences.

Furthermore, the BRET also produces an almost continuous distribution of outcomes,
allowing for a precise estimation of risk-aversion and risk-seeking (Crosetto & Filippin,
2013). Specifically, a choice of 49 boxes or lower implies risk aversion; 50 boxes implies
risk neutrality; and more than 50 implies risk seeking. This allows researchers to distinguish
not only between risk-averse and risk-seeking individuals but also to quantify the degree of
risk aversion or seeking.

The coefficient of risk aversion can also be computed, assuming the Constant
Relative Risk Aversion (CRRA) power utility function u(x) = x", where r represents the
coefficient of risk aversion.

As a result, the BRET is well-positioned in the trade-off between precision and
understandability, due to the above-mentioned characteristics of its easy-to-use interface,
and precise measure of risk preferences.

One additional feature of the BRET that pertains relevance to this dissertation is that

the task was used in a paper by Mei et al. (2024a), where they measured similarities between
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ChatGPT and humans using a series of economic games. In the study, the authors employed
the BRET to measure ChatGPT-4 risk preferences and found that it consistently opted for
the expected payoff-maximizing decision of opening 50 boxes, revealing a neutral risk
preference.

This finding is particularly relevant to the current dissertation, as it provides
confidence in ChatGPT's ability to understand the task and offer advice to human

participants when employed in the experimental task of the present study.

2.5. Risk decision-making and Al

Lastly, to conclude the literature review, a few selected articles that relate to the
research on risk-taking and Al will be presented and discussed. Even if no single experiment
tried to directly investigate the present research question, several investigations have touched
upon similar ideas or reached interesting conclusions, which can bring fruitful insights for
the later discussion of the findings.

Cui (2022) investigated the impact of Al anthropomorphism on financial decisions.
In an experimental design, the study found that anthropomorphised Al recommendations led
to greater levels of risk aversion in financial decisions. According to the author, this effect
arose because subjects tended to experience greater psychological risk attachment with the
risks when Al-enabled chatbots were made more human-like. Consequently, a greater
inclination toward risk aversion resulted from such higher risk attachment.

However, the study didn’t directly measure the difference between subjects using an
Al chatbot, and users not using an Al chatbot. The author was only interested in
anthropomorphized Al vs non-anthropomorphized Al, so there was no baseline to compare
the risk aversion measured of the subjects in the two conditions.

Nevertheless, these results still hold value given that they showed that specific
characteristics within the Al chatbot have the power to influence the risk preference of the
users.

An additional study by Elder et al. (2024) delved into how Al reliability affected
decision-making in risky scenarios. Specifically, the authors were interested in investigating
how Al reliability influenced task performance, trust, and risk-seeking behaviours in a risky
decision task (Elder et al., 2024). The authors used a between-subjects design with a low-

reliability Al group, a high-reliability Al group, and a control group, in a basketball betting
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task. The results of this study suggested that Al reliability had a limited influence on risk-
taking behaviour (Elder et al., 2024), however, participants in the low-reliability condition
showed more risk-seeking behaviour than participants in the high-reliability condition.

These results indicate once again the potential effect that Al recommendations can
have on risk preference and risk-taking behaviours. Even if in this study the authors included
a control group, the Al system that was used as a manipulation of the IV was a static
recommendation from an algorithm. Since there was no possibility of a dynamic interaction
with the Al system, this study didn’t have the chance to measure the overall dynamics that
can arise within a human-Al interaction, as discussed in the previous sections.

Another relevant study by Folomeeva et al. (2022) directly measured risk-taking
behaviours and Al recommendations (an anecdote needs to be mentioned here: even though
the paper was only available in Russian, thanks to Al-enabled automatic translation, | had
the chance to read the full paper in English). The study also employed a between-subjects
design, with a control group receiving recommendations from an “expert trader” and an
experimental group which received recommendations from an Al, on a financial stock
market trading task. The participants were required to make decisions on whether to buy,
sell, or hold a stock over multiple trials.

Results from the experiment showed that participants receiving recommendations
from the Al were willing to risk more resources in their trading activities, compared to the
control group. This effect however only appeared when the subject agreed with the
recommendation, pointing towards the effect of perceived reliability as a moderating
variable. One point to highlight is that once again, an interaction with the Al was non-
existent in this study.

Nonetheless, these findings are very interesting and give robustness to the initial
intuitions of the present dissertation’s research idea. They point towards the significant effect
that Al systems can have on individuals’ risk preferences.

Hence, the literature review conducted thus far provides a solid base for the

formulation of the dissertation’s hypothesis.
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2.6. Main Hypothesis

The main research hypothesis is:
H1a: The availability of a LLM in a situation involving risk will lead to greater risk-taking
behaviour compared to the lack of availability of a LLM in such situations.
H1b: There will be a significant interaction effect between the outcome of the first trial of
the task and the experimental condition (LLM interaction or no LLM interaction) on risk-
taking behaviour in the second trial, particularly when the outcome of the first trial is not
positive.

In addition, several secondary hypotheses can also be formulated:
H2a: The effect of LLM interaction on risk-taking behaviour will be moderated by
participants' trust in Al, with higher trust leading to a stronger effect.
H2b: Participants with an external locus of control will show a greater increase in risk-taking
behaviour when interacting with an LLM compared to participants with an internal locus of
control, indicating the effect of the diffusion of responsibility.

A conceptual map of the hypothesized effects can also be seen in Figure 1.

Trust in Al

Moderation

Al Interaction Risk Taking

Moderation Mediation

Diffusion of
Responsibility

Locus of Control

Figure 1. Conceptual map of the research question.
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3. Methodology
3.1. Research Design

This study used a Randomized-Control Trial (RCT) as its experimental design, which
is considered the best method to explore causality in an empirical investigation (Gravetter &
Forzano, 2018). The study employed a between-subjects design with two conditions: control
—no Al; and treatment — Al assistance.

The primary outcome variable was a behavioural measure of risk (explained in the
subsequent section 3.2. Materials and Instruments). Additionally, locus of control, general
risk aversion, and demographics were also measured. On top of that, trust in Al was also
measured in the participants in the Al condition.

The rationale for choosing a between-subjects design, over a within-subjects design,
was grounded in the potential methodological issues that may arise in the latter. Specifically,
given the nature of the tasks in the experiment, a within-subjects design could introduce
confounding variables such as practice effects, contrast effects, and anchoring effects, which
could compromise the internal validity of the experiment (Gravetter & Forzano, 2018).

Nevertheless, two constraints must be addressed in the decision to employ a between-
subjects design. First, a between-subjects design generally requires a larger sample size to
achieve comparable statistical power (Gravetter & Forzano, 2018). This was not deemed a
limitation in this study due to the broad and accessible population of interest — individuals
aged 18 years and older. In hindsight, this turned out to be an unanticipated issue, as the
study ultimately faced challenges in collecting sufficient data.

Second, even while a between-subjects design mitigates concerns associated with
repeated measures, individual differences in risk-taking behaviour would not be accounted
for in the differences between the two groups. Naturally, individuals differ in their risk
preferences, and these differences might add variation among the groups, which could affect
the study's results and conclusions. Even though random allocation should prevent this, it is
a factor impossible to control and cannot be guaranteed. This issue will be covered in more
detail in later sections of this chapter, especially under the Materials section, where the
measures used to control for individual differences will be discussed. Additionally, the
implications of these individual differences will be revisited in the final discussion of this

dissertation.
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3.2. Materials and Instruments
3.2.1. BRET

The dependent variable was measured using an adaptation of the Bomb Risk
Elicitation Task (BRET) (Crosetto & Filippin, 2012) — see Chapter 2 for a thorough
discussion of this behavioural elicitation method. In summary, participants were asked to
choose how many cards they wished to reveal out of a matrix of 8x8 cards (a total of 64
cards), one of which hid a special card. Each card collected paid off 20 eurocents, such that
potential earnings increased linearly, knowing however that if the special card was among
the collected cards, the earnings went back to 0. The measure of risk-taking was evaluated
by the number of cards the participant chose to reveal.

Mathematically, the participants’ decisions could be described with the following
choices:

L—{ 0 with probp = k/64
~ 0.2k with probp = (64— k)/64

where k denotes de number of cards collected.
Consequently, the expected value of the task can be described with the following

formula:
2

k
EV =02 (k-2
This equation is equal to O for k = 0 and k = 64, and attains a maximum at k = 32. As
in Crosetto and Filippin (2012), normalizing u(0) = 0, an expected utility maximiser should

choose:

. m:64—k

Using the Constant Relative Risk Aversion (CRRA) power function u(x) = x'
(Wakker, 2008), we get:
r
1+7r
where r denotes the coefficient of risk aversion. A coefficient of r < 1 implies risk aversion;

k* = 64

r > 1 implies risk seeking; and r = 1 risk neutral. As such, a risk-neutral participant should
choose a k = 32. Given this, the number of cards chosen to be revealed by the participant
denoted their level of risk aversion/seeking.

Other variables were measured as covariates, to control for individual differences,

namely the subjects’ trust in Al and their general risk aversion, in addition to general
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demographic data such as age, gender, education, and country of residence. Locus of control

was also measured, as a means to test the hypothesis of the diffusion of responsibility.

3.2.2. Trust in Al

The participants assigned to the experimental condition were assessed for their trust
in Al. The scale used to measure this variable was the General Attitudes towards Avrtificial
Intelligence Scale (GAAIS) validated by Schepman and Rodway (2023).

The scale is composed of 20 items with general statements about Al, 12 of which are
positively framed and 8 are negatively framed. Examples of items are | am interested in
using artificially intelligent systems in my daily life (positive), or I think artificially
intelligent systems make many errors (negative). The subjects were asked to state how much
they agreed or disagreed with the statements on a 5-point Likert scale that ranged from
Strongly Disagree to Strongly Agree.

The scale also includes an attention check after the 12™" item, which asks participants

to select the option Strongly Agree.

3.2.3. General Risk Aversion

The General Risk Aversion Scale developed and validated by Mandrik and Bao
(2005) was employed to assess participants' general tendencies toward risk aversion, in order
to control for individual differences in risk-taking.

The scale measured individuals' attitudes toward risk across various contexts. It
consisted of 6 items, each rated on a 7-point Likert scale ranging from Strongly Disagree to
Strongly Agree.

The items on the scale were designed to capture various dimensions of risk aversion,
such as the reluctance to engage in activities perceived as risky and the preference for
certainty over uncertainty. Sample items included statements like | do not feel comfortable
about taking chances or | feel comfortable improvising in new situations. Participants'
responses were summed to produce a total risk aversion score, with higher scores indicating

greater levels of risk aversion.
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3.2.4. Locus of Control

The scale employed to measure subjects’ locus of control was the Internal-External
Locus of Control Short Scale—4 (IE-4) validated by NieRen et al. (2022). The I1E-4 consists
of four items, with two items measuring internal locus of control and two items measuring
external locus of control. Participants rated their agreement with each statement on a 5-point
Likert scale ranging from Strongly Disagree to Strongly Agree. Sample items include: If |
work hard, I will succeed, for the internal locus of control construct, and Fate often gets in
the way of my plans, for the external locus of control construct.

To try to retain as many participants as possible until the end of the experiment, a
concern with the length of the questionnaire was kept in mind during the selection of the
scales and tasks, leading to a cost-benefit analysis balancing the scale length and validity.
Since the IE-4 still maintained robust psychometric proprieties and construct validity in
NieRen et al. (2022), while also having a very brief format, it was considered well-suited to
the study’s objectives.

Scores for internal and external locus of control were calculated separately by
summing the responses to the respective items. Higher scores on the internal locus of control
items indicated a stronger belief in personal control over life events, while higher scores on
the external locus of control items suggest a stronger belief in external factors controlling
one’s life. A composite score was calculated where positive values indicated external locus

of control, and negative values indicated internal locus of control.

3.2.5. Independent Variable Manipulation

The difference between the control group and the treatment group laid in the
availability of Al assistance during the BRET. The Al assistance provided to the
experimental group was powered by OpenAl’s API functionality. The model used for the
chatbot was GPT-40, which, at the time of the experiment, was OpenAl’s flagship model.

The model was previously tested in terms of understanding and capabilities in the
context of the BRET and was given specific system instructions. Additionally, as already
mentioned in the chapter of the Literature Review, GPT-4 was shown to give consistent
responses in the BRET (Mei et al., 2024). The model was instructed to give rational advice

based on the Expected Utility Theory, but only after asking for the participant’s risk
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preference, and adjusting accordingly. The model’s complete instructions for the task can be

found in Appendix A.

3.3. Procedure

The experiment consisted of an online survey developed using Python. The rationale
for choosing to create a custom survey application from scratch was based on the inherent
limitations that established survey-creation platforms such as Qualtrics, SurveyMonkey, or
LimeSurvey, had regarding the customization of tasks and functionalities.

Since the study required the integration of a live chatbot and a dynamic interactive
task — which required a level of flexibility and control that these traditional survey platforms
could not provide — Python seemed more versatile, even with the increased workload
involved for the development of the survey manually. The full experiment code can be found
on GitHub here: https://github.com/lucas-bs/thesis-survey.

Before starting the experiment, the participants were presented with an informed
consent form with different information about the study and its purpose, which they had to
agree to before proceeding with the experiment.

Then, the participants were randomly assigned to either a control group or a treatment
group. The treatment group was presented with a chatbot testing page, explaining that they
were going to interact with a chatbot during the experiment, and that they could test it before
starting, if they were unfamiliar with these kinds of tools. A chatbot was presented next to
the instructions. The control group did not have access to this page.

Subsequently, all participants were presented with the instructions for the BRET, as
seen and outlined in Crosetto and Filippin (2013). The participants were then given the
chance to do a trial round of the BRET, to get acquainted with the task. Here, none of the
groups had any Al assistance. After the trial round, the participants were given the option of
trying another round or proceeding with the real task, which involved real stakes.

The core of the experiment consisted of two rounds of the BRET, as can be visualized
in Figure 2 and Figure 3. In the treatment group, participants had access to an Al chatbot
assistant, which they were asked to consult before making their decisions. Following the
completion of the task, participants were informed of their total monetary gains from the two

real rounds.
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Having two rounds of the same task could allow a better view and insight into what

the outcome of the first round has on subsequent rounds, and whether using an Al tool may
influence this interaction.

Real Experiment
Chat with Al

Please discuss with the chatbot before taking your final decision

how many cards should i reveal?

The most rational strategy is 10 reveal 32 cards. This

gives you a 50% chance of eaming €6.4, which is the
highest expected value. However, if you have a
Your potenlial payout iS: €6.40 preference for either higher or lower risk, let me know,
and | can tailor my advice accordingly.

Selected: 32 | Remaining: 32

Please discuss with the chatbot before taking your final decision

Figure 2. BRET during the selection phase
Real Experiment

Please discuss with the chatbot before taking your final decision

how many cards should | reveal?

The most raticnal strategy is to reveal 82 cards. This

gives you a 50% chance of eaming €6.4, which is the
highest expected value. However, if you have a
Final payout: €6.40 preference for either higher o lower risk, let me knaw,
and | can tailor my advice accordingly.

Selected: 32 | Remaining: 32

Please discuss with the chatbot before taking your final decision

Figure 3. BRET during the revealing phase

After completing the BRET, the subjects responded to the scales presented earlier:
the General Attitudes towards Artificial Intelligence Scale (only the treatment group), the

General Risk Aversion Scale, and the Internal-External Locus of Control Short Scale—4. To
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conclude the participants responded to demographic questions including age, gender,
education, and country of residence.

At the conclusion of the questionnaire, participants were informed that they could
opt to provide their email address in a separate database, along with their task-related
earnings, to be eligible for a raffle. The participants were informed in the consent form — at
the beginning of the experiment — that a raffle would take place several weeks after the
experiment, which offered the selected participants the opportunity to win the monetary
gains they had earned during the experiment, thereby incentivizing real-life behaviour during
the task. The complete flow of the experiment along with all the questions can be found in

Appendix B.

3.4. Participants

The required sample size was calculated with G*Power, using an estimated small
effect based on the literature (f=0,10). The calculation was performed for a repeated
measures ANOV A model with two groups and two measurement points. Initially, the sample
size was determined using a neutral 0,5 correlation among repeated measurements, which
resulted in a sample size of 200 participants. However, post hoc analysis of the collected
data showed a correlation of 0.67 between the two measurement points, leading to an
adjusted optimal sample size of 132 participants to achieve a power of § = 0,80.

The sampling followed a non-probabilistic method, due to resource constraints
(Gravetter & Forzano, 2018). Participants were recruited through social media platforms
such as Reddit and LinkedlIn, and by word-of-mouth between August and September 2024.
A total of 301 participants started the survey, however, only 145 participants concluded it,
answering validly to all the questions and tasks in the experiment.

The final sample consisted of 51% males (n=74), 44% females (n=64), and 5% who
preferred not to reveal their gender or selected “other” as an option (n=7). The distribution
between the treatments was nearly identical, with 49% of participants in the control
condition (n=71) and 51% in the treatment condition.

The mean age of the participants was 31.5 years (SD = 11.7), with ages ranging from
18 to 69 years. However, the distribution of ages was highly positively skewed (skewness =
1.19), with a median age of 27 years. Table 1 provides an overview of the descriptive

statistics of the sample.
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The average survey duration was 11 minutes, with a significant discrepancy between

conditions: participants in the control group took an average of 6 minutes, while those in the

treatment group took 16 minutes. This difference was due to the additional scale (General

Attitudes towards Artificial Intelligence) and time spent interacting with the chatbot in the

treatment condition.

Table 1. Sample demographic characteristics.

Variable n % Mean SD Min Max Median Skewness
Gender

Male 74 44.14

Female 64 51.03

Other 7 4.83

Treatment

Control 71 48.97

Treatment 74 51.03

Education

High School 27 18.62

Other 2 1.38

Bachelors 58 40.00

Masters 56 38.62

Doctorate 2 1.38

Age 3152 11.70 18 65 27 1.19
Completion Time 671.78 889.11 110 9610 507 7.34

(seconds)
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4. Results

All data manipulation and analysis were conducted using RStudio.

4.1. Data treatment
To ensure robust model fitting, an initial exploration of outliers was conducted before
analysing the BRET data. A boxplot of the number of cards selected by treatment (Figure
4) indicated the presence of outliers. Applying the criterion of 1.5 times the interquartile
range (Dekking et al., 2005), all values above 52 cards were identified as outliers and
subsequently excluded from the data (see Table 2). This adjustment resulted in a final
sample of 138 participants who completed both rounds of the task.
Table 2. Statistics for Number of Cards.

v $ [ Statistic Value
N 290
Mean 27.45
A SD 11.95
[ &]
5 Min 3
‘g Percentile 2.5 6.00
<2 Percentile 5 8.00
Quartile 1 20.00
Median 28.00
Quartile 3 33.00
e e Percentile 95 50.00
Figure 4. Boxplot of N of Cards by Treatment Percentile 97.5 50.78
Max 60
Interquartile Range 13.00
Lower Bound 0.50
Upper Bound 52.50

4.2. Descriptive statistics

Table 3 describes the proportion of risk preferences in the different conditions and

rounds. Averaging both rounds, we can see that in the control group, there were 73% of risk-
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averse choices, 6% risk-neutral choices, and 20% risk-seeking choices. In contrast, 49% of
participants in the treatment group made risk-averse choices, 25% risk-neutral choices, and
26% risk-seeking choices.

Table 3. Proportion of risk profiles (in percentages), by condition and BRET round.

Condition BRET Round Risk Averse Risk Neutral Risk Seekers

Control First 67.7 9.2 23.1
Second 78.5 4.6 16.9

Treatment First 49.3 24.7 26.0
Second 49.3 24.7 26.0

In line with the findings in Gioia (2017), the proportions of risk profiles in the control
condition align with those reported in other studies using the BRET, suggesting that the task

was well-administered, adding robustness to the subsequent results.

4.3. Main hypothesis testing

To test the main hypothesis, a linear mixed model was fitted to the data. Assumptions
were checked before interpreting the results. The residuals versus fitted values plot (see
Appendix C) showed no apparent violations of linearity or homoscedasticity, suggesting
that these assumptions were met. The Q-Q plot (also in Appendix C) indicated that the
residuals approximately followed a normal distribution, with some departure from normality
in the tails, particularly in the right tail. The Kolmogorov-Smirnov test confirmed this
deviation from normality (D = 0.10, p < 0.001), indicating that the residuals did significantly
deviate from normality. However, the relatively low D statistic of 0.10 suggests a moderate
deviation, not an extreme one. Given that linear mixed models are known to be quite robust
to moderate violations of normality, this provides confidence in the validity of the model
results despite the observed deviation.

The analysis revealed a nearly significant main effect of the condition, with a p =
.051. Additionally, an interaction effect between the condition and the BRET round was
found to be statistically significant, with a p = .015, indicating that the impact of the
condition varied across the two rounds of the BRET task. The detailed results and statistics

are presented in Table 4.
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The marginal R? of the model was Rm? = .032, indicating that the fixed effects alone

accounted for only 3.2% of the variance in the outcome variable. In contrast, the conditional

R? was R¢? = .765, suggesting that the combined fixed and random effects explained 76.5%

of the total variance. Random effects were specified as the individual users.

Post-hoc analyses were conducted using Turkey’s method to adjust for multiple

comparisons. The analysis identified two significant contrasts in the interaction effect, as

shown in Figure 5. Specifically, there was a significant difference between the control
condition in Round 1 and Round 2 (Estimate = 2.77; SE = 0.93; df = 136; t = 2.968; p =

.018), and between the control and treatment conditions in Round 2 (Estimate = -4.97; SE =

1.84; df = 173; t = -2.702; p = .038) — an average difference of nearly 5 cards was observed

between the control and treatment condition in the second round of the BRET.

Table 4. Type III ANOVA with Satterthwaite’s method for linear mixed model.

Effect MeanSq NumDF  DenDF  Fvalue p
Condition 109.235 1 136 3.861 0.051
BRET Round 96.727 1 136 3.419 0.067
Interaction 172.379 1 136 6.093 0.015*
_ _
0—/
Condition
‘\ T+ * @ Control
- @ Treatment

Estimated Marginal Mean of Number of Cards Revealed

5.0

First BRET

Second BRET

Figure 5. Number of cards revealed by condition and round.

32



Additionally, by analysing the dispersion of answers, we can see, through a violin
plot (Figure 6), that the choices by the participants in the treatment condition were more
centred around the number 32, compared to the wider dispersion in the control treatment.
Descriptive statistics are shown in Table 5, where we can see that the kurtosis from the
control group is lower in both rounds, indicating a higher dispersion of answers, compared

to the treatment.

60

e
=}

w o
o R

Condition

Control
Treatment

Number of cards
.
5
1

[
=]

First Round Second Round

Figure 6. Violin plot of number of cards by condition and round.

Table 5. Descriptive statistics of number of cards.

BRET Condition Mean SD  Median Mode Skewness Kurtosis

Round

First Control 26.15 10.83 25 25 0.168 -0.565
Treatment 2796 11.38 32 32 -0.204 -0.453

Second Control 23.38 10.19 25 25 0.162 -0.402
Treatment 28.36  10.65 32 32 -0.247 -0.278
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Given the strong impact of random effects, as highlighted by the high conditional R?,
an exploratory analysis was conducted to further investigate individual differences that could
contribute to the explained variance associated with these random effects, dissecting them.

Specifically, the analysis examined whether the number of cards selected in the
second round could be predicted by the outcome of the first round — whether the participant
won money or not — (Won_Round_1 — binary variable) and their condition, controlling for
the number of cards selected in the first round. The rationale for this analysis was that
participant’s behaviour in the second round might have differed depending on the outcome
of the first round — specifically, whether they won money or not —, and how this interaction
might have varied across the two conditions.

A first linear model was fitted to the data and showed significant results. Table 6
summarizes the results and statistics of the model.

Table 6. Type 11l ANOVA for Number of Cards in Round 2.

Effect Sum Sq df  Fvalue p

Intercept 13.4 1 0.332 .565
Round_1_ncards 8502.6 1 210.264 <.001  ***
Condition 787.1 1 19463 <.001 ***
Won_Round_1 874.4 1 21623 <.001 ***
Condition : Won_Round_1 298.9 1 7.391 .007 **
Residuals 4908.417 133

R-squared = 0.687 Adjusted R-squared = 0.646

F-statistic (4, 133) =63.62, p =<.001

We can see that both the condition, the number of cards selected in the first round,
and the outcome of the first round were significant predictors of the number of cards selected
in the second round. Additionally, a significant interaction was found between the condition
and the outcome of the first round (p < .001), suggesting that the effect of winning in the
first round on the number of cards in the second round varied between the control and
treatment groups. Post-hoc tests using Turkey’s method showed that participants in the
control condition who did not win money in the first round chose statistically fewer cards in
the second round compared to the rest of all the other groups. Contrasts are shown in

Appendix D, and differences can be visually seen in Figure 7.
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Figure 7. Interaction plot between condition and outcome of round 1 on cards in
round 2.

Furthermore, this interaction was also found significant when introducing the
variable Round_1 ncards in the interaction term (F(1, 130) = 9.121, p = .003). This
significant three-way interaction adds further depth to the analysis, showing how the
previous two-way interaction remains significant when accounting for the number of cards
each participant selected in round 1. This indicates that the effect of the condition and
outcome of the first round on the number of cards selected in the second round is not due to
random effects but is modulated by the number of cards the participant selected in the first
round. The three-way interaction can be visualized in Figure 8, and the results of the

ANOVA with this additional three-way interaction can be found in Appendix D.
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Figure 8. Scatter plot of N cards in Round 1, N cards in Round 2, Won_Round_1,
and Condition

Subsequent post-hoc tests, using Turkey’s method, show that the slopes of the
regression lines seen in Figure 8 are statistically different between the participants in the
Control condition and the Treatment condition who both didn’t win money in Round 1
(t=-3.197, p =.009), and between the participants in the Control condition who didn’t win
money in Round 1 and participants in the same condition who won money in Round 1
(t=-2.922, p =.021).
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4.4. Secondary hypotheses
For the secondary analyses, which involved adding the locus of control, general risk
aversion, and general attitudes towards Al as covariates in the model, it was necessary to

first compute mean scores for each scale.

4.4.1. Computing Locus of Control

Initially, individual scores for internal and external locus of control were computed,
as recommended by NieRen et al. (2022). However, as also mentioned in Niel3en et al.
(2022), given that there were no missing values in any of the responses, a score for the
general locus of control was computed, where a positive value would reflect a higher
inclination towards an external locus of control, and a negative value would reflect a higher
inclination towards an internal locus of control. Average locus of control score was -0.96
(SD =1.22), ranging from -3.5 to 3. A histogram of locus of control scores is in Appendix
E.

To estimate the scale’s reliability, the method used by the authors in the original
paper (Niel3en et al., 2022) was followed. McDonald’s omega (o) was estimated based on
the CFA model. Both subscales showed very poor reliability. The internal locus of control
subscale reliability was @ = .367, which is substantially below the commonly accepted
threshold of .70 for adequate reliability. Similarly, the external locus of control subscale had
a reliability score of ® = .466, indicating poor reliability.

An omega value for the general scale (with the scores of the external items reversed),
also showed poor reliability (o = .284).

These results are very concerning for the interpretation of the results regarding the
locus of control variable, raising doubts about the usability of this scale to test the hypothesis

of diffusion of responsibility. This will be further discussed in the next chapter.

4.4.2. Computing General Risk Aversion

Scores for general risk aversion were reverse coded where appropriate and computed,
revealing an average score of 4.30 (SD = 1.03), ranging from 1.67 to 6.67. Higher scores
indicated a higher general risk aversion. Again, a histogram of the scores in the sample is

shown in Appendix E.
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The scale presented good reliability, with a Cronbach’s alpha of 0.79. According to
Nunnally (1978), a value above .70 is generally considered acceptable, suggesting that the
scale items are reliably measuring the intended construct.

Nevertheless, the general risk aversion scores appeared to be very poorly correlated
with the number of cards selected, r(274) = -.044 (p = .465). This result raised concerns, as
they appear to be measuring distinct constructs. A further discussion on this topic will be
delved in the next chapter.

Despite its lack of correlation with the task performance, a test of differences in the
general risk aversion scores between the two treatments was computed, to investigate
whether the participants in the two groups had different risk aversion scores. Results showed
no statistically significant difference between the groups (t = 0.738, p = .46), suggesting that
the distribution of risk preferences in the two groups was not statistically different,

supporting the use of a between-subjects study design.

4.4.3. Computing General Attitudes towards Al

Given that this scale was significantly longer than the other two scales, with 20 items
to respond to, an attention check was included after the 12t item, to ensure data quality, as
seen in Schepman and Rodway (2023). Before computing the scores of this scale,
participants who had failed the attention check were excluded from the scale data. A total of
22 participants failed to pass the attention check, resulting in 51 participants in the treatment
condition who correctly responded to all items on the scale.

The average score on this scale was 3.39 (SD = 0.62), with values ranging from 1.3
to 4.5. A higher value indicated a higher general attitude towards Al. Once more, a histogram
of the scores on this scale can be found in Appendix E.

The Cronbach’s alpha for this scale was .88, revealing a nearly excellent reliability
of the scale.

Although participants who failed the attention check were excluded from the
Attitudes Towards Al scale’s data, their responses to the BRET were retained in the data.
This decision was based on the assumption that failing the attention check in a cognitively
different task — such as a scale with 20 items — did not necessarily indicate a lack of attention
during the BRET task, which was behaviourally oriented and much shorter in duration.

Additionally, since the BRET task was the first task completed in the study, thus prior to the
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scales, it was reasonable to assume that attention lapses during the longer scale did not affect
the earlier task performance.

Furthermore, outliers had already been removed from the BRET data, ensuring the
integrity of the remaining responses. Thus, retaining the BRET responses while excluding
the scale data allowed for the preservation of valuable task data without compromising the
integrity of the scale measures. Given the limited sample size, excluding 30% of the
participants from the treatment group would have severely impacted the statistical power of

the analysis.

4.4.4. Covariate Hypotheses testing

Initially, the General Risk Aversion (GRA) was added to the model of the main
hypothesis as a covariate, to control for individual differences in risk preference, but revealed
to be completely insignificant, as pointed out previously, given the inexistent correlation
between the scale and the number of cards selected. The p-value of the main effect of the
GRA was .638, suggesting that it didn’t account for any random variability between users,
not being fit for usage as a covariate. The main effect of the condition remained nearly
significant (p = .055), and the interaction effect between the condition and the round
remained significant (p = .015).

Subsequently, a linear mixed regression model was used to fit the data of only the
treatment group, given that the other two variables — locus of control and attitudes towards
Al — pertain only to the treatment group, to test the hypothesis of the diffusion of
responsibility.

Table 7 discloses the results of the model. Only attitudes towards Al showed a
significant main effect (F(1, 47) = 13.67, p <.001), with a positive estimate in the regression
model, 8.36. Thus, indicating that the higher the score on the scale, the higher the number of
cards selected.

Locus of control (F(1, 47) = .66, p .421) and general risk aversion (F(1, 47) = .10, p
=.755) both didn’t show any significant effects. The explained variance of the fixed effects
was Rm? = .207. When removing the variable “Attitudes Towards Al”, the marginal Rm?
dropped to .012, showing the importance of the effect of the latter on the number of cards

selected.
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Moreover, as an exploratory analysis, an additional variable was added to the model
— the number of messages with the chatbot — to investigate whether this variable played a
role in the choice of the participants. Indeed, the variable showed a statistically significant
main effect (F(1,48) = 4.57, p =.038), in addition to the already significant effect of attitudes
towards Al that remained significant (F(1, 48) = 13.15, p < .001). The estimate in the
regression model was .483, indicating that as the message count increased, the number of
cards selected also increased. The performance of the model with this variable improved
from Rm?=.207 to Rm? = .255.

Table 7. Fixed effects of Mixed Linear Regression model for treatment group only.

Effect Estimate  Std. Error df t p
(Intercept) 1.028 10.218 47.23325 0.101 .920

Round 4 -0.353 1.017 50 -0.347 .730
Attitudes Al 8.361 2.261 47 3.698 <.001  ***
Locus of Control -0.982 1.210 47 -0.811 421

GRA -0.459 1.461 47 -0.314 155

An additional linear model was used to explore the relationship between the locus of
control and attitudes towards Al. Intuitively, locus of control would not significantly
influence the number of cards selected unless the participant had trust in the Al, prompting
the inclusion of an interaction term in the analysis.

The model aimed to predict the number of cards selected in the second round
(Round_2_ncards), with attitudes towards Al, locus of control, and their interaction term as
a predictor, while also controlling for the number of cards selected in the first round
(Round_1 ncards), and message count — previously identified as a significant variable. Data
was restricted to the treatment group, as the objective was to assess variations in trust and
locus of control among participants in the treatment group.

The results of the linear model can be seen in Table 8. Notably, the interaction term
between attitudes towards Al and locus of control had a statistically significant effect (p =
.040) with a positive coefficient of 2.472, suggesting that as both trust and locus of control
increased, the predicted number of cards also increased, more than would be expected if

considering each variable independently. Figure 9 illustrates this interaction effect,
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demonstrating that the predicted number of cards selected is highest when both trust and

locus of control are at their highest values.

Nevertheless, these results should be interpreted cautiously, as the scale used to

measure locus of control demonstrated poor reliability, suggesting it may not effectively

capture the intended construct. Further discussion on this issue will be provided in the next

Chapter.

Table 8. Linear regression model on number of cards selected in round 2.

Effect Estimate Std. Error t p
Intercept -10.921 6.425 -1.700  .096
Round_1 ncards 0.716 0.079 9.060 <.000 ***
Won_Round_1 3.015 1.735 1.738 .089
Message Count 0.514 0.137 3.743 <.001 ***
Attitude towards Al 4.198 1.971 2130 .039 *
Locus of Control -6.389 3.630 -1.760 .085
Attitudes towards Al : Locus of Control 2.419 1.141 2119 .040 *

Multiple R-squared: 0.7748

F-statistic: 25.23 on 6 and 44 df, p < .001

Adjusted R-squared: 0.7441

Locus of Control
°

2

3
Attitudes towards Al

4

Predicted number
of cards selected
in Round 2

40
30
20
10

Locus of Control
o

Risk Preference
in Round 2

Risk Seeker
Risk Neutral

Risk Averse

2

4

3
Attitudes towards Al

Figure 9. Heatmap plot of interaction between attitudes towards Al and locus of
control in number of cards selected in round 2. Labels in the right plot indicate “risk averse”
for less than 32 cards, “neutral” for 32 cards, and “risk seeker” for more than 32 cards.
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Given the significant effect of locus of control on the number of cards in the second
round, an additional analysis was performed to test the interaction effect of locus of control
with the outcome of the first round (Won_Round_1). As found in the results of hypothesis
1, participants who didn't win money in the first round selected significantly more cards in
the treatment condition than in the control. If this was due to the diffusion of responsibility,
then the locus of control should moderate this effect.

A linear model was computed to predict the number of cards in the second round,
with the number of cards in the first round, the messages count, and attitudes towards Al
included as control variables. The key focus of the model was the interaction term between
the locus of control, the outcome of the first round (Won_Round_1) and the attitudes towards
Al, to directly test the hypothesis of the diffusion of responsibility.

Results, shown in Table 9, do not point towards any statistical significance of the
interaction between the locus of control and the outcome of the first round. Nevertheless, we
can see that the positive coefficient (0.50) of the interaction Locus of Control :
Lost Round_1 : Attitudes towards Al suggests that for participants who lost the first task, a
greater external locus of control combined with a greater attitude towards Al resulted in
more cards being selected in the second task.

This effect is marginally significant (p = .062), meaning that there is some evidence
of an interaction, but it does not quite meet the conventional significance threshold (p < .05).
The limited sample size (n = 31) of participants who lost the first round in the treatment
condition, coupled with 22 participants who failed the attention check on the Al trust scale,
limits the power of the analysis and prevents drawing definitive conclusions. This
relationship may exist but needs further investigation and more data.

In contrast, for participants who won money in the first round, the interaction
between locus of control and attitudes towards Al (Locus of Control : Attitudes towards Al
: Won_Round_1) was not statistically significant (p = .313). This suggests that the
interaction effect is more pronounced when participants have not won money in the first
round.

In Figure 10 we can visually see that the predicted number of cards in round 2 when
the locus of control and attitudes towards Al are at their highest value is slightly different,
depending on whether round 1 had a positive or negative outcome, conforming the implied

effect shown in the linear regression model.

42



Table 9. Linear regression on n cards in round 2, with interaction between locus of

control and won_round_1

Effect Estimate  Std. Error t p
Intercept -0.312 4.746 -0.066  .948
Round_1 ncards 0.693 0.080 8.636 <.001 ***
Message Count 0.506 0.144 3,508 .001 **
Attitude towards Al 1.657 1.539 1.076  .288
Attitude towards Al : Locus of Control :  0.547 0.286 1915 .062

Lost Round_1

Attitude towards Al : Locus of Control :  0.271 0.266 1.020 .313

Won_Round_1

Multiple R-squared: 0.7457
F-statistic: 26.39 on 5 and 45 df, p <.001

Lost Task 1 Won Task 1

Locus of Control

2 3

4 2 3
Attitudes towards Al

Adjusted R-squared: 0.718

Predicted Cards

in Round 2
36

Figure 10. Heatmap plot of interaction between attitudes towards Al and locus of

control in number of cards selected in round 2, by whether Round 1 had a positive or

negative outcome.
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Additionally, when the model included only the interaction between the locus of
control and the outcome of the first round — without the attitudes towards Al variable, but
still controlling for the number of cards selected in round 1 and message count — the
interaction between locus of control and losing the first round was significant (coefficient =
1.59, p =.049). In contrast, the interaction between the locus of control and winning the first
round was not significant (coefficient = 0.50, p = .491).

While these findings suggest some evidence of a moderating role for the locus of
control in predicting risk-taking behaviour in the second round of the task, further
investigation with a larger sample and a robust locus of control is needed to statistically
confirm the existence and strength of this effect.

Before concluding the analysis of Hypothesis 2b, it is important to address an
additional point related to the literature on locus of control. Previous research had indicated
that individuals with an external locus of control tended to engage in more gambling
behaviours compared to their internal counterparts (Rotter, 1966). If this pattern held true in
our data, the significant results observed earlier might be attributable to this established
relationship rather than the moderating role of locus of control in the diffusion of
responsibility.

Results (see Appendix F) showed that there was no statistically significant
correlation between locus of control scores and the number of cards revealed, even when
data was stratified by condition and round, discarding the hypothesis that locus of control
was a direct predictor of risk-taking behaviour, suggesting that the previously noted effects
are not simply a reflection of the gambling tendencies associated with external locus of

control.

4.5. Content Analysis of Chatbot Conversations
To enrich the dissertation and provide a more comprehensive understanding of
participant behaviour, an additional exploratory content analysis of the conversations
between participants and the LLM was conducted. This analysis aimed to investigate the
various approaches participants employed when interacting with the LLM during the task.
The average conversation length was 10 messages per conversation (SD = 8.11),

ranging from 2 to 48 messages per conversation.
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Initially, a manual analysis of the conversations was performed to individuate the
main themes present in the chats between the participants and the LLM. The main goal of
the analysis was to investigate what were the approaches the participants used when
interacting with the chatbot during the task, so the sole focus was the user’s messages. Four
main approaches were identified:

I. The participant didn't have a predetermined strategy and asked the chatbot

how many cards they should reveal.

ii. The participant had a predetermined strategy and asked the chatbot for

feedback or an opinion on the strategy they were proposing.

iii. The participant asked for clarifications about the game and its rules.

iv. The participant asked for probabilities about a certain percentage of risk.

OpenAl’s GPT-40, via the API, was used to loop through each conversation and
count the occurrences of each topic within the participant’s messages.

The analysis revealed that asking for a strategy was the most prevalent approach,
appearing in 76% of the conversations. The second most common strategy was asking for
clarifications about the game, present at least once in 55% of the conversations. Asking for
feedback on own strategy appeared in 47% of conversations. And lastly, asking about
probabilities for a certain percentage of risk appeared in 30% of the conversations.

To analyse whether any of these topics had a statistically significant effect on the risk
preference of the users, an ordinal logistic regression was conducted, with the ordinal
variable risk preference (<32 cards: “risk averse”; =32: “risk neutral”; >32 cards: “risk
seeker”) as the outcome variable.

A first fit to the data to predict risk preferences in the first round didn’t reveal any
significant effects. However, the model yielded more significant results when the data was
fit to predict risk preferences in the second round.

This is not surprising given that conversation data was not separated by round, so it
was impossible to differentiate the messages sent during the first round, and the messages
sent during the second round. Thus, an analysis of the second round of the BRET appears to
be more conclusive and complete, as can be confirmed from the analysis.

Namely, a statistically significant effect of the topic of rule clarification was found,
(b =0.556, SE = 0.272, t = 2.05, p = .041). As the number of rule mentions increased, the

45



probability of being a risk seeker tended to increase, while the probability of being risk
averse decreased (Odds Ratio = 1.74, 95% CI [1.07, 3.15]).

Additionally, the topic of asking the chatbot for a strategy approached statistical
significance (b = 0.772, SE=0.432, t = 1.79, p = .074). Once again, the probability of being
a risk seeker tended to increase as the number of strategy questions increased, while the
probability of being risk averse decreased (Odds Ratio = 2.17, 2.5% = 0.94, 97.5% = 5.21).

Conversely, the only topic found to increase the probability of being risk averse was
asking about probabilities related to certain risks. However, this effect was not statistically
significant, b = -0.198, SE = 0.284, t = -0.70, p = .487, with an odds ratio of 0.82 (95% ClI
[0.43, 1.38]).

Figure 11 illustrates all the main effects of each of the four topics on the probabilities

of the three risk profiles, and statistics and assumptions for the model can be found in

Appendix G.
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Figure 11. Main effect of topics on risk profiles in round 2.
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Additionally, an analysis of the frequencies of words by risk preferences in the
second round of the BRET revealed differences in the content of the conversation between
groups. Given that conversations data didn’t make a distinction between the first and second
rounds, it was impossible to differentiate the messages from the first and second rounds,
thus, an analysis of the outcomes of the second round was solely performed.

As can be seen from Figure 12, the words “expected” and “strategy” can be seen
frequently between risk-neutral participants. Furthermore, the word “risk” was the second
most frequent word among the risk-averse subjects, along with “strategy”. Finally, the words

“money”, “lose”, and “reward” were seen frequently among the risk seekers.
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Figure 12. Top 20 words by risk preference in round 2.

We now turn to the discussion of these findings, contextualizing them within the

frameworks of the literature reviewed in the preceding Chapter.
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5. Discussion

The main hypothesis (H1) predicted that individuals would exhibit greater risk-taking
behaviour when interacting with a LLM during the task, which was partially supported by
the data. Although the main effect of the condition was not statistically significant (p =.051),
the interaction effect between the condition and the round was statistically significant (p =
.015), suggesting that the influence of the LLM became more pronounced in the second
round, comparing with the control group.

The results from our control group align with the observations of Crosetto and
Filippin (2013), where participants tended to select fewer cards in the second round of a
repeated BRET. However, in our treatment condition, participants did not adhere to this
normative behaviour, maintaining a similar number of cards revealed across both rounds
(MFirst Round = 27.96, Msecond Round = 28.36). This divergence may indicate that LLMs alter the
standard dynamics of risk-taking in repeated decision-making tasks. This observation is
consistent with prior research on Al's impact on human decision-making (Cui, 2022;
Folomeeva et al., 2022).

From the exploratory analysis of the main hypothesis, a further insight can be
extracted, such that the effect just mentioned above — the decrease of selected cards in the
second round within the control group — was mainly seen from the control participants who
had not won money in the first round. Additionally, it was found that there were no
differences in the number of cards selected in the second round between control and
treatment, for participants who had won money in the first task.

The behaviour observed in the control group can be explained with insights from
Prospect Theory (Tversky & Kahneman, 1992), which suggests that individuals may
perceive the absence of potential gains as a psychological loss, even when no actual loss
occurs. This shift in the reference point — from expected gains to actual outcomes — can
translate into perceived losses, making individuals in the control group more risk-averse.
However, this effect is not observed in the treatment group. This can indicate that LLMs
may have an impact on risk-taking behaviour, specifically when the user experiences a
perceived loss.

The finding aligns well with the literature on diffusion of responsibility. Particularly,
the literature discusses that the effect of diffusion of responsibility is significantly more

present when the outcomes of the decisions are negative (Mynatt & Sherman, 1975).

48



Additionally, in Beretta et al. (2019) participants attributed more responsibility to the Al
when the outcome of the decision was negative. Similarly, Passlack et al. (2023) reported
that individuals were less likely to attribute self-responsibility for failure to themselves when
receiving algorithmic advice compared to those receiving advice from a human. In this sense,
the results may point to the existence of a diffusion of responsibility in the interaction
between humans and Al, but only after a negative outcome of a preceding decision.

In addition, Hypothesis 2b marginally points towards this effect. Locus of control
was found to be significant in predicting the number of cards selected in the second round
when in interaction with attitudes towards Al, such that as participants had a greater external
locus of control and attitudes towards Al, the higher the number of cards selected in the
second round.

Additionally, this effect was found to be nearly significant when in interaction with
the outcomes of the first round — when the outcome of the first round was negative, locus of
control was nearly significant, but insignificant when the outcome was positive.

Given that locus of control was found to be a moderator of the diffusion of
responsibility (Phares & Wilson, 1972), these findings point toward our first interpretation
of the results of the main hypothesis, such that participants in the Al condition diffused their
responsibility with the Al in the second round, specifically when they were previously faced
with a loss in the first round, given the moderating effect of locus of control in this specific
group.

Nevertheless, these findings are not completely robust, especially due to the poor
reliability of the locus of control scale, which complicates the interpretation of the results.
In fact, these findings could have been very different if a reliable locus of control scale were
used. Future research may benefit from employing a more robust measure of locus of control
to explore this potential interaction further.

In contradiction, an alternative interpretation of the results can be discussed. Namely,
one can see the “stickiness” of the decision of the participants in the treatment condition as
the effect of the Al on the confidence of the participant’s decisions, rather than a diffusion
of responsibility.

Participants in the treatment group did not reduce the number of cards revealed in the

second round, regardless of whether they won or lost in the first round. This can be
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interpreted as an increased confidence in their decision, compared to the control group, who
became more risk averse when faced with a perceived “loss”.

In fact, Ward (2023) notes that an increased availability of information in a human-
Al decision-making situation increases confidence and certainty in one’s decision. In this
study, the apparent greater time spent interacting with the chatbot can be interpreted as a
greater spending of resources to seek for additional information, which has been proved to
increase decision confidence (Harvey & Bolger, 2001). As a matter of fact, the number of
messages with the chatbot was shown to be a significant predictor of the number of cards
revealed, pointing towards the effect of information seeking on the decision’s confidence.

Future studies would benefit from incorporating a direct measure of decision
confidence, as this could help disentangle the diffusion of responsibility from the
confidence-building effects of Al interaction. For example, simply adding a — “How
confident are you of your decision?”” — question before revealing the cards in each round
would have provided additional insights into this research question.

Moreover, the observed reduction in variability and the more concentrated choices
around risk-neutral behaviour in the treatment group suggest that Al might have helped
individuals approximate expected utility maximization and increased their confidence in
their “rational” decisions. This can be further evidenced by the difference in the proportions
of risk profiles between the two conditions. The control condition is closely aligned with the
distribution of risk profiles commonly reported in the BRET literature (Gioia, 2017). In
contrast, the treatment condition displayed a deviation from the typical distribution, namely
with the percentage of risk-neutral participants increasing from 6% (in the control) to 24.7%
(in the treatment group).

Thus, it’s possible to say that the Al in the study may have partially functioned in the
capacity of helping users make more rational decisions. It seemed that the Al mitigated some
of the emotional or cognitive biases that in contrast drove the individuals in the control group
away from optimal decision-making under risk, as seen by the higher risk aversion observed
in this group. Specifically, the Al appeared to be having guided users towards a closer
expected utility maximization — aligning with normative models of rationality. This effect
could be due to the Al providing a more objective assessment of the risk-reward trade-off,

thereby counteracting emotional responses to negative outcomes. In this sense, Al can be
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viewed as fulfilling two roles: providing users with rational advice, but also increasing their
confidence in their decisions.

While the present findings do not allow us to definitively conclude that a diffusion
of responsibility occurred, they offer strong evidence that Al systems significantly impact
risk preferences. As confirmed by Hypothesis 2a, attitudes towards Al moderated this effect,
with participants who held more positive attitudes towards Al revealing a greater number of
cards. This finding aligns with Elder et al. (2024) and Kaplan et al. (2023), who found that
trust and attitudes towards Al significantly influenced individuals' reliance on Al advice.
Moreover, our results support the conclusions of Folomeeva et al. (2022), demonstrating that
Al interaction can induce riskier decision-making behaviours.

An additional finding from the study was the inexistent correlation between the
general risk aversion scale and the BRET. Nevertheless, this is not surprising in light of the
literature on risk elicitation methods. Particularly, Pedroni et al. (2017) and Holzmeister and
Stefan (2021) both have reported across-method inconsistency between different risk
elicitation tasks and scales. Their findings provide compelling evidence for the hypothesis
that characteristics of the choice architecture — in this case, the elicitation methods — have a
significant impact on the decisions people make and how they make them. Thus, it is
probably incorrect to think of risk preference as a universal trait-like idea that is simple to
elicit using many behavioural techniques (Pedroni et al., 2017).

Additionally, Crosetto and Filippin (2016) experimentally tested the correlation of
the BRET with self-reported risk questionnaires and found inexistent correlations,
consequently, this finding does not come as a surprise.

However, this result posed a challenge for the study design, as the general risk
aversion measure was intended to serve as a control variable for individual risk-taking
behaviour. Without an individual control of risk preference, the observed effect of the Al is
more diluted, and the differences are less fine-grained. Despite this limitation, the condition
variable still demonstrated a significant effect, highlighting its influence on risk-taking
behaviour.

A further surprising result was the apparent unreliability of the locus of control scale.
In contrast with the previous problem about the unusability of the risk aversion scale as a
control variable, this finding was not reported in the literature. The authors of the scale had

reported a reliability of around © = .60 (Nief3en et al., 2022), hence the estimated unreliability
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of the scale was unexpected. However, this outcome should not have been entirely
unexpected and could have been at least somewhat anticipated given the very limited number
of items on the scale (n = 4), in addition to the modest omega value of .60 reported in the
original study.

In hindsight, prioritizing participant retention, consequently choosing a shorter scale,
did not prove fruitful results. A longer, but more robust, scale should have been employed
instead, particularly given the importance of this construct in understanding and testing the
hypothesis related to the diffusion of responsibility.

In conclusion, the key question that emerges from this study is whether Al assistance
leads to riskier decisions due to increased confidence or a diffusion of responsibility. While
our results suggest inconclusive answers, as both mechanisms may be at play, future research
should aim to disentangle these effects by directly measuring perceived responsibility and
decision confidence. Furthermore, employing a more reliable locus of control scale would
allow for a clearer understanding of how individual differences in responsibility attribution
interact with Al-assisted decision-making. Lastly, adding a measure of decision confidence,

as suggested earlier, would provide further clarity on the role of Al in shaping risk behaviour.

5.1. Limitations and Future Directions

Given this, several limitations of the study can be pointed out, and in hindsight,
aspects which could have been altered to strengthen the research. First and foremost, as
previously noted, the poor reliability of the locus of control scale presented significant
problems in testing the hypothesis of diffusion of responsibility. Employing a longer and
more psychometrically robust scale would have enhanced the validity and quality of the
findings.

Additionally, the high number of failed attention checks in the Attitudes towards Al
scale also raises concerns. Specifically, there were 22 failed attention checks, out of 73
respondents. This substantial number leads to doubt on the efficacy of either the scale or the
attention check itself. Several post-hoc comments from participants mentioned confusion
regarding the wording of the attention check, which stated: | would be grateful if you could
select Strongly Agree. Given that the scale’s items were directly copied from the original
instrument to preserve its reliability (Schepman & Rodway, 2023), it is plausible that

participants unfamiliar with the concept of attention checks may have been confused by this
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phrasing. A more straightforward wording, such as This is an attention check, please select
Strongly Agree, could have alleviated this issue, as the original phrasing — I would be grateful
if — may have seemed unconventional or unclear.

A further limitation regarding the attention check is that participants who failed the
attention check in the Attitudes Towards Al scale were not excluded from the BRET data.
While it is true that a failed attention check generally indicates low-quality data, Maniaci
and Rogge (2014) note that rates of inattention may be minimal in brief, engaging tasks, and
that, conversely, inattention may be much higher in longer, more mundane sections of a
study. This distinction suggested that participants who failed the attention check in the
lengthy Attitudes towards Al scale would have nevertheless provided valid data for the
shorter, more behaviourally oriented BRET. Its dynamic nature and earlier position in the
study could have probably reduced the chance of inattention impairing task performance,
thus justifying the retention of their data for the BRET. This nevertheless still limits the
validity and quality of the findings.

Thirdly, the general risk aversion scale did not effectively serve as a control variable
for individual risk preferences. Implementing instead a within-subjects design might have
better addressed this issue, by providing a benchmark of individual risk preferences for
comparison with the subsequent Al-assisted task. This relates to the fourth limitation — the
limited sample size, which restricted the power of the analyses. A within-subjects design
could have also enabled the collection of more comprehensive data, requiring fewer
participants for the same statistical power. Nevertheless, the between-subjects design chosen
did allow for an investigation of differences between the conditions in relation to the
outcomes of the first round of the task. Such an analysis would have proved more difficult
with a within-subjects design.

A fifth limitation was the absence of a direct measure of perceived responsibility. In
hindsight, it would have been useful to include a perceived responsibility scale such as in
Hinds et al. (2004), to directly assess the extent to which participants felt responsibility for
the outcome. This would have allowed for a clearer distinction between the effects of the
diffusion of responsibility and the alternative explanation of increased confidence, as
discussed earlier. Similarly, including a question of confidence in the decision prior to
revealing the outcome of the decision could have provided additional insights into this
debate.
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Lastly, the nature of the experimental task raises concerns about the extent to which
participant’s responses truly reflected their risk preference. Given that the task did not have
real-life consequences, except for a small potential reward of a few euros, participants may
not have been very motivated or engaged in the task. Additionally, as participants conducted
the study online, with their computers or smartphones in an uncontrolled environment,
extraneous variables may have been introduced, potentially affecting their responses.

It would have also been interesting to test this effect in a more ecologically valid
context, such as in financial or health-related scenarios. Testing this effect under more
realistic conditions may have yielded results that would have better reflected participants’
true risk preferences and human-Al decision-making processes. As Charness et al. (2020)
have reported, laboratory-elicited risk preferences are weakly correlated with risky field
behaviour. Given this, a more real-world approach to studying risk preferences in interaction
with Al-assisted decision-making could provide better and more insightful results, such as
in situations with higher stakes or with more tangible consequences.

Moreover, it would be interesting for future research to investigate whether the
reported effect would persist in situations where the decision impacts not only the decision-
maker but also others, or whether these results would have changed if the Al had given too
risky, or too risk-averse suggestions. Additionally, examining situations where participants
are held accountable by others for their decisions, could also be interesting and provide

additional insights into how LLMs may alter risk-taking behaviours.
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6. Concluding Remarks

The present dissertation combined three different topics in psychology and
economics literature: individual risk-taking behaviour, risk-taking behaviour in a group, and
Al-assisted decision-making. As such, it provides contributions to our understanding of how
interactive Al systems, such as LLMs, can influence human risk-taking behaviour. By
demonstrating that Al assistance can lead to increased risk-taking, particularly after
experiencing negative outcomes, and that trust in Al mediates this effect, this dissertation
adds valuable insights into the dynamics of human-Al interaction in decision-making
contexts.

While the hypothesis regarding the diffusion of responsibility in human-Al decision-
making contexts could not be fully confirmed, this dissertation extends existing knowledge
in this area. Previous studies (Beretta et al., 2019; Passlack et al., 2023) have pointed to the
potential for Al to diffuse responsibility, and this study adds further empirical exploration to
this idea. Although the expected effects were not robustly observed, the findings still suggest
avenues for further research. In environments where humans and Al systems collaborate, the
blurring of responsibility lines remains an intriguing area for future investigations.

Even if the experiment didn’t study these dynamics in a practical application such as
in finance or healthcare, or even in autonomous vehicles, where Al is increasingly playing a
role in decision support, the results still provide interesting insights for designing Al systems
that encourage optimal decision-making. The potential for Al to influence human risk
preferences and responsibility attribution highlights the need for careful design and
implementation of Al systems. Ensuring that Al tools support optimal decision-making
without inadvertently promoting undue risk-taking is an important consideration for

developers, policymakers, and organizations alike.
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Appendix A. Model’s system message

You are a helpful assistant.

You advise for the most rational decisions.

The user interacting with you will need help to solve a decision making
task.

To give you context, the task the user is seeing is:

“In the following page you will be presented with a grid composed of 64
faced-down cards.

Your task is to select any amount of cards that you wish to reveal.

You earn 20 eurocents for every card that is collected.

At any moment you can see the amount earned up to that point.

Such earnings are only potential, however, because behind one of these
cards hides a

special card that makes you lose everything that has been collected.
The location of this special card is randomly determined,

so it can be in any place with equal probability

Your task is to choose how many cards to reveal. You do so by clicking on
the cards you wish to

reveal and hitting the button 'Reveal Cards'.

If you happen to have revealed the special card, you will earn €0.

Otherwise, you will earn the amount of money accumulated.”

These are your instructions:

You give advice and engage in constructive conversation on the topic.
Do not deviate the conversation from this task, if the user tries to.
REMEMBER: only respond to questions related to this task.

Please keep your answers short.

REMEMBER: this is an hypothetical situation, so your advice won't
negatively impact the user, please give the most rational advice.

You could explain how the expected value for different number of cards
differ, like:

revealing 5 cards gives a 92% chance of earning 1€

revealing 20 cards gives a 69% chance of earning €4

revealing 32 cards gives a 50% chance of earning €6,4

etc etc

REMEMBER: DON'T BE CONSERVATIVE OR PRECACIOUS IN YOUR ADVICE, BE AS
RATIONAL AS POSSIBLE

In this task, the most rational tactic is to choose 32 cards, as it is




if the

you can O ow

re giving your own

is inclined tow
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Appendix B. Complete Questionnaire

Introduction

1 Welcome

Welcome and thank you for ideri: ing in this

I, Lucas Bagnari de Seabra, am conducting this experiment as part of my
Master Thesis at Catélica Lisbon School of Business and Economics, under
the supervision of Prof. Filipa de Aimeida.

Before starting, please read the information presented below.

If you agree to participate in this study, you will be asked to complete a survey.
The survey will take 5 minutes to l

Please answer as honestly as possible. All answers will be kept strictly
confidential and anonymous.
This means that it will not be possible to link your responses to your identity.
The data collected will be used for research purposes only and may be

in my thesis or in ic journals, always in an
aggregated form, never about any individual response.

We ask you to take the study in one go, without interruptions.
There are no expected side effects of participating in this study beyond those
associated with looking at a computer screen for circa 5 minutes.

There is the possibility of having a monetary compensation, which will be
explained later.

You may change your mind and drop out at any point of the study.

If you have any questions about this study, please email me at:
s-Ibseabra@ucp.pt

By proceeding with this survey, you are indicating that you have read and
the p above, that you are 18 years of age
or older, and that you consent to participate in this experiment.

P.S. It is advised to complete this survey on a computer, as the mobile format
can cause some problems

[ | consent to participate in this experiment.

Chatbot testing

2 Chatbot Testing

In the following tasks, you will have the opportunity to interact with a Large Chat with Al

Language Model tool

If you are unfamiliar with these tools, we encourage you to spend a few minutes
exploring its capabilities by asking it prompts.

The chatbot is designed to answer questions, assist with learning, facilitate
brainstorming, and much more.

Important Notes:

1. Please refrain from sharing sensitive information.

2. Exercise caution when interpreting responses. Despite our safeguards, the
chatbot may occasionally provide inaccurate information.

Once you feel comfortable with the chatbot's functionality, click the blue button at
the bottom-right corer to proceed with the experiment.

Type your message... end
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BRET instructions + trial

3

Introduction

Please carefully read the instructions below:

In the following pages you will be presented with a grid composed of 64
faced-down cards.

Your task is to select any amount of cards that you wish to reveal.

You have the chance to earn 20 eurocents for every card that is
collected.
At any moment you can see the amount earned up to that point.

Such earnings are only potential, however, because behind one of
these cards hides ONE special card that makes you lose everything
that has been collected.

The location of this special card is randomly determined, so it can be in
any place with equal probability

Your task is to choose how many cards to reveal. You do so by clicking
on the cards you wish to reveal and hitting the button ‘Reveal Cards'.

Remember:
If you happen to have revealed the special card, you will earn €0.
Otherwise, you will eam the amount of money accumulated.

At the end of the survey, you will have the opportunity to win the money
you have during the Therefore, please make
decisions as if this were your own money.

5

You will start with a practice round. After that, the paying experiment
starts.

Trial

Select the cards by clicking on them.

You can click and drag (if you are on a computer).

The cards selected become yellow.

REMEMBER: there is only ONE special card among the 64 cards.

Selected: 0 | Remaining: 64

Reveal Cards
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7

The practice round was concluded. The paying experiment will now
begin.

If you wish to practice one more time, click on the button Try Again.

If you wish to proceed to the experiment, click on the button Next.

BRET

8 Real Experiment

Please discuss with the chatbot before taking your final decision

r potential payout is: €0

Selected: 0 | Remaining: 64

Please discuss with the chatbot before taking your final decision Type your message

Your total money is €0.

You will now take part in a second round of the same task.

To proceed to the experiment, click on the button Next.
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Real Experiment
10 i

Please discuss with the chatbot before taking your final decision

Your potential payout is: €0

Selected: 0 | Remaining: 84

Please discuss with the chatbot before taking your final decision Type your message...

11
Total Money: €0

Thank you for completing the tasks. For the next part of the survey, please
answer a few short questionnaires. Your responses are important for our
analysis, so please answer as accurately as possible.

At the end of the survey, you will receive instructions on how to enter for

a chance to win the prize money.

General Attitudes towards Artificial Intelligence Scale:

For each statement, select the answer that best matches your opinion. There is no
right or wrong answer.
[ 5-point Likert scale: 1 - Strongly Disagree; 2 - Somewhat disagree; 3 — Neutral;
4 - Somewhat agree; 5 - Strongly agree ]
1. "For routine transactions, | would rather interact with an artificially intelligent
system than with a human."
2. "Atrtificial Intelligence can provide new economic opportunities for this country."
3. "Organisations use Artificial Intelligence unethically.”

4. "Artificially intelligent systems can help people feel happier.”
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"I am impressed by what Artificial Intelligence can do.”
"I think artificially intelligent systems make many errors."
"I am interested in using artificially intelligent systems in my daily life."”

"I find Artificial Intelligence sinister."

© o N o O

"Acrtificial Intelligence might take control of people.”

10. "I think Artificial Intelligence is dangerous.”

11. "Artificial Intelligence can have positive impacts on people’s wellbeing."

12. "Acrtificial Intelligence is exciting."

13. "1 would be grateful if you could select Strongly agree.” [attention check]

14. "An artificially intelligent agent would be better than an employee in many routine
jobs."

15. "There are many beneficial applications of Artificial Intelligence.”

16. "I shiver with discomfort when I think about future uses of Artificial Intelligence."

17. "Artificially intelligent systems can perform better than humans."

18. "Much of society will benefit from a future full of Artificial Intelligence."

19. "I would like to use Artificial Intelligence in my own job."

20. "People like me will suffer if Artificial Intelligence is used more and more."

21. "Artificial Intelligence is used to spy on people."

Internal-External Locus of Control Short Scale—4

The following statements may apply more or less to you. To what extent do you think
each statement applies to you personally?
[ 5-point Likert scale: 1 - Does not apply at all; 2 - Applies a bit; 3 - Applies somewhat;
4 - Applies mostly; 5 - Applies completely ]
1. “I'm my own boss.”
2. “If I work hard, I will succeed”
3. "Whether at work or in my private life: What I do is mainly determined by others."”

4. "Fate often gets in the way of my plans."”

General Risk Aversion Scale

For each statement, select the answer that best matches your opinion. There is no

right or wrong answer.
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[ 7-point Likert scale: 1 - Strongly Disagree; 2 — Disagree; 3 - Somewhat disagree;
4 - Neither agree nor disagree; 5 - Somewhat agree; 6 — Agree; 7 - Strongly agree ]
1. "1 do not feel comfortable about taking chances."
2. "l prefer situations that have foreseeable outcomes."
"Before | make a decision, | like to be absolutely sure how things will turn out."
"I avoid situations that have uncertain outcomes."

"I feel comfortable improvising in new situations."

o g~ w

"l feel nervous when | have to make decisions in uncertain situations."

Demoqgraphics

1. Age: [numeric form]

2. Gender: [ Male; Female; Other; Prefer not to say |

3. Highest level of education: [ High School; Bachelor's Degree; Master's Degree;
Doctorate; Other ]

4. Country of residence: [ list of countries]

Thank you page + raffle instructions

12

Thank you for taking the survey!

We really appreciate your participation.
As mentioned in the beginning, you have now the opportunity to win the money
you collected.

In a few weeks, a random draw will be held to determine which
participants will receive the money they collected during the experiment.
To participate, please provide your email address below.

We assure you that we will only use this email address to notify you if
you are selected as a winner.

Your email will be saved solely with the total amount of funds you
collected, ensuring that your personal data remains separate.

Enter your email address to enter the competition:

79



Residuals

Sample Quantiles

Appendix C. Assumptions for Linear Mixed Model for Main Hypothesis

Fitted Values vs. Residuals
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Appendix D. Exploratory Analysis of H1

Post-hoc contrasts between Condition and Won_Round_1 in Number of Cards in

Round 2
Contrast Estimate SE df t p
Control_ NoMoney — -8.0143709 1.816602 133  -4.4117371 <.001 ***
Treatment_NoMoney
Control_ NoMoney — -7.8497084 1.688073 133  -4.6501003 <.001 ***
Control_Money
Control_ NoMoney - -9.6586052 1.703712 133  -5.6691548 <.001 ***
Treatment_Money
Treatment_NoMoney -  0.1646626 1.528294 133  0.1077427 999
Control_Money
Treatment_NoMoney - -1.6442343 1553903 133  -1.0581322 .715
Treatment_Money
Control_Money - -1.8088968 1.372672 133  -1.3177924 553

Treatment_Money

Type I11 ANOVA for Number of Cards in Round 2 with Round_1_ncards in

interaction tern.

Effect Sum Sq df  Fvalue p

Intercept 195.807 1 5.186 .024 *
Round_1 ncards 579.143 1 15339 <.001 ***
Condition 65.976 1 1.747 189
Won_Round_1 24.784 1 0.656 419
Round_1 ncards : Condition 385.610 1 10.213 .002 *x
Round_1 ncards : Won_Round_1 322.434 1 8.540 .004 **
Condition : Won_Round_1 126.435 1 3.349 .070
Round_1_ncards : Condition : 344.401 1 9.121 .003 *x
Won_Round_1

Residuals 4908.417 130
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Effect

Sum Sq df  Fvalue

p

R-squared = 0.687
F-statistic (4, 133) =63.62, p =<.001

Adjusted R-squared = 0.646
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Appendix E. Covariates statistics.

Histogram of locus of control difference scores (external-internal)
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Appendix F. Locus of control correlation with risk taking.

Correlation between locus of control and number of cards revealed by condition

and round.
Condition BRET Round r p
Control 1 0.1324789 0.2927993
2 0.1371436 0.2759817
Treatment 1 -0.1572533 0.1839581
2 -0.0110383 0.9261528
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Appendix G. Ordinal Logistic Regression results and assumptions

Results
Term Estimate  Std. Error t p Coef. Type
Rules 0.556 0.271 2.047 .040  Coefficient
Probabilities -0.198 0.284 -0.695  .487  Coefficient
Strategy 0.772 0.431 1.789 .074  Coefficient
Feedback 0.281 0.308 0.913 361  Coefficient
Risk Averse | Risk Neutral 1.090 0.601 1.815 .070 Scale
Risk Neutral | Risk Seeker 2.312 0.654 3535 <.001 Scale

Odds Ratio
Variable Odds Ratio 2.5% 97.5%
Rules 1.743 1.073 3.152
Probabilities 0.821 0.432 1.382
Strategy 2.165 0.941 5.213
Feedback 1.324 0.722 2.441

Brant test for proportional odds assumption

Test for X2 df
Omnibus 23.1
rules 1142 1
probabilities 0.95 1
strategy 228 1
feedback 398 1

HO: Parallel Regression Assumption holds
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