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Assessing The affect of Predictability on Interaction With Al in VR
Insights into Human-AT Interaction Dynamics

ISHWOR KARKI & ISMAEL ALBUTIHE

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

In this era of technological innovation, the fusion of artificial intelligence (AI) with
user experience (UX) presents a transformative shift in human-computer interac-
tion (HCI). This thesis investigates the impact of predictability in Al-driven virtual
reality (VR) environments on user experience and task performance. The pre-study
aimed to operationalize the concept of "predictability," revealing significant differ-
ences between predictable, unpredictable, and manual conditions. The main study
focused on task completion duration, user satisfaction, perceived control, cognitive
load, and error rates across these conditions. Results indicated that participants
completed tasks significantly faster in the predictable condition compared to the
manual and unpredictable conditions, suggesting that predictability enhances effi-
ciency and streamlines user interactions. However, no significant differences were
found in user satisfaction, perceived control, NASA Task Load Index (NASA-TLX)
scores, or error rates across conditions. Qualitative feedback revealed that while the
predictable condition was described as "smooth" and "satisfying," the unpredictable
condition elicited frustration and confusion, highlighting the importance of consider-
ing both quantitative and qualitative data in user experience evaluation. The study’s
limitations include the novelty effect of VR and the focus on a specific task, which
may not fully capture real-world AI interactions. Future research should explore
predictability in diverse AI applications, conduct longitudinal studies, and consider
user diversity to enhance the generalizability of findings. This study underscores the
critical role of predictability in Al systems, providing valuable insights for designing

more intuitive and efficient Al-driven environments.

Keywords: Computer science, Engineering, Predictability, Artificial Intelligence (AI),

Human—AT Interaction, Joint Action..
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1

Introduction

In the dynamic age of Artificial Intelligence (AI) advancements, there’s a growing
interest in applying Al technologies to refine User Experience (UX) and streamline
Human-Computer Interaction (HCI) (Yang et al., 2020). This excitement stems from
ATD’s ability to profoundly reshape various facets of HCI, presenting enhanced user
experiences across a spectrum of applications. Ranging from basic utilities, such as
spam filters, to complex endeavors like autonomous vehicles, the contributions of Al
are becoming increasingly crucial in HCI research. This trend has sparked a wave of
interest among designers and researchers in developing innovative Al applications

capable of significantly transforming user interactions.

Recent developments in Al tools, such as GPT-3 for natural language processing
and DALL - E for image generation, underscore the significant strides made in Al
technologies. These tools not only automate tasks that were once considered the ex-
clusive purview of human intellect but also pave the way for creating more intuitive
and engaging user interfaces. However, the integration of Al into Human-Computer
Interaction (HCI) introduces unique challenges. Designing interactions with Al sys-
tems can become intricate, especially when users find it difficult to predict the sys-
tem’s behavior, potentially leading to usability concerns. A recent study highlighted
the issue of unpredictable technology responses and the resulting "creepiness," (Woz-
niak et al., 2021). This topic is not widely explored in Human-AT interactions. This
situation demands a thoughtful approach to design interactions that are adaptable
to Al’s dynamic nature, focusing on predictability and user comfort. Emphasizing

these aspects is crucial to maximizing Al’s potential to improve the user experience.

To address these intricacies, our study uses Virtual Reality (VR) as a methodological
tool to assess predictability and its effects on Human-Al interaction. VR enables the
simulation of various interactions in controlled, immersive environments, facilitating
the close observation and measurement of user responses to different technological

behaviors (Weistroffer et al., 2013). The immersive nature of VR provides a unique
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and effective platform for conducting studies that offer deeper insights than those
typically achieved through traditional ones, thus enhancing our understanding of
optimal design and implementation strategies for technology use (Weistroffer et al.,
2013).

Meeting these challenges necessitates an exploration of predictability and its impact
on Human-Al interaction. This study is dedicated to examining these elements in
detail, with the goal of uncovering how predictability can guide the design and
implementation of Al systems in a manner that not only elevates the user experience

but also maintains a high degree of user confidence and satisfaction.

1.1 Aim and Purpose

The aim of this study is to investigate the influence of user predictability on Human-
Artificial Intelligence (Al) interaction within Virtual Reality (VR) environments.
Through a combination of survey-based operationalization and experimental inves-
tigation, this research aims to uncover the nuanced relationship between user pre-
dictability and satisfaction, shedding light on the underlying factors shaping user
experiences in VR-based Al interactions. By elucidating the impact of predictabil-
ity on user satisfaction, this study seeks to provide valuable insights for designing
more intuitive and engaging Human-Al interaction systems in VR, thus contribut-
ing to the advancement of user experience design and HCI research in emerging
technological domains.

The purpose of this study is to answer the following research question: “To what
extent does the predictability of AI behavior affect user satisfaction dur-
ing object manipulation tasks in Human-Al interaction within Virtual

Reality environments?”

1.2 Objectives

To fulfill the objectives of this study, the following steps will be undertaken: Firstly,
conduct a survey involving 27 participants to operationalize the concept of user
predictability and gather initial insights into user expectations and preferences re-
garding Human-AT interaction within Virtual Reality (VR) environments. Secondly,
carry out an experimental study with 21 participants to further investigate the
impact of user predictability on user satisfaction in Human-AI interaction within

VR settings, utilizing controlled conditions to assess user responses to varying lev-
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els of predictability. Thirdly, analyze the data collected from both the survey and
experimental study to clearify the relationship between user predictability and sat-
isfaction, as well as to identify factors influencing user perceptions and behaviors in
Human-AlI interaction scenarios within VR. Finally, synthesize the findings to de-
velop actionable recommendations for enhancing user predictability and satisfaction
in Human-AlI interaction design for VR applications, contributing to the advance-

ment of understanding and practice in this evolving field.

1.3 Thesis Overview

This study anticipates the following outcomes: 1) Survey findings are expected to
reveal varying user preferences regarding predictability in VR-based Human-AlT in-
teraction, potentially indicating a preference for higher predictability levels. 2) Ex-
perimental results are projected to demonstrate a significant correlation between
user predictability and satisfaction, suggesting that higher predictability enhances
user satisfaction. 3) User behavior analysis is expected to show that user engage-
ment, task completion rates, and emotional responses vary with the level of pre-
dictability, possibly indicating increased confidence with higher predictability. 4)
The study aims to identify key design principles for enhancing user predictability
and satisfaction in VR-based Human-Al interaction, offering actionable guidelines
for developers. 5) Overall, the study aims to contribute empirical evidence on the
importance of predictability in shaping user satisfaction, providing valuable insights
for HCI researchers and practitioners in Al technology development for VR environ-

ments.
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Theory & Related Work

2.1 Predictability

Predictability plays a pivotal role in human cognition, as extensively explored in the
field of cognitive neuroscience. Bubic et al. (2010) have significantly contributed to
our understanding by highlighting how predictive processing is intricately woven into
various cognitive domains. Their research reveals that prediction transcends mere
anticipation of future events; it is a fundamental aspect of cognitive and neural func-
tioning that enhances perceptual systems, optimizes decision-making processes, and
refines motor actions through anticipatory adjustments. The brain employs predic-
tive mechanisms to effectively bridge past experiences with future actions, facilitat-
ing more efficient navigation and interaction with the environment. These processes
are not only crucial in human cognition but also demonstrate rudimentary forms
in animal behavior, highlighting their evolutionary significance. By integrating pre-
dictive processing, cognitive frameworks transition from traditional reactive models
to ones where cognition is primarily anticipatory, continually projecting forward in
time to prepare for upcoming events. This paradigm shift underscores the profound
implications of predictability for the fundamental structuring of cognitive processes

and their development.

Predictability also emerges as a critical factor in human-ATI or human-robot interac-
tions, particularly within the context of artificial agents such as software algorithms,
robots, and Al systems. The predictability of these agents significantly impacts hu-
man trust, reliance, and interaction satisfaction (Hoff & Bashir, 2015; Lee & See,
2004). For example, predictable behavior from nonhuman agents has been shown to
facilitate smoother interactions, allowing users to anticipate responses and effectively
adjust their actions (J. Johnson, 2020). This is particularly crucial in contexts where
safety and efficiency are paramount, such as automated driving systems or collab-
orative robotics (Kim & Hinds, 2006). Moreover, predictable algorithms not only

help in building initial trust but are essential for fostering long-term user engage-
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ment and adaptation (Madhavan & Wiegmann, 2007). By enhancing user comfort
and confidence, predictability in nonhuman agents makes the interaction experience
more intuitive and rewarding, thereby underscoring the necessity of incorporating
predictability into the design of cognitive systems, establishing it as a foundational
element that shapes the dynamics of interaction across various technological do-

mains.

Enhancing user comfort and confidence can be closely linked with usability testing,
a commonly utilized method for identifying usability issues (Kuang, 2023). Usability
encompasses various elements such as the consistency and ease with which users can
manipulate and navigate a website, the clarity of interaction, readability, information
arrangement, speed, and layout (de Vreede et al., 2005). Assessing the usability
of a system involves considering predictability or unpredictability as one aspect,

determining how predictable a specific task is (Fernando & Hodrien, 2021).

2.2 Joint Actions

Joint action refers to the coordination between two or more individuals in space
and time to achieve a change in the environment. This concept is crucial in un-
derstanding both human-human and human-robot (or human-Al) interactions. In
the context of human-human joint action, it involves the coordination of activities
among individuals to perform tasks that result in a shared outcome, where both
participants form a ’we’ identity at a pre reflective level, even if their subjective
experiences of agency and contributions to the outcome may differ (Obhi & Hall,
2011; Sebanz et al., 2006; Strother et al., 2010). Human-robot or human-Al joint
action extends this concept to interactions where one of the agents is an automated
tool or robot, introducing complexities in the understanding and coordination of
actions between human and non-human actors. The study of joint action, espe-
cially in human-Al interactions, is important because it aids in the development
of frameworks for effective human-Al collaboration. Such studies help in designing
autonomous tools that can interact seamlessly with human partners, considering as-
pects like perception, decision-making, action, communication, and learning, as well
as their integration (Clodic et al., 2017). The exploration of joint action across these
domains is crucial for advancing our understanding of social interaction mechanisms
and enhancing the design and functionality of Al and robotic systems for improved

human-AlI collaboration.
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2.3 Automation & Al

Automation represents a significant shift in technology, transitioning from basic me-
chanical processes to complex systems that incorporate artificial intelligence (AI).
These systems are designed to mimic human cognitive functions, including learn-
ing, decision-making, and problem-solving. As these technologies advance towards
autonomy, human roles have shifted from passive observers to active participants in
this dynamic interaction (Groover, 2020).

The infusion of Al into automation, evident in Artificial Intelligence Systems (AIS),
remote-control devices, and cutting-edge innovations like self-driving cars and robots,
signifies a notable advancement in engineering and technology. This progression fa-
cilitates daily interactions with advanced automated systems, aiming to alleviate
cognitive and physical strains while boosting human capabilities. Consequently, this
fosters a new era of cooperation, referred to as "Human-Robot Joint Action" or "Hu-
man—Al Interaction," which reflects the evolving dynamics of our relationship with
these technologies (Wen & Haggard, 2018; Wen & Imamizu, 2022).

In Artificial Intelligence: A Modern Approach, Russell and Norvig (2021) categorize
Al into various types based on how they function and process information. One foun-
dational approach is rule-based Al, also known as symbolic AIl. Rule-based Al relies
on predefined rules and formal logic to represent knowledge and make decisions.
These systems apply logical rules to input data, often using "if-then" structures to
derive conclusions. While rule-based Al is transparent and interpretable, making it
ideal for tasks such as legal reasoning and diagnostic tools, it struggles in environ-
ments where rules become difficult to define, particularly in complex or unstructured
situations. This limitation led to the development of more adaptive Al methods.
In contrast, other Al approaches like machine learning (ML) and neural networks
enable systems to learn from data rather than rely solely on pre-programmed rules.
ML algorithms, including deep learning models, have become essential in modern
AT applications such as image and speech recognition. Additionally, search-based Al
and optimization-based Al explore possible solutions within large search spaces or
seek the best solutions under certain constraints. Bayesian networks and probabilis-
tic Al handle uncertainty by modeling probabilistic relationships between variables,
offering robustness in decision-making. Evolutionary algorithms, such as genetic al-
gorithms, further enhance Al’s ability to evolve solutions over time by mimicking
natural selection processes. Lastly, hybrid Al systems, which combine multiple ap-
proaches, have become increasingly common to leverage the strengths of various

methodologies. These diverse techniques demonstrate the breadth of Al, from struc-
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tured, logic-based rule systems to the learning and adaptability seen in modern Al
methods (Russell & Norvig, 2020)

Tracing back to the start of Al in 1956 with the creation of the first Al program
(Newell & Simon, 1956), there has been a consistent effort to mimic human cogni-
tion and develop entities capable of autonomous decision-making (Russell & Norvig,
2020). This progression towards advanced automation, equipped with a variety of Al
functionalities, highlights our ongoing dedication to building machines that can per-
ceive, understand, predict, and navigate complex scenarios in ways that resemble hu-
man intelligence. Therefore, enhancing human-AT interaction remains a paramount
goal, crucial for shaping the future of automation and its seamless integration into

our lives.

2.4 Preeceding Research and Contrasts

In recent decades, there has been a significant amount of research conducted in the
field of human-AT interactions. With Al at the cutting edge, it has fascinated many.
Our goal, however, was to study the effects of being able to predict how Al-driven

systems would behave. Here are some related works that we reviewed.

Yang et al. (2020) examined the distinctive challenges posed by designing human-Al
interactions, emphasizing two critical aspects: Capability Uncertainty and Output
Complexity. Their study identifies how the unpredictability of Al systems compli-
cates the design process, as designers struggle to anticipate how Al capabilities will
evolve and perform in real-world applications. These challenges are particularly pro-
nounced in systems that adapt and learn over time, making it difficult to envision
and prototype accurate Al behaviors and their potential errors. By mapping the
difficulties AI introduces into the design process, the research highlights that tradi-
tional methods—such as sketching and prototyping—often fail to accommodate Al’s
complexity. The study further illustrates how these issues impact user experience,
particularly when designing Al interactions that rely on evolving, adaptive outputs.
This work contributes to a better understanding of how to approach designing for
predictability in Al systems, offering insights for developing more robust frameworks
for human-AT collaboration and addressing the inherent unpredictability in such sys-

tems.

Rzepka and Berger (2018) explores user interactions with various Al-enabled sys-

tems, such as expert systems, chatbots, recommender systems, and robots, using a
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Human-Computer Interaction (HCI) framework. It highlights how Al systems incor-
porate advanced capabilities like learning, autonomy, and natural language process-
ing, which influence user perceptions and behaviors. Users often assign human-like
traits to Al systems, leading to both positive responses, such as increased trust, and
negative ones, like threat perceptions, especially with highly autonomous systems.
The paper emphasizes the importance of system transparency and human-like be-
haviors, which positively affect user trust and acceptance. Despite growing research,
gaps remain in understanding how different Al capabilities and levels of transparency
impact user interaction, suggesting a need for future studies on newer Al systems,
such as autonomous vehicles and voice assistants. This review consolidates dispersed
findings, offering a comprehensive foundation for studying Al-user interactions in IS

research.

Bergstrom et al. (2021) reviews two decades of research on object selection and ma-
nipulation in virtual reality (VR) and highlights the lack of standardized guidelines
for evaluating these interactions. While various techniques have been developed,
existing 2D frameworks like Fitts’ law are inadequate for VR due to its unique spa-
tial and physical interaction requirements. The authors analyze best practices from
previous studies and propose design guidelines and a reporting checklist to improve
consistency, replicability, and ecological validity in VR research. They emphasize the
need for more realistic study designs that address VR-specific factors such as depth
perception, occlusion, and user discomfort. The review underscores the importance
of establishing standardized evaluation methods to enable better comparisons and
knowledge accumulation across studies, with the goal of improving the rigor and

validity of future VR experiments on object selection and manipulation.

Boffetta et al. (2002) conducted a comprehensive review of the predictability prob-
lem in dynamical systems, exploring the intricate relationships among Lyapunov
exponents, Kolmogorov-Sinai entropy, Shannon entropy, and algorithmic complex-
ity. This study highlights how characterizing the unpredictability of a system can
provide a measure of its complexity. Further research by Boffetta et al. (2002) re-
views various developments in characterizing predictability across systems exhibiting
different types of complexity, from low-dimensional systems to high-dimensional sys-
tems with spatio-temporal chaos and fully developed turbulence. Special attention
is given to the effects of finite-time and finite-resolution on predictability, proposing
suitable generalizations of standard indicators to account for these effects. Addi-

tionally, the study addresses the challenges involved in systems with intrinsic ran-
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domness, focusing on distinguishing chaos from noise and modeling the system. The
characterization of irregular behavior in systems with discrete phase space is also

examined.

Li et al. (2023) developed a research protocol for evaluating human-Al interaction
within specific AI products, aiming to assist UX and HCI researchers in assessing
various interaction solutions and validating design decisions prior to engineering
investments. The study provides a comprehensive description of the research pro-
tocol and demonstrates its application by examining an existing set of human-Al
interaction guidelines. Using factorial surveys with a 2 x 2 mixed design, the study
compared user perceptions when guidelines were followed versus violated, under con-
ditions of both optimal and sub-optimal Al performance. The findings offered both
qualitative and quantitative insights into the UX impact of each guideline. These
insights are intended to aid designers of user-facing Al systems in prioritizing and
applying the guidelines more effectively. Although no new Al systems were developed
in this thesis, it offers a valuable methodology for evaluating and refining human-Al

interaction strategies.

Swan and Notess (2003) conducted an ongoing study comparing user satisfaction
ratings obtained from user tests with those collected following actual use of digital
music library software. The study identifies variables that hinder accurate prediction
and evaluates the utility of surveys in predicting satisfaction gaps between test sub-
jects and real-world users. Using satisfaction questionnaires, the research compares
baseline user satisfaction with an existing software version, Variations, against both
test subject and user satisfaction with a new version, Variations2. The study involved
three parts: a baseline satisfaction survey with 30 music students using Variations, a
usability test with 10 subjects for Variations2, and a real-world usage survey with 12
students using Variations2 for a course assignment. Results indicated a lower mean
satisfaction rating for Variations2 compared to Variations, and a notable difference
between test subjects and real-world users’ satisfaction with Variations2. This work
aims to explore whether satisfaction data from user tests can reliably predict real-
world satisfaction, providing insights into the practical value of such measurements.
Although no definitive conclusions are drawn, this research underscores the impor-
tance of evaluating and improving the predictive power of user satisfaction surveys

in the context of software usability.

In our study, we are focusing on investigating the impact of predictability within Al-
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driven virtual reality (VR) environments on user experience and task performance.
Unlike Li et al. (2023) research protocol, which evaluates human-Al interaction
within specific Al products, and Swan and Notess (2003) study, which examines the
reliability of satisfaction data from user tests in predicting real-world satisfaction
with digital music library software, our research uniquely explores the dynamics
of user interactions within immersive VR settings. Additionally, while Boffetta et
al. (2002) study delves into the predictability problem in dynamical systems, our
study extends beyond theoretical complexity measures to empirically investigate how
predictability influences user satisfaction, perceived control, cognitive load, and error
rates in Al-driven VR environments. Through this approach, we aim to contribute
valuable insights for designing more intuitive and engaging Human-Al interaction

systems in VR contexts.
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Methodology

This chapter outlines the research methodology used to investigate the effect of Al-
driven predictability on user experience and task performance in Virtual Reality

(VR) environments.

3.1 Research Method

In this section, we present the research methodology employed in this study, de-
signed to explore the impact of Al-driven predictability on user experience and task
performance within Virtual Reality (VR) environments. To answer our research
question, we adopted a mixed-methods approach, integrating both qualitative and
quantitative data collection techniques. This approach was chosen to capture the
multifaceted nature of human-Al interactions, where objective performance metrics
alone may not fully reflect user experiences or cognitive responses (Clark & Maguire,
2020).

We begin by outlining the various research methods considered, discussing their
feasibility in addressing the research question. Next, we elaborate on the rationale
behind selecting a mixed-methods approach and how it enabled a comprehensive
examination of both usability outcomes and user satisfaction. Through the trian-
gulation of data sources, we sought to provide a nuanced understanding of how
predictability affects the interaction dynamics between humans and Al systems in
immersive VR settings.

By detailing the experimental design, data collection tools, and analysis techniques,
this section provides a thorough explanation of how the study was structured to

yield meaningful insights into the role of predictability in Al-driven Virtual Reality.

3.1.1 Potential Research Methods

Several research methods were considered, each offering distinct advantages for

answering your research question, including qualitative, quantitative, and mixed-
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methods approaches.

3.1.1.1 Qualitative Methods

Qualitative methods such as interviews, focus groups, or observations provide in-
depth insights into users’ subjective experiences and perceptions. This method could
help understand how users perceive the AI’s predictability in VR environments, their
cognitive load, and their interaction dynamics with the system (Onwuegbuzie et al.,
2009).

o Advantages: Qualitative data allows for exploring complex emotional, cogni-
tive, and behavioral reactions to Al-driven systems, offering rich insights into
user experiences.

o Challenges: These methods can be resource-intensive and time-consuming, es-
pecially in VR environments, where users’ feedback may need to be captured
in real time or immediately after VR exposure. Additionally, they often lack

the statistical rigor required for generalization.

3.1.1.2 Quantitative Methods

Quantitative methods, such as surveys, task performance metrics, and behavioral
observations, can be used to gather numerical data on variables such as user sat-
isfaction, task completion time, and error rates. This method is crucial for testing
hypotheses regarding the predictability and control users have over the Al system.
o Advantages: Quantitative research enables statistical analysis, offering objec-
tive data on user performance and experience. It allows for comparisons be-
tween different conditions, such as manual, predictable, and unpredictable Al-
driven interactions in VR.
o Challenges: Quantitative methods alone might fail to capture the nuanced,
subjective experiences of users. For instance, they may not explain why a user
feels frustrated or satisfied with a certain interaction style, which qualitative

methods can illuminate.

3.1.1.3 Mixed-Methods Approach

Given the complexity of our research question, a mixed-methods approach was con-
sidered most appropriate. Mixed-methods research combines the strengths of both
qualitative and quantitative approaches to offer a comprehensive understanding.

o Advantages: This approach allows for the triangulation of findings. For in-

stance, quantitative data such as task performance and error rates can be sup-
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plemented by qualitative insights into why users struggled with certain tasks.
Triangulation increases the validity of your findings by addressing research
questions from multiple perspectives (R. Johnson & Onwuegbuzie, 2004).

o Challenges: Mixed-methods research can be resource-intensive, requiring care-

ful planning to ensure the integration of qualitative and quantitative findings.

3.1.2 Feasibility of Potential Methods

When evaluating the feasibility of these methods, several factors were considered:

o Resource Constraints: Conducting extensive interviews or focus groups with
each participant after a VR experiment would have required significant time
and resources. Moreover, gathering qualitative data during VR interactions in-
troduces challenges, as users may find it difficult to articulate their experiences
while immersed in a virtual environment.

» Data Collection Tools: We considered platforms such as PsyToolkit and Pro-
lific.com for data collection, which are well-suited to gathering large-scale
quantitative data. For qualitative analysis, tools like Atlas.ti or NVivo were
considered. However, Atlas.ti was preferred due to its team collaboration fea-
tures and familiarity.

» Ethical Considerations: The potential for discomfort in VR environments was
also factored in, making methods like interviews or real-time feedback poten-
tially disruptive. This is why automated surveys post-interaction were chosen

as a less intrusive method to collect qualitative feedback.

3.1.3 Chosen Research Methods

Ultimately, a mixed-methods approach was selected, combining quantitative analysis
of learning outcomes and qualitative examination of user experiences. This decision
was based on the need to:
» Gather objective performance metrics (e.g., task completion times, error rates,
and SUS scores) through tools like R Studio for statistical analysis.
o Gain subjective insights into user experiences, which were analyzed using qual-
itative software like Atlas.ti.
The study design involved participants interacting with a VR prototype under three
distinct conditions (manual, predictable, and unpredictable AI). Quantitative data,
such as task performance and SUS scores, were supplemented by qualitative feed-
back from participants, offering insights into their experiences with each condition.

This mixed-methods approach allowed for a comprehensive understanding of how
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Al predictability influences user experience in VR.

By combining these methods, we could assess not only the task performance and
usability of the system but also explore the subjective experiences that might not be
captured through numbers alone. The triangulation of qualitative and quantitative

data provided a more robust and nuanced analysis.

3.1.4 Rationale for Choosing Mixed-Methods Approach

The decision to use a mixed-methods approach was motivated by several factors:

o Complexity of the Research Question: The research question required under-
standing both performance metrics (e.g., error rates and task times) and deeper
cognitive/affective responses to VR-based Al predictability. No single method
could provide a complete answer.

« Enhancing Validity: By using both types of data, the research design aimed to
ensure triangulation, where findings from one method (e.g., qualitative feed-
back) could validate findings from another (e.g., quantitative performance met-
rics).

o Time and Resource Efficiency: Given constraints, automated tools for col-
lecting both types of data were used to streamline the process. Tools like
PsyToolkit for pre-study surveys and Flutter for developing web apps to auto-
mate SUS questionnaires were efficient and scalable, supporting the collection
of both quantitative and qualitative data with minimal researcher intervention.

The mixed-methods approach allowed for a multi-faceted exploration of Al pre-
dictability in VR, balancing the depth of qualitative insights with the rigor of quan-
titative data. This method was chosen to ensure that the research captured both the
objective performance metrics and the subjective experiences of users, providing a

comprehensive understanding of the research question.

3.2 System/Software

In this study, we utilized various software tools for prototyping, data collection, and
analysis. Below, we outline the tools considered, their feasibility, and the rationale

behind selecting the ones we used.

3.2.1 Prototyping

For our prototyping, we chose VR because it is an immersive technology in the

gaming world, offering a new and challenging experience in our learning process.
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Additionally, it allows for convenient control of environmental variables and the

simulation of real-world experiences.

3.2.1.1 Virtual Reality

A virtual reality framework is a customizable application comprising design patterns
and components that aid virtual reality developers through modularity, reusability,
and extensibility (Protopsaltis & Papagiannakis, 2020). We aimed to pursue proto-
typing with Virtual Reality to control environmental variables. We were particularly
intrigued by the work of (Weistroffer et al., 2013) in assessing the acceptability of
Human-Robot Collaboration using Virtual Reality, with the potential for gaining
further insights and exploring different scenarios from the user’s perspective. How-
ever, in our case, we inclined towards predictability and Al.

We were quite excited about exploring VR for our project though our work could
have been completed without using it too. As a user most of us are fascinated by
the VR technology and now we had the opportunity to develop a prototype in VR
ourselves. We were able to learn how much of an effort one has to put to develop an
application in VR and what could go wrong any minute.

To construct the VR prototype, we had various tools at our disposal, including

Unity, Unreal Engine, among others, which we have considered.

3.2.1.2 Unity

Unity is a versatile cross-platform game development engine introduced by Unity
Technologies in 2005. It enables developers to create 2D, 3D, augmented reality
(AR), and virtual reality (VR) applications, supporting a wide range of platforms
such as PC, Mac, Android, iOS, WebGL, and more. Boasting a robust graphics
engine, built-in physics simulation, and a C-Sharp scripting environment, Unity fa-

cilitates the creation of visually stunning and interactive experiences.

While other engines, like Unreal Engine, were considered, Unity was chosen for
its ease of use, especially with C scripting, which aligned well with the team’s tech-
nical expertise. Furthermore, Unity’s strong support for VR applications and rapid

prototyping made it the best option for our research goals.

3.2.1.3 Blender

Blender is a versatile, open-source 3D creation suite that stands out for its wide-

ranging capabilities and cost-effectiveness.
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We chose Blender because it offers a powerful, all-in-one solution for 3D creation,
and it’s completely free. Its wide range of tools like modeling, animation, texturing,
rendering with Cycles and Eevee, and even video editing—makes it perfect for both
beginners and professionals. Being open-source, Blender is constantly updated by its
passionate community, providing access to cutting-edge features. We also appreciate
its flexibility, with Python scripting allowing for customization and cross-platform
compatibility, which suits various workflows. While other software like Maya or
ZBrush are specialized for certain industries, Blender delivers professional-level ca-
pabilities without the steep cost or complexity. Below are some images in Figure 3.1

of prototype designed using blender and imported in unity.

Participant grabbing and inserting fruits Participant observing while cube is rotating

Figure 3.1: Prototype designed using blender and unity

Compared to other options, Blender stood out because it provides everything We
needed without the financial investment. While Maya excels in character animation,
Cinema 4D is great for motion graphics, and ZBrush is the best for detailed sculpting,
Blender covers all these areas well enough for most of our project. The constant
innovation, like the real-time Eevee engine and 2D /3D hybrid Grease Pencil, made

it the obvious choice for us.

3.2.2 Data Collection

Regarding the data collection we went through a lot of tools and techniques, com-
paring those to each other and finding best suitable ones for us. We did not go with
the interview because we think giving participants their time to answer questions

using the app would be more convenient and stress free.
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3.2.2.1 PsyToolkit

PsyToolkit is a free to use toolkit for programming and running experiments and
surveys. We used it to create a survey for our pre study as it is the only free website
offering running programmable online psychological experiments and surveys also
many students and academics around the world are using it. We had to implement

a script that can be seen in the Figure 3.2 to create the survey.

PsyToolkit on the web (Europe)

Hello Ishworl
We still have places for the online personal PsyToolkit Course starting_on 7th of October: It is a popular, so check it out.
General
introduction

Reporta probem Online survey Predictability

Enter/edit in the box below: ?  easy mode Scripting help tab ~ survey library tab

Create new experiment
Creale new survey. random: begin
Croale table.
Got from lbrary.
Got shares.

page: begin

1: MyQuestion3

t: youtube

q: Please watch the following video
- g7FvclXaBUo

scale: agree

- Disagree

- Neither agree nor disagree
- Agree

1: my_question3
o: lin

q: How much do you agree with each of the following
t: scale agree

- I see myself as Extraverted, enthusiastic

Create

Actions

Edit experiments
Edit surveys

page: end
page: begin

1: MyQuestion2

t: youtube

q: Please watch the following video
- 36Lnh2Wasey

1: my_question2
o: lin

Figure 3.2: Designing the survey using PsyToolKit

3.2.2.2 Prolific.com

Prolific.com is a platform that connects researchers with participants for online
studies. It is widely used by academic researchers, businesses, and organizations to
conduct surveys, experiments, and market research. We did try other sites to recruit
participants for online survey but those barely had one participant in a day which

made us choose Prolific.com.

3.2.2.3 Flutter

Flutter is a framework in dart programming language which helps to build a cross
platform application with a single code base. We used it to build a web app which
had the SUS Questionaires and one other question for the quantitative analysis. We
decided to build the app so that the calculation of SUS score would be automated
else we had to use other websites built in github which were not so transparent about
how they calculated the score. Also, we used flutter to build the web app because

we already had an experience of using flutter for developing simple app faster and
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conveniently in our previous course. Some images of the web app are shown in Figure
3.3.

Participant Id: 969865825

sssss

Page for the demographic data in the App Page for the errors and time taken

Current Task: 1
I hink that | would like to use this system frequently.

Sus Question Completion

Figure 3.3: Some images of the Web App taken during the experiment

3.2.3 Analysis and Data Visualization

After conducting the experiments we had quantitative and qualitative data on our
hands. We needed some tools and softwares to analyze and visualize the data. For
the quantitative analysis we had options like Python, R programming etc and for

qualitative analysis we had options like NVivo, Atlas.ti etc.

3.2.3.1 R Studio

R Studio is an integrated development environment (IDE) designed for the R pro-
gramming language, offering a comprehensive set of tools for statistical computing,
data analysis, and visualization. With a user-friendly script editor, interactive con-
sole, and integrated help and documentation, R Studio facilitates a seamless work-
flow for users ranging from beginners to experienced statisticians.

While alternatives like Python were considered, R Studio was chosen for the quan-

titative data analysis and visualization as shown in the Figure 3.4, because of the
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team’s familiarity with R programming and its advanced statistical libraries. It pro-

vided the necessary tools to perform ANOVA and other statistical tests efficiently.

Rstudio - 0 X
File Edit Code View Plots Session Build Debug Profile Tools Help
Q|- 0yl - il S Go to fle/function ~ Addins ~ B Project (None) -
final_data survey final data experiment data survey_data [  Environment History Connections Tutorial =0
Fitter & H [EToconde |SETosouce (O o o Q-
“ Participantid  Task Eror  NasaTh  Sus Time  Control Control value crop E
7 620292231 | mancal o| 3as000000| €75 72 swongly Agree | crop=ggplot(data=final_data_survey, mapping=aes(x=Videos, y=predictability))+ge
crop
2 288890652 manual 0 353333 600 55 Agree 4 describe(final_data_survey)
3 691018590 manual 2 12333 92 63 Strongly Agree 1 ggplot(final_data_survey, aes(x = as.factor(videos), y = predictability, fill =
4 777208511 manual ERRREECEEEEERRN, o] 48 Agree 4 geon_boxplot() +
labs(x = "videos", y = "Predictability") +
5 803029941 manual 4 Teseeses 350 139 Strongly Agree 1 theme_minimal ()
6 650380509  manuel 2 ateesssT 900 74 Strongly Agree 1 ggplot(final_data_survey, aes(x = Videos, y = Predictability, fill = as.factor(
7 358424231 manuzl 5 520000000 575 95 Strongly Disagree s geon_boxplotO) + . .
Tabs(x = "Videos”, y = "predictability”) +
8 243843935 manual 6 240000000 700 137 Disagree 2 theme_minimal ()
o 743842953 manual 1 45000000 1000 70 Neutral 3 ggplot(final_data_survey, aes(x = Videos, y = Predictability, fill = videos)) +
10 865517049 manual o Tiso0000 825 52 Swongly Agree s geom_boxplot() + o
Tlabs(x = "videos", y = "Predictability”) +
1 712505605 manual 0 25833 35 40 Agree 4 theme_minimal OO
12 867773007 | manual 1 410000000 650 181 Agree 4 ggplot(final_data, aes(x = Task, y = Error, fill = Task)) +
3 974971056 manual 5 ateesssT 750 48 Agree 4 geon_boxplot() +
labs(x = "Task”, y = "Error") +
i 432006520 manual 15 353333333 800 172 Strongly Disagree 1 theme_minimal ()
15 110472296 | manual 1 106666667 850 77 Strongly Agree 5 ggplot(final_data, aes(x = Task, y = Time, fill = Task)) +
16 311991474 manuzl 3 sieeess7 975 45 Strongly Agree s geon_boxplotQ + .
Tabs(x = "Task”, y = "Time") +
17 607854875 manual 0 208666667 675 67 Strongly Agree 5 theme_minimal ()
8 328074900 manual 5 230000000 750 9 Agree 4 ggplot(final_data, aes(x = Task, y = NasaTlx, Fill = Task)) +
19 643029864 | manual s aommn 600 61 Stongly Agree s geom_boxplotO) +
labs(x = "Task", y = "NasaT1x") +
20 110398267 manual 0 683 850 51 Strongly Agree 5 theme_minimal O
2 466852014 | manual 0 9s000000 725 55 | Strongly Agree s ggplot(final_data, aes(x = Task, y = sus, fill = Task)) +
22 690292231 predictableAl 1267666667 725 30 Strongly Agree s geon_boxplot() +
labs(x = "Task", y = "sus") +
23 288890652 predictableAl 0 3B 725 67 Agree 4 theme_minimal ()
2 691018590 predictableAl 0 ossesssT 975 32 strongly Agree 3 . ggplot(final_data, aes(x = Task, y = Control_value, fill = Task)) +
o 1250165 emes 8 o geom_boxplot() +
Showing 1 to 25 of 63 entries, 8 total columns Tabs(x = "Task”, y = "Control_value") +
Console  Terminal Background Jobs ) thememinimal()
R R440 -~/ Files  Plots Packages Help Viewer Presentation =0
Copyright (C) 2024 The R Foundation for statistical computing ~ - Export ~
Platform: x86_64-w64-mingw32/x64
R is free software and comes with ABSOLUTELY NO WARRANTY.
You are welcome to redistribute it under certain conditions.
Type 'Ticense()' or 'licence()' for distribution details. -

Figure 3.4: Analyzing the result from experiment using R programming

3.2.3.2 Atlas.ti

Atlas.ti is a qualitative data analysis (QDA) software tool widely employed in social
sciences and research fields. It enables researchers to code, categorize, and analyze
diverse qualitative data, including text, images, audio, and video. The software sup-
ports complex queries, allowing users to extract meaningful patterns and insights
from large datasets, and facilitates network and relationship analysis to uncover
connections within the qualitative data. Example map of the code generated using

AT has been shown in Figure 3.5.
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User experience: Curiosity 2 | User experience: Stress 1 Empowerment: |User User Positive Positive Empowerment]
Empowerment |experience:: experience: Experience: Experience:
Boredom 1 Complexity 1 Positive Neutral 1
perception 1

User experience: Ease of use
1

User experience: Ambiguity Positive Experience: Positive Engagement: Interest]
Positive Experience: Positive Experience: L experienceq Satisfaction 2 Experience| 2
Enjoyment 2 Appreciation 2 Positive
emotions
1

User experience: Efficiency
2

Empowerment: Engagement [Userexperience: Frustration
1 2

Engagement: Fun 1 Positive Experience:
Expectations 1

User experience:
Anticipation 1

Engagement: Engagement: Control
" Technology 1 1
Positive Experience: Positive | Problem=solVing:
experience 1 Problem-solving 1

Figure 3.5: Qualitative analysis map using Atlas.ti

User experience: Confusion 2

Though other options like NVivo offered both qualitative and quantitative analysis,
atlas.ti offers quering and team collaboration which we much prefered since we have
R studio for the quantitaive analysis. Also the past experience with Atlas.ti was
helpful in this study.
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3.2.4 Roles and Responsibilities in Thesis Development

Table 3.1: Thesis Work Contribution

Task Details of Contribution Contributor
Thesis Planning, Literature | Discussion on the project for- | Ishwor & Ismail
Review mulating a Research Question

between us and our supervi-
sor, Diving into the various ar-
ticles to establish background
and theory for the project and
finding some relevant preced-
ing research

Study Design Documentation

Designing the study includ-
ing our research questions, re-
search methods, and tools we
decided to use.

Ismail

Prototype Design

Design was created using
Blender and then imported in
Unity

Ismail

Algorithm  Implementation
for the Prototype

Using C-Sharp Scripting ro-
tation algorithm was imple-
mented

Ishwor

Creating Survey for pre study,
Data Analysis of the Survey

Recorded three videos of the
prototype testing in three con-
ditions and created a sur-
vey using Psytoolkit and pub-
lished in Prolific.com, Analy-
sis of the data using R pro-
gramming in Rstudio using

ANOVA, ART Anova tests.

Ishwor & Ismail

Web app for Main Study Data
Collection

Made a web based applica-
tion for the SUS Questionaires
and Control related question
which can calculate the score
and convert data in csv form

Ishwor

Conducting Pilot Study &
Main Study

Before running a main study
we had 2 participants for the
pilot study who helped us to
refine main study with pos-
sible errors and suggestions.
Main Study was conducted
following the pilot study with
21 participants.

Ishwor & Ismail

Data Analysis of the Main
Study, Defense, Report Final-
ization

Collected data were analyzed
with Rstudio and Atlas.ti. Fi-
nal report drafting and work
around was done after the de-
fense.

Ishwor & Ismail
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4.1 Pre-Study

The pre-study aimed to operationalize the concept of "predictability" within the con-
text of Al-driven virtual reality (VR) environments. To achieve this, we employed
Rule-based Al, also known as Symbolic Al, to control the behavior of virtual objects
within the VR setting. Rule-based Al functions through predefined "if-then" logic,
allowing us to create clear and distinct conditions for the study. In the context of
this pre-study, Rule-based Al was crucial because it enabled us to design predictable

and unpredictable scenarios by setting fixed rules that governed system behavior.

For the predictable condition, the Al followed a specific rule: upon interaction with
a virtual object, the system would rotate a cube along the z-axis in a consistent, ex-
pected manner. In contrast, the unpredictable condition involved the Rule-based Al

applying different rules, where the cube would rotate randomly across multiple axes.

The use of Rule-based Al was essential in this pre-study because it provided a
controlled, repeatable method for manipulating the predictability of the VR environ-
ment. By relying on a fixed set of rules, we ensured that the experimental conditions
were systematically applied across all participants, allowing us to reliably measure
and compare perceptions of predictability. The findings from the pre-study showed
that participants found the predictable condition significantly more predictable, as
expected, confirming that the Rule-based AI successfully created the desired dis-

tinction between the two conditions.
This pre-study was a crucial step in establishing a foundation for the main study,

as it validated our approach to manipulating predictability using Rule-based Al,

providing a clear framework for assessing its impact on user experience.
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4.1.1 Study Design

The pre-study employed a within-subjects design, where each participant evaluated
the predictability of three distinct conditions of cube rotation in a VR environ-
ment. The conditions were: manual rotation, predictable rotation along the z-axis,
and unpredictable rotation along all three axes. This design allowed for direct com-
parison of participants’ perceptions of predictability across the different conditions,
ensuring that each participant experienced all variations and provided comparative

evaluations.

4.1.2 Participants

A total of 26 participants (15 females and 12 males) were recruited through Prolific,
compensated £1.05 each, and directed to PsyToolkit to evaluate the predictability

of different conditions through a survey.

4.1.3 Materials and Instruments

The pre-study utilized PsyToolkit, a comprehensive software toolkit designed for
programming and running cognitive-psychological experiments and surveys. Psy-
Toolkit was chosen for its robustness and flexibility, allowing for precise control
over the experimental procedures and efficient data collection. Participants evalu-
ated the predictability of cube rotations presented through video demonstrations of
three conditions in a VR prototype:
o Manual Rotation: The cube remains stationary without any rotational move-
ment upon picking up a fruit. The cube was then moved manually by one of

the research team members that can be seen in Figure 4.1.

23



4. Method

1. Participant starts picking the fruit 2. In the next step, participant grabbing the cube
3. Participant manually rotating the cube for right 4. Participant inserting the fruit in the right
side shaped hole

Figure 4.1: 2x2 Grid of participant performing under manual condition
» Z-Axis Rotation (Predictable): The cube rotates automatically only along

the z-axis (vertical axis) upon picking up a fruit and stops with the correspond-

ing face to the picked-up fruit which can be seen in Figure 4.2.
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& Youlube 3¢

< Youlube F

2. Cube rotating on Z-axis only to show the right
1. First, participant picking the fruit face

£ Youlube 3

3. Cube almost completing the rotation to show 4. Participant inserting fruit in the correct fruit
right face shaped hole

Figure 4.2: 2x2 Grid of participant performing under predictable condition
« Random Rotation (Unpredictable): The cube rotates automatically along

all three axes (x, y, z) upon picking up a fruit and then stops with the corre-

sponding face to the picked-up fruit that can be seen in Figure 4.3.
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1. First, participant picking the fruit 2. Cube rotating in all axes randomly
3. Cube continues to rotate in all axes randomly 4. Participant inserting the fruit after correct
until it show the correct hole shaped hole is shown

Figure 4.3: 2x2 Grid of participant performing under unpredictable condition

4.1.4 Procedure

Participants were directed to the PsyToolkit platform, where they watched video
clips demonstrating the three conditions of cube rotation. Following each video,
participants were asked to rank the predictability of the cube’s movement on a scale
from 1 to 7. The procedure was structured to ensure clarity and ease of completion.
Participants began by reading an introduction that briefed them on the study’s
purpose and provided instructions on how to complete the survey. They then viewed
three video clips, each depicting one of the rotation conditions. After watching each
video, participants rated the predictability of the cube’s movements on a scale from 1
to 7. Their responses were automatically recorded and stored for analysis. The entire
process was designed to be user-friendly and efficient, ensuring that participants

could easily understand and complete the tasks.

4.1.5 Data Analysis

Data were collected through PsyToolkit into an Excel file and analyzed using R
Studio. Descriptive statistics (mean and standard deviation) and inferential statis-
tics (ART-ANOVA and Tukey’s Honest Significant Difference tests) were used to
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determine significant differences between conditions.

4.1.6 Results

Preliminary results indicated varying levels of predictability among the conditions,

which helped refine the study design and ensure clarity for participants in the main

study.

4.1.6.1 Descriptive Statistics

Descriptive statistics showed that the mean predictability ratings for the conditions
were as follows: Manual Condition (M = 5.04, SD = 1.99), Predictable Condition
(M =6.31,SD = 1.19), and Unpredictable Condition (M = 4.69, SD = 2.13).

Table 4.1: Descriptive Data from Survey

Variable N Mean SD Median Trimmed MAD Min Max
id 26 13.00 7.21  13.00 13.00 8.90 1.00  25.00
gender 26 1.58 0.50  2.00 1.59 0.00 1.00  2.00
age 26 31.46  10.60 28.00 29.77 5.93 22.00 68.00
manual 26 5.04 1.99  6.00 5.23 1.48 1.00 7.00
predictableAl 26 6.31 1.19  7.00 6.55 0.00 3.00 7.00
unpredictableAl 26 4.69 213 5.00 4.77 2.97 1.00  7.00

4.1.7 Quantitative Results

The ART ANOVA results indicated a significant main effect of rotation condition
on predictability ratings, F'(2,75) = 5.45, p = 0.006. Tukey’s HSD post-hoc tests

revealed the following:

The predictable condition was rated significantly higher in predictability com-
pared to the manual condition (mean difference = 1.27, 95 % C1[0.06, 2.48],

p = 0.037).

There was no significant difference in predictability ratings between the un-
predictable condition and the manual condition (mean difference = -0.35, 95

% CI[-1.55,0.86], p = 0.772)

The unpredictable condition was rated significantly lower in predictability
compared to the predictable condition (mean difference =-1.62 , 95 % CI[-2.82,-0.41]
, p=0.006).
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2z Videos
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% . . manual

= EE predictableAl
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o - unpredictableAl

manual predictableAl unpredictableAl
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Figure 4.4: Box Plot in R of Predictability under three conditions

4.1.8 Discussion

The pre-study successfully operationalized the concept of predictability by providing
clear, measurable conditions for participants to evaluate. This success is evidenced
by the significant differences in predictability ratings between the conditions. The
distinct rotation patterns for each condition were easily distinguishable, allowing
participants to make clear judgments about predictability. This clarity was crucial
in ensuring that the main study could build on a solid foundation where the concept
of predictability was well-understood and reliably measured.

The predictable rotation condition, limited to the z-axis, received high predictability
ratings due to its consistent and straightforward nature. In this condition, the cube’s
behavior was regular and repeatable, making it easy for participants to anticipate the
outcome after picking up a fruit. This aligns with cognitive theories that emphasize
the importance of consistency in enhancing predictability (Bubic et al., 2010). When
users can easily form expectations about system behavior, their cognitive load is
reduced, and their interactions become more efficient and satisfying.

Conversely, the unpredictable rotation condition received lower predictability rat-
ings. This condition involved the cube rotating along all three axes in a seem-

ingly random manner, which introduced variability and complexity that participants
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found difficult to predict. The lack of a clear pattern in the cube’s movement likely
led to frustration and confusion among participants, highlighting the importance of
predictability in system design.

The manual condition also received lower predictability ratings, which can be at-
tributed to the variability introduced by human control. Unlike the automated con-
ditions, the manual rotation depended on the actions of the research team member,
which could introduce inconsistencies. D. Norman (2014) discusses how user expec-
tations are crucial in determining predictability; when the system’s behavior varies
due to human intervention, it may be perceived as less predictable. Additionally,
manual control requires users to predict their actions and the system’s responses,
which can increase cognitive load compared to automated, predictable behavior (Lee
& See, 2004).

These findings underscore the importance of designing Al systems that are both
consistent and predictable to enhance user satisfaction and performance. The pre-
study’s methodology and results provide a solid foundation for understanding how
predictability influences user experience, guiding future design and implementation

strategies for more intuitive and efficient Al-driven environments.

4.2 Pilot-Study

The pilot study aimed to test and refine the study procedures, software, and in-
struments used in the main study. This phase was essential for identifying and
addressing potential issues that could impact the reliability and validity of the main
study’s results. By conducting a pilot study, we aimed to ensure that all elements
of the experimental setup functioned as intended and that participants could easily

understand and complete the tasks.

4.2.1 Study Design

The pilot study employed a within-subjects design, where participants experienced
and evaluated three distinct conditions of cube rotation in a VR environment: man-
ual rotation, predictable rotation along the z-axis, and unpredictable rotation along
all three axes. This design allowed for a thorough examination of the experimental
procedures and provided an opportunity to refine the setup based on participant

feedback and observations.
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4.2.2 Participants

Two male participants with prior VR experience were recruited for the pilot study.
The small sample size was sufficient for identifying technical issues and procedural
problems without the need for extensive statistical analysis. Participants’ familiarity
with VR technology ensured that their feedback would be focused on the experi-

mental setup rather than on basic VR acclimatization.

4.2.3 Materials and Instruments

The pilot study utilized a VR environment created using Unity and Blender 3D.
The tasks involved cube and fruit interactions under three conditions of rotation.
The Meta Quest Pro VR headset was used to provide an immersive experience. This
setup was chosen to replicate the conditions of the main study ensuring that any

identified issues would be relevant to the larger experimental context.

4.2.4 Procedure

Participants first read and signed a consent form and then familiarized themselves
with the VR environment through a dummy phase. They experienced the three
conditions of cube rotation (manual, predictable, and unpredictable) in a repeated-
measures design. Each participant was exposed to all three conditions, with the
order randomized to control potential order effects.

During the manual rotation condition, participants moved the cube themselves,
experiencing full control over its movements. In the predictable rotation condition,
the cube rotated automatically along the z-axis when a fruit was picked up, stopping
with the corresponding face to the picked-up fruit. In the unpredictable rotation
condition, the cube rotated automatically along all three axes, stopping with the

corresponding face to the picked-up fruit.

4.2.5 Data Analysis

Observational data were collected to identify and address potential issues with the
experimental setup. These observations included participants’ interactions with the
VR environment, any technical difficulties encountered, and participants’ feedback
on the clarity and usability of the instructions and tasks.

The first trial of the pilot study revealed several issues, including problems with
the recording system, Unity bugs, and the need for clearer instructions. Based on

these findings, the research team made necessary adjustments to the software and
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procedures. A second trial was conducted to verify that all identified issues had
been resolved, confirming the feasibility and reliability of the study procedures,

instruments, and software.

4.2.6 Outcomes and Modifications

The pilot study confirmed the feasibility and reliability of the study procedures,

instruments, and software, ensuring that the main study could proceed smoothly.

4.2.7 Discussion

Conducting a pilot study is crucial for identifying and rectifying potential issues in
the experimental setup, ensuring the main study’s reliability and validity. The pilot
study allows researchers to test the feasibility of their design, refine procedures, and
gather preliminary feedback to improve the clarity and functionality of the tasks.
This phase is particularly important in complex studies involving new technologies,
such as VR, where unexpected technical and procedural challenges can arise.

In this study, the pilot phase was instrumental in highlighting and resolving issues
related to software bugs, recording systems, and participant instructions. Identifying
the errors like grabbing the cube while it’s still rotating, throwing the fruits off
the table, inserting all the fruits from a single hole, trying to keep the fruit on
edge instead of inserting it all the way in, not inserting the fruits in correct order.
By addressing these problems before the main study, the research team ensured a
smoother, more efficient data collection process and enhanced the overall validity of
the research. The pilot study’s feedback and observations provided a solid foundation
for the main study, contributing to its methodological soundness and the reliability

of its outcomes.

4.3 Main Study

The main study aimed to investigate whether Al predictability significantly affects
usability and overall workload in VR environments. Building on the findings from the
pre-study and the pilot study, this phase sought to provide comprehensive insights
into how different levels of Al predictability impact user experience and performance

in a VR setting.
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4.3.1 Study Design

The main study employed a within-subjects design, where participants experienced
and evaluated three distinct conditions of cube rotation in a VR environment: man-
ual rotation, predictable rotation along the z-axis, and unpredictable rotation along
all three axes. This design allowed for direct comparison of participants’ perceptions

and performance across different conditions, ensuring robust and reliable results.

4.3.2 Participants

The primary study included 21 participants (13 females and 8 males) between the
ages of 22 and 55 years (M = 30.29, SD = 10.31), with varying levels of VR ex-
perience. Participants were recruited via various social media platforms and were
rewarded with mini French waffles for their participation. Inclusion criteria required
participants to be fluent in English. There were no specific exclusion criteria. All par-
ticipants provided informed consent prior to participation, and they were rewarded
with mini French waffles for their participation. The diverse demographic of the
participants provided a wide range of perspectives, enhancing the generalizability of
the findings.

4.3.3 Materials and Instruments

The VR environment was designed using Unity and Blender 3D, with tasks involving
cube and fruit interactions under three conditions of rotation. The Meta Quest Pro

VR headset was used to provide an immersive experience.

4.3.4 Procedure

Participants first read and signed a consent form and then familiarized themselves
with the VR environment through a dummy phase. They experienced the three
conditions of cube rotation:

e« Manual Rotation: The cube remains stationary without any rotational move-
ment upon picking up a fruit. The cube was then moved manually by one of
the participant.

» Z-Axis Rotation (Predictable): The cube rotates automatically only along
the z-axis (vertical axis) upon picking up a fruit and stops with the correspond-
ing face to the picked-up fruit.

« Random Rotation (Unpredictable): The cube rotates automatically along

all three axes (x, y, z) upon picking up a fruit and then stops with the corre-
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sponding face to the picked-up fruit.
The order of conditions was randomized for each participant to control for order
effects.
In the manual rotation condition, participants moved the cube themselves, expe-
riencing full control over its movements. In the predictable rotation condition, the
cube rotated automatically along the z-axis when a fruit was picked up, stopping
with the corresponding face to the picked-up fruit. In the unpredictable rotation
condition, the cube rotated automatically along all three axes, stopping with the
corresponding face to the picked-up fruit.
After completing each condition, participants filled out a set of questionnaires,
including the System Usability Scale (SUS), a control question, the NASA Task
Load Index (NASA-TLX), and an open-ended feedback question. The research team

recorded the time taken, performance, and errors for each condition.

4.3.5 Data Analysis

Quantitative data were collected through the SUS, control question, NASA-TLX,
and performance metrics. Qualitative data were gathered from open-ended feedback
responses. The data were analyzed using R Studio for quantitative insights and
Atlas.ti for qualitative themes. Descriptive statistics (mean and standard deviation)
and inferential statistics (ANOVA and Tukey’s Honest Significant Difference tests)

were used to compare outcomes across different conditions.

4.3.6 Outcomes and Modifications

Data were analyzed using R Studio for quantitative insights and Atlas.ti for quali-
tative themes. Descriptive statistics (mean and standard deviation) and inferential
statistics (ANOVA and Tukey’s Honest Significant Difference tests) were used to

compare outcomes across different conditions.

4.3.7 Results

This section presents the findings from the study, organized into descriptive statis-
tics, quantitative results, and qualitative results. The descriptive statistics provide
an overview of the key variables across different conditions, illustrating the central
tendencies and variability within the data. The quantitative results explore the sta-
tistical significance and relationships between variables using appropriate statistical
tests. Finally, the qualitative results offer insights into participants’ experiences and

perceptions, enhancing the understanding of the quantitative findings.
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4.3.7.1 Descriptive Statistics

Descriptive statistics for the main study showed the following means and standard
deviations for the three conditions.

For the Manual condition, the mean of being in control score was M = 3.52, SD =
1.63; the mean duration to complete the task was M = 80.90 seconds, SD = 41.58;
the mean number of errors was M = 3.00, SD = 3.52; the mean NASA Task Load
Index (NASA-TLX) score was M = 24.63,5D = 18.99; and the mean System
Usability Scale (SUS) score was M = 73.93,5D = 17.37.

For the Predictable condition, the mean of being in control score was M = 4.05, 5D =
1.47 the mean duration to complete the task was M = 44.48, SD = 20.09; the mean
number of errors was M = 2.24,SD = 2.74; the mean NASA Task Load Index
(NASA-TLX) score was M = 18.76,SD = 14.33; and the mean System Usability
Scale (SUS) score was M = 78.45,SD = 13.54.

For the Unpredictable condition, the mean of being in control score was M =
3.33,SD = 1.65; the mean duration to complete the task was M = 65.67 sec-
onds, SD = 30.21; the mean number of errors was M = 3.71, 5D = 5.59; the mean
NASA Task Load Index (NASA-TLX) score score was M = 24.43, SD = 21.87; and
the mean System Usability Scale (SUS) score was M = 66.43, SD = 22.07.

Table 4.2: Descriptive Data from Experiment

Variable N Mean SD Median
Time Manual 21 80.90 41.58 67.00
Errors Manual 21 3.00 3.52  2.00
SUS Manual 21 73.93 17.37 75.00
Control Manual 21 3.10 1.48 4.00
Tlx Manual 21 24.63 18.99 20.67
Time Predictable 21 44.48  20.10 38.00
Errors Predictable 21 2.24 2.74 1.00
SUS Predictable 21 7845 13.54 80.00
Control Predictable 21 2.67 0.86  3.00
Tlx Predictable 21 18.76  14.33 19.00
Time_ Unpredictable 21 65.67 30.21 59.00
Errors_ Unpredictable 21 3.71 5.59  1.00
SUS Unpredictable 21 66.43 22.10 75.00
Control Unpredictable 21  2.57 1.03  3.00
Tlx_ Unpredictable 21 2443 2190 20.17
Control value Manual 21 3.52 1.63  4.00

Control value Predictable 21 4.05 1.47  5.00
Control value Unpredictable 21 3.33 1.65 4.00
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4.3.7.2 Quantitative Results

4.3.7.2.1 Control The repeated-measures ANOVA for the control variable showed
no significant main effect of task condition, F'(2,40) = 1.53, p = 0.228. Mauchly’s
test indicated a violation of sphericity (p = 0.012), but Greenhouse-Geisser (e =
0.730, p = 0.232) and Huynh-Feldt (¢ = 0.773, p = 0.232) corrections did not alter

the non-significant result.

5

g Task
©
ils . manual
g ES predictableal
c
8 - unpredictableAl

2 L )

1 .

manual predictableAl unpredictableAl
Task

Figure 4.5: Box Plot in R of Control under three conditions

4.3.7.2.2 Duration The repeated-measures ANOVA for task completion time
revealed a significant main effect of task condition, F(2,40) = 9.00, p < 0.001.
Mauchly’s test indicated that the assumption of sphericity was violated (p = 0.018),
so Greenhouse-Geisser (¢ = 0.744, p = 0.002) and Huynh-Feldt (¢ = 0.790, p = 0.002)
corrections were applied, confirming the significant effect. Tukey’s HSD post-hoc
tests indicated the following pairwise comparisons for task completion time:

o Manual vs. Predictable: mean difference = 36.4, SE = 8.48,¢(20) = 4.30,

p=0.001

e Manual vs. Unpredictable: mean difference = 15.2, SE = 10.64,¢(20) = 1.43,
p=0.344

« Predictable vs. Unpredictable: mean difference = -21.2, SE = 6.16,¢(20) =
—3.44, p = 0.007
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4.3.7.2.3 Error Rate The repeated-measures ANOVA for error rates indicated
no significant main effect of task condition on errors, F(2,40) = 1.09, p = 0.346.
Mauchly’s test indicated that the assumption of sphericity had been violated (p =
0.0029), therefore, Greenhouse-Geisser ( € = 0.686, p = 0.328) and Huynh-Feldt (€ =

0.719, p = 0.331) corrections were applied, but the results remained non-significant.
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Figure 4.7: Box Plot in R of Error Rate under three conditions
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4.3.7.2.4 NASA Task Load Index The repeated-measures ANOVA for NASA-
TLX scores indicated a marginally significant effect of task condition, F(2,40) =
2.84, p = 0.070. Mauchly’s test suggested that the sphericity assumption was not
violated (p = 0.077). However, Greenhouse-Geisser (¢ = 0.809, p = 0.083) and
Huynh-Feldt (e = 0.869, p = 0.079) corrections were applied.
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Figure 4.8: Box Plot in R of NASA-TLX under three conditions
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4.3.7.2.5 SUS The ART ANOVA for SUS scores showed no significant main
effect of task condition on usability ratings, F'(2,60) = 1.47, p = 0.237.
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Figure 4.9: Box Plot in R of SUS under three conditions

4.3.7.3 Qualitative Results

As mentioned in the Method section, we had one open-ended question, to which 13
participants responded for each condition. The reason we only received responses
from 13 participants, despite there being 21, is that we developed an application
ourselves to store the responses on the cloud Firestore (Chougale et al., 2022).
However, due to a minor bug in the app, which we discovered later, the responses
of 8 other participants were not stored. We promptly fixed the issue upon noticing

it and were able to collect responses from the remaining 13 participants.

4.3.7.3.1 Manual The participants in the manual condition exhibited a spec-
trum of reactions, encompassing expectations, surprises, and frustrations. While
some embraced the sense of agency and empowerment derived from physically inter-
acting with the VR environment, others encountered unexpected challenges, result-
ing in feelings of frustration and ennui. Overall, participants stressed the importance
of clear task instructions and expressed a desire for increased novelty to sustain en-

gagement throughout the trials.
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Within this condition, participants articulated a variety of sentiments regarding their
encounters. One participant observed, "The task felt more intricate compared
to the preceding ones. Although I experienced visual discomfort, I found
the task compelling." Another participant reflected, "Initially taken aback by
the need to manipulate objects manually, I quickly adapted and found
myself more adept and in control."

Furthermore, a participant shared, "Engaging in manual interactions left me
feeling invigorated and eager to explore subsequent tasks. It added an
exciting dimension to the experience.' Conversely, another participant voiced
frustration, commenting, "The task failed to evoke any significant emotions.
It felt mundane, reminiscent of childhood activities. While the VR aspect
added novelty, encountering glitches such as items falling through solid
surfaces was irksome."

These testimonials underscore the diverse array of experiences and emotions partic-
ipants encountered during the manual condition of the study, highlighting the need

for nuanced considerations in future VR interactions.

4.3.7.3.2 Predictable AI Participants in the predictable Al condition gener-
ally found the task to be repetitive, yet they appreciated its simplicity and clarity.
While some reported increased task proficiency and confidence through repetition,
others expressed frustration due to delays in rotations and occasional errors. De-
spite these challenges, participants acknowledged the potential of the VR system for
research and education, recognizing both its promising features and areas needing
improvement in terms of clarity and engagement.

Within the Predictable Al condition, participants exhibited a spectrum of reactions
to their experiences. Some expressed contentment with the predictability of the Al
system, noting, "It was still nice, not complex, and feels like it could be
used to do some very meaningful tasks in the future." Another participant
found solace in the tranquility of the task, remarking, "The moment I started
to experience the task, it somehow felt like I was living in my own lit-
tle world. Everything felt so calm, and it was just me in control of my
surroundings."

However, not all participants shared these sentiments. One participant emphasized
the monotony of the task, commenting, 'I felt like I was doing the same task
as in the first one except for the pattern of the rotation of the cube. I
felt it was a repetitive task." Another participant expressed initial hesitation

followed by growing confidence, stating, 'I think I felt confident about what
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to do, even though before starting the task I was unsure. Things were
clear when the task started, and as I went on with the task, I gained
confidence in my knowledge of what to do next."

These quotes encapsulate the varied responses participants had to the Predictable

AT condition, portraying both positive and negative facets of their experiences.

4.3.7.3.3 Unpredictable AI In the unpredictable Al condition, participants
expressed a mix of curiosity and interest in exploring the capabilities of the VR
equipment. Some found automatic rotations and unpredictable behaviors engross-
ing, feeling a sense of control and focus. However, others encountered frustration
and stress, particularly when faced with unexpected rotations and errors. Despite
these challenges, participants demonstrated resilience in navigating difficulties and
adapting to the unpredictable nature of the task.

Within the Unpredictable AI condition, participants displayed a diverse range of
reactions, spanning from curiosity and enjoyment to stress and frustration. One
participant conveyed enthusiasm, expressing a desire to further explore the equip-
ment’s potential, saying, 'I want to play with it more. This one was an easy
task, I am sure that one can do more or move around more with this
equipment." Another participant found the task intriguing but noted discomfort,
mentioning, "The task appeared to be simple. I was able to figure out
exactly what to do when the task was assigned as the green cube was
automatically rotating to indicate the way we have to do the task. But
I felt a slight discomfort in vision (eyes) as the images were too close to
me."

Conversely, a participant described feeling stressed, noting, "This task was more
stressful to complete, as it felt like it was working against me." Another
participant voiced frustration with the unpredictability of the task, stating, "In this
task, I felt more confident than the one before, and it was kinda easier
to know what to do after grabbing the first object. This one was even
funnier." These quotes highlight the diverse range of emotions and experiences

participants encountered when engaging with the Unpredictable Al condition.
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Discussion

This study aimed to understand how the predictability of Al affects user experience
and task performance. The findings are build on the pre-study and pilot study,
offering deeper insights into the role of predictability in enhancing or hindering
user interactions with AI systems. This section discusses the implications of task
completion duration, user satisfaction, control, task load, error rates, and qualitative

feedback from participants.

5.1 Task Completion Duration

The significant difference in task completion duration across conditions highlights
the impact of Al predictability. Participants completed tasks significantly faster in
the predictable condition compared to the manual and unpredictable conditions.
This finding aligns with the hypothesis that predictability enhances efficiency in
user interactions with Al systems in VR environments. The predictable rotation al-
lowed users to anticipate the system’s behavior, reducing cognitive load and enabling
quicker task execution. This result underscores the importance of predictability in
designing Al systems to streamline user interactions and improve task performance.
Predictable systems reduce the time users spend figuring out the system’s behavior,
leading to quicker task completion and higher productivity. This finding supports
existing literature that predictable systems improve task performance (Bubic et al.,
2010; Madhavan & Wiegmann, 2007). This is particularly relevant for applications
where time efficiency is critical, such as in training simulations, emergency response
systems, and productivity tools. Future research could explore how different levels

of predictability impact task completion times in more complex and varied tasks.

5.2 User Satisfaction

Despite the significant difference in task completion duration, no significant differ-

ences were found in user satisfaction across the different conditions. This suggests
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that while predictability can enhance efficiency, it does not necessarily translate to
higher satisfaction. Participants may value other factors, such as engagement, nov-
elty, or the perceived intelligence of the AI, which were not directly measured in
this study. For instance, the novelty of the VR environment or the engagement level
of the tasks could play a significant role in overall satisfaction. Additionally, indi-
vidual differences in user preferences and expectations could influence satisfaction
ratings. Further research could explore the relationship between predictability and
these additional dimensions of user experience to provide a more comprehensive
understanding of how Al system design affects user satisfaction. Daronnat et al.
(2021) emphasize that predictability enhances task performance and trust, but this
does not directly equate to higher user satisfaction, echoing our observation that
predictability improves efficiency but not necessarily satisfaction (Daronnat et al.,
2021).

5.3 Control

The sense of control did not significantly differ across the conditions. This indicates
that participants felt similarly in control whether they were interacting with the
manual, predictable, or unpredictable Al systems. Some participants mitigated per-
ceived unpredictability by manually stopping the cube from rotating freely, which
provided a sense of control across all conditions. This behavior might explain the
lack of significant differences in perceived control. The ability to intervene allowed
participants to manage the cube’s rotation, aligning with research suggesting that
user-initiated modifications enhance perceived control (Thompson, 2002). This could
be due to the VR environment itself, which may inherently provide a strong sense of
presence and control. It also suggests that predictability alone does not necessarily
enhance the user’s perceived control over the interaction. Control is a complex con-
struct that can be influenced by various factors, including the interface design, task
complexity, and user familiarity with the system. Future studies could examine how
these factors interact with predictability to influence the sense of control. Addition-
ally, exploring control in different VR applications, such as gaming, education, and
professional training, could provide more insights into how to design systems that

enhance users’ perceived control.
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5.4 Task Load

The NASA Task Load Index scores showed a marginally significant effect of task
condition, indicating that the results approached statistical significance but did not
quite reach it. Participants reported lower cognitive load in the predictable condition,
which aligns with the faster task completion times observed. This reduced task load
in the predictable condition suggests that predictability can make interactions less
mentally demanding, thereby making the overall experience more efficient and less
tiring for users. A lower task load can lead to better performance, reduced errors,
and higher satisfaction in the long term. This finding is supported by Daronnat
et al. (2021), who found that agents with more predictable behaviors positively
impact cognitive load, reducing the mental effort required to complete tasks. This is
crucial for designing Al systems used in high-stakes environments, such as medical
procedures, aviation, and complex decision-making scenarios. Future research should
explore how different levels of predictability and task complexity interact to influence

cognitive load and overall user performance.

5.5 Error Rate

There were no significant differences in error rates across the conditions. This indi-
cates that predictability did not impact the accuracy of task performance. Partici-
pants were equally likely to make errors regardless of whether the AI behavior was
predictable, unpredictable, or manually controlled. Errors such as grabbing the cube
while it was still rotating, knocking the fruits off the table, inserting all the fruits
through a single hole, attempting to balance the fruit on the edge instead of fully
inserting it, and failing to insert the fruits in the correct order occurred frequently.
These errors may have been caused by several factors, including participants being
completely new to VR and feeling overwhelmed by the experience, the simulation’s
real-time effect not feeling entirely realistic, and possibly vague instructions, such as
inserting the fruits in a specific order. This result suggests that while predictability
can improve efficiency, it does not necessarily affect the accuracy of task execution.
Error rates can be influenced by various factors, including task complexity, user
experience, and the nature of the errors themselves (e.g., slips versus mistakes).
A review in ScienceDirect highlights that while predictability can streamline task
performance, it does not necessarily reduce error rates, which supports our findings
(Daronnat et al., 2021). Further studies could investigate the types of errors made in

different conditions and how predictability might influence specific error patterns.
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Understanding these dynamics could help in designing Al systems that not only

enhance efficiency but also minimize the likelihood of errors.

5.6 Realistic Expectations for AI Capabilities

The study indicates that while Al predictability can enhance certain aspects of user
interaction, such as efficiency and reducing cognitive load, it does not necessarily
improve all aspects, such as user satisfaction and error rates. The findings suggest
that Al systems, even with high predictability, may not fulfill all the promises of
enhancing every dimension of user experience as often advertised. Research shows
that predictable Al behaviors can reduce cognitive load and enhance task efficiency
by allowing users to anticipate system responses and plan their actions accordingly
(Daronnat et al., 2021). However, the impact of Al predictability on user satisfac-
tion and error rates is more nuanced. Factors such as engagement, novelty, and
user preferences play significant roles in shaping overall user experience. Studies
have shown that while users appreciate the efficiency and reliability of predictable
Al their satisfaction is also influenced by the engagement and novelty the sys-
tem provides (Bryan-Kinns & Hamilton, 2012; Oh et al., 2016). Additionally, error
rates are not necessarily reduced by predictability alone, as other factors like task
complexity and user experience also contribute to errors (Daronnat et al., 2021).
Engagement and novelty are critical for a positive user experience, and Al systems
need to balance predictability with these elements to maintain user interest and sat-
isfaction. Research on recommender systems highlights that diversity and novelty
in recommendations can significantly enhance user engagement and satisfaction, be-
yond mere accuracy (de Gemmis et al., 2015). Furthermore, user preferences vary
widely, and what works for one user might not work for another. Studies on adaptive
user interfaces emphasize the importance of tailoring Al behaviors to individual user
preferences to enhance usability and satisfaction (Halbert & Nathan, 2015). Thus,
while Al predictability offers substantial benefits in terms of efficiency and cognitive
load reduction, its ability to enhance every aspect of user experience simultaneously
is limited. Designers and developers need to consider a holistic approach that in-
cludes engagement, novelty, and user preferences to create Al systems that truly

enhance the overall user experience.
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5.7 Influence of Demographics and the Age Fac-

tor

While the age range of our participants (between 18 and 55 years old) was quite
broad, it is important to note that we did not include younger participants (under 18)
or older participants (over 55). This limitation might affect the generalizability of our
findings, as age can influence how users interact with Al-driven systems, particularly
in a virtual reality (VR) context. Younger participants, especially those under 18,
may exhibit different cognitive and behavioral responses to technology, potentially
adapting more quickly to unpredictable Al behaviors due to their increased exposure
to digital environments. On the other hand, older adults often experience higher
cognitive load and may face more challenges when interacting with unfamiliar or
complex technologies like VR. Therefore, while our current sample provides valuable
insights, including a more diverse age range in future studies could yield a deeper
understanding of how age affects the user experience with Al systems, particularly

in terms of predictability, cognitive load, and task performance.

5.8 Other Factors Affecting User Experience

wWhile our study primarily focused on the role of predictability in shaping user
experience (UX), it is essential to acknowledge that other factors likely contributed
to the overall user interaction with the Al-driven system. Usability, including ease
of navigation and clarity of instructions, can greatly affect the user’s perception of
the system’s effectiveness (Nielsen, 1994). Familiarity with technology is another
factor to consider; participants with more experience using VR or Al systems may
have found the tasks more intuitive, leading to better performance and satisfaction
(Venkatesh et al., 2003). Additionally, cognitive load, or the mental effort required
to complete a task, plays a critical role in UX, as high cognitive load can reduce user
satisfaction and increase errors (Sweller, 1988). Lastly, emotional engagement—how
enjoyable or frustrating participants found the tasks—can also affect their overall
experience (D. A. Norman, 2004). Addressing these additional UX factors in future
research would provide a more comprehensive understanding of user interaction with

Al systems, enhancing design and functionality.
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5.9 Qualitative Insights

Qualitative feedback provided deeper insights into user experiences. Participants
described the predictable condition as "smooth" and "satisfying," whereas the un-
predictable condition elicited feelings of frustration and confusion. These qualitative
insights highlight the emotional impact of predictability and the importance of de-
signing Al systems that are not only efficient but also enjoyable to use. This emo-
tional response highlights the importance of predictability for overall user experience
and should be a key consideration in Al system design (Wozniak et al., 2021). Partic-
ipants’ descriptions of their experiences reveal how predictability can influence their
emotional and cognitive responses, which are crucial for long-term acceptance and
use of Al systems. For instance, a system that is perceived as predictable and reliable
can build trust and confidence, while an unpredictable system can lead to anxiety
and reluctance to use the technology. This feedback underscores the value of incor-
porating qualitative measures in user experience research to capture the nuanced
effects of system design on user emotions and perceptions. Future research should
include more in-depth qualitative analyses to understand the underlying reasons for

user preferences and behaviors.

5.10 Applicability of Findings to Other Settings,

Such as Autonomous Driving

The findings of our study, particularly those related to the role of predictability in
user experience, have potential applications in other settings, such as autonomous
driving. In autonomous vehicles, predictability is crucial for both the driver and
passengers, as it ensures that the vehicle behaves in a manner that users can an-
ticipate, thereby fostering trust and comfort (Waytz et al., 2014). Similar to our
findings in the virtual reality (VR) environment, where predictable Al behaviors
enhanced task efficiency and reduced cognitive load, autonomous driving systems
that behave in a predictable and transparent manner are likely to improve user sat-
isfaction and safety (Verberne et al., 2012). For instance, if an autonomous car can
clearly signal its next move, such as lane changes or braking, users can better adapt
to the system’s actions, just as participants in our study adapted to predictable
rotations in VR. However, it is important to note that while the parallels between
VR-based Al interactions and autonomous driving systems are intriguing, these are
still two fundamentally different settings. Autonomous driving involves real-world

safety-critical scenarios, whereas VR interactions are controlled experimental en-
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vironments. Therefore, one must exercise caution when drawing direct conclusions
from our findings to such high-stakes contexts. More research would be required to
fully understand how predictability impacts user experience in autonomous driving,

considering the different variables and risks involved.

5.11 VR Experience

Working with VR as our project environment was a completely new experience,
offering significant learning opportunities, from building the prototype in Unity to
controlling the environment and seeing participants enjoy the study. However, the
experience wasn’t entirely positive. At times, we felt frustrated by the complexity
of the setup, such as connecting the VR headset to the PC, whether using a cable
or wirelessly. Even connecting the headset to the university Wi-Fi took time, and
we had limited resources for troubleshooting any issues that arose. Additionally,
working continuously with the VR headset sometimes caused dizziness, adding to

the challenges we faced.

5.12 Ethical Considerations

The study adhered to ethical principles outlined by relevant institutional review
boards and guidelines for research involving human participants. Informed consent
was obtained from all participants, ensuring voluntary participation and the right
to withdraw at any time without repercussion. Anonymity and confidentiality were
maintained, with data stored securely and accessible only to authorized personnel.
Measures were taken to minimize potential risks or discomfort to participants during
data collection and experimental procedures. All research activities were conducted
in accordance with applicable laws and regulations governing research ethics. Any

potential conflicts of interest were disclosed and managed appropriately.

5.13 Limitations

One notable limitation is the potential influence of participants’ excitement about
using VR for the first time, which may have positively biased their overall experi-
ence. Additionally, the study focused on a specific task within a VR environment,
which may not fully capture the complexity of real-world Al interactions. Extend-
ing the research to various tasks and settings could provide a more comprehensive

understanding of predictability in Al systems."
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5.14 Future Research

Future research should explore several avenues to deepen our understanding of the
role of predictability in Al systems and its impact on user experience:

1. Diverse Al Applications: Investigate predictability in various AI applications
beyond virtual reality, such as autonomous vehicles, personal assistants, and
healthcare systems, to understand broader implications in different contexts.

2. Longitudinal Studies: Conduct longitudinal studies to assess how user satis-
faction and performance evolve over time with continuous interaction with in-
creased complexity of predictable and unpredictable Al systems. These studies
could provide valuable information on the long-term effects of Al predictabil-
ity on user experience since they would be using the system for a certain time
so both positive and negative experience might occur.

3. Diverse Participant Sample: Include a more diverse participant sample in terms
of age, background, and technical expertise to ensure the findings are general-
izable to a broader population. Understanding diverse needs and preferences
is crucial for developing inclusive and effective Al systems.

4. Advanced Predictability Models: Develop and test sophisticated models of
predictability that can adapt to individual user preferences and contexts, en-
hancing personalization in Al interactions. Tailored experiences could lead to

higher levels of user satisfaction and engagement.
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Conclusion

This research aimed to explore the influence of predictability in Al-driven virtual
reality (VR) environments on user experience and task performance. Our findings
underscore the pivotal role of predictability in enhancing task efficiency and user
interactions within VR settings. Participants performed tasks significantly faster in
the predictable condition compared to both manual and unpredictable conditions,
highlighting the benefits of predictable Al behavior for streamlining interactions and
improving performance.

Despite these improvements in task completion times, our quantitative measures did
not reveal significant differences in user satisfaction, perceived control, NASA Task
Load Index (NASA-TLX) scores, or error rates across the different conditions. This
suggests that while predictability enhances efficiency, it may not substantially affect
other aspects of user experience. However, qualitative feedback provided deeper in-
sights, revealing that participants found the predictable condition to be "smooth'
and "satisfying," whereas the unpredictable condition elicited frustration and confu-
sion. These emotional responses indicate that predictability contributes to a more
positive user experience and should be a key consideration in Al system design.
The study acknowledges the potential influence of the novelty effect of VR, which
might have positively biased participants’ overall experience. Furthermore, the focus
on a specific task within a controlled VR environment may limit the generalizability
of our findings to real-world Al applications. Future research should aim to inves-
tigate predictability in diverse Al applications and conduct longitudinal studies to
assess how user satisfaction and performance evolve over time with continuous in-
teraction with Al systems.

Including a more diverse participant sample and developing sophisticated models of
predictability tailored to individual user preferences and contexts could offer deeper
insights into the nuances of user experiences and enhance personalization in Al
interactions. Such efforts will contribute to a more thorough understanding of how
predictability influences user experience and help design Al systems that are more

intuitive, personalized, and effective across various contexts.
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6. Conclusion

In conclusion, this research contributes to the evolving understanding of predictabil-
ity in AI systems and underscores the importance of considering user experiences
from both quantitative and qualitative perspectives. As Al continues to permeate
various aspects of daily life, ongoing research in this area is essential for fostering

positive interactions between humans and intelligent systems.
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Study Design Document

A.1 Purpose of study (research hypothesis/questions)

The purpose of this study is to answer the following research question:
Does User predictability affect user satisfaction in Human-AlI interaction
within Virtual Reality environments?
Hypotheses:
o HO.1: Predictability does not significantly affect user satisfaction and engage-
ment in Human-AlT interactions within Virtual Reality environments.
o HA.1: Predictability significantly affects user satisfaction and engagement in

Human-AT interactions within Virtual Reality environments.

A.2 Participant profile

Participants should (not) have the following criteria:
e Should not be color blind.
e Should have normal or corrected-to-normal vision.
e Should not have impaired hand function.
 Should be an adult (18 years or older).

A.3 Compensation plan

There will not be a compensation for this study.

A.4 Methodology

A.4.1 Study Design

The study will follow a mixed design:



A. Study Design Document

« Quantitative data collected:
— Time to complete each of the conditions in the task.
— Error rate.
— Eye tracking.
e Qualitative data collected via open text fields in questionnaires:
— Participants will describe how the interaction with the different conditions
made them feel (their satisfaction).

Summative: There will not be any follow-up after conducting the study.

A.4.2 Experiments

o Design: Within-subject/repeated measures design; participants will partici-
pate and evaluate all conditions.
o Estimated number of participants: 20.
o Conditions:
1. Active Condition: No help or assistance from the system.
2. Al Predicted Assistant: Participants receive help/assistance from the
system, which behaves in a predictable way.
3. AI Un-Predicted Assistant: Participants receive help/assistance from

the system, which behaves in an unpredictable way.

A.4.3 Variables

o Independent variables: Predictability.
« Dependent variables: Satisfaction (or SUS), Time.

» Confounding variables/Covariates: Being-in-control, Agency.

A.5 Material & Apparatus

» Research artifacts: Meta Quest Pro Premium mixed reality, 3D-Unity based
environment, one computer, and two monitors.
e 3D-Unity based environment:
— One cube with 4 different engraved faces.
— 4 different fruits, each fitting into its corresponding engraved face.
e Questionnaire:
— General demographic questions (such as gender and age).
— Questions about user satisfaction and interaction.

e Informed consent form, including study instructions.

IT
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o Tasks:
— Reading the consent form before starting the task.
— Filling out general information about themselves.

— Signing the consent form.

environment.

their satisfaction and being-in-control.

A.6 Structure & Timeline

A.6.1 Preparation required before the study

o Consent form.

o Demographic data (filled in consent form).

o Assessment of influential factors (study questionnaire), including:

— Experience with assistive technology and VR.
— Age.
— Color blindness.

— Highest education level.
— Gender.

A.6.2 Timeline of study phase

e Subject: Time allocation for each task.

Completing the pre-study phase to familiarize themselves with the VR

After each condition, participants will fill out a questionnaire evaluating

Task

Time

Participant reads and signs the consent form.
Participant fills in demographic information.

Participant puts on the VR set.

Participant engages with condition 1 and answers the questionnaire.

Short break (optional).

Participant engages with condition 2 and answers the questionnaire.

Short break (optional).

Participant engages with condition 3 and answers the questionnaire.

1-2 minutes

2nd to 3rd minute
4th to 6th minute
7th to 14th minute
14th to 15th minute
15th to 18th minute
18th to 19th minute
19th to 22nd minute

ITT
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A.7 Analysis

A.7.1 Quantitative Analysis

RStudio: For data import, access, transformation, exploration, plotting, and
machine learning.

Repeated Measures ANOVA: To analyze differences in task completion
time, satisfaction, and being-in-control across the conditions.

Tukey: For post-hoc analysis if significant effects are found in the ANOVA.
Correlation Analysis: To explore relationships between task completion

time, satisfaction, and being-in-control.

A.7.2 Qualitative Analysis

Atlas.ti: For analysis of qualitative data.

Thematic Analysis: To identify and report themes related to user experi-
ences and satisfaction.

Content Analysis: To quantify the presence and meaning of words and con-
cepts in qualitative responses.

Comparative Analysis: To compare feedback across conditions regarding

the predictability of Al assistance.

A.7.3 Data Forms/Logs

Timer.
Recorded eye-tracking data.
Raw data (CSV) from the questionnaire.

A.8 Personnel Involved & Responsibilities

IV

Ismael & Ishwor: Preparation of documents (consent form, questionnaire),
design of VR environment.

Ishwor: Prototype finalization.

Ismael: Setup study design/methodology.

Ismael & Ishwor (and possibly Pawel): Recruitment of participants.

Pawetl: Feedback and research approval.
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Consent Form

Informed Consent Form

Title of Study: Assessing the impact of predictability on Interaction with Al in
VR.

Researchers: Ishwor & Ismael
Purpose of the Study

The purpose of this study is to investigate the impact of different rotational condi-
tions on object manipulation within a virtual reality (VR) environment. Specifically,
we aim to examine the predictability of object manipulation when the cube rotates

along specific axes compared to random rotations.

Procedure
If you agree to participate, you agree to:
e Wear a VR headset and interact with the prototype VR system.
o Complete a series of tasks within the VR environment.
« Answer a questionnaire about your experience using the VR system.
e Optionally, participate in a follow-up interview to provide further
feedback.
e Must have normal or corrected to normal vision.

e« Must not have the impaired hand function.

Risks and Benefits

There are no known physical risks associated with participation in this study. How-
ever, some participants may experience mild discomfort or motion sickness due to
the VR environment. Benefits include contributing to research aimed at improving
understanding of VR interaction and potentially enhancing VR user experiences in

the future.

Confidentiality



B. Consent Form

All data collected will be kept confidential and will only be accessible to the research
team. Participant identities will remain anonymous in any publications or reports

resulting from this study.
Voluntary Participation

Participation in this study is entirely voluntary. Participants are free to withdraw

from the study at any time without penalty or consequence.
Statement of Consent

I have read and understand the information provided above. I voluntarily agree to
participate in this study and consent to the use of my data for research purposes.

Participant’s Signature:
Date:

*By signing this form, you indicate your understanding of the study procedures and

your voluntary agreement to participate.*
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Nasa-TLX Form

Figure C.1: NASA-TLX

NASA Task Load Index

Hart and Staveland's NASA Task Load Index (TLX) method assesses
work load on five 7-point scales. Increments of high, medium and low
estimates for each point result in 21 gradations on the scales.

MName Task Date

Mental Demand How mentally demanding was the task?
Ll b1
Very Low Very High

Physical Demand How physically demanding was the task?
(I I ) I | N Y I
Very Low Very High

Temporal Demand How hurried or rushed was the pace of the task?
(N I I I | N I I O
Very Low Very High

Performance How successful were you in accomplishing what

you were asked to do?

Perfect Failure

Effort How hard did you have to work to accomplish
your level of performance?

Very Low Very High

Frustration How insecure, discouraged, irritated, stressed,
and annoyed wereyou?

Very Low Very High
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